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Abstract

In this paper I examine the relationship between access to child care and obesity among

preschool children within the context of the Quebec Family Policy, a series of policies

establishing $5 per day child care in the province of Quebec. Making use of the National

Longitudinal Survey of Children and Youth, I find that access to child care results in

reductions in body mass index (BMI) among boys age 8–9 from two-parent families. This

result provides the first causal evidence that the impact of child care on BMI persists over

time. Nonlinear difference-in-differences estimators document substantial treatment effect

heterogeneity, suggesting that BMI reductions are smaller or non-existent for boys at

highest risk of obesity. To shed light on the potential mechanism underlying these causal

estimates I first explore whether the changes are due to maternal labor supply or child

care take up. By examining siblings I reveal that decreases in BMI are associated with

child care use. Second I explore behavioral changes leading to increased hyperactivity.

This analysis provides an explanation for the persistence of BMI reductions by uncovering

evidence of behavioural changes in hyperactivity levels for boys at age 8–9.



1 Introduction

The World Health Organization describes child obesity as: “one of the most serious public health

challenges of the 21st century” (World Health Organization, 2012). It is well documented that

unhealthy weight outcomes during childhood and adolescence are predictive of adult outcomes.

The direct medical costs of obesity amounted to 10% of the nationwide health care expenditure in

the US in 2008 (Tsai et al., 2011). Recent public attention to child obesity has focused on programs

and policies aimed at achieving healthy weight in school age children, such as First Lady Michelle

Obama’s “Let’s Move!” campaign. Likewise, a large academic literature on the determinants of

unhealthy weight in childhood concentrates on school age children (Anderson and Butcher, 2006).

However, the relationship between childhood weight and adult outcomes has been shown to extend

to preschool children.1 The formative preschool years are a logical prelude to school age factors,

and, owing to the context of key parental work and child care decisions, these years have the

potential to provide one of the most effective policy environments in which to alter unhealthy

weight outcomes (Birch and Fisher, 1998; Story et al., 2006; Larson et al., 2011).

In this paper I examine the issue of obesity among preschool children by analyzing the impact

of universal child care on unhealthy weight in childhood. I present causal evidence that access

to child care on average reduces Body Mass Index (BMI) among preschool children in two parent

families, and most critically, that this impact persists beyond the preschool years. Drawing on the

natural experiment created by the Quebec Family Policy (QFP)—a series of policies establishing $5

per day child care in the province of Quebec—together with data from the National Longitudinal

Survey of Children and Youth (NLSCY), I employ a nonlinear difference-in-differences estimator

to examine the impact on BMI and to identify any treatment heterogeneity. I additionally consider

a household fixed effect models to explore causal pathways since subsidized child care directly

affects both children and their parents through labor supply—which may feedback in to child

outcomes. This research contributes to existing literature by: examining BMI outcomes in a

demographic not previously studied (that of two parent families), developing a more nuanced

picture of weight responses across the BMI distribution, considering whether impacts persist over

1 Many studies have shown this relationship: Freedman et al. (2005), Guo et al. (2002), Juonala et al. (2011), Magarey
et al. (2003), and Whitaker et al. (1997). Whitaker et al. (1997) suggest that more than half of obese children between
the ages of 3 and 6 are obese at age 25.
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time, and enhancing our understanding of the mechanisms driving these effects.

This paper provides the first evidence of the impact of child care on weight outcomes for children

from a nationally representative sample, finding reductions to BMI for boys in two parent families.

Previous studies have focused instead on specific subgroups, namely disadvantaged children from

single parent families. Studies of Head Start programs showed reductions in child weight, while

studies of child care subsidies suggested instead an increase in child BMI as a consequence of child

care use (Frisvold, 2006; Frisvold and Lumeng, 2011; Herbst and Tekin, 2011). In this study the

mean response in child BMI is estimated with a difference-in-differences estimator, using the QFP

as natural experiment. This policy effectively reduced the price of child care to a fifth of its previous

price in Quebec, inducing large responses in maternal labour supply and child care use most notably

among two parent families (Baker et al., 2008; Kottelenberg and Lehrer, 2013). These widespread

changes in behaviour coupled with a nationally representative sample form the basis for estimates

of the impact child care on BMI outcomes with strong external validity.

Second, I extend my analysis beyond average effects and the incidence of unhealthy weight

to show that impacts are not driven by those with the highest BMI levels. This more nuanced

picture is achieved by examining changes in the unconditional distribution of BMI using change-

in-changes, a nonlinear difference-in-differences estimator proposed by Athey and Imbens (2006).

The existing literature analyzes child weight problems in a binary fashion, focusing on being above

or below a BMI threshold.2 However, these are unable to reveal heterogeneity in policy responses.

Further, because overall obesity levels are generally low in preschool populations any change in

weight gain—whether pushing a child across a threshold or not—might be indicative of increased

or decreased risk of future problems. The natural experiment created by the QFP lends itself to

implementing the change-in-changes estimator. This technique non-parametrically identifies the

counterfactual outcome distribution, showing that although access to child care produces a decline

in the average BMI for boys in two parent families it does not impact those children at the highest

BMI levels. Thus, although child care is a useful means to address child obesity, for those children

most at risk of unhealthy weight further targeted interventions may still be required.

As a third contribution, my research both examines the immediate consequences of child care

2 Herbst and Tekin (2011) go beyond a binary by looking at the conditional BMI distribution. Frisvold and Lumeng
(2011) present BMI distributions but do not formally analyze them.
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on BMI levels, and demonstrates that these effects persist further into childhood. To the best of

my knowledge no other studies provide causal evidence concerning longer term impacts, yet this

is a critical issue as the key concern is the transmission of early outcomes beyond preschool years.

The NLSCY data follows a set of children long enough to be able to examine whether changes seen

in BMI at age 4 persist at age 8–9. I find that the observed effects persist and that the pattern

of reduction in levels of BMI is different for boys than for girls. Specifically, losses are sustained

for boys in the long term, but not for girls. Distributional analysis reveals heterogeneity in the

treatment effects for boys at age 8–9, suggesting that boys at most risk of unhealthy weight see

smaller or negligible changes. The effect is primarily driven by those with BMI levels in the middle

part of the distribution.

The final contribution of this paper is to shed light on the mechanisms driving the main effects,

finding that child care rather than maternal work is the primary channel for reductions in child BMI

levels. Previous research has drawn a connection between maternal labour supply and child obesity,

expecting that changes in household operations relating to activity and food consumption will occur

in response to maternal work (Anderson et al., 2003; Chia, 2008; von Hinke Kessler Scholder, 2008;

Fertig et al., 2009; Cawley and Liu, 2012). Research concerning changes in child care use, on

the other hand, has not incorporated considerations of the simultaneous uptake of maternal work,

resulting in an unclear causal pathway impacting child outcomes (Frisvold, 2006; Frisvold and

Lumeng, 2011; Herbst and Tekin, 2011). I use available sibling data in the NLSCY to estimate

a household fixed effects model enabling me to control for changes in household environment in

Quebec following uptake of child care under the QFP. This result suggests that the primary channel

driving the BMI reduction is child care, rather than maternal work.

Presenting evidence that cumulative changes to child BMI beginning in child care also persist

into school age, this paper indicates the importance of behaviours formed during critical preschool

years. I explore these behavioural trajectories as a potential mechanism for the persistence of

BMI reduction amongst boys. In particular, I present evidence of sustained increases in levels of

hyperactivity for boys, but not girls. This may explain in part the persistence of BMI reductions,

as hyperactivity is associated with higher physical activity levels and subsequently lower BMI levels

(Ebenegger et al., 2012). Since increases in hyperactivity can be associated with other negative

health outcomes in life, this mechanism complicates our evaluation of the policy effects (Ding et al.,
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2009). Coupled with the observed changes in the BMI distribution, this result also advises caution

in interpreting average effects without exploring the potential for heterogeneity in treatment effects

and the mechanisms driving outcomes.

This paper proceeds as follows. Section 2 introduces the policy context and discusses the data

used in this study. Section 3 explains the primary methodology and empirical strategy used to

analyze the relationship between child care and unhealthy weight. The results on how child care

access influence BMI are presented in Section 4. Section 5 explores and evaluates causal mechanisms

that may underlie the estimated effects. Section 6 concludes.

2 Data and Background

2.1 The Quebec Family Policy and the NLSCY

The Quebec Family Policy (QFP) was implemented in 1997 by the Quebec provincial government,

incorporating a range of policies designed to strengthen governmental support of parents. A signif-

icant component of the policy was a massive expansion of the provincial child care system to enable

access to child care for all children age 0–4 at a rate of $5 per day (increasing to $7 per day in

2004). Though there was no direct agenda for targeting child obesity through this program several

regulations governing practices for subsidy receiving child care providers were implemented. These

include space requirements for play areas, restrictions on televisions and other audiovisual equip-

ment, and adherence to the dietary guidelines laid out by Canada’s Food Guide to Healthy Eating.

This program was implemented gradually, with access extended to children age 4 in 1997, age 3

in 1998, age 2 in 1999 and ages 0-2 in 2000.3 Additionally, full–day kindergarten was introduced

for children age 5, and, in a measure extraneous to the QFP, more child care spaces were made

available for school age children in the province.4 The QFP and the subsequent uptake of child

care in Quebec forms a natural experiment which, when compared to the rest of Canada, provides

the setting for my analysis of the relationship between universal child care, child obesity and BMI.

All eight cycles of the National Longitudinal Study of Children and Youth (NLSCY), a nation-

3 The implementation for each age category occurred in September of the listed year. I note that data collection for
the NLSCY cycle covering 1998-1999 occurred after September of 1998 and thus children age 3 had access to the
policy at the point of data collection.

4 See Tougas (2002) for more details.

4



ally representative longitudinal study tracking cohorts of Canadian children from early childhood,

are used in this study. Collection for the first cycle of NLSCY began in 1994–95, with information

collected from parents of a random sample of Canadian children age 0–11 (approximately 2,000

children of each age).5 These children were followed biannually until 2008–09. Each new cycle of

data collection also added a refreshment sample of the same size as the original. This allows us to

track the development of different cohorts of children. Collecting data from well before and after

the implementation of the QFP in 1997 and incorporating children from across all 10 Canadian

provinces, the NLSCY provides the ideal data setting for an analysis of the QFP.

I analyze the immediate impact of the QFP using data for children age 2–4 and excluding

younger children due to the extreme fluctuations in BMI measures (those using weight and length)

associated with these early ages (Cole et al., 1995). I make use of data from 1994–97 and 2002–09 to

examine before and after the policy respectively. The exclusion of data in the intermediate period

stems from the large expansion occurring at this time. In order to understand lasting effects I also

examine data from children age 8–9. Owing to the gradual implementation of the QFP, I use data

cycles from 1994–2001 and 2006–07 to consider children without and with access to the policy.6

In order to isolate an appropriate comparison group the primary focus of this study concerns

children from two parent families. Across Canada these families were largely unaffected by other

child care policies during the period of study, broadly 1994–2009.7 For single parent families on

the other hand, numerous provincial and federal initiatives existed during this period complicating

any interpretation of the impact of the QFP. Thus, single parent families are excluded from my

analysis.8 The sum of these restrictions leads to samples of 22051 and 10915 for children age 2–4

and 8–9 respectively.

Each cycle of the NLSCY data include extensive questions relating to child care usage, parental

labour supply, and other demographic characteristics. This data includes parental reporting of child

5 This sample was restricted to Canada’s ten provinces and excluded both full time members of the Canadian Armed
Forces and those living on Aboriginal reserves. These exclusions represent about 2% of the Canadian population.

6 Unfortunately the final wave of the NLSCY, 2008-09, did not follow up with children ages 8-13
7 Canada introduces a nation wide Universal Child Care Benefit which came into effect in 2007. I do robustness checks
to see if this policy affects my results. Where possible I estimate the analysis without data beyond this time finding
that my results are indeed robust.

8 Prior research investigating the Quebec Family policy including Baker et al. (2008) and Kottelenberg and Lehrer
(2013) focused solely on two-parent families since concurrent program reforms (some of which are described in Milligan
and Stabile (2007)) complicate the inference on labor supply and child care usage outcomes for single mothers. Many
single women in Quebec qualified for child care subsidies before the QFP was introduced, even though those subsidies
were less substantial.
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height and weight, which I then use to calculate the BMI using the standard formula: BMI = kg/m2.

These BMI calculations enable an identification of the “healthy weight” status of each child. This

paper explicitly focuses on the categories of overweight and obese, which are determined from

growth charts constructed by the Centre for Disease Control (CDC) identifying a healthy BMI

distribution across different ages and genders.9 Relative to these normal levels, overweight and obese

statuses are assigned to children with BMI greater than the 85th percentile and 95th percentiles

respectively.

As the definition of healthy BMI changes over the course of childhood and according to gender,

I use a transformation to facilitate comparisons. Making use of the typical distribution of healthy

children (as defined by its median, coefficient of variation, skewness), I transform measured levels of

BMI into a BMI Z-score using the LMS method (Flegal and Cole, 2013).10 This allows for children

across age groups to be compared in standard deviations from the mean. Finally, the NLSCY

includes survey weights that are adjusted for nonresponse, and post-stratified by province, age, and

sex to match known population totals at the time of sample selection for the full sets of estimates

and summary statistics. These weights are used in all analysis presented in the paper.

2.2 Discussion of the Data

Tables 1 and 2 provide a snapshot of the aggregate patterns in the data–concerning (1) Quebec

in relation to the rest of Canada, and (2) family characteristics in relation to BMI categories–to

motivate the empirical analysis that follows.

The first panel of Table 1 presents summary statistics on a subset of child, parent, and family

variables used as controls in my analysis. For each variable in this table, I report the mean and

standard deviation for four samples defined by province of residence (Quebec or the rest of Canada)

and time of survey completion (pre or post the introduction of the QFP). Table 1 focuses exclusively

on children age 2–4. Table 1 also highlights key differences between Quebec, the treatment group,

and the rest of Canada, the comparison group, and shows how these differences change over time

before and after the QFP. Compared to the rest of Canada, Quebec has fewer immigrants, smaller

9 The World Health Organization has also produced growth charts based on the development of healthy children. I
check the robustness of my results to the use of this alternative and find consistent results.

10 The transformation is calculated as follows: Normalized BMI = ((BMI/L)M − 1)/(L · S). The parameters in the
equation are defined for gender and child age in months and M is the median, S is the coefficient of variation, and L
is the parameter used to account for skewness in the distribution.
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family sizes, a population more concentrated in large urban centres, and higher levels of drop outs

(although the level of university graduate is comparable). Between the two groups the trends over

time in most of these characteristics are similar. Some of these variables differ in levels and in

magnitudes of change over time between the two groups. These variables are accounted for in the

estimation so as to minimize any bias from unobserved confounders. Following previous research

on the QFP (Baker et al., 2008; Lefebvre and Merrigan, 2008; Lefebvre et al., 2011), I do not

believe that these statistics raise any immediate serious concerns for using the remaining Canadian

provinces as a comparison group in the analyses to follow.11

The second panel of Table 1 provides summary statistics of child care and maternal work. For

the rest of Canada, nearly two thirds of mothers are working in the sample of two parent families

with children age 2–4. Just under half of the population use child care. In Quebec before the QFP,

by contrast, there was a slightly lower rate of maternal work, followed by a relatively large jump

after the policy’s implementation. Child care uptake increases even more than maternal work in

Quebec during this period. These significant changes in child care usage and maternal work enable

the following analysis of BMI and child obesity levels in relation to universal child care.

The outcome variables in the third panel of Table 1 show characteristics of the BMI distribution.

Rates of unhealthy childhood weight are comparable between Quebec and the rest of Canada before

the QFP, while following the implementation of the policy the BMI variables fall. The pattern

observed here mirrors the results discovered in the regression analysis. My identification of a

steady decline in BMI, childhood obesity, and rates of overweight children (see Figures 1c and 1d)

fits the Canadian data into recent work by (Ogden et al., 2014) which challenged usual narratives of

increasing obesity rates, showing instead a decline among children age 2-5 across the US.12 Though

speculative, it is possible that the trends reported here reflect a growing awareness (and stigma) of

obesity among the general populace and subtly influence parental reporting of child weight.

According to standard CDC growth charts, the proportions of overweight and obese children in

the NLSCY sample are 40% and 30% respectively. These levels are high relative to those reported

in other studies for Canada during this time period, although consistent with other studies using the

NLSCY (Shields, 2006; Chia, 2008; Metzer, 2014). Using data from the 2004 Canadian Community

11 Further discussion on the threat posed by these differences may be found in in Section 3.
12 This analysis shows that rates of obesity dropped by 43%. While other researchers agree that there may be a slight

decline in obesity rates during this time, the magnitude of the drop is questioned (Begley, 2014).
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Health Survey, Ogden et al. (2011) report on BMI levels for children age 2–5. Their survey estimates

that 30.2% were overweight and 13.7% of children were obese in Canada. The difference between

these figures and those for the NLSCY are a consequence of the CCHS data collecting physical

measures of child height and weight, where the NLSCY height and weight data is parent reported.

The evident measurement error is a potential concern for my analysis. In general, random

measurement error inflates standard errors. This will make it more difficult to discover significant

estimates even in the presence of a true policy effect. Of greater concern to this analysis is the pres-

ence of geographic or demographic patterns in misreporting. For example if parental misreporting

of height and weight is systematic, specifically at the province-year level, estimates of the policy

effect on BMI could be biased. Another concern is if the take up of child care is related to changes

in reporting behviour.13 Studies examining this issue suggest that BMI levels are systematically

overestimated because persons most knowledgeable about a child underestimate both height and

weight (Shields, 2006). At the same time, researchers attempting to reconstruct measured BMI

from reported BMI have found no clear way to use demographic variables to more accurately im-

prove understanding of levels of BMI, because no one demographic reports BMI in a distinctive

way (Shields et al., 2008). Thus, this analysis should still be able to examine the overall patterns

of changes in the BMI variables that followed from the QFP though careful consideration will be

given to the magnitudes of these effects.14

Table 2 presents summary statistics of child care, maternal labour supply, and demographic

variables according to BMI quintile. There are several notable features in these data. First, Table

2 shows that maternal work is relatively constant across the BMI distribution, although the highest

levels are in the second and third quantile, where BMIs are considered the healthiest. In the case

of child care there is a steady increase across the distribution, suggesting that BMI increases are

correlated with child care use. Further, BMI levels are the worst for parents that are immigrants,

13 Although possible to imagine that parents become more aware of obesity issues as a result of interactions with care
environments, the gender nature of the changes in BMI coupled with the controls for household fixed effects rule out
this as a driving mechanism for the BMI changes observed.

14 In particular I expect that changes in the categorization of overweight and obese children will be overestimated.
As BMI levels are unusually high in the sample the traditional cut-offs at the 85th and 95th percentiles of the CDC
growth charts will be situated in a dense portion of the observed BMI distribution. If treatment effects exist around
these thresholds they can be expected to shift a large number of individuals across the categorical boundary. However,
through the analysis of quantile treatment effects and estimates of overweight and obesity levels from other data, I am
able to illustrate the impacts to individuals around more accurate overweight and obese cut–offs. This is discussed
further in section 4.
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young, and uneducated, mirroring the negative relationship between these parental demographics

and child cognitive scores found in other studies of the NLSCY (Kottelenberg and Lehrer, 2014c).15

Finally, there is a negative correlation of BMI with the number of younger siblings and a positive

correlation with the number of older siblings.

3 Methodology

The policy environment and data setting are best analyzed within a difference-in-differences frame-

work. Essentially, this empirical technique compares the BMI outcomes in Quebec following the

QFP with those prior to the policy, controlling for time trends in these outcomes with data from

the rest of Canada. This model can be expressed in the following regression equation:

Yipt = β0+δPolicyipt + β1Provp+β2Yeart+β3Xipt + εipt (1)

where i, p, and t index individual, province, and year. The vector of covariates X includes controls

for the child, parent, family, and geographic characteristics.16 Prov and Year are a series of province

and time dummies. The Policy variable is an indicator of access to child care at the subsided price

at age 2–4.17 Thus, the coefficient of interest δ provides an estimate of the average effect of being

eligible to attend universally subsidized childcare in Quebec on the outcome of interest by capturing

any additional change in the outcomes in Quebec pre- and post-reform relative to the changes that

occurred in the rest of Canada over the same time period. In the statistical treatment effect

literature δ is often referred to as the intent-to-treat parameter.

The validity of this estimation technique relies on several key assumptions: exogeneity of the

policy, no pre-treatment effects, common support, and common trend. To satisfy the first of these

assumptions, the QFP legislation must not have been a response by the Quebec government to

increasing maternal labour, child care, or obesity trends. Although, such trends were present in

15 Other analyses finds the same pattern of obesity in relation to education. There is no significant relationship between
household income and high BMI for Canadian boys, but for girls the prevalence of high BMI was significantly lower
in the highest income quintile compared to all other quintiles (Ogden et al., 2011).

16 A subset of these variables are listed in the first panel of Table 1. I include discretized versions of parental age,
education and immigrant status, the number of older / younger and same aged siblings (categorizes as zero, one, or
two or more), and a five category variable on the population size of the place of residence. I also includes dummy for
child gender. Variables are discretized to limit any concerns surround the chosen functional form.

17 Note that in the treatment group children age 8–9 had access to the policy at each age between 2–4 and not at age
0–2.
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Quebec prior to 1997 the scope and magnitude of the Quebec child care program is such that exo-

geneity is plausible. The second assumption, the absence of pre-treatment effects, is also plausible

within this data set. The announcement of the QFP policy came nearly on top of the data collec-

tion period for the last of pre-policy cycles allowing very little time for adjustment to the eventual

implementation of the QFP.

The common trend and common support conditions hinge on the strength of the rest of Canada

as a comparison group for Quebec. In particular, the similarities between these groups should

be such that one could expect similar uptake in child care and maternal labour supply along two

dimensions. First, without the policy change take up of child care or maternal work should be the

same in both the treatment and comparison groups over time (common trend). Second, expected

take up in child care and maternal work following the policy change should be similar in the

treatment and comparison groups (common support). Beyond patterns of child care and maternal

work it is also important that these assumptions hold in the case of the key BMI outcomes. As

discussed in Section 2.2, some differences in the demographic characteristics of Quebec and the

rest of Canada do exist, threatening common support; however, potential biases extending from

these differences are mitigated through the inclusion of the controlling variables in the regression

specification.18

To further explore the assumption of common trend, Figure 1 presents the rates of maternal

work, child care use, and child overweight and obesity levels over the course of the data collected

in the sample. For the common trends assumption to hold, the trends in these variables during the

pre-policy period, 1994-1997, should be similar in Quebec and the rest of Canada. I formally test

this using the following regression:

Yipt = α0+α1Yeaript + α2Quebec*Yearp+α3Xipt + εipt (2)

where the notation follows from Equation (1) and Quebec is an indicator for residence in Quebec.

The statistical significance of coefficient α2 indicates a differential time pattern in the outcome

variable prior to the policy, and thus the failure of the common trend assumption. I find a significant

18 Another potential threat to common support posed by the use of the rest of Canada as a comparison group for
Quebec is the notable cultural differences in French speaking Canada as compared with English speaking Canada.
I conduct additional analysis which looks at subgroups of English and French speakers and find the results to be
robust.
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α2 only in the case of maternal work; maternal work is increasing in the rest of Canada while it

is falling slightly in Quebec. Fortunately, this result is unconcerning as the difference in the trend

uncovered works in the opposite direction to estimated policy effects. If anything it will lead to an

underestimation of the reported effects.

Figure 1a and 1b also serve to highlight the relative growth in child care use and maternal work

following the QFP. As the key change in behaviour driving observed effects in BMI outcomes, I

formally measure the take up of child care use and maternal work associated with access to the

policy. To do so, I estimate δ in Equation (1) on these variables. I find increases in maternal work

and child care use of 6.8 and 16.5 percentage points respectively. These estimates are statistically

significant at the 1% level and in line with previous research (Baker et al., 2008; Lefebvre et al.,

2011; Kottelenberg and Lehrer, 2013).19

3.1 Going Beyond the Mean with the Change-in-Changes Estimator

A growing literature emphasizes the importance of going beyond average causal parameters to

evaluate policy changes as these estimates can neglect important policy relevant heterogeneity

(Bitler et al., 2003; Djebbari and Smith, 2008; Ding and Lehrer, 2011; Havnes and Mogstad, 2014;

Kottelenberg and Lehrer, 2014c). Yet, the majority of the literature examining child BMI focuses

on average changes or indicators for overweight and obese statuses. There are many reasons to

think that the changes occurring above or below these cut points might be of interest.

First, not all children may be affected by care in the same way and an analysis that can incor-

porate heterogeneous impacts would explore this possibility. Second, as changes in BMI—whether

pushing a child across a weight category threshold or not—are associated with increased (or de-

creased) risk of future incidence all changes in BMI are of interest (Cunningham et al., 2014). For

example, Anderson and Butcher (2006) suggest that not only are there more people with unhealthy

weight but the severity of their condition has also worsened. This makes understanding how care

affects children above the obesity cut off of interest.20 Analyses of averages and indicators are

19 These regressions include as covariates discretized version of parental age, education, and immigrant status, the
number of older / younger and same aged siblings (categorizes as zero, one, or two or more), and a five category
variable on the population size of the place of residence, and a dummy variable for child gender. This regression also
includes province and cycle indicators as described in Equation (1). The standard errors underlying the hypothesis
tests are also corrected at the province-year level.

20 Child care might improve outcomes for underweight children which can only be analyzed by looking at effects in the
lower portion of the distribution.
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blind to effects in such portions of the BMI distribution requiring the use of additional econometric

techniques. Thus, to enable an analysis of policy responses for children across the BMI distribu-

tion, I employ the change-in-changes (CIC) estimator: a non-linear difference-in-differences method

proposed by Athey and Imbens (2006).

I proceed by describing the assumptions and calculation of the CIC estimator. In order to recover

quantile specific treatment effects, this procedure relies on the computation of a counterfactual

distribution. The idea is to make a comparison of the observed distribution of the outcome variable,

following a policy change, with a calculated counterfactual distribution, where the counterfactual is

the expected distribution of the outcome among the treated group in the absence of treatment. The

construction of the counterfactual relies on three assumptions. First, the process that determines

a child’s outcome is consistent across groups within a given time period. More specifically, in

each period (pre or post) child and family characteristics, both observable and unobservable, are

mapped into child BMI in a consistent manner across the treatment and comparison groups. Second,

observables and unobservables are rank invariant in the outcome. Though the process governing

the BMI outcomes may change from the pre- to the post-policy period, the relative position of a set

of child and family characteristics remains unchanged within the BMI distribution. Third, though

each group may have a different composition of characteristics, a relaxation of the common support

assumption, the composition of the group should be stable over time.

Together, these assumptions identify the counterfactual distribution. The intuition for this

constructions follows the logic of the standard difference-in-differences case; the counterfactual is a

projection from the observed average outcomes in the treated group prior to the policy using the

observed change in the comparison group average outcome from the pre-policy to the post-policy

period.21 The CIC method follows a similar strategy but at the quantile level. I provide a graph-

ical counterpart to the explanation of the procedure in Figure 2. Following the first assumption,

individuals with similar BMI have similar observable and unobservable characteristics, and thus are

comparable in the pre-policy period when the treatment is the same for both groups (Figure 2a).

Relying on the second and third assumptions the change in outcome from pre- to post-policy period

21 The treatment effect estimated by a typical difference-in-differences estimator can also be thought as the difference
between the average observed outcome and a constructed counterfactual average.
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in the absence of treatment is identified from the comparison group individual (Figure 2b).22 Given

similar exposure to treatment, individuals who share observables and unobservables will experience

similar change across periods (Figure 2c). If these steps are repeated for all observed outcomes in

the pre-policy distribution then the entire counterfactual distribution can be estimated (Figure 2d).

Formally, quantile-outcome pairs on the counterfactual distribution F
Y cf
11

are identified by

F−1

Y cf
11

(τint) = F−1
Y01

(
FY00

(
F−1
Y10

(τint)
))

(3)

where τint is the quantile of interest and FYgt represents the cumulative distribution function (CDF)

for the comparison (g = 0) or treatment (g = 1) groups during the pre (t = 0) or post (t = 1) policy

periods. The inner arguments of Equation (3), τcomp = FY00

(
F−1
Y10

(τint)
)
, identify the quantile in

the pre-policy comparison group that has the same outcome as the τ th quantile in the pre-policy

treatment group. τcomp is the quantile in the comparison group that is comparable to the quantile of

interest in the treatment group. The expected outcome in the post-policy period for an individual

at τint in the absence of treatment is given by the observed outcome at quantile τcomp in the post-

policy period for the comparison group: Y cf = F−1
Y01

(
τcomp

)
. The pair (Y cf , τint), as defined by

F−1

Y cf
11

(τ), denotes the counterfactual estimate.

Treatment effects are calculated by comparing the constructed counterfactual and observed

outcome distributions for the treated group in the post policy period at quantiles denoted by τint.

Thus, the quantile specific treatment effect is given by ∆y(τint) = F−1
Y11

(τint) − F−1

Y cf
11

(τint), which is

the increase (decrease) in score at quantile τint in the unconditional distribution.

3.2 Controlling for Covariates

The CIC method explicitly allows for differences in the underlying distribution of observable and

unobservable characteristics between groups, though within groups these characteristics should

not change over time. To provide robustness to the results presented in this paper I balance the

observables across time and group. To balance observables, I rely on Firpo’s (2007) extension to

quantiles of the inverse propensity scores method introduced in Hirano et al. (2003). I create the

22 Both assumptions are required to make a comparison across the periods at a given quantile. If rank-invariance fails
it is unclear whether the individuals at the quantile of interest in the pre-policy and post-policy periods have the
same observable and unobservable characteristics. Similarly, if there are changes in the composition of the observable
and unobservable characteristics of the population this comparison may also fail.
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following weights,

ω̂(Xi, POLICYi) =
POLICYi
Np̂(Xi)

+
1 − POLICYi
N(1 − p̂(Xi))

(4)

where N is the number of observations and p̂(Xi) is the estimated probability of a child being in

Quebec after the implementation of the policy. This predicted probability is obtained through a

series logit estimation, which incorporates the full set of covariates and their interactions. This

is done so that the chosen probability model is an approximation to a non-parametric estimation

procedure, and thus is congruent with the non-parametric nonlinear difference-in-differences models.

Such a technique removes differences in the unconditioned distribution of scores that may arise from

changes in cohorts over time and is accomplished by weighting the data such that the observable

covariates from the different sub-populations are balanced. In practice, I find very little difference

between the unweighted and weighted estimates.

3.3 Statistical Inference

Statistical differences of the observed and counterfactual distributions are examined in several

ways. First, to determine whether the QFP had any impact on the distribution of BMI I use the

Kolmogorov-Smirnov test. Specifically, I test for statistical difference between the observed BMI

distribution (FY11) and its constructed counterfactual counterpart (F
Y cf
11

). Rejection of the null

(no difference) implies that the policy had an influence on the distribution as a whole. To conduct

statistical inference at each percentile I choose to use a Fisher’s exact permutation test. Specifically,

at each percentile I conduct a test to measures the significance of the deviation of ∆y(τ) estimate

from zero.

The exact procedure for this specific test follows. First, I randomly reassign observations to the

pre/post and comparison/treatment groups such that the size of each these groups is consistent

with the original sample. Second, I calculate the quantile treatment effects. Third, I repeat steps

1 and 2 999 times. These 999 samples approximated the distribution of observed treatment effects

under the null of zero effect. Next, I order these calculated treatment effects at each quantile from

smallest to largest. Finally, I calculate a quantile specific p-value by ranking the actual quantile

treatment effect amongst the 999 constructed treatment effect.

In addition, I conduct a second test to measure the significance of the deviation of our estimate
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of ∆y(τ) from the mean policy estimate implied by the CIC estimator. A similar procedure is

undertaken to conduct this second test. In this case, the test procedure is conditional on a mean

effect in the treatment group as calculated by the initial estimate. The first step in this test

is to subtract the estimated average effect from the original treated data. The second step is

to recalculate the quantile treatment effects. These newly calculated treatment effects represent

demeaned quantile treatment effects. The remaining steps in the procedure follows the steps in

the previous footnote. In effect, this second test aims to determine if there is treatment effect

heterogeneity. These statistical tests are used over bootstrapped standard errors for their higher

statistical power.23

4 Results

4.1 Difference-in-Differences for Children at Age of the Policy

I present the results from the difference-in-differences estimation defined in Equation (1) for the

full sample of children age 2–4. Table 3 presents these results for four variables: BMI, normalized

BMI, and indicators for children who are overweight and obese. When examining the impact of the

policy across children age 2–4, there is only weak evidence of treatment effects. Interestingly, BMI

and levels of obesity appear to decline but there is not shift in the overweight category. Without

reading too deeply into these effects I note that changes in one of the indicator variables but not the

other implies heterogeneous treatment effects and further motivates the CIC analysis that follows.

Table 3 reestimates Equation (1) on subgroups defined by child age and gender to determine

if there is any group specific heterogeneity. Prior research by Kottelenberg and Lehrer (2014a;

2014b) has shown that children of different ages and genders respond differently on average to the

introduction of subsidized child care. Child play, whether individual or social, and responses to the

environmental switches from home to child care, are determined in part by child development age.24

Furthermore, the effects at age 4 can be considered the cumulation of the policy effects. These

23 I present confidence intervals constructed using bootstrapped standard errors in my analysis to provide a sense of
the variability of the estimates but determine significance with the procedures described.

24 For example, Rice and Trost (2014) document differential activity levels by age, with more vigorous play activity
among children age 4-5 than children age 2-3. In a meta analysis of 24 studies Hinkley et al. (2008) conclude that
the levels of vigorous play activity is shown to differ according to gender, with boys spending more time in moderate
or vigorous activities than girls. Gender is also a factor informing physiological responses to the child care setting,
and caregiver interaction with an individual child (Ahnert et al., 2006).

15



results show that at age 2 there are statistically insignificant increases to child BMI associated with

access to child care under the QFP. By age 3 the direction of the pattern changes to show decreasing

BMI levels, but remains insignificant until age 4, when declines are shown to be significant at the

1% level for all outcomes.

The overall trend from age 2–4 could be suggestive of differential responses over the lifecycle.

Alternatively, this pattern may be the consequence of changes to child weight occurring through

incremental changes to caloric balance which take time both to manifest and to be noticed in

parental reporting of child weight. The magnitude of observed changes at age 4 is substantial:

roughly 10 percentage points for those children labelled as either overweight or obese in the NLSCY

data. As noted, we expect this to be an overestimation of the effect of the policy on levels of obesity.

BMI decreases by .568 points, while the normalized BMI measure suggests a decline by a third

of a standard deviation. Due to potential parental misreporting it is not clear how reliable these

magnitudes are. In particular, we expect changes in levels of obesity/overweight to be overestimated

situating the effective obese and over-weight cut-offs in this analysis in a denser portion of the BMI

distribution.

Results examining whether girls and boys respond in the same way to the QFP are also presented

in Table 3. In each row labeled Gender Difference, I report the estimates of the boy-girl policy

effect differential estimated from a difference-in-differences model fully interacted by gender. This

is done for each age, across the full sample. I find few statistically different effects between boys

and girls; however, the pattern of results do suggest a more dramatic effect for boys than for girls.

Though there is not statistical evidence of gender differences at these ages the subsequent analysis

in this paper suggest that differential responses to the policy do emerge.

4.2 Distributional Estimates for Children at the Age of the Policy

The next set of results, using change-in-changes, enables my analysis to move beyond average effects

to identify how access to universal child care impacts the unconditional distribution of BMI. As

discussed in Section 3 this analysis is critical for evaluation the policy effects. The results are

presented in Figure 3, showing the full sample of children age 2–4, Figure 4, looking at children

age 4 and breaking down the sample by gender, and Figure 5, showing children age 8–9. So as to

facilitate comparisons across ages and within each age group, all of the change-in-changes estimates
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are performed using normalized BMI.25

In each of these figures the estimated mean effect implied by the change-in-changes estimator

is shown by a dashed line; a solid line displays the estimated treatment effect at each quantile in

the BMI distribution. To examine the statistical significance of the quantile treatment effect, each

figure shows the following: a gray shaded area denoting 90% confidence intervals using bootstrapped

standard errors; solid dots representing quantile treatment effects that are statistically different

from zero at the 10% level according to Fishers P-values; and open circles marking effects that are

statistically different from the mean effect at the 10% level also using Fishers P-values. Additionally,

I also report P-values from the Kolomogrov-Smirnov (K-S) test of equality of distributions.

Figure 3 shows the full sample of children age 2–4. There are few statistically significant quantile

treatment effects seen for two parent families. This is unsurprising because, as seen in Table 3, there

are positive effects (weight gain) at age 2, and negative effects (weight loss) at age 4. Nevertheless,

the K-S test shows there is a statistically significant change in the distribution of BMI following

the Quebec Family Policy. This suggests that, despite few significant treatment effects, the policy

is having an overall impact on the distribution of weight among children in the province. It further

highlights the low statistical power associated with testing individual quantiles.

In Figure 4, I focus exclusively on children age 4, in order to isolate these results from those at

ages 2 and 3. At age 4, the majority of decline in the BMI level takes place between the 45th and 85th

percentiles. There is no statistically significant evidence of heterogeneity, but the pattern points

to greater changes in the middle portion of the distribution.26 As discussed, parental misreporting

of child weight confuses the estimates of changes to proportions of children obese and overweight

presented in Table 3. The change-in-changes estimate enables the identification of statistically

significant changes in BMI surrounding more accurate overweight and obese thresholds. Recall

that Ogden et al. (2011) estimate that 30.2% were overweight and 13.7% of children were obese

during 2004. If misreporting is an affine transformation of actual BMI, then Figure 4a would

suggest that there are significant changes surrounding the overweight threshold (effects near the

70th percentile) and weaker statistical evidence for changes near the obese threshold (near the 84th

25 Some readers may be concerned that these results are driven by the normalization transformation. I also do the CIC
estimates using the measured BMI within the age groups and find the same pattern of results.

26 There are negative results throughout the distribution, but the significant ones are in these percentiles. Estimates
at the lowest percentiles have the most statistical variance.
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percentile).27

Breaking down these quantile treatment effects by gender shows different patterns for boys

and girls. For girls (Figure 4b), there are BMI increases at the very lowest quantiles and BMI

decreases in the middle to high quantiles: from the 45th percentile onwards. In contrast, the

pattern among boys is reversed (Figure 4c): declines are largest among the lower percentiles in

the BMI distribution (10th–40th percentiles). Although for both boys and girls the majority of

these results are not statistically significant, the K-S test shows a statistically significant change in

the BMI distribution. In both cases the estimated counterfactuals are different from the observed

distributions following the QFP. The pattern observed for boys in Figure 3c appears to be an

emerging trend that reveals itself more clearly in the results at age 8–9. These will be discussed

next.

4.3 The Persistence of Policy Effects at Age 8-9

The next set of results examines whether the observed effects on BMI for children with access

to child care under the QFP persist into school age. Table 4 presents difference-in-differences

estimates for children age 8–9 showing results for the same four variables examined previously plus

the hyperactivity variable which is discussed later in the paper. Effects on each of these variables

are remarkably consistent with those for children age 2–4, shown in Table 3; there are significant

decreases in each BMI variable. The size of these changes for age 8–9 are of similar magnitude as

for age 2–4. Table 4 also breaks down these results by gender, revealing sharp differences between

boys and girls. Results observed here are driven exclusively by boys.

To explore nuances in the treatment effects, Figure 5 presents the results of change-in-changes

estimates for children age 8–9. Here the pattern corresponds to that of the mean effects in Table 4

in that there are overall decreases across the distribution. These decreases are largest from the

20th to the 60th percentiles, with effects steadily diminishing above the 60th percentile. There are

few effects statistically significant from zero above the 75th percentile. Again this pattern is driven

by boys, with no significant effect for girls. Boys see consistently significant negative effects from

the 15th to 80th percentiles. There is evidence of heterogeneity: the 80th to 98th percentiles are

27 Although this remains an imperfect gauge, it does clarify how children of unhealthy weight are responding to child
care policy.
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statistically different from the average effect, although not from zero. This pattern is the same

as that seen in Figure 4c, but much more distinct. Thus, these results taken together suggest

that (i) changes to weight take time to manifest and (ii) learned behaviours influencing caloric

balance formed within child care may persist and even exacerbate over time. One explanation

for this gendered result may be found in Kottelenberg and Lehrer (2014b), who find increases to

hyperactivity that are disproportionately associated with boys. We further analyze this possibility

in section 5.

5 Disentangling changes in Child Care Use from Changes in Ma-

ternal Work

To date, the literature examining the causal effects of child care and maternal work on unhealthy

weight has failed to separate these effects into distinct channels. Determining the driving cause

behind the observed effects will provide helpful information on whether policy should be directed

at altering family behaviours or altering child care practices.

Existing literature highlights changes in home environments that may affect caloric balances

following switches into maternal labours supply. Cawley and Liu (2012) suggest work negatively

affects parental time monitoring child nutrition and activities. These findings are complemented

by Fertig et al. (2009) who show that maternal labour supply coincides with increases in child time

spent watching TV and declines in the number of meals per day. Several studies attempt to establish

the causal links between maternal work and changes to BMI through the use of instrumental

variables (Anderson et al., 2003; von Hinke Kessler Scholder, 2008). Inevitably, child care decisions

and maternal work decisions are tied up together and these studies make no effort to separate out

other changes in care arrangements, considering only cumulative effect of all environmental changes

faced by children following maternal employment.

To shed light on this issue, I use data collected on siblings in the NLSCY to remove the causal

channel associated with changes in the home environment common to all children. The empirical

strategy is to estimate the difference-in-differences model while controlling for household fixed
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effects (HFE). Our estimation equation is as follows:

Yihpt = γ0+γ1Policyihpt+γ2Xihpt + µht + εihpt (5)

where each variable is defined as in Equation (1) and µht refers to the household specific fixed effect.

Thus, changes in household behaviours such as maternal labour supply, family income, quality of

household diet, and overall household activity levels that affect all children in the household will

be captured in µht. Ideally, estimates of γ1, the effect associated with access to the policy, can be

attributed to the switch to child care use.28

Due to data limitations, the exact sample and identification varies from that discussed in Section

2.1. In the first cycle of the NLSCY data up to four siblings could be selected to participate in

the survey. In the following waves of data these sibling pairs were followed; however, incoming

samples of children ages 0–1 were not selected from families already participating in the survey. As

a result the available data of children with siblings in the range of interest is limited to the first

three waves of data, from 1994–99.29 The strategy for identifying the change in policy relies on

the initial rollout of the QFP. Children ages 3 and 4 were granted access to the subsidized child

care in the Septembers of 1998 and 1997 respectively, prior to data collection in the third cycles of

NLSCY. Thus, for this portion of the analysis the pre-policy remains 1994–97, but we redefine the

post-policy period to 1998–99. This data structure leads us to consider children age 3–4 with an

older sibling age 5–9, who is also included in the NLSCY data collection. With these restrictions

the sample for this analysis includes 2,941 two parent families with data for two or more children.

Table 5 presents the estimation of the effects of access to universal child care controlling for

household fixed effects. These results are similar to those in Table 3 for children age 4. Overall,

BMI and normalized BMI are reduced following the QFP. Using the thresholds implied by the data,

Table 5 reports statistically significant decreases in the proportion of children overweight but not

for the proportion of children categorized as obese. This finding is consistent with the results from

the previous sections which highlight changes following the QFP in the lower and middle potion

28 There is the possibility that following the policy home behaviours have differential effects on children of different
age or that parents shift inputs from one child to the other.. The household fixed effect can only capture changes in
home environments that have equal impact on siblings.

29 The youngest children in the initial NLSCY sample data are over the age of 4 by cycle 4 and thus are not directly
affected by the QFP.
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of the distribution and fewer or smaller changes for children at the very highest quantiles. The

magnitudes of the reported effects are also very similar to those reported in Table 2 for children

age 4. These results suggest that the switch from non-parental care is playing the primary role in

the reductions in BMI observed following the policy.

Our estimates suggest that child care is playing a central role in the BMI reduction, however,

it is yet unclear what specifically induces changes in caloric balances for children. Here, I note

two mechanisms. First, child care produces changed eating and activity levels that are in favour

of weight loss relative to at home. Child care providers wishing to receive subsidization from

the government must meet certain requirements. These include space requirements for play areas,

restrictions on televisions and other audiovisual equipment, and adherence to the dietary guidelines

laid out by Canada’s Food Guide to Healthy Eating. Two trends suggest that these guidelines might

have been followed more closely post-policy. The proportion of regulated care sites grew enormously

following the QFP and use shifted toward large center based care environments (Kottelenberg and

Lehrer, 2013).

The second potential mechanism to discuss is that of changes in more permanent behaviours.

The lasting effects of the policy and slow nature in which they manifest themselves suggest that

more is at play than the differences in caloric balance associated with parental and non-parental

care. Deficits in caloric intake stemming from changes in the life patterns associated with maternal

work and childcare should fade as children enter school, as they return to otherwise normal routines.

Thus, the results in this paper imply lasting behavioural changes for boys. I propose that lasting

effects to hyperactivity may be driving the BMI declines at older ages. It is well documented that

non-exercise activity can substantively contribute to energy balance (Levine, 2007). Hyperactivity

has also been associated with lower BMI levels for school aged children (Ebenegger et al., 2012).

In Table 4, I show that it is indeed the case that hyperactivity persists for boys alongside the BMI

effects at age 8–9.30

30 It is difficult to establish a true causal effect. I do examine whether the effects of the policy on BMI variables are
diminished by including hyperactivity into the estimation of Equation (1). I find this is the case.

21



6 Conclusion

Child obesity is a widespread issue posing significant national health and economic burdens, and as

such occupies a prominent position in the attention of both policy-makers and the public.31 In this

paper, I contribute to research addressing this issue by focusing instead on the critical preschool

years. Thus, I address the impact of universal child care on unhealthy weight in childhood. My

findings suggest that on average for children in two parent families access to child care reduces BMI,

and that these reductions persist into the school years (at age 8–9). Using the context of universal

child care in Quebec, I employ a nonlinear difference-in-differences estimator to develop a nuanced

understanding of the treatment effects, showing that BMI reductions are smaller or non-existent for

the boys at highest risk of obesity. I further refine my analysis using a household fixed effects model

revealing the child care attendance as the primary driver of changes to BMI. Together, the findings

of this paper reveal both child care and early childhood behaviour formation (perhaps through the

channel of hyperactivity) as mechanisms for impacting child BMI outcomes, thus reinforcing the

crucial importance of the preschool context of childhood obesity for policy-making and as a site of

further research.

At first glance, the results of this analysis point to child care as meaningful contributor in

the efforts to reduce obesity. I report reductions in BMI persisting for boys until ages 8–9 more

than four years after receiving the subsidy for child care. Upon closer examination the results

are less encouraging. Quantile treatment effects reveals that the majority of the decreases in BMI

occurs among otherwise healthy children; In fact, there are very few decreases in BMI amongst

children that are obese. Furthermore, hyperactivity as the proposed mechanism for the observed

decreases is also associated with undesirable social and academic outcomes. More to the point,

it is also associated with higher levels of sedentary behaviours that may negatively affect future

weight outcomes (Brodersen et al., 2005; Ebenegger et al., 2012). The pertinent question of who is

affected and how they are affected greatly alters perceptions and evaluations of the policy along this

31 Using co-morbidities of 18 chronic conditions, Anis et al. (2010) estimate Canada’s annual economic burden of
unhealthy weight to be $6 billion (2006 Dollars). A review of 33 studies completed by Tsai et al. (2011) suggests that
the burden in the United States of direct medical care costs is best estimated at $ 113.9 billion (2008 Dollars). These
amounts account for 5% to 10% of nationwide health care expenditure. The monetary cost alone warrants heightened
attention; however, the severity of the associated health risks provide further reason for concern. Katzmarzyk and
Ardern (2004) claim amongst Canadians age 20-64 nearly 1 in 10 premature deaths are attributable to overweight
and obesity, a rate which has doubled since 1985.
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dimension. The findings of this paper advise caution in interpreting average policy effects without

exploring treatment heterogeneity and driving mechanisms.

The persistence of impacts to child BMI highlights the importance of the early years in dic-

tating outcome trajectories throughout the life cycle. As evidenced by the sustained increases in

hyperactivity among boys, behaviour and habits formed during the preschool years can remain with

children into school age. Though there are multiple dimensions on which success is determine—

health, cognitive, and socio–emotional outcomes—this finding stresses child care as a key site for

intervention and emphasizes the importance of continued research concerning the policy affecting

both child and parental behaviour during the critical preschool years. In particular advancing our

understanding of the trade-offs associated with exchanging parental care giving and inputs with

those from non-parental sources remains extremely relevant. Though the literature examining in-

terventions into child care continues to grow, there remains many unanswered questions as to what

standard policies and procedure are making the biggest difference for children in forming behaviours

that will eventually lead to success throughout life.
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Table 1: Summary Statistics in Quebec and the Rest of Canada

Rest of Canada Quebec

Demographic Variables Pre-Policy Post-Policy Pre-Policy Post-Policy

Mother’s Age 32.649 33.934 31.739 32.632
(4.838) (5.347) (4.552) (5.083)

Mother Born Outside Canada 0.196 0.252 0.073 0.148
(0.397) (0.434) (0.261) (0.355)

Mother did not Complete High School 0.090 0.066 0.117 0.095
(0.286) (0.248) (0.321) (0.293)

Mother Completed University Degree 0.210 0.354 0.207 0.369
(0.408) (0.478) (0.405) (0.483)

Father’s Age 34.859 36.488 34.154 35.382
(5.400) (6.200) (5.138) (5.649)

Father Born Outside Canada 0.194 0.258 0.083 0.181
(0.396) (0.438) (0.276) (0.385)

Father did not Complete High School 0.126 0.092 0.163 0.122
(0.332) (0.290) (0.370) (0.327)

Father Completed University Degree 0.219 0.318 0.187 0.309
(0.414) (0.466) (0.390) (0.462)

Number of Younger and Same Aged Siblings 0.387 0.373 0.420 0.385
(0.549) (0.541) (0.570) (0.530)

Number of Older Siblings 0.878 0.779 0.719 0.694
(1.011) (0.916) (0.870) (0.861)

Lives in a Rural Area 0.166 0.117 0.160 0.141
(0.372) (0.322) (0.367) (0.348)

Lives in a Big City 0.404 0.436 0.559 0.577
(0.491) (0.496) (0.497) (0.494)

Take Up Variables

Mother Works 0.621 0.665 0.572 0.708
(0.485) (0.472) (0.495) (0.455)

In Child Care 0.451 0.424 0.463 0.547
(0.498) (0.494) (0.499) (0.498)

Outcome Variables

BMI 17.750 17.155 17.509 16.793
(4.007) (3.432) (3.714) (2.920)

BMI Normalized 0.724 0.438 0.640 0.291
(2.348) (2.291) (2.286) (2.146)

Overweight 0.469 0.408 0.444 0.349
(0.499) (0.492) (0.497) (0.477)

Obese 0.353 0.286 0.323 0.218
(0.478) (0.452) (0.468) (0.413)

Observations 6587 11951 1539 1974

— Note: Each row corresponds to a variable of interest and contains the mean and standard deviation (in

parentheses) specific to the geographic region and time period as denoted in the column header. The final row

provides the sample size for the given group. The NLSCY survey weights, designed to accurately reflect the

make up of the Canadian population, are applied in these and all calculations throughout the paper.
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Table 2: Demographic, Maternal Work, and Child Care Use by BMI Quintiles

Demographic Variables Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5

Mother’s Age 32.990 33.210 33.116 32.492 32.217
(5.257) (5.354) (5.475) (5.403) (5.577)

Mother Born Outside Canada 0.228 0.198 0.198 0.182 0.209
(0.419) (0.398) (0.398) (0.386) (0.406)

Mother did not Complete High School 0.107 0.071 0.090 0.104 0.126
(0.309) (0.258) (0.286) (0.305) (0.332)

Mother Completed University Degree 0.275 0.325 0.309 0.258 0.183
(0.447) (0.468) (0.462) (0.438) (0.387)

Father’s Age 35.756 35.962 35.560 35.232 35.367
(5.806) (5.985) (5.790) (5.895) (5.827)

Father Born Outside Canada 0.308 0.274 0.302 0.303 0.348
(0.462) (0.446) (0.459) (0.459) (0.476)

Father did not Complete High School 0.107 0.083 0.087 0.112 0.114
(0.310) (0.276) (0.282) (0.316) (0.318)

Father Completed University Degree 0.251 0.271 0.266 0.222 0.180
(0.434) (0.445) (0.442) (0.415) (0.385)

Number of Younger and Same Aged Siblings 0.419 0.400 0.351 0.326 0.294
(0.560) (0.552) (0.525) (0.519) (0.502)

Number of Older Siblings 0.775 0.696 0.741 0.789 0.906
(0.976) (0.869) (0.895) (0.973) (0.976)

Lives in a Rural Area 0.136 0.124 0.130 0.149 0.134
(0.342) (0.329) (0.337) (0.356) (0.341)

Lives in a Big City 0.464 0.462 0.460 0.450 0.425
(0.499) (0.499) (0.498) (0.498) (0.494)

Uptake Variables

Mother Works 0.621 0.632 0.639 0.625 0.605
(0.485) (0.482) (0.480) (0.484) (0.489)

In Child Care 0.438 0.445 0.465 0.460 0.470
(0.496) (0.497) (0.499) (0.498) (0.499)

— Note: Each row corresponds to a variable of interest and contains the mean and standard deviation (in parentheses)

specific to the calculated BMI quintile using the sample of families as is presented in Table 1.
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Figure 1: Trends in Maternal Care, Child Care Use, and BMI Status in Quebec and the Rest of
Canada

(a) Proportion of Mothers Working (b) Proportion of Children in Care

(c) Proportion of Children Reported as Overweight (d) Proportion of Children Reported as Obese

— Note: Each figure presents the proportions of one and two parent families in each category. The dash line
represents Quebec and the solid line the rest of Canada. Data is presented from the eight cycles of the NLSCY
data beginning in 1994–95 and finishing in 2008–09.
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Figure 2: The Change-in-Changes Model

(a) Each period has its own mapping of observables
and unobservables to outcomes. Therefore, individ-
uals with similar scores have similar observables and
unobservables, and thus are comparable.

(b) The change in outcome from pre- to post-policy in
the absence of treatment is identified from the com-
parison group individual.

(c) Given similar exposure to treatment, individuals
who share observables and unobservables will expe-
rience similar change across periods. With this the
counterfactual estimate is pinpointed.

(d) The difference in the outcome values of the coun-
terfactual and observed post-policy outcome at a
given quantile τ identifies the treatment effect.
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Table 3: Effect of Access to Subsidized Child Care for Children Ages 2-4

BMI BMI Normalized Overweight Obese

Ages 2-4 -0.175* -0.083 -0.018 -0.033*
(0.074) (0.109) (0.180) (0.075)

Female Children -0.081 0.075 0.010 -0.019
(0.553) (0.308) (0.406) (0.372)

Male Children -0.226 -0.188* -0.039** -0.042*
(0.110) (0.058) (0.032) (0.088)

Gender Difference -0.145 -0.263* -0.049*** -0.023
(0.476) (0.067) (0.001) (0.390)

Age 2 0.123 0.052 0.022 0.052
(0.646) (0.702) (0.271) (0.186)

Female Children -0.067 0.047 0.038* 0.053
(0.802) (0.686) (0.054) (0.130)

Male Children 0.427 0.122 0.019 0.064
(0.149) (0.502) (0.490) (0.162)

Gender Difference 0.493* 0.075 -0.019 0.011
(0.060) (0.649) (0.480) (0.726)

Age 3 0.005 0.092 -0.017 -0.028
(0.972) (0.230) (0.338) (0.376)

Female Children 0.140 0.342*** 0.020 -0.003
(0.541) (0.009) (0.368) (0.921)

Male Children -0.217 -0.180* -0.053** -0.053
(0.207) (0.094) (0.041) (0.171)

Gender Difference -0.357 -0.523*** -0.074** -0.049
(0.217) (0.006) (0.026) (0.259)

Age 4 -0.571*** -0.326*** -0.051* -0.109***
(0.001) (0.005) (0.054) (0.001)

Female Children -0.198 -0.073 -0.011 -0.086*
(0.508) (0.674) (0.691) (0.062)

Male Children -0.754*** -0.423* -0.071** -0.112***
(0.002) (0.060) (0.049) (0.007)

Gender Difference -0.556 -0.350 -0.059 -0.026
(0.210) (0.318) (0.203) (0.660)

— Note: For the outcome variable in each column we present the estimates of the policy coefficient δ
as specified in Equation (1) for rows labeled by age group, female children, or male children. These
regressions include as covariates discretized version of parental age, education, and immigrant status,
the number of older / younger and same aged siblings (categorizes as zero, one, or two or more), and a
five category variable on the population size of the place of residence, and a dummy variable for child
gender. In rows labeled gender difference I report the estimates of the boy-girl policy effect differential
estimated from a difference-in-differences model fully interacted by gender. I test the reported coefficients
for statistical difference from zero using a two-tailed test and report p-values below the estimates in
parentheses. The standard errors underlying the hypothesis tests are also corrected at the province-year
level. ***, ** and * indicate significance at the 1%, 5% and 10% level respectively.
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Table 4: Effect of Access to Subsidized Child Care on Children Ages 8-9

BMI BMI Normalized Overweight Obese Hyperactivity

Ages 8-9 -0.647*** -0.363*** -0.067*** -0.032** 0.098
(0.001) (0.000) (0.002) (0.028) (0.376)

Female Children -0.133 -0.097 0.030 -0.004 -0.195*
(0.595) (0.183) (0.327) (0.817) (0.064)

Male Children -1.106*** -0.615*** -0.157*** -0.052** 0.380*
(0.000) (0.000) (0.000) (0.019) (0.092)

Gender Difference -0.973*** -0.517*** -0.187*** -0.048* 0.575**
(0.000) (0.000) (0.000) (0.060) (0.035)

— Note: For the outcome variable in each column we present the estimates of the policy coefficient δ as specified
in Equation (1) for rows labeled by female children, or male children. These regressions include as covariates
discretized version of parental age, education, and immigrant status, the number of older / younger and same
aged siblings (categorizes as zero, one, or two or more), and a five category variable on the population size of
the place of residence, and a dummy variable for child gender. In the row labeled gender difference I report the
estimates of the boy-girl policy effect differential estimated from a difference-in-differences model fully interacted
by gender. I test the reported coefficients for statistical difference from zero using a two-tailed test and report p-
values below the estimates in parentheses. The standard errors underlying the hypothesis tests are also corrected
at the province-year level. ***, ** and * indicate significance at the 1%, 5% and 10% level respectively.
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Figure 3: Quantile Treatment Effects for Children Age 2–4

K-S Test P-Value: 0.0005
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Figure 4: Quantile Treatment Effects for Children Age 4

(a) Full Sample

K-S Test P-Value: 0.0000

(b) Girls

K-S Test P-Value: 0.0003

(c) Boys

K-S Test P-Value: 0.0000
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Figure 5: Quantile Treatment Effects for Children Age 8–9

(a) Full Sample

K-S Test P-Value: 0.0001

(b) Girls

K-S Test P-Value: 0.3253

(c) Boys

K-S Test P-Value: 0.0000
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Table 5: Effects of Access to Subsidized Child Care Controlling for
Household Fixed Effects

BMI BMI Normalized Overweight Obese

-0.629* -0.447* -0.163** -0.084
(0.100) (0.053) (0.019) (0.135)

Total Observations 6260 6260 6260 6260
Number of Families 2941 2941 2941 2941

— Note: For the outcome variable in each column we present the estimates of the policy coefficient γ1 as
specified in Equation (5). These regressions include as covariates a dummy variable for child gender and a set
of dummies for child age. I test the reported coefficients for statistical difference from zero using a two-tailed
test and report p-values below the estimates in parentheses. ***, ** and * indicate significance at the 1%,
5% and 10% level respectively.
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