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Abstract This paper investigates how the Fresh Fruit and Vegetable Program
(FFVP), a nutrition assistance program that provides funding for the distribution
of free fresh fruits and vegetables to students in participating schools, affects child-
hood obesity using a panel data set of Arkansas public schoolchildren with two
different approaches. First, we combine matching methodology and difference-
in-differences (DID) analysis. Second, we use the synthetic control method to
compare each FFVP participating school to a similar, albeit synthetic, control school.
Both analyses show that FFVP program causes an economically meaningful
reduction in the obesity outcome of participating children.
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Introduction

Obesity prevalence among children and adolescents in the United States
has significantly increased during the past few decades. It is now a major
health problem and poses a challenge for government, public health agen-
cies and medical communities. Approximately 13 million U.S. children
and adolescents are considered obese,1 with a body mass index (BMI) at or

# The Author 2015. Published by Oxford University Press on behalf of the Agricultural and Applied
Economics Association. All rights reserved. For permissions,
please e-mail: journals.permissions@oup.com

1Obesity is defined as body mass index (BMI) at or above the 95th percentile based on the 2000 Centers
for Disease Control and Prevention BMI-for-age growth charts. Children with BMI between the 85th
and 95th percentile are classified as overweight.
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above the 95th percentile. Ogden and Carroll (2010) reported that from 1980
to 2008, obesity rates nearly tripled—from 6.5% to 19.6%—for children aged
6 to 11 and more than tripled for adolescents aged 12 to 19—from 5% to
18.0%. Adding to its importance, obese adolescents have an 80% chance of
becoming obese adults, which places them at greater risk for health pro-
blems throughout life (Guo and Chumlea 1999).

Strategies that encourage the consumption of healthier foods such as fruit
and vegetables may be one way to address childhood obesity. Epstein et al.
(2001) found that increasing fruit and vegetable intake decreased high fat
and sugar intakes among children and their parents. Children and adoles-
cents in the United States do not consume the recommended amounts of
fruits and vegetables. The United States Department of Agriculture (USDA)
guidelines recommend that children eat 6–13 serving of fruits and vegeta-
bles each day, but US children only eat 3.5 servings per day on average
(Jamelske et al. 2008).

The USDA Fresh Fruit and Vegetable Program (FFVP) is intended to in-
crease fruit and vegetable consumption among students in the nation’s
poorest elementary schools by providing reimbursement to schools for
offering fresh fruits and vegetables, free to students, throughout the school
day and separately from lunch and breakfast meals. According to the USDA
Food Nutrition Service (2010), the objectives of FFVP include: (1) to create
healthier school environments by providing healthier food choices; (2)
expand the variety of fruits and vegetables available to children; (3) increase
children’s fruit and vegetable consumption; and (4) make a positive differ-
ence in children’s diets to impact their present and future health. Presently,
for a school to participate in the FFVP, the school must also participate in
the National School Lunch Program (NSLP), and at least 50% of students
must be eligible for the free and reduced lunches. This is to ensure that the
program benefits low-income students who otherwise would have fewer
opportunities to consume a variety of fruit and vegetables. All students in
participating schools are provided a fresh fruits or vegetable snack during
the school day. Schools are selected based on an application process and
program funds are used to reimburse schools for providing fruit and vege-
tables at a rate of $50 to $75 per student per year (USDA Food and Nutrition
Service 2010).

The FFVP is primarily designed to increase fruit and vegetable consump-
tion in children. Earlier studies provide evidence that the program is effect-
ive at meeting this goal (Boukhris 2007; Jamelske et al. 2008; Davis et al.
2009; Ohri-Vachaspati, Turner and Chaloupka 2012; Bartlett et al. 2013). To
the extent FFVP improves children’s diets, it would also be important to
know if it has the added benefit of reducing childhood obesity. Bartlett et al.
(2013) find no evidence that FFVP participation leads to increased energy
intake. This coupled with the aforementioned findings of Epstein et al.
(2001) that a diet rich in fruit and vegetable consumption may reduce fat
and sugar intake suggests FFVP could be an effective program to prevent
childhood obesity. To our knowledge, however, no study has evaluated this
issue. Given the promising results of these past studies on the impact of
FFVP on fruit and vegetable consumption, it would also be interesting to
examine the effect of FFVP on childhood obesity.

We focus this study on children in the state of Arkansas. Arkansas is an
interesting case to study since it has one of the highest childhood obesity
rates in the United States. The National Survey of Children’s Health
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indicated that in Arkansas, about 32.8% of 10–17 year-old children were
either obese or overweight in 2003, and this percentage increased to 37.5%
in 2007 (NCSL 2015). Additionally, Arkansas was the first state to legisla-
tively mandate the measurement and collection of BMI for public school-
children starting in 2004 (Arkansas Act 1220 of 2003). These data provide a
unique opportunity to study child weight status and the programs and pol-
icies designed to impact BMI.

Arkansas schools began participating in the FFVP during the 2008–2009
school year, and the program is primarily administered through the
Arkansas Department of Education (ADE). The average amount of funding
per school during the 2008–2009 and 2009–2010 school years was $27,334
and $21,382, respectively.2 However, nearly twice as many schools partici-
pated in the 2009–2010 school year, and so the decrease in average funding
is not indicative of reduced reach of the program. Our focus is on the BMI
effects for children that attended FFVP schools during both the 2008–2009
and 2009–2010 school years.

In this article, we use a unique panel dataset that includes measured BMI
of school children in Arkansas. First, we employ difference-in-differences
(DID) and matching methods to identify the effect of FFVP on children’s
BMI. Our results suggest that when stricter matching methods (i.e., match-
ing methods that produce more balance between control and treatment
samples) are used, FFVP participation reduces children’s BMI measures.
Second, we employ a synthetic control approach (Abadie and Gardeazabal
2003; Abadie, Diamond, and Hainmueller 2010; Abadie, Diamond, and
Hainmueller 2015). Specifically, we create a “synthetic control school”
for each FFVP participating school. The synthetic schools are weighted
averages of elementary schools that did not participate in the FFVP. We then
compare the differences in overweight rate, obesity rate, and average BMI
z-score between treated schools and synthetic control schools in the 2009–
2010 school year. The results indicate that FFVP participating schools have
lower overweight rates, obesity rates, and average BMI z-scores than the
"synthetic" schools without FFVP.

The next section describes the data sources and the variables used in the
analysis. The third section discusses the empirical strategies we use to iden-
tify the effect of FFVP participation on children’s BMI. The fourth section
presents the results. The final section concludes and offers suggestions for
future research.

Data

Data Sources

Our data come from three different sources. First, we use FFVP participa-
tion data from the 2008–2009 and 2009–2010 school years. These data were
obtained from the Arkansas Department of Education (ADE) Child
Nutrition Unit and include program participation status and funding infor-
mation by school and year. Second, we use the Arkansas BMI dataset. This
is a unique panel dataset at the student level based on weight and height
measurements collected by trained personnel in the public schools and
maintained through legislative mandate at the Arkansas Center for Health

2Data queries from Arkansas Department of Education (ADE) Child Nutrition Unit.
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Improvement (ACHI) (Justus et al. 2007). BMI is calculated as a ratio
([weight in pounds / (height in inches)2] × 703) and is then converted to
age-gender specific z-scores according to the Centers for Disease Control
and Prevention guidelines (CDC 2015). Measures used for this analysis
included the BMI z-score,3 BMI percentile,4 gender, race, and free or
reduced lunch program participation status. Additionally, ACHI personnel
georeferenced and interfaced these data with food store locations so that
our final dataset provided measures of the food environment around the
children’s home and schools. Only children in even-numbered grades were
measured during the period of FFVP program adoption in Arkansas. For
this reason, our analysis only includes FFVP students in even elementary
school grades (kindergarten, second, fourth, and sixth grades). Third, we
used demographic characteristics data from the American Community
Survey’s (ACS) 2006–2010 five-year estimates. These include data on pro-
portion of population by race, income level, education, work status, and
other neighborhood measures for the census block group of the child’s resi-
dence. We use these as control variables in our models.

Variable Definitions and Descriptive Statistics

The choice of control variables for the matching and the regression
models is an important consideration in our study. The main idea of match-
ing is to find a group of control individuals that are similar to the treated
individuals in all pretreatment characteristics. Table 1 provides a descrip-
tion of the variables used in the matching analysis as well as the variables
used in the panel DID model. We discuss the matching procedures in the
third section.

One important factor for obesity is income level. Low-income adults and
children have been found to be more likely to be overweight and obese (Casey
et al. 2001; Wang 2001; Singh, Siahpush, and Kogan 2010). While there are
multiple pathways by which socioeconomic status may affect obesity
(McLaren 2007), low-income communities often lack access to stores that sell
fresh fruit and vegetables and have instead stores that sell foods low in nutri-
tional value (Haynes-Maslow et al. 2013). To measure and control for access to
healthy foods, we computed the distance between the student’s residence and
the nearest grocery store that contained a fresh produce department. Grocery
stores and their locations in Arkansas, by year, were obtained from Dun &
Bradstreet. We adopted the low access area criteria found in the USDA/ERS
Food Desert Locator.5 That is, students living in urban census block groups
were classified as having low-access to healthy foods if their residence was
more than one mile from a large supermarket. Students in rural block groups
were classified as low access if this distance was greater than ten miles. Food
access is also affected by transportation options and so controls are included
for the proportion of population with no vehicle availability.

Educational level, working status, and marital status of parents are also
important factors for childhood obesity. Health knowledge has also been

3BMI z-score is defined as a deviation of BMI for an individual from the mean BMI of the reference popu-
lation divided by the standard deviation for the reference population.
4BMI percentile ranks the individual in terms of the reference population and is the value of standard
normal cumulative probability distribution evaluated at the child’s BMI z-score.
5Source: http://www.ers.usda.gov/data-products/food-access-research-atlas/documentation.aspx (accessed
June 11, 2015).
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Table 1 Description, Means, and Standard Deviations of Variables in the Study

Variable Name Description
Control Pool
(N 5 47,521)

Treatment Pool
(N 5 1,116)

Outcome
Variables

BMI z-score Individual’s BMI z-score 0.704
(1.077)

0.696
(1.067)

BMI percentile Individual’s BMI percentile 0.686
(0.281)

0.679
(0.278)

Treatment
Variables

D1 Binary indicator (1 if the
treatment period; 0
otherwise)

FFVP Binary indicator (1 if in an
FFVP participating school; 0
otherwise)

DID D1* FFVP (DID interaction
term)

Control Variables
Age Age of student in months 107.54

(20.56)
100.88
(22.39)

Black Binary indicator (if individual
is Black then ¼ 1, 0
otherwise)

0.208
(0.405)

0.148
(0.355)

Hispanic Binary indicator (if individual
is Hispanic then ¼ 1, 0
otherwise)

0.098
(0.298)

0.121
(0.325)

Male Binary indicator (if individual
is male then ¼ 1, 0 otherwise)

0.505
(0.499)

0.542
(0.498)

Free Binary indicator (if individual
participated in free lunch
then ¼ 1, 0 otherwise)

0.471
(0.499)

0.509
(0.500)

Reduced Binary indicator (if individual
participated in reduced
lunch then ¼ 1, 0 otherwise)

0.100
(0.300)

0.108
(0.310)

Urban Binary indicator (if individual
lived in urban area ¼ 1, 0
otherwise)

0.624
(0.484)

0.573
(0.494)

Low access Binary indicator that describes
the accessibility to large
grocery stores. It takes the
value of one for urban
students living more than
one-mile from a large grocery
store and for rural students
living more than 10 miles
from a large grocery store.

0.313
(0.463)

0.199
(0.400)

Cohort_A* Binary indicator (if individual
is second grade during the
treatment period then ¼ 1, 0
otherwise)

0.320
(0.466)

0.448
(0.497)

Continued
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found to decrease the probability of an individual becoming obese (Nayga
2000). Singh, Siahpush, and Kogan (2010) found that children with parents
of higher education are less likely to be obese, while children from single-
mother households are more likely to be obese. Anderson, Butcher, and
Levine (2003) investigated whether children are more or less likely to be
overweight if their mothers work, and their results indicated that a child is
more likely to be overweight if his/her mother worked more intensively.

We do not have information about the education level, working status,
and marital status of parents of the students in our sample, but we are able
to measure these for the neighborhood of the child’s residence using census
block group data from the 2010 American Community Survey. The BMI
data from ACHI also include some important individual-level control vari-
ables. These include age in months, gender, race, ethnicity, and free or
reduced lunch participation status. Additional income controls at the
census-block-group level include the proportion of population below the
poverty level and median value of owner occupied housing units. These
control variables are listed in table 1.

Table 1 Continued

Variable Name Description
Control Pool
(N 5 47,521)

Treatment Pool
(N 5 1,116)

Cohort _B* Binary indicator (if individual
is fourth grade during the
treatment period then ¼ 1, 0
otherwise)

0.338
(0.473)

0.369
(0.482)

Cohort_C* Binary indicator (if individual
is sixth grade during the
treatment period then ¼ 1, 0
otherwise)

0.341
(0.474)

0.182
(0.386)

Single
mother_prp

Proportion of families that have
children under 18 with
female householder with no
husband present

0.265
(0.238)

0.257
(0.207)

High
school_prp

Proportion of population with
high school degree

0.350
(0.110)

0.368
(0.096)

Some
college_prp

Proportion of population with
some college or an associate’s
degree

0.277
(0.089)

0.266
(0.081)

College
plus_prp

Proportion of population with
college and post-graduate
degrees

0.188
(0.141)

0.167
(0.119)

Income below
poverty**

Proportion of population below
the poverty level

0.177
(0.138)

0.212
(0.139)

Working
mother_prp**

Proportion of families that have
children under 18 with
mother in the labor force

0.254
(0.208)

0.251
(0.191)

No
vehicle_prp**

Proportion of families with no
vehicle availability

0.063
(0.076)

0.060
(0.060)

Notes: In control variable list, *denotes the variables that only appear in DID regression model.
**denotes the variables that only appear in the matching analysis. The other variables appear in both DID
regression model and matching analysis. Standard deviations appear in parentheses.
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Methodology

A major concern in assessing the effect of FFVP is that FFVP participation
by schools is not randomly assigned, so it is possible that schools self-
selected into the program. Hence, the characteristics of FFVP participating
schools could be quite different from those of nonparticipating schools. On
the other hand, FFVP targets lower income children. These children are
already at higher risk for excess body weight because there is substantial
evidence that socioeconomic status is inversely related to obesity among
both adults and children (McLaren 2007). In either case, unobserved factors
could influence both FFVP participation and obesity outcomes (e.g., school
health related programs and parental factors). The empirical approaches we
pursue below are cognizant of these endogeneity issues.

Matched DID Estimation

Because FFVP participation started after the initial period for which we
have data, we can compare measures before and after the implementation
of FFVP, which provides us with a quasi-experimental setting. To alleviate
concerns regarding the comparability of the treatment and control groups
and to limit model dependence (Campbell et al. 2011; Islam 2011), we use
matching techniques prior to running our DID panel models. Heckman,
Ichimura, and Todd (1997) concluded that matching helps control for het-
erogeneity in initial conditions and also controls for unobserved determi-
nants of participation. In the same spirit as in Angelucci and Attanasio
(2013), our panel (i.e., fixed effects and random effects) DID estimation
deals with time-invariant unobserved factors, while the matching reba-
lances the sample to deal with time-varying unobserved factors.

Our panel data include student level observations for two years. Since
FFVP in Arkansas started during the 2008–2009 school year and because
BMI measurements were taken every other year, we use the 2007–2008
school year as the period before implementation and the 2009–2010 school
year as the period after implementation. The treatment we examine is, there-
fore, attendance at a school that participated in the FFVP program in both
2008–2009 and 2009–2010 school years. The total number of treatment
schools is 14.6 In our balanced panel, treatment students were observed in
kindergarten, second, and fourth grades in the 2007–2008 school year and
then again in the 2009–2010 school year when they were in the second,
fourth, and sixth grades. Control students include those who were in the
same grades as the treated students but that were not observed in an FFVP
school. Table 2 presents these cohorts in detail.7

We use propensity score matching (PSM) (Rosenbaum and Rubin 1983
and 1985) and coarsened exact matching (CEM) (Blackwell et al. 2009; Iacus,
King, and Porro 2011; Iacus, King, and Porro 2012) to match the treated

6The number of schools participated in 2008–2009 school year is 28 and in 2009–2010 school year is 47.
Our requirement is that the student be observed in a school that participated in both the 2008–2009 and
2009–2010 school years. There were 14 schools that participated in both years.
7BMI collection in our dataset started in 2004, but we started our DID analysis in 2007–2008 because
this was school year prior to FFVP adoption among Arkansas schools. The state switched BMI measure-
ments in even grades in 2007–2008 so it would have been possible to observe earlier BMI z-scores for all
but the 2007–2008 kindergartners. However, table 2 shows that this group constitutes a disproportion-
ately large share of the treatment students and excluding them would result in a meaningful reduction in
sample size.
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students to the control students. The goal is to find a group of control indivi-
duals that are similar to the treated individuals in all pretreated characteristics.
In the PSM approach we first we run a standard logit model where the depend-
ent variable is the students’ attendance at an FFVP school and the independent
variables are a set of pretreatment characteristic variables. We then match
treatment to control students based on propensity scores using Mahalanobis
matching with and without calipers (Rosenbaum and Rubin 1985).8

The motivation for the CEM approach is that while exact matching
always provides perfect balance, it typically produces few matches due to
the curse-of-dimensionality. The idea of CEM is to temporarily coarsen each
variable and then exact match on these coarsened data. Afterward, the
original (uncoarsened) values of the matched data are retained.

After matching control observations to treated observations using differ-
ent matching methods, we evaluated the matches by testing the degree of im-
balance in the covariates between the resulting treatment and control groups.
To do this we use the global imbalance measure introduced by Iacus, King,
and Porro (2011). This measure is bounded between 0 and 1. A value of 1
indicates that the multivariate empirical distributions from the matched
samples of treatments and controls are completely separated, a very poor
match. Thus, if we want to choose the best matching methodology, we need
the Iacus, Porro, and King (2011) imbalance measure to be as low as it can be.

After matching, we run a DID regression on these new matched samples.
The DID equation is:

Yit = ai + b1D1i + b2FFVPi + b3DIDi + dX′
it + eit

where Yit denotes the outcome variables (i.e., BMI z-score and BMI percent-
ile) for individual i at period t; ai is an individual effect; D1i takes the value
of 1 in 2009–2010 school year and a value of 0 otherwise; FFVPit is a value

Table 2 Cohort Description and Frequency of Treatment and Control Pools by
Cohort

Year 2007–2008 2009–2010
Pretreatment
Observation

Treatment Period
Observation

Cohort
Cohort A Kindergarten Grade 2 NT ¼ 501

NC ¼ 15,210
Cohort B Grade 2 Grade 4 NT ¼ 412

NC ¼ 16,101
Cohort C Grade 4 Grade 6 NT ¼ 203

NC ¼ 16,210

Notes: Individuals are observed twice. Once in period 1 and again in 2. BMI measurements take place in
even grades and so individuals are not observed in the 2008–2009 school year, the year in which FFVP
was implemented among the sample schools. However, we do know the FFVP participation status of
schools in the 2008–2009 school year. NT is the number of individuals in the treatment group and NC is
the number of individuals in control group before use of any matching methods.

8We vary the strictness of these matching criteria. We examine calipers of 0.1, 0.075, and 0.05. The use of
a caliper provides stricter matches because observations are matched only if their absolute distance in
propensity scores is smaller than the caliper.
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of 1 if the individual is in the treated group and a value of 0 otherwise; DIDi

is the DID interaction term (D1i
* FFVPi);Xit

′
is a vector of control variables

and e it is the error term.9 To test the robustness of the results, we run the DID
regression using both fixed effects and random effects panel estimation.

Synthetic Control Method to Estimate FFVP Effects

In addition to the individual level analysis, we also employ a synthetic
control approach (Abadie and Gardeazabal 2003; Abadie, Diamond, and
Hainmueller 2010, 2015) to measure the FFVP intervention effect at the school
level. This approach allows us to compare the BMI outcomes for each FFVP
school during the post-intervention period with that of a weighted combin-
ation of other non-FFVP schools chosen to resemble the characteristics of the
treated school in the pre-intervention period. In our case, the pre-intervention
period comprises the 2003–2004 through 2007–2008 school years, while the
post-intervention period is the 2008–2009 and 2009–2010 school years.10

The intuition behind the synthetic control approach is to find “synthetic
control school” for each FFVP participating school through the use of a
“donor pool” composed of non-FFVP participating schools. In our case, we
have 14 treated schools and for each treated school, the “donor pool”
includes the untreated schools from the same school district or neighboring
school districts. For each treated school (i.e., FFVP participating school), we
then estimated a weighted average of the untreated schools and considered
this as a “synthetic” school. The weights, which sum to one, are chosen so
that the synthetic school resembles most closely the actual treated school
based on the characteristics during the pre-intervention period (Abadie and
Gardeazabal 2003). In our case, these characteristics include free and
reduced lunch participation rates in the 2007–2008 and 2008–2009 school
years, the proportion of African Americans, the proportion of Hispanics,
the proportion of Spanish speakers and the average age of the students in
the school. After generating the optimal weights, W*, we use them to calcu-
late the counterfactual outcome as the outcome of the synthetic school, Y*1 ¼
Y0W* where Y0 is a matrix which contains the values of the outcome vari-
ables for the control schools in the donor pool. The optimal weight vector,
W*, is computed using the “Synth” package within Stata 13 contributed by
Hainmueller, Abadie, and Diamond (2014). We are then able to compare Y1,
the real outcome with Y*1. In our case, both Y1 and Y*1 are outcome measures
from the 2009–2010 school year and include the school average BMI z-score,
the obesity rate, and the overweight rate. After comparing the BMI out-
comes for each of the 14 treated schools and their synthetic controls, we
then use the t-test to determine if the average treatment effect, that is, the
difference between Y1 and Y*1 is statistically significant.

Results and Discussions

Before discussing the DID estimates, it is useful to examine the treatment
and control samples resulting from the different matching methods. These
are reported in table 3. Again, the imbalance measure reported in table 3 is

9The list of control variables is on table 1.
10We use the full period over which BMI measurements are available because the synthetic control ap-
proach compares school-level aggregates, which can be observed for a longer period of time than the indi-
vidual elementary schoolchildren included in the DID analysis.
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Table 3 Imbalance Tests and Characteristics of Control and Treatment Groups Resulting from Different Matching Methods

Characteristic

Mahalanobis Matching
without Caliper

Mahalanobis Matching
with Caliper 0.1

Mahalanobis Matching
with Caliper 0.075

Mahalanobis Matching
with Caliper 0.05

Coarsened Exact
Matching

Imbalance Test
(smaller is better)

0.913 0.619 0.602 0.531 0.529

Variable
Control
Group

Treatment
Group

Control
Group

Treatment
Group

Control
Group

Treatment
Group

Control
Group

Treatment
Group

Control
Group

Treatment
Group

Number of
Observations

N ¼ 840 N ¼ 1,116 N ¼ 200 N ¼ 266 N ¼ 192 N ¼ 254 N ¼ 176 N ¼ 229 N ¼ 173 N ¼ 162

Age 102.3** 100.9 104.5 103.9 104.4 104.1 104.6 104.2 102.1 103.5
Black 0.141 0.148 0.038 0.034 0.041 0.035 0.038 0.030 0.041 0.038
Hispanic 0.094* 0.120 0.026 0.017 0.027 0.017 0.030 0.019 0.029 0.022
Male 0.532 0.541 0.553 0.571 0.553 0.566 0.527 0.537 0.544 0.541
Free 0.494 0.510 0.366 0.332 0.360 0.328 0.350 0.316 0.323 0.324
Reduced 0.122 0.108 0.072 0.069 0.066 0.062 0.066 0.058 0.060 0.057
Urban 0.555 0.572 0.436 0.389 0.431* 0.377 0.433** 0.362 0.414 0.387
Low access 0.229** 0.200 0.211* 0.171 0.205 0.165 0.205 0.168. 0.219 0.197
Single mother_prp 0.257 0.257 0.199 0.189 0.197 0.184 0.178 0.186 0.197 0.180
High school_prp 0.368 0.366 0.370 0.363 0.370 0.364 0.376 0.368 0.377 0.369
Some college_prp 0.273*** 0.267 0.270 0.269 0.269 0.268 0.268 0.267 0.273 0.267
College plus_prp 0.171 0.166 0.185 0.199 0.187 0.200 0.183 0.197 0.177* 0.194
Income below

poverty
0.189*** 0.212 0.167 0.164 0.167 0.162 0.166 0.162 0.165 0.164

Working
mother_prp

0.245 0.251 0.199 0.187 0.198 0.185 0.189 0.179 0.196 0.180

No vehicle_prp 0.058 0.060 0.055 0.054. 0.056 0.054 0.055 0.054 0.049 0.052

Notes: *, **, *** denote there exists significant differences between control and treatment group for mean values of variables by t-test at the 10%, 5%, and 1% levels, respectively.
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one indicator of the quality of the match. The lower the value of the imbal-
ance measure, the more similarity there is between the matched treatment
and the control groups. As shown in table 3, less strict algorithms that are
based on the Mahalonobis matching without calipers provide relatively
poor matches. The imbalance measure is in excess of 0.9. However, all 1,116
initial treatment observations are retained. This sample provides a baseline
reference against which to compare the samples from other matching
strategies.

A stricter match can be obtained by using the Mahalanobis matching
algorithm with a caliper. When the caliper is set at 0.1, the imbalance
measure drops to 0.619 and shows an improved match, but this entails a
loss of treatment observations. The number of observations in the matched
control and treatment samples fall to 200 and 266, respectively. Table 3
shows that further reductions in caliper improve the balance between the
treatment and control samples but with additional reductions in the
numbers of treatments. Finally, CEM provided the best (lowest) imbalance
measure among the methods considered but retains only 173 and 162 obser-
vations in the control and treatment groups, respectively. Consistent with
the lower measures of imbalance, table 3 shows that there are fewer statistic-
al differences in the means of control variables between the control and
treatment groups when stricter matching algorithms are used.

While the use of stricter matching routines significantly decreased the
number of observations in both the control and treatment groups, the result-
ing matches still include students widely distributed across different
schools. In the sample after CEM, the individuals in the treatment group
come from 13 schools (out of a total of 14 FFVP participating schools) while
the individuals in control group come from 79 schools. Similar diversity
among schools is found in the matched groups based on the Mahalanobis
distance constrained by calipers.

The estimates of our panel DID coefficients are exhibited in table 4.
Bertrand, Duflo, and Mullainathan (2004) showed that conventional stand-
ard errors often severely understate the standard deviation of the estimators
in a DID framework. For this reason we use robust standard errors, clus-
tered at the school level (Cameron, Gelbach, and Miller 2011). The DID esti-
mates, using matched samples from relatively weaker matching algorithms
(i.e., Mahalonobis matching without calipers), are positive but not statistic-
ally significant in both the fixed effects and random effects DID models. As
previously mentioned, FFVP targets children that are already at greater risk
for excess body weight and hence, selection bias is possible in these weakly
matched samples.

In contrast, the DID estimates based on matches using the Mahalanobis
distance with the calipers or using CEM are different. In each case, the
DID coefficient is negative as would be expected if FFVP participation
reduces weight gain. While the estimates from samples matched on the
Mahalanobis distance are not significantly different from zero, they increase
in absolute value as stricter calipers are used to improve the match. In the
CEM matched sample, the FFVP effect on BMI z-score is 20.168 in the fixed
effects model and 20.159 in the random effects model; both are statistically
significant at the 0.05 level.

We also ran our DID models using BMI percentiles as the outcome
measure, in addition to the BMI z-score (also in table 5). Results are similar
to those discussed above. Again, we obtain a negative estimate once stricter
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matching criteria are employed, and in the CEM matched sample the DID
coefficient is again negative and significant at the 0.05 level in both the fixed
effects and random effects models. As before, the magnitude of the FFVP
effect is robust across the fixed effects and random effects models (i.e.,
20.042 for fixed effects and 20.041 for random effects), which suggests that
those who participate in the FFVP program have meaningfully lower BMI
percentiles than those who do not participate.

Our control observations were drawn from the population of schoolchil-
dren in the same grades and in the same school years as the treated students
but without regard to school characteristics. Thus we feel it is important

Table 4 DID Estimates of the FFVP Effect under Different Matching Methods

Matching Method

DID Coefficient
(Fixed Effects)

DID Coefficient
(Random Effects)

BMI z-score
BMI
percentile BMI z-score

BMI
percentile

Mahalanobis matching
without caliper

0.117
(0.091)

0.025
(0.021)

0.123
(0.102)

0.027
(0.024)

Mahalanobis matching
with caliper 0.1

20.064
(0.054)

20.021
(0.014)

20.060
(0.060)

20.019
(0.016)

Mahalanobis matching
with caliper 0.075

20.075
(0.057)

20.023
(0.015)

20.071
(0.063)

20.022
(0.017)

Mahalanobis matching
with caliper 0.05

20.094
(0.063)

20.029
(0.018)

20.089
(0.067)

20.027
(0.019)

Coarsened exact matching 20.168**
(0.071)

20.042**
(0.020)

20.159**
(0.077)

20.041**
(0.021)

Notes: **denotes significance at the 5% level. Standard errors appear in parentheses.

Table 5 Comparison of FFVP Participating Schools (N ¼ 14) to Synthetic Controls
(N ¼ 14)

Model Mean Difference P-Value

School-level
Obesity Rate

Treated 0.197
(0.014)

20.03**
(0.016)

0.046

Synthetic Control 0.227
(0.017)

School-level
Overweight
Rate

Treated 0.361
(0.019)

20.018
(0.016)

0.149

Synthetic Control 0.379
(0.016)

Average
School-level
BMI z-score

Treated 0.606
(0.082)

20.085
(0.068)

0.116

Synthetic Control 0.692
(0.050)

Notes: **denotes significance at the 5% level for a t-test of the null hypothesis that participating schools
are the same as the synthetic control schools. N denotes the number of schools. Standard errors appear in
parentheses.
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to test whether findings are sensitive to the exclusion of higher income
schools. FFVP eligible schools are those with free and reduced lunch partici-
pation rates higher than 50%. Consequently, we reestimated the models
using only students in FFVP-qualified schools (i.e., elementary schools with
free and reduced lunch participation rates higher than 50 percent). Results
(not reported) are similar to those discussed above. The estimates are posi-
tive and not significant for less strictly matched samples but become nega-
tive in samples based on stricter matching criteria. Again, the FFVP effect
on BMI z-score from the CEM matched sample is negative and significant
at the 0.05 level in the fixed effects model (20.153, P-value ¼ .028) and at
the 0.10 level in the random effects model (20.145, P-value ¼ .062).

One concern with the DID findings just presented is that many treatment
students were discarded in the process of obtaining strictly matched
samples. The synthetic control approach, our second approach to estimating
the FFVP effect, has an advantage in that it makes use of all the information
in the sample of treatments. Instead of matching at the individual level, the
logic of the approach is to compare participating schools to synthetic
comparison schools constructed from those that do not participate in FFVP.

The results of the synthetic control analysis are exhibited in table 5. Again
results show that FFVP participation reduces both average body weight and
rates of obesity. FFVP participating schools have a lower obesity rate (23.0%),
lower overweight rate (21.8%), and lower average BMI z-score (20.085 stand-
ard deviations) than do the synthetic nonparticipating schools. Moreover,
the difference in the school-level obesity rate is significant at the 5% level. The
effect on BMI z-score from the synthetic control analysis is also very close to
the point estimates from the DID analysis on samples matched using the
Mahalanobis distance with calipers.

Conclusion

While a number of studies have examined the effect of FFVP on fruit and
vegetable consumption among children, no other study has examined the
FFVP’s effect on childhood obesity. To fill this void, we use a unique panel
dataset based on BMI screenings of schoolchildren in Arkansas. Arkansas is
an interesting case to study since it has one of the highest childhood obesity
rates in the United States. It is also the first state to mandate measurement of
weight and height of school children. This gives us an opportunity to use
measured BMI from a panel of school children to examine an important
school program, the FFVP.

Our results show that in strictly matched samples, the FFVP effect is nega-
tive and is consistent with prevention of excess weight gain. Specifically,
our panel DID results using matched samples suggest that FFVP participa-
tion can reduce BMI z-score by as much as 0.168 standard deviations (BMI
percentile by 4.2 percentile points). The additional, school-level analysis we
conducted using the synthetic control approach confirms these findings.
These results also suggest that FFVP participation can lower obesity rates,
overweight rates and average BMI z-score. Given these findings and those
of other past studies suggesting generally positive effects of FFVP participa-
tion on students’ fruit and vegetable consumption, there is evidence that the
FFVP is a promising way to not only improve children’s diets but to also
reduce childhood obesity among elementary schoolchildren.

Effect of Fresh Fruit and Vegetable Program on Childhood Obesity

13

 at T
he U

niversity of A
lberta on A

ugust 27, 2015
http://aepp.oxfordjournals.org/

D
ow

nloaded from
 

http://aepp.oxfordjournals.org/


While a formal analysis of the benefits and costs is beyond the scope of
this paper, we suggest that the reductions in BMI and school level obesity
rates that can be attributed to FFVP participation are large enough to be eco-
nomically meaningful, especially considering that the cost for each student
in participating schools has been estimated to be only $50–$75 per year.
Among the low-income FFVP schools we examine, the school-level obesity
rate is around 20 percent. Thus the negative 3 percentage point difference
attributable to FFVP translates into a 15 percent reduction in overall obesity
rates for these schools, a meaningful dent in the problem by any measure.
Ma and Frick (2011) estimate a per-child break-even threshold of $280–$339
for an intervention that reduces childhood obesity by 1%. By this measure,
our results suggest that the FFVP is a very cost-effective obesity prevention
tool. Moreover, prevention of childhood obesity is in addition to other nutri-
tional benefits that come from increased fruit and vegetable consumption.

Our results also suggest that relatively small improvements in the diets of
at-risk children can translate into meaningful health improvements. This
suggests that lower-income schools may benefit from other measures that
have been shown to increase fruit and vegetable consumption. For example,
school nutrition staff may be able to increase consumption of fruits and
vegetables by making them a default option on the lunch tray (Just and
Price 2013) or by making them more convenient in the lunch line (Hanks,
Just, and Wansink 2013). Given our findings on the magnitude of the FFVP
effect, such straightforward changes that may increase the likelihood of
fruit and vegetable consumption should be a high priority.

To our knowledge, this study represents a first attempt at examining the
childhood obesity effects of the FFVP program in a state with relatively high
obesity rates. Hence, it would also be important to examine whether our
findings will hold true in other states that have implemented the FFVP
program in school.
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