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Abstract

Timely childhood vaccines are crucial in order to keep young children healthy. Effective immunization

demands more than 25 doses and a strict administration schedule. Working parents facing time constraints

and inflexible schedules may end up delaying several doses, consequently putting their children in danger. I

examine the effect of New Jersey Paid Family Leave on on-time childhood vaccine uptake by using variations

in state-level PFL policy. I focus on four types of childhood vaccines: Diphtheria, Tetanus, Pertussis (DTaP),

Haemophilus influenzae type b (Hib), Hepatitis B(HepB) and Polio vaccine (Polio). I also construct outcome

variables indicating receipt no earlier than the minimum acceptable age and no later than the recommended age.

My difference-in-difference estimates show that NJ-PFL increases the index of prompt receipt of four-month

recommended doses by 0.08 standard deviations. The policy also decreases the probability of violating the

immunization schedule for first-two doses by 3.81 percentage points. (JEL:I12, I18, J18 )
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1 Introduction

The United States experienced a 95% decline in the mortality of children under 5 years of age during the

20th century (Centers for Disease Control and Prevention, 1999). The implementation of universal childhood

vaccination programs is considered to have contributed to this achievement in public health and disease control.

The Advisory Committee on Immunization Practices (ACIP) requires children to receive approximately 25 vacci-

nations by 18 months of age and specifies the appropriate ages for each dose. Delayed vaccination, which often

results from the failure to adhere to the suggested timeline of these practices, is associated with disease outbreaks.

Kenyon et al. (1996) found that failure to vaccinate young children on time accounted for 20% of reported cases in

Chicago of a pertussis outbreak from July 1993 to April 1994. Grant et al. (2003) showed that in New Zealand, de-

lay in the first, second, or third pertussis immunization is associated with increased risk of hospitalization resulting

from pertussis (odds ratio 4.50). However, in 2003, an estimated 25% of children were delayed in receiving 4 or

more types of vaccines and approximately 21% of children were severely delayed (undervaccinated for more than

6 months) (Luman et al., 2005). In 2005, 28% of children were not in compliance with the official vaccination

recommendations, and one-third of noncompliance resulted from mistimed doses. (Luman et al., 2008).

There are several reasons for the incomplete and delayed vaccination uptake, such as misconceptions about

immunization and lack of access due to religious grounds (Ventola, 2016). Parents’ work schedules and ease of

taking time off, especially for working mothers with a college degree, have been linked to on-time childhood

vaccine uptake (Chen et al., 2017). Demanding work schedules and the lack of flexible time off are concurrent

with the increased probability of missing or delaying childhood vaccination doses. Paid family leave gives working

parents more time to take care of their newborns and is crucial for their on-time vaccine uptake.

In 2009, New Jersey enacted a 6-week leave with 66% wage replacement regardless of firm size and time

at the company. In this paper, I use the NJ-PFL as a natural experiment to examine the effects of paid family

leave on the on-time uptake of childhood vaccinations. I use the National Immunization Survey-Child Data from

1997 to 2015 and conduct difference-in-difference strategy. I find that this policy improves the on-time receipt of

fourth-month recommended doses and decreases the probability of violating the childhood immunization schedule

for the initial first-two doses. I contribute to the existing literature about paid family leave and child health in three

ways: 1. Instead of using California as treated states, where I find pre-policy trends of childhood vaccine uptake,

I focus on the policy in New Jersey to get more accurate results. 2. I use the timing of vaccinations instead of full

coverage as outcome variables to examine the effects. 3. I suggest a potential mechanism of improved long-term
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child health found in paid family leave literature.

2 Policy Background

According to the 1993 Family and Medical Leave Act (FMLA), eligible employees in the U.S. can take

up to 12 weeks of job-protected unpaid leave to care for their newborn, newly adopted, or new foster child. In

2012, the birth-related days of leave averaged 58 days for women and 22 days for men (Klerman and Pozniak,

2012). In order to be eligible for the leave, employees must work 50 hours for at least 12 months in a firm, which

has at least 50 workers within 75 miles (Gault et al., 2014). Several states have decreased the threshold for firm

size (for instance, 15 employees in Vermont and 25 employees in Washington) to make the unpaid leave more

accessible to workers. In addition, the loss of wages during the leave makes 42% of workers decline their time off.

Women, employees of color , and employees with earnings below $35,000 are more likely than their counterparts

to voluntarily forgo a needed leave (Klerman and Pozniak, 2012).

In addition to unpaid leave, new mothers in California, Rhode Island, New Jersey, New York, and Hawaii

had access to paid leave through state Temporary Disability Insurance (TDI) since 1978, when the Pregnancy

Discrimination Act considered pregnancy as temporary disability for women and required employers to provide

the same benefits as other medical conditions. State TDI typically offers 50 to 60 percent of employee’s wage for

up to 52 weeks of leave, but women usually take 6 weeks paid leaves for normal pregnancies (Gault et al., 2014).

However, paid leave through TDI are unavailable for fathers and adoptive mothers are ineligible.

On July 1, 2004, California enacted the first state-level Paid Family Leave (PFL) program. Following

CA, New Jersey implemented PFL in 2009. Under the PFL, new parents in these two states can take 6 more

weeks leave to take care of biological, adopted, or foster children with 60% to 70% replacement of wage. When

combined with TDI, this means that new biological mothers can take 12-week paid leaves while new fathers can

take up to 6 week paid leave. Although the leaves through TDI and PFL are generally not directly job guaranteed

in general, the job is ensured if the leave is eligible for FMLA.

There are several criteria for employees to be eligible for PFL. In CA, to qualify for the PFL starting in

January 2019, one must earn at least $300 in a 12-month base period. In NJ, to qualify for PFL in 2019, one

must have worked 20 weeks earning at least $172 weekly, or have earned a combined total of $8,600 in the first 4

quarters prior to the week the leave began. These earnings-based eligibility criteria are at a very low threshold for

employed women regardless of regions and skill levels, making the benefits near universal-coverage for employed
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women (Pal, 2016). The weekly benefit amount is 66% of the average weekly wages and the maximum benefit

is $650 in NJ, while the weekly benefit ranges from $50 to $1,252 and replaces up to 70% of the average weekly

wages in CA. The eligibility and the generosity of the benefit may be slightly different in these two states but

considering the inflation rate and the replacement rate, the PFL may lead to very similar leave usage rate.

The only paper to U.S. data and examine the impact of PFL on the timing of childhood vaccination is

the working paper from Choudhury (2017). He found that the CA-PFL decreased the probability of a child’s

late receipt of four-month recommended vaccines, especially for those who live under the poverty line and have

less-educated mothers. However, I distinct my work from his in three ways: 1. I did the event study to diagnose

the parallel trend and found a pre-policy trend of childhood vaccine up-take in California. 2. I set New Jersey

as treated states and choose selected control states in my difference-in-difference model, which has not yet been

explored to the best of my knowledge. 3. Since about 8% of children receive at least one dose too early to be

considered valid (Luman et al., 2008), I set the on-time receipt as no earlier than 4 days before the minimum

acceptable age, and no later than 14 days after the recommended age. By contrast, all the other known literature

only considers the delayed receipt case.

The vaccines I examine follow the 2, 4, 6, 15 or 18-month schedule. The maximum PFL after the policy

for new mother is 12 weeks for new mothers and 6 weeks for new fathers. Therefore, I expect that the NJ-PFL

will influence the timing of the first dose (two-month recommended) and second dose (four-month recommended)

the most.

2.1 Paid Maternity Leave and Childhood Vaccine Coverage Rate

There is plenty of literature showing an association between longer paid maternity leave and improved

health in children. However, studies focusing on childhood immunization is still limited. Most of the studies use

OLS strategy and tend to find correlations rather than causal effects. In addition, the variations coming from the

vaccine coverage rate could be too small to be linked with any maternity leave changes.

Daku et al. (2012) conduct a global analysis including 185 countries and find that each 10% increase in

full-time equivalent (FTE) weeks of paid maternity leave is associated with 22.4, 25.3 and 22.2 percent increases

in DPT3, Measles and Polio vaccination rates, respectively. Authors control for GDP per capita, government

health expenditure and other measures of medical care quality. However, the huge difference in socio-economic

status, immunization subsidy and immunization policies among these countries may bias the estimates. Adding
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country-year fixed effects and using the longitudinal data of 20 low-and-middle-income countries, Hajizadeh et al.

(2015) found that an additional week of paid maternity leave is associated with rises in the probability of receipt

of three doses of DTP vaccinations. Nevertheless, they did not find a the similar pattern in Polio and BCG

vaccinations. Tanaka (2005) applied country-specific linear time trends and country-year fixed effect, but did not

find any association between parental leave and childhood DTP vaccine coverage.

Except for the length of leave, Berger et al. (2005) use the U.S. data to state that a child whose mother

returns to work within 12 weeks after giving birth is 2.4 percentage points less likely to receive adequate care for

a newborn and 3.4 percentage points less likely to receive all DTP and Polio immunization. Ueda et al. (2014) use

Japanese population-based surveys to find that, in comparison to mothers who were not working or who left the

labor market after childbirth, the mothers who returned to work after giving birth have 2.87 times higher odds of

not following the recommended vaccination schedule. The negative impact of mother’s early return to the labor

market on childhood vaccine coverage may support implications for a positive impact of longer maternity leave

on childhood vaccines uptake.

2.2 Mechanism: Potential Effects of Paid Family Leave on Timing of Childhood Vaccine

The PFL may potentially impact childhood immunization through three channels: 1. decreasing access

costs of childhood vaccines; 2. improving child care quality; and 3. strengthening attachments to new-borns,

changing social norms and long-term maternal work habits.

To perfectly comply with the recommended vaccination schedule for infants, the parents are required to

take their children to medical providers at least six separate times — at birth, two months, four months, six

months, and 15 months (Lichtman-Sadot and Bell, 2017). Except for the doses taken at birth, these visits will

incur access costs including time costs, financial costs, transportation costs, etc. (Oster, 2018) After the NJ-PFL,

new mothers can take up to twelve-week paid leaves while new fathers can take up to six-week leaves. The time

cost of vaccination is expected to decrease dramatically, improving the on-time uptake of two-month (first dose)

and four-month (second dose) recommended doses the most.

As additional leaves are available to new parents, especially for new mothers, they are more likely to

engage in the activities that will improve the health of their children. On one hand,this may help them to be

more well-prepared before the delivery. For example, they may be able to receive prenatal care regularly, acquire

adequate infant health care knowledge and grow more aware of the benefits of on-time vaccines. On the other
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hand, after the delivery, they indeed spend more time on child care activities (Trajkovski, 2019) and may take

children to wellness check-ups regularly (Berger et al., 2005), therefore increasing the contact with health care

providers and imposing spill-over effects on on-time vaccine receipt (Carpenter and Lawler, 2017). In other words,

these possible behaviors promote routine medical care and improve the quality of childcare, thus increasing the

likelihood of receiving prompt preventive care.

Finally, this policy may promote stronger attachment to the new-born for both mothers and fathers, chang-

ing the social norms of parental child care participation and maternal working habits. Compared to their coun-

terparts in other states, new fathers in CA are 46% more likely to take leave, and parental leaves increased to an

average of 9 days. (Bartel et al., 2018) Although the approximate 3-day absolute increase in parental leave is not

large, the 50% increase in father-only leave-taking in dual-earner households (Baum and Ruhm, 2016) may form

new social norms under which fathers are more involved in child care activities. In this case, even if new moms

use up all of their paid leave continuously, fathers can take paid leave intermittently to take their children to clin-

ics, thus increasing the probability of prompt receipt of recommended doses. Trajkovski (2019) also found that

new mothers continue to increase their time in child care even if after returning to work. Trajkovski (2019) also

put forth a possible reasons: the stronger attachments to the new-born may cause a shift from full-time work to

part-time work, or the social norms or preferences are changed by the policy, thereby influencing working mothers

to spend more time with their children regardless of whether they reduce their working hours.

3 Data

I use the National Immunization Survey (NIS) - Child public use data from 1997 to 2015. This data is

conducted by the National Center for Immunization and Respiratory Diseases (NCIRD) of the Centers for Disease

Control and Prevention (CDC) from 1994, and documents the vaccination coverage among children 19-35 months.

The randomly selected parents or guardians are first asked for basic demographic information and permission to

contact children’s vaccine providers via telephone interviews. Then, the information about types of vaccination,

number of doses, dates of administration, and other administrative data about the healthcare facility are collected

from vaccine providers by mail. The survey covers all 50 states, the District of Columbia, and some U.S. territories

(CDC, 2015).

I only omit children with no information regarding the age of receipt of each dose of the four types of

vaccines, ultimately collecting 366,902 observations. The immunization records of 3,920 children comes from
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answers from guardians, and the records of the remaining 362,982 children is from a medical provider. This

avoids any problems with selection and ensures the accuracy of the data collected. Since the youngest child in my

sample is 19 months old, the children are all old enough to complete the vaccines recommended by ACIP. Because

each child’s age in the data is a categorical variable with three categories, I have to set the post-policy period or

examine the pre-policy trend using the estimated birth year instead of the interview year. If a child is classified

into the age range 24-35 months, the birth year will be the interview year minus 3; If a child is in the age range

19-23 months, the birth year will be the interview year minus 2. I then assign the child into post-policy if their

birth year is 2009 or later when NJ-PFL was implemented.

My variables of interest are the ages of the children on the days they receive each dose of four types

of common childhood vaccines: Diphtheria, Tetanus, Pertussis (DTap), Haemophilus influenzae type b (Hib),

Hepatitis B(HepB) and Inactivated polio vaccine (Polio). There are two reasons to choose these four types of

vaccines. First, these are vaccines that have the most complete data about the receipt age in all sample years.

In addition, they follow very similar administration schedules (2, 4, 6, 15 or 18 months old) and demand 3 or 4

doses for a completed series. Table 1 shows the recommended age and minimum age for each dose of four types

of vaccines. Furthermore, although most children follow the four-dose schedule for the Hib vaccine, 12.39% of

children in the sample still follow the three-dose schedule.

In order to avoid type one error and improve statistical power, the major outcome variable is a standardized

index that comes from a series of dummy variables and measures the prompt receipt of four-month doses. Firstly,

I construct a series of dummy variable (DTaP1, HepB1, Polio1, Hib1, DTaP2, HepB2, Polio2, Hib2) equal to 1

if the first (two-month) and second (four-month) dose of relevant vaccines is given later than 4 days before the

minimum age and earlier than 14 days after the recommended age, which I define as an "on-time" dose. Otherwise,

the dummy variable is equal to 0 and the dose is considered either invalid or incomplete. The time threshold is from

the ACIP vaccines administration schedule and the two-week grace period used by most literature (Schaller et al.,

2017) to adjust to children’s sickness or unexpected rescheduling of doctor visits. Next, I create standardized z-

scores for each individual dummy variable by subtracting the mean and dividing by the standard deviation. Then I

create a four-month vaccine receipt index by averaging across the four-month dose (DTaP2, HepB2, Polio2, Hib2)

standardized z-scores.

In addition to the index, I also change the dependent variable into four-month vaccine receipt dummy

variables (DTaP2, HepB2, Polio2, Hib2) to examine every type of vaccine individually. Lastly, I create a dummy
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variable for ever violating the two-month and four-month uptake schedule of in Table 1. This variable is equal to

1 if the child receives at least one dose that is not taken on time.

Table 2 and Table 3 display the summary statistics of NJ and full sample 48 control states and DC. The

compliance rates of the schedule for two-month recommended (first) dose in NJ are slightly lower than the control

states. However, the receipt of the four-month recommended (second) dose in NJ is especially mistimed with only

54.29% compliance rate of Polio2 compared to 66.82% for control states. Furthermore, the compliance rate for

the second dose is significantly lower compared to the first dose in every group and every type of vaccine. The

variations of the second dose between states with and without PFL allow me to conduct the estimation below.

4 Identification Strategy

I conduct standard diff-in-diff empirical strategy. More specifically, I estimate the following linear regres-

sion:

Yisc = β0 + β1Policyis × Postic + αXisc + µs + φc + εisc (1)

where c indicates birth year, s represents state and i represents individual child. Yisc is the outcome of interest.

Policyis is 1 if the child was born in treatment state. Postic equals to 1 if the child was born after the PFL was

enacted. Xisc is a set of co-variates including race of child, mother’s education, mother’s marital status, gender of

child, child’s age fixed effect and mother’s age. µs is the state fixed effect and φc is the birth cohort fixed effect.

New Jersey is a special state with a tradition of a more generous social benefits policy, but this heterogeneity is

correlated with the decision of the PFL. These fixed effects capture any time invariant factors correlated to the

independent variable. I weigh my regression by the household weight, and the standard errors are clustered on

the state level. I set New Jersey as the treated state and drop observations from California, so the threshold of

Postic is 2009 birth cohort. I use the remaining 48 states and DC without 12-week PFL as control states. Thus,

β1 measures the percentage point differences in outcome variables for New Jersey children who were born after

PFL’s implementation, compared to their counterparts born outside of New Jersey.
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4.1 Choosing Control States

To validate the diff-in-diff strategy, the time trend of outcome variables before the policy was enacted

should be the same in treatment and control groups. For example, if in the treatment group, due to some unob-

served reasons, say state level daycare mandates or infectious disease outbreaks (Oster (2018); Lichtman-Sadot

and Bell (2017)), parents are more likely to immunize their children on time even without the PFL policy, then my

strategy will overestimate the effects. To increase the likelihood of satisfying parallel trend assumption, I choose

control states that have the same yearly trend in outcomes as New Jersey before 2009, the year in which the policy

was implemented. I conduct the followed matching procedure similar to research of Lien and Evans (2005) and

Kling et al. (2007). More specifically, I firstly set the other 49 states without the PFL as potential control states. I

then ran regressions using data containing New Jersey and each potential control state from 2002 to 2008:

Yism = λaPolicyis + αXism + δm + εism (2)

where m is the birth year of each child. δm is the cohort fixed effects. If λ2002 = λ2003 = . . . = λ2008 = 0 can’t

be rejected, I will conclude parallel trend and select that state into control group. I use the robust standard errors

and the household weight in the matching process. The matching process generates 36 control states shown in the

table 4 . 1

4.2 Event Study

In order to exmaine the parallel trend, I also conduct event study with the full sample control states and the

alternative control states, which I select through the matching process described above. In other words, I estimate

the equation below:

Yisc = β0 + βc

+4∑
c=−7

Treatisc + αXisc + µs + φc + εisc (3)

If the βc isn’t significantly different from 0 in the pre-policy period, then I can conclude no significant

difference in pre-trends between treatment and control groups, and my strategy is valid.

Excluding New Jersey, I also conduct similar analysis using California as the treated state and put the

1The selection process generate 36 states:Alaska, Arizona, Arkansas, Colorado, Connecticut, DC,Delaware, Florida, Hawaii, Illinois,
Kansas, Kentucky, Louisianan, Maine, Maryland, Massachusetts, Michigan, Mississippi,Missouri, Montana, Nevada, New Hampshire, New
Mexico, North Dakota, Oklahoma, Oregon, Pennsylvania, Rhode Island, South Carolina, South Dakota, Tennessee, Texas, Washington, West
Virginia, Wisconsin, Wyoming.
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results in appendices.

5 Discussion

5.1 Results

Table 5 displays the main results both for selected control states and full sample control states. Column (1)

to column (3) show the results using selected control states. Column (1) shows the results without any demographic

control variables and state-specific linear trend. Column (2) shows the results with all the control variables and

column (3) adds both linear time trend and all the control variables. Control variables include child’s race, mother’s

education, mother’s marital status, child’s gender and mother’s age. Using the 36 selected control states and adding

demographic control variables, I find that the NJ-PFL increases the index of on-time receipt of the second dose by

0.08 standard deviations and decreases the probability of violating the immunization schedule for first-two doses

by 3.81 percentage points. As a complement to the summary index, I also examined the results for each specific

type of vaccine that was a component of the first-two doses index. The magnitudes of the separate vaccine are

easier to interpret and are also significantly different from zero. The policy increased the probability of on-time

DTaP2 up-take by 6.41 percentage points,the Hib2 up-take by 4.85 percentage points, the Polio2 up-take by 3.71

percentage points and the HepB2 by 2.02 percentage points.

Column (4) to column (6) in Table 5 show the results using full sample control states. Compared to the

absolute value of coefficients with selected control states, those with full sample control states become slightly

larger due to the fact that among full sample control states, some states have fewer observations available or have

a significant pre-policy trend in outcomes. The coefficients estimated above are ITT. According to New Jersey

Department of Labor, there are more than 26,701 leave claims bonding with a newborn or newly adopted child in

2016 but I did not find official or convincing estimated usage rate of NJ-PFL.

Rossin-Slater et al. (2013) showed that estimated maternity leave usage rate is 15% in CA. In addition, the

right to paid leave is associated with a 46% increase in parental leave for new fathers in CA (Bartel et al., 2018). If

I scale the ITT by the 15% estimated usage rate of maternal CA-PFL, the TOT is 0.53 standard deviation increase

in on-time uptake index and 25.4 percentage points reduction in violation probability. I also get the percent impact

by dividing the group mean 60.67%: 41.87% reduction in violation rate or 2,081 more kids in NJ receive prompt

second-dose vaccines. However, the magnitude of the effects are quite large and also omit the effect caused by the
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father’s leave-taking.

The event study for the second dose index and violation rate with selected control states are shown in figure

1 and figure 2. The coefficient in one year before the policy (β−1) is zero to be the baseline. Since the majority

of coefficients before the policy are not significantly different from zero except the outlier when c = −6, I am

able to conclude the parallel trend tests for both second dose index and violation measure. However, I also notice

that there is an obvious jump in second-dose index and a sudden drop in violation possibility during 2013 cohort

year (4 years after policy). I then drop the children born after 2013 to testify the robustness of my main estimates

and show the results in section 6. I also show the event study with full sample control states in figure 3 and figure

4. However, because figure 3 shows a decreased pre-policy trend for second dose index and figure 4 displays an

increased pre-policy trend for violation rate, I am unable to prove parallel trend assumption and therefore consider

the results shown from column (4) to column (6) in Table 5 less indicative.

5.2 Balancing test

One possible cause of the plausible effects is the changes in time-varying characteristics of New Jersey

children and their mothers. If mothers who come from low SES and whose children are more likely to be under-

immunized choose to move to New Jersey because of the foreseen health benefits coming from the PFL, they

are more likely to take advantage of this policy. Consequently, their children’s vaccination coverage may be

more improved when compared to the control states. In order to determine the characteristics of children changes

substantially before and after the implementation of NJ-PFL relative to other states, I conduct the event study

by replacing vaccine outcomes with each demographic co-variate to the left-hand side of equation 3. I use the

selected control states and omit linear time trend in the balancing test.

Figure 5 displays the balancing tests as an event study. Most coefficients in figure 5a are not significantly

different from zero around the policy time period, showing that the number of mothers under 19 years old in NJ

does not completely change before and after the PFL. As for figure 5b to figure 5d, even if the coefficients are

significantly different from zero, the change in the number of Hispanic children, the number of single mothers and

the number of mothers with a college degree does not display a specific trend around 2009 when the policy was

implemented, therefore indicating that the changes in compositions are not due to NJ-PFL. Interestingly, James

Hughes(2016) found that easy access to New York and high quality school systems in the community are related

to rising Hispanics and Asians. Therefore, I also control for these demographic covariates in my diff-in-diff model
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so that the composition change will not necessarily lead to any change in my main results.

5.3 Heterogeneity Effects

In order to eliminate the potential bias coming from possible varying composition, I conduct a series of

sub-sample regressions. If the effects are significant within groups, I can avoid the bias from between-group

compositional change. Table 6 and table 7 report the estimates of second-dose index and violation rate within

each demographic group. I also use single dose of each type of vaccine as dependent variables and show the

results in appendices tables. There are changes in Hispanic children from balancing test but table 6 shows that the

impacts within these groups are significant. Similarly, table 7 panel A also indicates that the impacts are stable

and significant within each group of mother’s age.

Because PFL has made the leave more affordable, I expect the effects on children from lower SES will be

much larger than those from more advantaged families. Mother’s education is more related to the social status

than race or age and may shed light on my expectation. Table 7 panel B shows that PFL significantly decreases

the probability of violating the schedule by 4.49 and 4.23 percentage points significantly among children whose

mothers do not have college degrees. By contrast, the coefficient isn’t significantly different from zero for children

with college-educated mothers. Even for the index of the second dose, which increases significantly for all three

subgroups, the rises are almost three times larger for children without college-educated mothers than those with

college-educated mothers. In addition, the larger increase in second-dose index and more significant reduction in

violation probability indicate that mothers with high school degrees are superisingly more likely to benefit from

the policy compared to those without high school degrees. One possible hypothesis is that women without high

school degrees may be more likely to drop out of the labor market after childbirth while those with only high

school degrees are more attached to the labor market. Postponed return to work induced by PFL loosened the time

constraint for high school-educated mothers and thus improved the timing of the childhood vaccines.

Since single working mothers may have less time to take care of their children before PFL, I also expect

the policy effects will be larger for a child whose mother is single. Table 7 panel C shows that the index rises by

0.122 standard deviations and the violation possibility decreases by 3.83 percentage points among children within

a single mother, which are larger than the average treatment effect for the whole sample.

The heterogeneity effects of a mother’s education and marital status indicate that any other policies that

change the time constraint and improve the flexibility of the mother’s working schedule may have larger impacts
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on child from medium or low SES family. Bartel et al. (2018) have found that CA-PFL increases the father’s

leave-taking to 1.5 weeks, far less than the 6-week paid leave. Thus, the positive effects of PFL on children will be

larger if there is a concomitant campaign that encourages fathers to take leaves, releasing the burden from mothers.

Furthermore, increasing the public immunization clinics in a community will also improve the on-time receipt of

childhood vaccines for less advantaged children.

6 Robustness

In my event study, there is an obvious jump in second-dose index and a sudden drop in violation possibility

during 2013 cohort year (period 4). I then omit the children born after 2013 to demonstrate the robustness of my

results. Table 8 shows a 0.07 standard deviation increase in on-time index and 3.28 percentage points reduction in

violation possibility, which are very similar to the main results.

I also assign the treatment group randomly among the alternative 36 control states and use the 35 states left

as new control states. After doing 36 regressions according to equation 1, I get a series of placebo coefficients and

the kernel density plots of these coefficients shown in figure 6 and figure 7. The real coefficient for the second-dose

index lies out of the 90% kernel distribution interval, implying a valid identification. While the true coefficients

of violation rate lines in the 90% kernel distribution interval, indicating a violation to the placebo test. In other

words, 7 states violate the placebo test for violation possibility with significantly negative coefficients.

Another potential threat is the change in family income since the implementation of the policy. If more

wealthy families with better health insurance moved to New Jersey around 2009, my identification strategy would

cause upward bias. I next add the 7 family income dummy variables. The number of observations decreased

because I drop years before 1999, when family income information is incomplete. Table 9 shows that the effects

on second-dose receipt and violation are still significant from zero. The magnitude is slightly greater than the

main results in table 5 but remain robust. However, considering the fact that family income fluctuates across time,

I hesitate to include it in the control variables for the main results. Furthermore, since I already set the mother’s

education as a control variable, which is more stable and also reflects socio-economic status, the main results

should be robust to different levels of household income.
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7 Conclusion

Childhood immunizations prevent children from infectious diseases, and the prompt receipt of each dose

is important for ensured protection. With paid family leave, new parents have a more flexible schedule and can

invest more time in infant health care activities, thereby improving the on-time uptake of vaccine doses. In this

paper, I examine whether NJ-PFL impacts the timing of childhood vaccine uptake. I contribute to the literature

by focusing on New Jersey, which is rare in the literature, and I include the cases in which children take vaccines

too early. In addition, my findings also help to disentangle the mechanism of improved infant health conditions

caused by PFL (Pihl and Basso (2019); Lichtman-Sadot and Bell (2017).

The results show that in NJ, the additional 6-week paid leave raises the index measuring on-time receipt

of four-month recommended doses of childhood vaccines by a 0.08 standard deviation. The policy reduces the

probability of violating the immunization schedule of the first-two doses by 3.81 percentage points. In addition,

heterogeneous effects on children without college-educated mothers indicate that the policy has larger positive

effects on working parents from low and medium SES.

Although the vast majority of research demonstrates that longer maternity leave is associated with improve-

ment of children’s health, the United States is still the only high-income country that does not have universal paid

leave for mothers of newborns. In this case, the California and New Jersey PFL policies serve as good examples

for other states: followed by those two states, Rhode Island introduced 4-week job-protected leave with 60% re-

placement of wage in 2014 (up to $831 per week in 2018). New York enacted an 8-week paid leave offering 50%

of pay in 2018, aiming to achieve weeks and 67% in 2021. The increasing wage compensation makes a leave

more affordable and may encourage more parents to take this leave.

13



Figure 1: Event Study for NJ Treated States using Selected Control States - 2ed Index

Note: 1. Model includes demographic controls, age fixed effects, state fixed effect and birth cohort fixed effect. 2. Estimates are weighted

using NIS household weights and clustered on state level. 3. 36 selected control states are AL, AZ, AR, CO, CT, DC, DE, FL, HI, IL, KS, KY,

LA, ME, MD, MA, MI, MS, MO, MT, NV, NH, NM, ND,OK,OR,PA,RI,SC,SD,TN,TX,WA,WV, WI,WY
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Figure 2: Event Study for NJ Treated States using Selected Control States - Violation

Note: 1. Model includes demographic controls, age fixed effects, state fixed effect and birth cohort fixed effect. 2. Estimates are weighted

using NIS household weights and clustered on state level. 3. 36 selected control states are AL, AZ, AR, CO, CT, DC, DE, FL, HI, IL, KS, KY,

LA, ME, MD, MA, MI, MS, MO, MT, NV, NH, NM, ND,OK,OR,PA,RI,SC,SD,TN,TX,WA,WV, WI,WY
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Figure 3: Event Study for NJ Treated States using Full Sample Control States - 2ed Index

Note: 1. Model includes demographic controls, age fixed effects, state fixed effect and birth cohort fixed effect. 2. Estimates are weighted

using NIS household weights and clustered on state level. 3. Full sample control states include 48 states and DC.

16



Figure 4: Event Study for NJ Treated States using Full Sample Control - Violation

Note: 1. Model includes demographic controls, age fixed effects, state fixed effect and birth cohort fixed effect. 2. Estimates are weighted

using NIS household weights and clustered on state level. 3. Full sample control states include 48 states and DC.
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Figure 5: Balancing Test

(a) Mother Under 19 Years Old In New Jersey (b) Hispanic Children

(c) Single mother (d) Mother with college degree

Note: 1. Model (a) controls for mother’s education, marital status, children’s gender,children’s race, age fixed effects, birth year fixed effects
and state fixed effects but doesn’t control for linear time trend.
2. Model (b) controls for mother’s education, marital status, mother’s age, children’s gender, age fixed effects, birth year fixed effects and state
fixed effects but doesn’t control for linear time trend.
3. Model (c) controls for mother’s education, marital status, mother’s age, children’s gender, age fixed effects, birth year fixed effects and state
fixed effects but doesn’t control for linear time trend.
4. Model (d) controls for marital status, mother’s age, children’s gender,children’s race, age fixed effects, birth year fixed effects and state
fixed effects but doesn’t control for linear time trend.
5. All the estimates are weighted using NIS household weights and clustered at state level.
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Figure 6: Placebo test - 2ed Index

Note: 1. Model includes demographic controls, interview year fixed effect, state fixed effect and birth cohort fixed effect. 2. Estimates are

weighted using NIS household weights and clustered on state level. 3. This Figure plots the results of placebo test. The coefficients resulting

from 36 regressions similar to equation (1) with random treatment assignment are plotted along with the original coefficient (in red). The 90%

critical value 0.0563 is in black.
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Figure 7: Placebo test - Violation

Note: 1. Model includes demographic controls, interview year fixed effect, state fixed effect and birth cohort fixed effect. 2. Estimates are

weighted using NIS household weights and clustered on state level. 3. This Figure plots the results of placebo test. The coefficients resulting

from 36 regressions similar to equation (1) with random treatment assignment are plotted along with the original coefficient (in red).The 90%

critical value -0.0459 is in black.
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Table 1: Recommended and Minimum Ages for Early Childhood Vaccinations

Vaccination Dose Recommended Age for Routine Minimum Acceptable Age
Hepatitis B

1 0-1 mo Birth
2 1-2 mo 4 wk
3 6-18 mo 6 mo

DTap
1 2mo 6 wk
2 4mo 10 wk
3 6mo 14 wk
4 15-18 mo mo

Hib
1 2mo 6 wk
2 4mo 10 wk
3 6mo 14 wk
4 15-18 mo mo

Poliovirus
1 2mo 6 wk
2 4mo 10 wk
3 6 - 18 mo 14 wk

Note: 1. Doses given within 4 days before the minimum age and 14 days after the recommended
age are considered valid.
2. Data is from CDC- Recommended Immunization Schedule for Children and Adolescents
Aged 18 Years or Younger, United States, 2018
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Table 2: Summary Statistics for Outcomes

New Jersey Selected Control States
Outcomes N Mean N Mean

DTaP1 8262 0.7358 255009 0.8081
(0.4409) (0.3938)

Hib1 8249 0.7215 254684 0.7970
(0.4483) (0.4023)

Polio1 8229 0.6958 253335 0.7984
(0.4601) (0.4012)

HepB1 8246 0.8979 253695 0.9158
(0.3028) (0.2736)

DTaP2 8175 0.5769 251753 0.6783
(0.4941) (0.4671)

Hib2 8109 0.5692 250346 0.6674
(0.4952) (0.4712)

Polio2 8129 0.5429 250010 0.6670
(0.4982) (0.4713)

HepB2 8132 0.7953 248561 0.8231
(0.4035) (0.3816)

Violation 8195 0.6067 252002 0.4617
(0.4885) (0.4985)

Index - 2ed dose 7878 -0.1362 242697 0.0519
(0.8337) (0.8271)

Note: 1. Standard deviations are in parentheses. Full sample control
states include 48 states and DC.
2. Data is from NIS- Child public use data, 1997 to 2015; Children in
the survey aged from 19 month to 35 month; The sample includes all
children with available information from health provider.
3. Violation is 1 if the child violates the schedule at least once for the
first-two doses (two-month and four-month recommended doses); Index-
second dose measures the on-time receipt of second doses for four types
of vaccines.
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Table 3: Summary Statistics for Covariates

NJ Selected Control States
Covariates Mean Mean

Child’s Race
White 0.4107 0.5727

(0.4920) (0.4947)
Hispanic 0.2918 0.1951

(0.4546) (0.3962)
Black 0.2068 0.1444

(0.4050) (0.3515)
Other 0.0907 0.0878

(0.2870) (0.2830)
Mother’s Education

Less HS 0.1255 0.1227
(0.3314) (0.3281)

HS Degree 0.4466 0.4766
(0.4972) (0.4995)

College 0.4278 0.4006
(0.4948) (0.4900)

Mother’s Marital Status
Single 0.3228 0.2838

(0.4676) (0.4509)
Child’s Gender

Male 0.5112 0.5128
(0.4999) (0.4998)

Mother’s Age
<=19 years old 0.0222 0.0248

(0.1474) (0.1554)
20 - 29 years old 0.3385 0.3984

(0.4732) (0.4896)
>=30 years old 0.6393 0.5769

(0.4802) (0.4940)
N 13277 381907

Note: Standard deviations in parentheses
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Table 4: All Potential States, with Selected Control States on Vaccines in Bold

Treated state New Jersey

Control States

Alabama Alaska Arizona Arkansas
Florida Georgia Hawaii Idaho
Kansas Kentucky Louisiana Maine

Minnesota Mississippi Missouri Montana
Ohio New Mexico New York Oregon

Pennsylvania Rhode Island South Carolina South Dakota
Vermont Virginia Washington West Virginia

Colorado Connecticut Delaware Illinois
Indiana Iowa Maryland Massachusetts

Nebraska Nevada Michigan North Dakota
Tennessee Oklahoma New Hampshire Wyoming
Wisconsin Texas North Carolina Utah

District of Columbia
Note: States in bold are those that had statistically matched vaccine up-take effects with New Jersey prior to the
paid family policy.
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Table 5: Diff-in-Diff Estimates - NJ Treated State

Outcomes 36 Selected Control States Full Sample Control States

(1) (2) (3) (4) (5) (6)

Index-2ed dose 0.0764∗∗∗ 0.0801∗∗∗ 0.0929∗∗∗ 0.0864∗∗∗ 0.0909∗∗∗ 0.0970∗∗∗

(0.0110) (0.0111) (0.0111) (0.0101) (0.0100) (0.0109)

Observation 250575 250575 250575 329790 329790 329790

Pre-policy New Jersey Mean -0.1731

Violation -0.0373∗∗∗ -0.0381∗∗∗ -0.0717∗∗∗ -0.0432∗∗∗ -0.0443∗∗∗ -0.0741∗∗∗

(0.0064) (0.0062) (0.0088) (0.0061) (0.0058) (0.0083)

Observation 260197 260197 260197 342452 342452 342452

Pre-policy New Jersey Mean 0.6263

DTaP2 0.0625∗∗∗ 0.0641∗∗∗ 0.0251∗∗∗ 0.0689∗∗∗ 0.0710∗∗∗ 0.0312∗∗∗

(0.0066) (0.0064) (0.0060) (0.0063) (0.0061) (0.0058)

Observation 259929 259929 259929 342160 342160 342160

Pre-policy New Jersey Mean 0.5545

Hib2 0.0467∗∗∗ 0.0485∗∗∗ 0.0183∗∗ 0.0523∗∗∗ 0.0546∗∗∗ 0.0206∗∗∗

(0.0061) (0.0059) (0.0052) (0.0058) (0.0056) (0.0051)

Observation 258455 258455 258455 340217 340217 340217

Pre-policy New Jersey Mean 0.5511

Polio2 0.0353∗∗∗ 0.0371∗∗∗ 0.0361∗∗∗ 0.0408∗∗∗ 0.0429∗∗∗ 0.0397∗∗∗

(0.0063) (0.0060) (0.0062) (0.0060) (0.0057) (0.0058)

Observation 258139 258139 258139 339806 339806 339806

Pre-policy New Jersey Mean 0.5277

HepB2 0.0211∗∗∗ 0.0202∗∗ 0.0890∗∗∗ 0.0226∗∗∗ 0.0219∗∗∗ 0.0856∗∗∗

(0.0056) (0.0057) (0.01) (0.0041) (0.0042) (0.0104)

Observation 256693 256693 256693 337762 337762 337762

Pre-policy New Jersey Mean 0.4120

Control No Yes Yes No Yes Yes

Time Trend No No Yes No No Yes

* p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: 1. Model includes interview year fixed effect, state fixed effect and birth cohort fixed effect.
2. Control variables include child’s race, mother’s education, mother’s marital status, child’s gender and mother’s age.
3. Standard errors in parentheses are clustered on state level; estimates are weighted using NIS household weights.
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Table 6: Subgroup estimates of NJ-PFL - child’s race and mother’s age

Panel A

Outcomes White Hispanic Black Others

Index-2ed dose 0.00447 0.1180∗∗∗ 0.0841∗∗∗ 0.1888∗∗∗

(0.0120) (0.0154) (0.0159) (0.0240)

Observation 146260 50117 32625 21573

Pre-Policy New Jersey Mean -0.0407 -0.2405 -0.3857 -0.0349

Violation -0.0166∗ -0.0285∗∗ -0.0152 -0.1204∗∗∗

(0.0076) (0.0081) (0.0106) (0.0118)

Observation 151197 52170 34278 22552

Pre-Policy New Jersey Mean 0.5797 0.6370 0.6997 0.6305

Panel B

Outcomes <=19 years old 20-29 years old >= 30 years old

Index-2ed dose -0.0200 0.0778∗∗∗ 0.0801∗∗∗

(0.1216) (0.0131) (0.0127)

Observation 5882 98293 146400

Pre-Policy New Jersey Mean -0.4266 -0.2826 -0.1021

Violation -0.0996∗ -0.0199∗∗ -0.0424∗∗∗

(0.0457) (0.0069) (0.0079)

Observation 6195 102369 151633

Pre-Policy New Jersey Mean 0.7268 0.6598 0.6032

* p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: 1.Model includes interview year fixed effect, state fixed effect and birth cohort fixed effect; All the esti-
mates only control for demographic variables.
2. Standard error in parentheses are clustered on state level; estimates are weighted using NIS household weights.
3. Heterogeneous effects are estimated with selected control states:AL, AZ, AR, CO, CT, DC, DE, FL, HI, IL, KS,
KY, LA, ME, MD, MA, MI, MS, MO, MT, NV, NH, NM, ND,OK,OR,PA,RI,SC,SD,TN,TX,WA,WV, WI,WY
4. Moreover, the average effects are mainly driven by the children from other race, who decrease the possibility
of violating first two doses schedule by 12 percentage points and raise the index by 0.19 standard deviations
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Table 7: Within-group estimates of NJ-PFL - mother’s education and marital status

Panel A

Outcomes Less than High School High School College

Index-2ed dose 0.0735∗ 0.1041∗∗∗ 0.0396∗∗

(0.0273) (0.0109) (0.0124)

Observation 30756 118251 101568

Pre-Policy New Jersey Mean -0.3309 -0.2718 -0.0042

Violation -0.0449∗ -0.0423∗∗∗ -0.0175

(0.0178) (0.0050) (0.0089)

Observation 32355 122752 105090

Pre-Policy New Jersey Mean 0.6722 0.6589 0.5715

Panel B

Outcomes Single Married

Index-2ed dose 0.1218∗∗∗ -0.00622

(0.0161) (0.0148)

Observation 68929 82990

Pre-Policy New Jersey Mean -0.3528 -0.1597

Violation -0.0383∗∗∗ -0.0106

(0.0078) (0.0082)

Observation 71939 133230

Pre-Policy New Jersey Mean 0.6828 0.6176

* p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: 1.Model includes interview year fixed effect, state fixed effect and birth cohort fixed effect;
All the estimates only include demographic control variables.
2. Standard error in parentheses are clustered on state level; estimates are weighted using NIS
household weights.
3. Heterogeneous effects are estimated with selected control states:AL, AZ, AR, CO, CT,
DC, DE, FL, HI, IL, KS, KY, LA, ME, MD, MA, MI, MS, MO, MT, NV, NH, NM,
ND,OK,OR,PA,RI,SC,SD,TN,TX,WA,WV, WI,WY
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Table 8: Robustness check - drop 2013 cohort

36 Selected Control States

Outcomes (1) (2) (3)

Index-2ed dose 0.0700∗∗∗ 0.0747∗∗∗ 0.0894∗∗∗

(0.0107) (0.0107) (0.0111)

Observation 247559 247559 247559

Pre-Policy New Jersey Mean -0.1731

Violation -0.0328∗∗∗ -0.0340∗∗∗ -0.0689∗∗∗

(0.0063) (0.0061) (0.0088)

Observation 257105 257105 257105

Pre-Policy New Jersey Mean -0.6263

DTaP2 0.0601∗∗∗ 0.0623∗∗∗ 0.0243∗∗∗

(0.0064) (0.0061) (0.0059)

Observation 256858 256858 256858

Pre-Policy New Jersey Mean 0.5545

Hib2 0.0404∗∗∗ 0.0429∗∗∗ 0.0151∗∗

(0.0059) (0.0057) (0.0051)

Observation 255395 255395 255395

Pre-Policy New Jersey Mean 0.5512

Polio2 0.0317∗∗∗ 0.0341∗∗∗ 0.0342∗∗∗

(0.0061) (0.0058) (0.0063)

Observation 255085 255085 255085

Pre-Policy New Jersey Mean 0.5277

HepB2 0.0220∗∗∗ 0.0211∗∗∗ 0.0889∗∗∗

(0.0056) (0.0057) (0.00)

Observation 253644 253644 253644

Pre-Policy New Jersey Mean 0.7834

Control No Yes Yes

Time Trend No No Yes

* p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: 1. Model includes interview year fixed effect, state fixed effect and birth
cohort fixed effect.
2. Standard errors in parentheses are clustered on state level; estimates are weighted
using NIS household weights.
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Table 9: Robustness - Add Income Dummies

(1) (2) (3) (4)

Index-2ed dose Index-2ed dose Violation Violation

NJ × Post 0.0827∗∗∗ 0.0578∗∗∗ -0.0417∗∗∗ -0.0427∗∗∗

(0.0112) (0.0130) (0.0062) (0.0101)

$7,501- $10,000 0.0626∗∗ 0.0625∗∗ -0.0296∗∗ -0.0293∗∗

(0.0175) (0.0175) (0.0091) (0.0091)

$10,001-$17,500 0.0677∗∗ 0.0673∗∗ -0.0356∗∗ -0.0352∗∗

(0.0236) (0.0236) (0.0106) (0.0106)

$17,501- $20,000 0.0663∗∗∗ 0.0666∗∗∗ -0.0408∗∗∗ -0.0406∗∗∗

(0.0139) (0.0140) (0.0086) (0.0086)

$20,001- $30,000 0.0820∗∗∗ 0.0821∗∗∗ -0.0441∗∗∗ -0.0438∗∗∗

(0.0214) (0.0213) (0.0111) (0.0111)

$30,001- $50,000 0.130∗∗∗ 0.129∗∗∗ -0.0646∗∗∗ -0.0644∗∗∗

(0.0156) (0.0154) (0.0089) (0.0088)

$50,001 + 0.205∗∗∗ 0.206∗∗∗ -0.0995∗∗∗ -0.0999∗∗∗

(0.0206) (0.0204) (0.0100) (0.0100)

Time trend No Yes No Yes

N 204206 204206 211416 211416
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: 1.Model includes interview year fixed effect, state fixed effect and birth cohort fixed effect; All the estimates
only include demographic control variables.
2. The results are estimated using selected states; The sample doesn’t include interview year before 1999, since when
the income information became available in the survey. 3. Standard error in parentheses are clustered on state level;
estimates are weighted using NIS household weights.
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Appendices

Figure A1: Event Study for CA Treated States using 30 Control States - 2ed Index

Note: 1. Model includes age fixed effect, state fixed effect and birth cohort fixed effect 2. Standard error are clustered at state level 3.

Alternative control include AL,AK, AR, CO, DE, DC, HI, IL, IA, KY, LA, MD, MA, MI, MN, MO, MT, NV, NM, NY, ND, OK, OR, RI, TN,

TX, VA, WV, WI, WY.
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Figure A2: Event Study for CA Treated States using 30 Control States - Violation

Note: 1. Model includes age fixed effect, state fixed effect and birth cohort fixed effect

2. Standard error are clustered at state level

3. Alternative control include AL,AK, AR, CO, DE, DC, HI, IL, IA, KY, LA, MD, MA, MI, MN, MO, MT, NV, NM, NY, ND, OK, OR, RI,

TN, TX, VA, WV, WI, WY.
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Figure A3: Event Study for CA Treated States using Full Sample Control States - 2ed Index

Note: 1. Model includes age fixed effect, state fixed effect and birth cohort fixed effect

2. Standard error are clustered at state level

3. Full sample control states include 48 states and DC .
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Figure A4: Event Study for CA Treated States using Full Sample Control States - Violation

Note: 1. Model includes age fixed effect, state fixed effect and birth cohort fixed effect 2. Standard error are clustered at state level 3. Full

sample control states include 48 states and DC .
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Table A1: Diff-in-Diff Estimates - CA Treated State and 30 Control States

Outcomes 30 Alternative Control States Full Sample Control States

(1) (2) (3) (4) (5) (6)

Index-2ed dose 0.0559∗∗∗ 0.0498∗∗∗ 0.110∗∗∗ 0.0609∗∗∗ 0.0525∗∗∗ 0.119∗∗∗

(0.04) (0.08) (0.0116) (0.0091) (0.0092) (0.0104)

Observation 215770 215770 215770 336866 336866 336866

Pre-policy CA means -0.0412

Violation -0.0132 -0.00945 -0.0117 -0.0162∗∗ -0.01∗ -0.0205∗∗

(0.0073) (0.0074) (0.0073) (0.0053) (0.0052) (0.0063)

Observation 224415 224415 224415 349976 349976 349976

Pre-policy California means 0.5003

DTaP2 0.0243∗∗ 0.0198∗∗ 0.0410∗∗∗ 0.0292∗∗∗ 0.0232∗∗∗ 0.0476∗∗∗

(0.0067) (0.0069) (0.0049) (0.0051) (0.0051) (0.0047)

Observation 223897 223897 223897 349577 349577 349577

Pre-policy California means 0.6520

Hib2 0.0251∗∗∗ 0.0203∗∗ 0.0366∗∗∗ 0.0304∗∗∗ 0.0242∗∗∗ 0.0446∗∗∗

(0.0062) (0.0065) (0.0061) (0.0050) (0.0050) (0.0048)

Observation 222562 222562 222562 347566 347566 347566

Pre-policy California means 0.6461

Polio2 0.0171∗ 0.0135 0.0379∗∗∗ 0.0210∗∗∗ 0.0160∗∗ 0.0447∗∗∗

(0.0066) (0.0068) (0.0063) (0.0050) (0.0050) (0.0049)

Observation 222277 222277 222277 347119 347119 347119

Pre-policy California means 0.6375

HepB2 0.0275∗∗∗ 0.0277∗∗∗ 0.0626∗∗∗ 0.0234∗∗∗ 0.0231∗∗∗ 0.0585∗∗∗

(0.0057) (0.0058) (0.0064) (0.0039) (0.0040) (0.0066)

Observation 221132 221132 221132 345013 345013 345013

Pre-policy California means 0.7440

Control No Yes Yes No Yes Yes

Time Trend No No Yes No No Yes

* p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: 1. Model includes age fixed effect, state fixed effect and birth cohort fixed effect
2. Standard error in parentheses are clustered at state level
3. Alternative control include AL,AK, AR, CO, DE, DC, HI, IL, IA, KY, LA, MD, MA, MI, MN, MO, MT, NV, NM, NY, ND,
OK, OR, RI, TN, TX, VA, WV, WI, WY; Full sample control states include 48 states and DC.
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Table A2: Subgroup estimates of NJ-PFL - child’s race

Outcomes White Hispanic Black Others

DTaP2 0.0326∗∗∗ 0.0694∗∗∗ 0.0773∗∗∗ 0.1211∗∗∗

(0.0061) (0.011) (0.0095) (0.0128)

Observation 150996 51556 33763 22140

Pre-policy New Jersey Mean 0.6537 0.4984 0.4037 0.6720

Hib2 0.0173∗∗ 0.0722∗∗∗ 0.0045 0.1198∗∗∗

(0.0057) (0.0096) (0.0085) (0.0140)

Observation 150996 51556 33763 22140

Pre-policy New Jersey Mean 0.6448 0.4982 0.4208 0.6215

Polio2 -0.00314 0.0479∗∗∗ 0.0519∗∗∗ 0.1167∗∗∗

(0.0067) (0.0096) (0.0081) (0.0127)

Observation 150652 51487 33686 22314

Pre-policy New Jersey Mean 0.6029 0.4947 0.4177 0.5582

HepB2 -0.0115 0.0320∗∗∗ 0.0612∗∗∗ 0.0180

(0.0065) (0.0076) (0.0121) (0.0132)

Observation 149253 51466 33784 22190

Pre-policy New Jersey Mean 0.7674 0.8006 0.7730 0.8246

* p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: 1.Model includes age fixed effect, state fixed effect and birth cohort fixed effect; All the estimates
only include demographic control variables.
2. Standard error in parentheses are clustered on state level; estimates are weighted using NIS household
weights.
3. Heterogeneous effects are estimated with selected control states:AL, AZ, AR, CO, CT,
DC, DE, FL, HI, IL, KS, KY, LA, ME, MD, MA, MI, MS, MO, MT, NV, NH, NM,
ND,OK,OR,PA,RI,SC,SD,TN,TX,WA,WV, WI,WY

39



Table A3: Subgroup estimates of NJ-PFL - mother’s education

Outcomes Less than High School High School College

DTaP2 0.0628∗∗∗ 0.0836∗∗∗ 0.0340∗∗∗

(0.0167) (0.0062) (0.0057)

Observation 31993 122413 105523

Pre-policy New Jersey Mean 0.4456 0.4823 0.6779

Hib2 0.1070∗∗∗ 0.0508∗∗∗ 0.0197∗∗

(0.0150) (0.0055) (0.0067)

Observation 31681 121779 104995

Pre-policy New Jersey Mean 0.4401 0.4875 0.6645

Polio2 0.0555∗∗ 0.0543∗∗∗ 0.00529

(0.0175) (0.0055) (0.0064)

Observation 31745 121613 104781

Pre-policy New Jersey Mean 0.4401 0.4814 0.6124

HepB2 -0.0611∗∗∗ 0.0316∗∗∗ 0.0304∗∗∗

(0.0079) (0.0064) (0.0062)

Observation 31786 121338 103569

Pre-policy New Jersey Mean 0.7961 0.7783 0.7848

* p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: 1.Model includes age fixed effect, state fixed effect and birth cohort fixed effect; All the esti-
mates only includes demographic control variables.
2. Standard error in parentheses are clustered on state level; estimates are weighted using NIS house-
hold weights.
3. Heterogeneous effects are estimated with selected control states:AL, AZ, AR, CO, CT,
DC, DE, FL, HI, IL, KS, KY, LA, ME, MD, MA, MI, MS, MO, MT, NV, NH, NM,
ND,OK,OR,PA,RI,SC,SD,TN,TX,WA,WV, WI,WY
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Table A4: Subgroup estimates of NJ-PFL - mother’s age

Outcomes <=19 years old 20-29 years old >= 30 years old

DTaP2 -0.0030 0.0544∗∗∗ 0.0667∗∗∗

(0.0671) (0.0085) (0.0067)

Observation 6126 101883 151920

Pre-policy New Jersey Mean 0.3799 0.4797 0.6039

Hib2 -0.0166 0.0243∗∗ 0.0593∗∗∗

(0.0595) (0.0077) (0.0063)

Observation 6101 101208 151146

Pre-policy New Jersey Mean 0.3851 0.4878 0.5933

Polio2 -0.0020 0.0499∗∗∗ 0.0295∗∗∗

(0.0644) (0.0076) (0.0068)

Observation 6071 101212 150856

Pre-policy New Jersey Mean 0.3933 0.4728 0.5640

HepB2 0.1750∗∗∗ 0.0194∗ 0.0182∗∗

(0.0436) (0.0089) (0.0057)

Observation 6089 101079 149525

Pre-policy New Jersey Mean 0.7735 0.7742 0.7889

p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: 1.Model includes age fixed effect, state fixed effect and birth cohort fixed effect; All the esti-
mates only include demographic control variables.
2. Standard error in parentheses are clustered on state level; estimates are weighted using NIS house-
hold weights.
3. Heterogeneous effects are estimated with selected control states:AL, AZ, AR, CO, CT,
DC, DE, FL, HI, IL, KS, KY, LA, ME, MD, MA, MI, MS, MO, MT, NV, NH, NM,
ND,OK,OR,PA,RI,SC,SD,TN,TX,WA,WV, WI,WY
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Table A5: Subgroup estimates of NJ-PFL - Gender and marital status

Outcome Single Male

DTaP2 0.0763∗∗∗ 0.00403

(0.0106) (0.0079)

Observation 71389 133120

Pre-policy New Jersey Mean 0.4334 0.5566

Hib2 0.0551∗∗∗ 0.00469

(0.0086) (0.0082)

Observation 70991 132429

Pre-policy New Jersey Mean 0.4364 0.5544

Polio2 0.0696∗∗∗ -0.009

(0.0101) (0.0080)

Observation 70857 132231

Pre-policy New Jersey Mean 0.4327 0.5354

HepB2 0.0387∗∗∗ 0.00425

(0.0079) (0.0059)

Observation 70949 131501

Pre-policy New Jersey Mean 0.7767 0.7939

* p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: 1.Model includes age fixed effect, state fixed effect and birth cohort fixed effect;
All the estimates only includes demographic control variables.
2. Standard error in parentheses are clustered on state level; estimates are weighted
using NIS household weights.
3. Heterogeneous effects are estimated with selected control states:AL, AZ, AR, CO,
CT, DC, DE, FL, HI, IL, KS, KY, LA, ME, MD, MA, MI, MS, MO, MT, NV, NH,
NM, ND,OK,OR,PA,RI,SC,SD,TN,TX,WA,WV, WI,WY
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