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Leveling Up to Literacy: Measuring the Impact of FTC’s Online Advertising Literacy Game
“Admongo”

David Givens, Economist, Division of Consumer Protection, Bureau of Economics, FTC
Abstract

This paper assesses the impact of an educational program designed by the Federal Trade
Commission to teach advertising literacy to children ages 8-12. In a randomized experiment,
children who played the program’s instructional game scored significantly higher on an ad
literacy test than students who did not play the game - approximately 9 percentage points higher
on a 25-question test. The treatment group’s advantage was evident on every question of the
exam and remained virtually unchanged after controlling for demographic imbalances across
groups. Features of the sample and the exam constrain the generalizability of results, however. In
addition, a higher rate of attrition among those assigned to the treatment group introduces the
possibility of unmeasured differences confounding our treatment-effect estimate. We discuss the
implications of each challenge and offer a more-conservative estimate of Admongo’s impact
using an intent-to-treat approach. Despite these limitations, our study is one of only a small
number to quantify the impact of an ad-literacy intervention using a randomized experiment.

l. Introduction

Children in the United States account for substantial purchasing power. Estimates vary, but
studies by market research firms suggest that children aged 8-12 (“tweens”) account for tens of
billions of dollars in consumer spending annually, and that additional spending by parents and
family members on this population ranges in the hundreds of billions of dollars per year (Mesa,
2005; Fromm, 2018; Chester, 2012). Approximately one-third of parents report that their children
influence decisions about purchases for the household (National Retail Federation, 2019).

U.S. children also encounter a significant volume of advertising that has the potential to
influence their preferences and purchase decisions. A 2007 report by the U.S. Federal Trade
Commission’s (FTC’s) Bureau of Economics estimated that, each year, the average American
child between the ages of two and 11 saw 25,600 television commercials (FTC, 2007). About
53% of tweens and 29% of teens reported that they try to buy products they have seen on TV or
in the movies (Harris Interactive, 2006).

A policy issue arises because research shows that children are less capable than adults of
understanding that the persuasive intent behind advertising influences the way products are
represented (Livingstone and Helsper, 2006; Hobbs, 2004; Oates et al. 2003; Lapierre et al.
2017). Children may process advertisements without appreciating that the characterization of the
product or service is entirely from the seller’s point of view, which may differ from their own
(Kunkel et al., 2004; Martin, 1997). Furthermore, due to the increasing presence of marketing
embedded within movies, websites, television shows, video games and mobile apps, children
may have increasing trouble differentiating ads from content (Kunkel et al., 2004; An et al.
2014).
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An ability to identify ads, an awareness of their intent, and a familiarity with their persuasive
techniques is referred to broadly as “advertising literacy” or “ad literacy.” In this paper, we
examine an intervention called Admongo, launched in 2010 by the FTC to increase children’s
advertising literacy. Drawing on the results of a randomized trial of Admongo carried out in
2016, we estimate the intervention’s impact and explore variation in ad literacy across
demographic groups. This paper, to our knowledge, is one of only a handful to estimate
quantitatively the effect of an ad literacy intervention using a randomized experiment.

The intervention evaluated in this paper is an educational game played online. The game was one
component of a larger outreach program, which also included lesson plans, training videos and
worksheets. An advertising literacy campaign like Admongo was a first for the FTC, but it was
not the Commission’s first effort to mitigate the perceived harmful effects of marketing on
children. For instance, in 1978, the FTC tried, unsuccessfully, to restrict television advertising to
children (the so-called “KidVid” rules). That effort was motivated, in part, by concern that young
children could not perceive the selling intent behind ads they encountered. The Commission has
led child-related enforcement actions targeting deceptive toy advertisements, unauthorized
charges in mobile apps, and privacy violations in online advertising (Beales, 2004).* The FTC
has authored rules aimed at shielding children from what it deemed unfair intrusions by
marketers.? Finally, FTC staff have carried out industry studies analyzing the marketing of
products with potentially serious health effects for children.® In summary, over recent decades,
the FTC has employed all of its consumer protection tools - enforcement, rulemaking, education
and advocacy - in efforts to mitigate perceived harm to children from certain forms of
marketing. Admongo, while a first in one sense, was also a continuation of an existing policy
agenda.

Regulatory and financial barriers to running a randomized classroom study of the entire
curriculum led us to narrow our evaluation to just the game, which could be studied more simply
and cheaply, using an online panel of subjects. The game is a stand-alone teaching tool in which
players advance to higher levels by correctly answering questions on advertising topics
introduced via text, images and audio. In the evaluation of the game, a sample of 8-12 year-old
children played to a required endpoint and then took an ad literacy test. A control sample of
otherwise similar children took the same test but without exposure to the game. A market
research firm recruited the sample, managed randomization and collected the results.

To preview results, we find that children who played the game, on average, scored
approximately nine percentage points higher on a 25-question ad literacy test, compared to
control students who did not play the game. Treatment students showed improved odds of
answering correctly on every question of the test. The estimated differential varies only slightly
if we control for demographic differences across groups. Under the assumption that the

1 For deceptive toy advertising, see, e.g.: Hasbro, Inc., (1993) or Mattel, Inc. (1971). For unauthorized charges, see,
e.g. Apple, Inc. (2014) or Google, Inc. (2014). For online privacy violations (COPPA violations) see Google/YouTube
(2019).

2 For example, the 900 Number Rule (1992) and Children’s Online Privacy Protection (“COPPA”) Rule (1999).

3 Industry studies include alcohol (1999, 2003, 2008, 2014); food and beverages (2008, 2012); and, violent movies,
music and video games (2000 — 2009; seven studies). These industry studies documented existing practices and
recommended improvements to self-regulatory efforts.
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observable controls capture all outcome-relevant differences between control and treatment
groups, these estimates represent an average treatment effect (ATE) for the population sampled.

These results have two important limitations, however. First, while the experimental setup allows
for a precise treatment-effect estimate in the given context, it does not allow for generalizing to
the broader population of U.S. 8-12 year olds or for predicting long-term changes in knowledge,
attitudes or behavior. A lengthier intervention using a sample drawn from the general public and
followed up with a prolonged evaluation would be required. Second, high attrition among
participants assigned to the treatment group could mean that unobservable differences are
confounding these treatment-effect estimates. To address this possibility, we present a quasi-
intent-to-treat (ITT) estimator that assumes “treatment-quitters” would have derived zero benefit
had they played the game as directed.

The paper proceeds as follows. In Section 1, we offer background on children’s advertising
literacy by examining conceptualizations offered by the marketing and psychology literatures in
recent decades. In Section 11, we present the experiment design, including a brief description of
the Admongo game itself. In Section IV, we present analysis of the study results. Finally, in
Section V, we offer further discussion along with our concluding thoughts.

1. Children’s Advertising Literacy — Concepts from the Literature

A broad marketing and psychology literature on childhood ad literacy has yielded a few
consistent themes but also many findings that vary with the way ad literacy is defined and
measured. Indeed, defining ad literacy has been an issue that has dogged the literature for
decades. In this paper, we do not advocate for one definition over another. We offer the
following brief literature review simply to provide foundational concepts of advertising literacy
so that the content of FTC’s program can be understood better.

At a minimum, the concept of ad literacy includes the ability to identify a commercial message —
for example, the ability to distinguish ads from programming, while watching television. On this
score, Levin et al. (1982), for example, find that preschoolers as young as three years old reliably
distinguish television ads from programming.

Most research equates ad literacy with something deeper than mere recognition of
advertisements — i.e., some level of understanding of the advertiser’s intentions. Donohue et al.
(1980) found that children as young as three to six years old understood that an animated
television ad was urging them to buy cereal. Martin (1997) and Andronikidis and Lambrianidou
(2010) looked separately at children’s understanding of the informative versus the persuasive
intents of advertisers. Andronikidis and Lambrianidou found that children could perceive
advertising’s informative role at an earlier age than they could understand its persuasive intent.
Martin highlighted the same qualitative result across multiple studies in her meta-analysis. In a
related vein, Pine and Veasey (2003) examine children’s understanding of the rhetorical and
tactical role of promotional messages more broadly. They find that children as young as four
years old understand the appropriateness of promotional messages, in both advertising and non-
advertising contexts. Their study is interesting for its evidence on young children’s awareness of
the connection between intentionally biasing a message and achieving a desired effect.
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Still other work distinguishes between literacy in the sense of conceptual knowledge and literacy
in the sense of a critical attitude. Opree and Rozendaal (2015) find that it is children’s
“attitudinal” advertising literacy (their feelings, opinions, critical posture), not their “conceptual”
ad literacy (their understanding of persuasive intent, etc) which is correlated with children’s
ability to resist advertising appeals.

Opree and Rozendaal (2015) highlight another focus of research, which is the extent to which
one’s knowledge about advertising mediates one’s responses to advertising. Because research
into children and advertising stems largely from a concern that children lack the defenses
necessary to resist advertisers’ appeals, the role of literacy as a “defense mechanism” is a central
concern. In their study of children’s responses to advergames, Reijmersdal et al. (2012) find that
“...persuasion knowledge (i.e. knowledge of the commercial source of the game and its
persuasive intent) did not influence cognitive or affective responses to the brand or game.” In
other words, just teaching children about persuasive intent did not make them less susceptible to
advertisers’ appeals.

Rozendaal et al. (2016) suggest that putting children on guard against being manipulated by ads
could be more effective; they found that forewarning children of an upcoming ad’s
“manipulative” intent reduced “product desire” following the ad, but that forewarning them only
of the ad’s “commercial” intent did not. The authors surmise that the difference has to do with
children’s emotional response to the anticipation of being manipulated. In related work,
Rozendaal et al. (2011) propose a three-part ad literacy framework of concepts, attitudes and
performance, arguing that merely equipping children with concepts doesn’t make them capable
of “...using that knowledge as a defense”.

Another persistent question in the literature is the age at which advertising literacy awakens in
children. Different studies have found different age gradients, again depending on how literacy is
defined and measured. One regularity is that the correlation between age and advertising literacy
tends to be stronger in studies using verbal measures because very young children have more
trouble expressing themselves verbally. In other words, studies that utilize verbal measures may
understate advertising literacy in very young children. Pine and Veasey (2003), Donohoe et al.
(1980) and Martin’s (1997) meta-analysis all report variants of this result.

While some advertising literacy research has focused on building children’s resistance to
marketing messages, the Admongo campaign did not have this aim. Rather, it sought to teach
interpretive skills to a population (children) who were being targeted in new ways and who
possessed the least experience in thinking critically about advertising. Abundant economic
research has demonstrated that truthful advertising can perform helpful roles for consumers.* The

4 Stigler’s (1961) seminal article on the economics of information highlights the direct informational benefit of
advertising in lowering search costs by making consumers aware of the existence of sellers and the prices they
charge. Nelsen (1974) highlights the ability of advertising - even ads lacking specific information on price or
quality - to signal quality to consumers. Ippolito and Mathios (1989, 1990, 1995) present empirical evidence for
advertising’s ability to disseminate novel health information and move consumers towards healthier diets. Finally,
empirical work by Benham (1972), and Milyo and Waldfogal (1999), and theoretical results in Bagwell and Lee
(2010) demonstrate that advertising, despite representing an added expense to firms, can lead to lower prices and
higher consumer surplus than regimes where advertising is restricted. Finally, by being positioned adjacent to

4
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objective of Admongo was to help children understand advertising’s techniques and objectives,
and extract from ads the information that would enable them to make smarter purchasing
decisions.

I11.  Study Design

In the spring and summer of 2016, the FTC conducted a study of the Admongo game’s
effectiveness in boosting ad literacy among children 8-12. We begin our discussion of that study
with a brief description of the game itself.

A. The Admongo Game

The Admongo educational game was designed for use by elementary and middle school students
and introduced players to topics such as points of view, ad targeting, persuasive techniques, and
implicit and explicit claims.5
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Figure 1. The Admongo game begins by having players create an avatar.

The game’s substantive content begins by having players identify ads and articulate what ads are
trying to get audiences to do. As the game progresses, players are asked to decode and
deconstruct ads in order to see how they are made appealing for different target markets. A
recurring message in the game is Admongo’s three-question heuristic for evaluating ads: 1)
“Who is responsible for the ad?” 2) “What is the ad actually saying?” and 3) “What does the ad
want me to do?”

popular content, advertising can reach more consumers than government outreach or the scientific press, making ads
a powerful channel for new health information (Ippolito and Mathios; 1989, 1990, 1995; Calfee and Pappalardo,
1991).

5 The FTC took the Admongo game off the Internet in June 2019. The game had been built on Adobe Flash,
software that is being phased out in 2020. The game's content and lesson plans can still be found at:
www.consumer.ftc.gov/admongo.
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At the end of the game, players are asked to create their own advertisement for a particular target
audience, drawing on what they have learned in the game. Thus, a central part of the educational
strategy in the game seems to have been to show children the perspective of an advertiser,
walking them through the process of targeting and producing an ad, so that children thereby will
come to understand better the origin and meaning of advertisements that they themselves
encounter.
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Figure 2. Early levels of the Admongo game glight the presence of advertisements in kids’
surroundings, such as on the sides of municipal buses.
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Figure 3. The game hlghllghts ways in which advertisements can sometimes be difficult to
distinguish from content.

The game, launched in 2010, could be played through a web browser on a Mac or Windows-
based computer but not on a mobile device.
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Note that study participants who played the game did not necessarily complete the game or
encounter all of its educational content. To mitigate attrition, the FTC asked only that
participants complete level 2.1, though players could continue further if desired.

B. Sampling

To carry out the evaluation, the FTC contracted with a market research firm to recruit an online
sample of 8-12 year-old children. Recruits were randomized to control or treatment status and
led through their respective regimens: game-play + test completion for the treatment group; test
completion (only) for the control group. For each participant, overall performance on the test
(i.e., overall % correct) as well as performance on each question were recorded. Basic
demographic information on each participant and her household also were captured.

i. Overview

Study participants were recruited from the contractor’s pre-existing panel of participating
households, which had previously responded to solicitations to participate in marketing studies in
return for compensation. The target number of participants for this evaluation was 800 children,
evenly divided between control and treatment. Ultimately, a sample of n=791 (401 control and
390 treatment) followed protocol and completed the ad literacy test.

The target sample size of 800 was chosen as a trade-off between cost and statistical power.
Before settling on a sample size, a power analysis was conducted to determine the minimum
detectable effect (MDE) of the experimental design, i.e. — the smallest difference in mean test
score across control and treatment groups for which there is at least an 80% probability of
rejecting the null hypothesis of no effect at the 5% significance level. For a comparison of the
entire treatment group and entire control group, with n=400 in each group, a conservative
estimate of the MDE is 4 points out of 100, or approximately one question on the FTC’s 25-
question ad literacy test.® For a comparison of control and treatment means by sex or by age
category (n=200 in each age-treatment or sex-treatment status group), a conservative estimate of
the MDE is 5.6 points, or approximately 1.5 questions.” Finally, for a comparison of control and
treatment means by age-sex category (n=100 in each age-sex-treatment status group), a
conservative estimate of the MDE is 8 points, or approximately two questions on a 25-question
test.

Parents or caregivers who agreed to participate were directed first to fill out a demographic
questionnaire (a “screener”). If the household met eligibility requirements (at least one child 8-
12, a computer with internet access, etc.), the household was randomized to either the control or
treatment arm of the experiment. Sampling was stratified to approximate the U.S. 8-12 year-old
population along the dimensions of sex, age, household income, race/ethnicity and Census
region.

6 The estimate is based on the assumption of a control group population with a mean score of 70% correct and a
standard deviation of 20 percentage points.
" Subjects were divided into two age categories: 8-10 years, and 11-12 years.

7
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il. Representativeness

The n=791 sample that completed protocol (what we’ll call the “completer” sample) is unlikely
to constitute a nationally representative sample of Admongo’s target population for three
reasons. First, the sample was drawn from a panel of paid research subjects instead of the public
at large. Second, panel households could refuse to participate in any given study, including this
one. And, third, participants could abandon a study at any point prior to completion.

These factors suggest that the distribution of unobserved, outcome-relevant characteristics
among sample members may differ from those distributions among the broader 8-12 year-old
U.S. population. For example, subjects’ previous experience in market research studies may
heighten their baseline awareness of advertising and thereby bias downward our estimate of the
treatment effect of playing Admongo. Because the overall representativeness of our sample is
ultimately unknowable, we do not generalize effect-size estimates derived in this paper to the
broader audience of all 8-12 year-old Americans.

Table 1, below, compares the distribution of select variables in our Admongo completer sample
with the corresponding distributions in the wider U.S. population.
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Admongo Sample vs. U.S. Population

Comparison Population Data from U.S. Census
(1) (2 (3) (4) (5)
Admongo
sample U.S. households u.S.
(completers, | U.S.8-12yr. with one or more U.S. adults, 25 householders, 25
n=791) old population* children? yrs and older®  yrs and older?
Child's Race/Ethnicity
American Indian/AK Native 0.6% 1.6%
Asian 4.4% 5.2%
Black 12.8% 14.9%
Native HI/Pacific IsIndr. 0.4% 0.3%
White 76.0% 72.8%
Cther 4.4% 5.2%
Annual Household Income
<$40K 24.2% 28.3%
$40K-$50K 10.9% 7.5%
$50K-$75K 23.0% 15.7%
$75K-$100K 16.3% 15.7%
>$100K 25.7% 32.9%
Parent/Caregiver's Educational
Attainment
<High school grad. 0.4% 13.3% 9.4%
High school grad. (incl. GED) 10.9% 27.8% 26.4%
Some college, no degree 23.8% 21.1% 17.2%
2-yr. degree 13.0% 8.1% 11.0%
4-yr. degree 31.1% 18.5% 21.9%
Master's deg. or higher 20.9% 11.2% 21.9%
Sources:

1U.S. Census Bureau, Annual Estimates of the Resident Population by Sex, Single Year of Age, Race, and Hispanic Origin for the United States, 2016
population estimates. See <https://factfinder.census.gov/faces/tablesenices/jsf/pages/productview.xhtml?src=bkmk>

2U.S. Census Bureau, Current Population Survey, 2017 Annual Social and Economic Supplement, Table FINC-01. Selected Characteristics of Families
by Total Money Income in: 2016. See <https://www.census.gov/data/tables/time-series/demo/income-poverty/cps-finc/finc-01.html>.

3U.S. Census Bureau, 2012-2016 American Community Suney 5-year estimates, Educational Attainment. See
<https://factfinder.census.gov/faces/tablesenices/jsf/pages/productview.xhtml?src=bkmk>

Table 1. Admongo sample vs. U.S. population, select variables.

The Admongo sample’s race and ethnicity profile matches the U.S. 8-12 year-old profile fairly
closely. This is not surprising, given the stratification of the sampling design. With respect to
household income, the Admongo sample has relatively fewer households at either income
extreme, compared to the national distribution of households with one or more children.

Adults in Admongo households tend to be more highly educated than typical U.S. adults,
although there is some uncertainty over the ideal comparison population. Column 4 presents
educational attainment for all U.S. adults age 25 and older, while column 5 presents the same
concept for all U.S. householders age 25 and older. Since an Admongo parent/caregiver resides
in a household with children but is not necessarily a householder (i.e., the person in whose name
the residence is owned or rented), we cannot be certain which figures represent the appropriate
comparison group. We show educational attainment data from both populations to bracket the
potential scenarios. Under either comparison, the responsible adults in Admongo-household
appear to be more likely to have finished high school and to have attained a four-year college
degree than the comparable U.S. population.


https://factfinder.census.gov/faces/tableservices/jsf/pages/productview.xhtml?src=bkmk
https://www.census.gov/data/tables/time-series/demo/income-poverty/cps-finc/finc-01.html
https://factfinder.census.gov/faces/tableservices/jsf/pages/productview.xhtml?src=bkmk
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iii. Threats to randomization

Because the sampling plan called for identically stratified control and treatment samples,
assignment of any particular participant was, in most cases, not a coin-flip. That is, an eligible
respondent with a given demographic profile was assigned on a least-filled basis - i.e., to the
treatment arm that was, at that moment, farthest from its sampling quota for subjects like her. In
this way, the probability of assignment to treatment varied across participants and over time.

As a general rule, the probability of assignment to the treatment group rose over time because
attrition was substantially higher among participants assigned to treatment than it was among
those assigned to control.® The differential attrition likely stemmed from the additional time
commitment required of treatment subjects, although compensation from the contractor for the
treatment group was also higher. Whatever the reason, one consequence was that the probability
of being assigned to the treatment group grew over time because that group was perpetually in
greater need of subjects. (Appendix Figure A2 presents a graphical depiction of the fielding
process over time.)

The increase over time in assignment to treatment could have compromised the balance of
control and treatment groups if later participants were systematically different from earlier
participants in unmeasured ways. However, because fielding lasted only three months, we see
little reason to suspect this phenomenon undermined comparability in ways we cannot measure.

Difficulty attracting low-income participants (annual household income < $40K) presented
another challenge to the sampling plan. Recruitment and data collection began on March 28,
2016, but as of May 16, just 51% of the targeted number of low-income participants had
completed protocol, vs. 93% of the targeted number of children from all other income strata,
collectively. Because the treatment group, in general, suffered from higher attrition, the low-
income stratum in that group was particularly far from its target; just 23% of the treatment
group’s low-income quota had been met as of May 16, compared to 79% of the control group’s
quota.

To expedite fielding, income quotas were dropped from the sampling plan on June 1 for both
treatment and control groups. After continued slow uptake in the treatment group, all
demographic quotas were dropped on June 15. The requisite threshold of 400 subjects was
reached for the control group one day later (June 16) and for the treatment group on June 24.°
Reaching the target sample size ultimately involved recruiting 4,230 households over the course
of fielding. Attrition remained concentrated in the treatment group throughout, with 81% of
individuals who were assigned to treatment dropping out before completing the ad literacy test.
Among control-group assignees, the attrition rate was substantially lower, at 37%.

8 We use “attrition” here to describe the situation in which a prospective participant who was recruited, found
eligible, and randomized to control or treatment status, quit at any point before completing the ad literacy test.
9 See the Appendix, Figure A2, for a graphical depiction of the recruitment process over time.

10
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Covariate balance suffered in some measure from the asymmetric attrition and from the ensuing
decision to abandon sampling quotas.*® Table 2, below, shows that treatment completers tended
to come from wealthier, more highly educated households, and were more likely to be white,
have married parents, and have multiple siblings. Control completers were more likely to be
black, older (i.e., age 11 or 12), an only child, have a single parent, have parents who were
employed full-time, and live in the South. Control students also were more likely to be sixth
graders, perhaps because more of that group had been recruited earlier in the spring (when a
twelve-year-old was more likely to be in sixth grade, as opposed to fifth grade).

10see Appendix Table A2, showing demographic characteristics of control and treatment assignees who entered
before and after income quotas were lifted on June 1.

11
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Admongo Sample, "Completers"

Control Treatment  Difference  p-value
N 401 390
HH income < $40K 30.8% 17.3% 13.5% 0.000
HH income > $50K 56.5% 73.8% -17.3% 0.000
HH income > $100K 22.1% 29.4% -7.3% 0.021
Census South 37% 32% 5.1% 0.129
Census Northeast 18% 18% 0.3% 0.926
Census Midwest 22% 26% -4.7% 0.121
Census West 23% 24% -0.7% 0.827
Child white 71.8% 80.3% -8.4% 0.006
Child black 14.7% 10.8% 3.9% 0.097
Child Asian 5.2% 3.6% 1.6% 0.260
Child hispanic 14.7% 12.3% 2.4% 0.323
Child American Indian/AK Native 0.7% 0.5% 0.2% 0.676
Child HI Native/Pacific Islander 0.2% 0.5% -0.3% 0.547
Child other race 7.2% 4.4% 2.9% 0.084
Num. siblings 13 15 -0.21 0.007
Only child 22% 15% 6.3% 0.023
2+ siblings 31% 39% -7.3% 0.032
Child male 50% 51% -0.6% 0.856
Child grade (mean) 4.67 4.54 0.13 0.127
Child grade 3 25% 29% -4.3% 0.174
Child grade 4 17% 17% -0.2% 0.932
Child grade 5 23% 23% 0.4% 0.904
Child grade 6 34% 30% 4.2% 0.212
Child age (mean) 10.3 10.2 0.10 0.294
Child age 8 16% 15% 0.8% 0.751
Child age 9 16% 20% -3.8% 0.165
Child age 10 18% 19% -1.5% 0.580
Child age 11 24% 23% 0.6% 0.838
Child age 12 26% 23% 3.9% 0.206
Child homeschooled 5% 9% -4.0% 0.032
Child public school 86% 83% 2.7% 0.293
Child private school 9% 7% 1.3% 0.505
Weekend test taker 8% 16% -7.2% 0.002
Night test taker 12% 4% 8.4% 0.000
Morning test taker 29% 26% 3.0% 0.345
Afternoon test taker 23% 36% -12.9% 0.000
Evening test taker 36% 34% 1.6% 0.648
Parents married 70% 78% -8.1% 0.009
Parent single 10% 6% 3.8% 0.049
Parent bachelor's + 49% 55% -5.7% 0.106
Parent FT employed 62% 56% 6.2% 0.076
Parent PT employed 10% 15% -4.9% 0.037
Parent unemployed 4% 2% 1.7% 0.157
Parent homemaker 21% 24% -3.1% 0.287
Parent male 23% 24% -1.2% 0.701
Parent master's + 21% 21% 0.2% 0.951
Parent divorced/separated 11% 9% 1.5% 0.484
Parent 40+ 54% 51% 3.6% 0.311
Parent 50+ 11% 8% 3.5% 0.090

Table 2. Covariate balance in control and treatment groups in the sample of completers.

12
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C. The ad literacy test

The study’s endpoint was the participant’s score on an ad literacy test written collaboratively by
FTC staff and outside marketing consultants. The test took students approximately 15-20
minutes to complete.

The ad literacy test consisted of thirteen true-false questions, twelve multiple-choice questions,
39 spot-the-ad questions and nine subjective questions about participants’ attitudes and
experiences. The full test can be found in the Appendix of the paper.

The 25 true-false and multiple-choice questions focus on recognizing various persuasive
techniques; understanding ad targeting; identifying ads in their various forms; interpreting
explicit and implied claims; understanding advertisers’ responsibilities under the law; and
understanding the financial relationships behind advertising (its role in supporting content, paid
testimonials, etc.). These questions elicit a mix of specific factual knowledge (e.g., the meaning
of “target audience” or the name of a specific persuasive technique) and higher-order critical
thinking skills (e.g., understanding why an advertiser might use cross-promotion; predicting the
environment most suited for reaching an ad’s intended audience, etc.).

The multiple-choice section centered on interpretation of mock advertisements created especially
for the test. The ads target roughly the 8 - 18 year-old age range and present products likely to
garner the attention of 8 - 12 year-old children. One ad is for a yogurt drink; the second is for a
video game system; the third is for a brand of casual shoes. The questions that accompany the
mock ads ask students to evaluate the claims, persuasive techniques, targeting, and presence or
absence of product information.

The nine opinion-based questions touch on the ways that children gather information about
products they want, how children’s experiences with products compare to the impressions given
in advertisements, and whether children receive guidance from their parents about advertising.

The spot-the-ad section asks students to identify all the advertisements in a cartoon graphic. One
concern with the results from this section is that false positives were not recorded. That is, we
observe when a student fails to pick out something that was an ad but not when she falsely picks
out something that wasn’t an ad.

Because of the subjectivity in the opinion questions, and the technical complications with the
spot-the-ad questions, we treat the 25 true-false and multiple-choice questions as the main
outcome of interest in the analysis that follows.

D. Procedure

Treatment students were instructed to play the Admongo online game from their homes, to reach
a certain level within the game (Level 2.1), and then to complete the advertising literacy test.
Control students were provided a link directly to the test and told to complete it, and they were
not told about Admongo or its connection to the test. To ensure the integrity of the evaluation,
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the market research contractor screened out any panelist who reported knowledge about
Admongo prior to this study.

V. Results.

The sampling plan called for n=400 participants in control and in treatment. In the end, complete
data was collected for 391 treatment participants and 401 control participants.

A. Unadjusted Results
We begin our analysis by looking at raw differences in test scores between control and treatment
groups, without adjusting for covariates. Treatment students scored significantly better than
control students on the test as a whole, and on all test subsections, as Table 3, below, indicates.

Unadjusted Score Differences, Control vs. Treatment

control  treatment  difference p-value
N 401 390

All questions | 0.452 0.591 0.140 0.000
Std. Err. | 0.008 0.008

T/F & M/C only | 0.693 0.79 0.098 0.000
Std. Err. | 0.007 0.006

Spot-the-ad only | 0.297 0.464 0.167 0.000
Std. Err. | 0.011 0.012

Table 3. Mean scores on the ad literacy test: entire test, and by sub-section.

Histograms presented in Figures 5-7, below, give a fuller picture of the test score distribution in
control vs. treatment.
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Figure 4. Test score distributions, control vs. treatment.

The plot in the lower right of Figure 4 suggests that the effect of playing Admongo is
comprehensive, across the entire range of questions on the test. That is, exposure to Admongo
appears to make a child more likely to answer correctly on every individual question. Again —
the test is included for reference in the Appendix of this paper.

Looking at specific test sections, treatment appears to have provided more of an advantage with
spot-the-ad questions than with the T/F and multiple-choice questions. Treatment children
averaged 16.7 percentage points higher than control children in the spot-the-ad section, but only
9.8 points higher than control children on the T/F and multiple-choice sections (p-value = 0.00 in
both comparisons). These results suggest that one of the strongest impacts of playing the
Admongo game could be a heightened awareness of the forms that advertising can take in one’s
surroundings. On the other hand, we cannot rule out the possibility that the treatment group’s
advantage on this section stems primarily from its exposure to some of the very same product
images in the game’s tutorials. Partly for this reason, we do not include spot-the-ad results in the
analysis in coming sections.

The next two figures focus specifically on the T/F and multiple-choice sections, as these
constitute the basis of analysis in the rest of the paper. Figures 5 and 6 look at the extent to which
the treatment affected varied across sub-populations in the data. Figure 5 suggests an effect is
present among whites, non-whites, lower and middle/upper-income, male and female. Figure 6
breaks down participants by a different metric: the time of day and day of the week (weekday vs.
weekend) on which they took the test. There is evidence of a potential treatment effect at all
times of day and on both weekdays and weekends.
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Figure 6. Test score distributions, control vs. treatment, by test time and day (“night” = midnight
—6:00 am; “morning”=6:01 am — noon, etc.)

While the histograms suggest that playing Admongo had a positive effect on test performance
across a variety of sub-populations, the plots also suggest that the distribution of ad literacy at
baseline may differ across groups, and that the effect of Admongo also could differ across
groups. And, because they hold constant only one covariate at a time, the histograms do not
adjust for other within-group differences between control and treatment. We explore the
potential role of covariates more formally through regressions presented in the next section.

B. Adjusted Results

In this section, we assess the treatment effect of Admongo more rigorously by controlling for
potentially confounding variables. Demographic controls are necessary because, despite random
assignment, our preliminary look at the sample indicated that control and treatment groups were
balanced on some, but not all the demographic variables. Due to differential attrition, the lifting
of sampling quotas, and random sampling variation, the treatment group had a greater
concentration of upper-income children, younger children (i.e., 3 and 4™ graders), children from
married households, white children, and children with two or more siblings. Even if sampling
had proceeded as planned and all demographic quotas had been adhered to, it is unlikely the joint
distribution of demographic variables would have been identical in both control and treatment
samples. Regression analysis enables us to control for the confounding differences across
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experimental arms and estimate specifically the impact of the Admongo intervention on ad
literacy. The regressions also allow us to explore differences in baseline ad literacy and in the
treatment effect across demographic groups.

We begin with Table 4, below, which presents coefficient estimates from a set of OLS
regressions of the test score on a treatment dummy and a variety of demographic controls. In
Table 4 and all analysis that follows, the dependent variable is the combined score (percentage
correct) on the 25 true/false and multiple-choice questions.

Dependent variable = % correct out of 25 T/F,
M/C guestions €3] 2 [©)] (4) (5) (6) () 8) (9) (10)
Treated 0.098***  0.098*** 0.098*** 0.094*** 0.092*** 0.096*** 0.092*** 0.089*** 0.092*** 0.090***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Male -0.005
(0.01)
Grade 4 0.003 0.004 0.009 0.003 0.009
(0.01) (0.01) (0.01) (0.01) (0.01)
Grade 5 0.008 0.007 0.009 0.006 0.008
(0.01) (0.01)  (0.01)  (0.01) (0.01)
Grade 6 0.009 0.006 0.007 0.007 0.008
(0.01) (0.01) (0.01) (0.01) (0.01)
Amer. Ind./AK Ntv. -0.062 -0.056 -0.053
(0.06) (0.06) (0.06)
Asian -0.086*** -0.092%** -0.093***
(0.02) (0.02) (0.02)
Black -0.031* -0.020 -0.022
(0.01) (0.01) (0.01)
Ntv. HI/Pac. Isldr. -0.060 0.014 0.008
(0.08) (0.09) (0.09)
Other -0.027 -0.012 -0.016
(0.02) (0.02) (0.02)
HH income: $40K-$50K 0.006 0.006 0.004 0.004 0.001
(0.02) (0.02) (0.02) (0.02) (0.02)
HH income: $50K-$75K 0.036** 0.037**  0.037**  0.034* 0.033*
(0.01) (0.01)  (0.01) (0.01)  (0.01)
HH income: $75K-$100K 0.039* 0.039* 0.040* 0.033* 0.032*
(0.02) (0.02) (0.02) (0.02) (0.02)
HH income: Over $100K 0.054*** 0.054***  0.053*** 0.044**  0.041**
(0.01) (0.01) (0.01) (0.02) (0.02)
Guardian: Some college / trade school 0.019 0.014 0.016
(0.02) (0.02) (0.02)
Guardian: 2-yr degree -0.006 -0.014 -0.009
(0.02) (0.02)  (0.02)
Guardian: 4-yr degree 0.028 0.012 0.015
(0.02) (0.02) (0.02)
Guardian: Master's or higher 0.045* 0.024 0.031
(0.02) (0.02) (0.02)
constant 0.693*** 0.695*** 0.687*** 0.704*** 0.666*** 0.671*** 0.662*** 0.669*** 0.656*** 0.662***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.02)
R-squared 0.117 0.118 0.118 0.139 0.142 0.131 0.142 0.161 0.148 0.168
N 791 791 791 791 774 791 774 774 774 774

Standard errors in parentheses.

Table 4. OLS regressions of test score on controls and Admongo treatment dummy.

One overarching result from Table 4 is that the estimated treatment effect from Admongo is
sizable and robust to controlling for the potential confounders that we can measure. Playing the
Admongo game appears to raise a student’s expected score on the 25-question test by about nine
percentage points, or roughly the equivalent of two additional correct responses. Whether we
control for a child’s grade level, race, household income, parental education - or all of these - the
estimated effect of playing Admongo remains relatively constant and statistically significant at
the 1% level. In other specifications not presented here, we also have controlled for parental
employment status, month of participation, whether participation occurred after income quotas
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were lifted, the timing of participation (morning, afternoon, etc.), weekend vs. weekday
participation, the household’s Census region, number of siblings, and school type (public,
private, home-schooled). In all cases, coefficient estimates on the Admongo treatment dummy
remain in the 8-10 percentage-point range and significant at the 1% level.

Another basic result from Table 4 is the very limited ability of demographic controls to explain
test-score variation. Virtually none of the student, guardian or household-level characteristics
enter regressions significantly. To be sure, there are suggestive patterns: older children (grades 5-
6), children from households with higher incomes, children of guardians who are college
graduates and white children all appear to enjoy small score advantages. Children of Asian
descent seem to fare relatively poorly. However, in almost all instances, the coefficient estimates
suggesting these patterns are not statistically significantly different from zero. In those
regressions excluded from Table 4 that were mentioned above, no explanatory variable entered
significantly except “two or more siblings,” which was associated with a negative effect of
approximately two percentage points in some specifications. We note the linkage here but do not
venture a guess as to the reason for the relationship.

It is curious that demographic variables can explain so little of the score variation. This result
may be, in part, the by-product of drawing a sample from a marketing research panel rather than
from the public at large, where variation in potential test performance could be greater. However,
before dismissing possible relationships between demographic variables and the outcome, we
explore the relationships more deeply using interactions between controls and the Admongo
treatment dummy. These results are shown in Table 5, below.
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Dependent variable = % correct out of 25 T/F, M/C
questions (1) 2 3 4 (©)] (6 )] (8 9
Treated=1 0.098*** 0.127*** 0.101*** 0.086*** 0.097*** 0.117*** 0.127*** 0.117*** 0.129***
(0.01) (0.02) (0.01) (0.02) (0.03) (0.03) (0.03) (0.03)  (0.04)
Grade 4 0.016 0.014 0.021 0.013 0.021
(0.02) (0.02) (0.02) (0.02) (0.02)
Grade 5 0.034 0.034 0.039* 0.032 0.038
(0.02) (0.02) (0.02) (0.02) (0.02)
Grade 6 0.029 0.029 0.035* 0.030 0.037*
(0.02) (0.02)  (0.02) (0.02)  (0.02)
Treated=1 # Grade 4 -0.022 -0.019 -0.021 -0.019 -0.020
(0.03) (0.03) (0.03) (0.03) (0.03)
Treated=1 # Grade 5 -0.051 -0.052 -0.058*  -0.052 -0.058*
(0.03) (0.03) (0.03) (0.03) (0.03)
Treated=1 # Grade 6 -0.040 -0.047 -0.057*  -0.048 -0.058*
(0.02) (0.03)  (0.03)  (0.03)  (0.03)
Amer. Ind./AK Ntv. -0.061 -0.054 -0.052
(0.08) (0.08) (0.08)
Asian -0.068* -0.075* -0.077*
(0.03) (0.03) (0.03)
Black -0.012 0.003 0.002
(0.02) (0.02) (0.02)
Ntv. HI/Pac. Isldr. -0.181 0.016 0.018
(0.13) (0.09) (0.10)
Other -0.023 -0.018 -0.020
(0.03) (0.03) (0.03)
Treated=1 # Amer. Ind./AK Ntv. -0.001 -0.010 -0.014
(0.12) (0.12) (0.12)
Treated=1 # Asian -0.042 -0.047 -0.046
(0.05) (0.05) (0.05)
Treated=1 # Black -0.044 -0.052 -0.051
(0.03) (0.03) (0.03)
Treated=1 # Ntv. HI/Pac. Isldr. 0.179 0.000 0.000
(0.16) ) )
Treated=1 # Other -0.007 0.004 0.003
(0.04) (0.05) (0.05)
HH income: $40K-$50K 0.021 0.020 0.017 0.017 0.014
(0.02) (0.02) (0.02) (0.02)  (0.02)
HH income: $50K-$75K 0.038* 0.041* 0.042* 0.037 0.038
(0.02) (0.02) (0.02) (0.02) (0.02)
HH income: $75K-$100K 0.022 0.022 0.025 0.013 0.015
(0.02) (0.02)  (0.02) (0.02)  (0.02)
HH income: Over $100K 0.046* 0.047* 0.046* 0.032 0.030
(0.02) (0.02)  (0.02) (0.02)  (0.02)
Treated=1 # HH income: $40K-$50K -0.035 -0.034  -0.027 -0.032  -0.025
(0.04) (0.04) (0.04) (0.04) (0.04)
Treated=1 # HH income: $50K-$75K -0.001 -0.004 -0.004 -0.002 -0.003
(0.03) (0.03) (0.03) (0.03) (0.03)
Treated=1 # HH income: $75K-$100K 0.033 0.035 0.031 0.043 0.038
(0.03) (0.03)  (0.03)  (0.03)  (0.03)
Treated=1 # HH income: Over $100K 0.015 0.017 0.018 0.027 0.027
(0.03) (0.03) (0.03) (0.03) (0.03)
Guardian: Some college / trade school 0.014 0.007 0.007
(0.02) (0.02) (0.02)
Guardian: 2-yr degree 0.001 -0.010 -0.006
(0.03) (0.03)  (0.03)
Guardian: 4-yr degree 0.030 0.017 0.020
(0.02) (0.02) (0.02)
Guardian: Master's or higher 0.046 0.032 0.037
(0.02) (0.03) (0.03)
Treated=1 # Guardian: Some college / trade school 0.011 0.017 0.013
(0.03) (0.03)  (0.03)
Treated=1 # Guardian: 2-yr degree -0.015 -0.008 -0.013
(0.04) (0.04)  (0.04)
Treated=1 # Guardian: 4-yr degree -0.004 -0.013 -0.015
(0.03) (0.04) (0.04)
Treated=1 # Guardian: Master's or higher -0.001 -0.015 -0.014
(0.04) (0.04) (0.04)
constant 0.693*** 0.672*** 0.701*** 0.668*** 0.671*** 0.647*** 0.648*** 0.641*** 0.640***
(0.01) (0.01) (0.01)  (0.01) (0.02) (0.02) (0.02) (0.02)  (0.02)
R-squared 0.117 0.123 0.143 0.146 0.132 0.152 0.177 0.160 0.185
N 791 791 791 774 791 774 774 774 774

Standard errors in parentheses.

Table 5 - OLS regressions with treatment-covariate interaction terms.
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Interacting the treatment dummy with demographic variables allows us to decompose overall
score differences across groups into differences in their baseline levels of ad literacy and
differences in their responses to treatment. The results in Table 5 echo those in Table 4 while
adding some nuance. For example, Table 5 continues to show suggestive evidence that older and
higher-income students perform better than others, all else equal. However, negative coefficients
on the associated interaction terms also suggest that these groups receive less of a boost from
Admongo than their younger/lower-income counterparts do. Thus, it may be that younger and/or
lower-income students stand to gain the most from experiencing Admongo, in that these subjects
exhibit the lowest level of ad literacy at baseline and experience the largest absolute
improvement from treatment. Figure 7, below, shows the pattern along the grade-level margin.
Treatment appears to erase grade-level advantages on test performance.

Predictive Margins with 95% Cls
{Predicted outcome = % correct on T/F + M/C sections)
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Figure 7. Admongo-grade-level interactions.

One possible explanation for the pattern in Figure 7 is that younger children are less experienced
with marketing and therefore come to Admongo with more room for improvement. Another,
though admittedly more speculative, is that the treatment itself — a relatively low-tech online
game - is less engaging for older children who are more likely to be accustomed to immersive
gaming experience of platforms like Sony PlayStation or Microsoft XBox. These children may
pay less attention to the game and its messaging as a result.

Of course, as in Table 4, these results are only suggestive and not definitive. Only one of the
across-grade-level, within-treatment-status contrasts in Figure 7 is statistically significant
(control group, 5™ grade vs 3™ grade, p=0.0745), meaning that one cannot say definitively what
the age-related pattern is with or without treatment. Clearly, the bigger story here is the overall
treatment effect, which in Table 5 ranges from 9 to 13 percentage points, depending on
specification, and which is always significant at the 1% level.
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C. Robustness

I. Propensity Score Matching Estimates of the Average Treatment Effect

In this section, as a robustness check, we estimate the effect of Admongo using a matching
estimator. Matching could outperform regression in certain situations by excluding observations
that lack counterparts in the opposite treatment group (Dehejia and Wahba, 2012). The lack-of-
counterparts problem is a real concern in our context; as we have seen, the treatment regimen
selected for a different mix of children than the control regimen (higher-income, fewer
minorities, etc.).

To illustrate the concern, consider a regression-based estimate of the Admongo treatment effect
on a hypothetical sample in which nearly all treatment subjects attended private school, were in
the sixth grade, and came from upper-income households with highly educated parents, while
nearly all control students attended public school, were in the third grade, and came from lower-
income households headed by parents with a GED or less. Regression will attempt to “control”
for these differences in baseline characteristics, but the two populations are also so different as to
raise questions about the suitability of the comparison. The pervasive imbalances suggest that we
are missing the counterfactual outcomes we need in order to disentangle treatment effect from
the effects of other confounding differences across the two samples.

A matching-based approach would begin by narrowing the sample to control-treatment pairs
with similar covariate values. The downside to this approach is that it might cut down the sample
substantially and thereby narrow the interpretation of the estimand to a treatment effect at
particular values of the covariates. However, by insuring a more like-with-like comparison,
matching has the potential benefit of preventing over-generalization of results beyond the sub-
populations for which we have adequate data.

We implement matching using the propensity score, which is just the probability of being
treated, conditional on other covariates.** The potential benefits of using propensity score
matching to increase balance have been noted by numerous researchers in the statistics and
econometrics literatures. Austin (2011) cites several potential benefits, including: i) model fit is
easier to evaluate in a matching model than a regression model; ii) the matching approach
“separates design of the study from the analysis of the study”, in the sense of providing a formal
structure for building a comparison group, which is independent of outcome measures; and iii)
matching forces the researcher to confront the degree of overlap in covariates between control
and treatment in a way that regression does not.

Glynn et al. (2006) echo Austin in noting propensity score matching’s formal framework for
getting rid of outliers in the data. Glynn et al. also tout the fact that a matching approach based

11 An alternative is to match directly on covariates values. While matching directly on the covariate is sometimes
possible, doing so becomes increasingly infeasible as the number of covariates grows large. Furthermore,
Rosenbaum and Rubin (1983) show that whenever matching directly on covariates solves the selection problem (i.e.,
controls for all outcome-relevant differences in the two populations), matching on the propensity score does so as
well.
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on the propensity score does not assume the outcome is linear in the covariates, as regression
commonly does. Finally, Dehejia and Wahba (1999) and Deheija (2005) demonstrate that
propensity score stratification and propensity score matching can improve on regression alone
when control and treatment groups differ substantially in the covariates.

Each subject’s propensity score is her predicted likelihood of being in the treatment group, and
this is estimated via a logistic regression of the treatment dummy on covariates. Table A3, in the
Appendix, presents the results from this regression. Using the coefficient vector 8 estimated
from this regression, the propensity score for each subject i, given her covariate vector Xi, is:
Pr(treated|X;) = S X; € [0,1].

In Figure 8, below, we plot the distribution of estimated propensity scores for control and
treatment groups in the raw and the matched data. By “matched” data, we mean the sample of
control-treatment pairs constructed by nearest-neighbor matching on the propensity score.

Balance Plot: Propensity Score Distributions in Control and Treatment
Raw Matched

Density

0 5 1 0 5 1
Propensity Score

control treated

Mote: Estimand is average treatment effect. Matched sample includes all treatment and control subjects, plus one match for each.

Figure 8. Raw-sample and matched-sample distributions of the propensity score.

The left-hand side of Figure 8 depicts the distribution of the propensity score by treatment status
in the raw data, i.e. the distribution of estimated propensity scores for the original 774 control
and treatment subjects with the required covariates. As one would expect given the differences
observed earlier in Table 2, the propensity score distribution for control subjects is distinct from
that of treatment subjects and sits, by construction, to the left of the treatment distribution. This
outcome is simply a reflection of the fact that treatment and control differ in systematic and
observable ways that the logit model detects.
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The left-hand plot of Figure 8 also shows there is substantial overlap in the two distributions: the
vast majority of the control group distribution falls within the range of propensity scores
observed in the treatment group. Furthermore, both distributions are single-peaked near the
center of the observed range of values. These observations imply a fairly high degree of
comparability between control and treatment. Both groups are constituted in large part by
subjects whose characteristics make them nearly equally likely to be found in either group.

The right-hand side of Figure 8 presents the analogous propensity score distributions, but for the
matched data. Here the matched data consists of all n=774 original subjects, plus one propensity-
score match for each, yielding a total of 1,548 observations. (The average treatment effect,
estimated from this matched data, will be an average of the 774 individual contrasts.)

Control and treatment distributions in the matched data overlap each other more or less exactly,
and their shape is a hybrid of the two raw data distributions from the left-hand side. The reasons
underlying the differences between the left and right-hand side plots are i) we match with
replacement, meaning the relative frequency of particular control-group observations can be
different in the matched data, and ii) Figure 8 reflects estimation of the average treatment effect
(ATE), which matches not only every treated observation, but also every control observation
(thus altering the relative frequency of treatment observations as well). 1

To determine whether our propensity score model is well-specified, we need to confirm that
matching achieved balance in the covariates that are potentially relevant for test performance
(Austin; 2009, 2011). Table 7, below, assesses control-treatment balance by comparing means
and variances of covariates across the groups. The “standardized difference” equals treatment-
group mean minus control-group mean, divided by average standard deviation (Austin, 2011).
The “variance ratio” equals treatment-group variance divided by control-group variance. A
standardized difference of zero and variance ratio of one represents the ideal of perfect balance,
at least in terms of the first two moments of the data. We can see from Table 7 that matching on
the propensity score has improved balance in the covariates, especially in terms of the means.

2The appendix shows the analogous density plots following estimation of the average treatment effect for the
treated (ATET). Because estimation of ATET matches only treatment group observations, the matched-data density
for both groups converges to the treatment group’s raw-data density.
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Balancing of Covariates in the Raw and Matched Data
Standardized differences

Variance ratios

Raw Matched Raw Matched
$40K-$50K -0.122 -0.056 0.732 0.859
$50K-$75K 0.115 -0.042 1.160 0.951
$75K-$100K 0.140 0.051 1.293 1.107
$100K+ 0.166 0.047 1.204 1.054
only child -0.152 -0.010 0.779 0.985
college grad 0.110 0.023 0.993 0.998
married 0.202 -0.021 0.793 1.022
full-time emp. -0.110 0.042 1.041 0.990
South -0.109 -0.039 0.929 0.971
white 0.203 -0.015 0.773 1.018
morning -0.079 -0.044 0.925 0.955
afternoon 0.314 -0.003 1.347 0.998
evening -0.042 0.035 0.975 1.024
homeschooled 0.146 -0.023 1.619 0.935
4th grade -0.013 0.039 0.977 1.076
5th grade -0.001 -0.006 0.998 0.992
6th grade -0.083 -0.063 0.939 0.959
weekend 0.236 0.031 1.774 1.088
male 0.026 0.031 1.000 1.002
guardian 40+ yrs. -0.050 0.023 1.005 0.996

Note: Raw data consists of n=774 (381 treated, 393 control). Matched data

consists of n=1,548 (774 treated, 774 control). Estimand is ATE.

14 August 2020

Table 7. Comparing covariate means and variances across groups, before and after propensity-

score matching.

Further, the density plots in Figure 9, below, show that in general, matching on the propensity
score does a good job of balancing control and treatment throughout a covariate’s distribution,

and not just on mean and variance.
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Figure 9. Covariate densities in raw vs. matched data (red = treated, blue=control).

Having demonstrated that propensity score matching does improve the balance of control and

treatment in ou

r data, we now present our matching-based treatment effect estimates. Table 8,

below, presents estimates of both the average treatment effect (ATE) and average treatment
effect on the treated (ATET) after matching on propensity scores. The former is a prediction for
the entire sample, whereas the latter applies to the treated participants only. For ease of

comparison to

regression results, Table 8 also presents regression-based treatment-effect

estimates that control for exactly the same covariate vector that was used in the propensity score
model (see Table AX in Appendix).

Admongo Treatment Effect Estimates - Propensity Score Matching vs.

Regression

A. Propensity score matching estimates.

Coefficient Abadie-Imbens robust std. err. z-stat P>|z| 95% c.i. N
ATE 0.089 0.012 7.250 0.000 0.065 0.113 774
ATET 0.090 0.014 6.320 0.000 0.062 0.118 774
B. Regression estimates, controlling for same covariates as propensity score logit model.

Coefficient Robust std. err. z-stat P>|z| 95% c.i. N
ATE 0.090 0.010 8.810 0.000 0.070 0.110 774
ATET 0.092 0.011 8.520 0.000 0.071 0.113 774

Table 8. Propensity-score matching estimates of Admongo treatment effect vs. regression-based

estimates.

The conclusion that we take from Table 8 is that propensity-score based estimates of Admongo’s
effect are essentially identical to regression-based estimates. This statement is true whether we
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consider the ATE or ATET. Recall that regression-based estimates in Tables 4 and 5 were all in
the 0.08-0.13 range, meaning the equivalence of regression and propensity score estimates is not
contingent on which regression specification is used. Thus, we conclude that lack of covariate
balance in control and treatment per se is not causing bias in the OLS estimates of Admongo’s
impact.

Matching and regression can potentially lead to different estimates because of the way the two
methods weight observations differently.** However, the impact of Admongo across the range of
covariate values appears to be uniform enough that the difference in weighting schemes between
matching and regression has virtually no effect on estimates of the treatment effect. This result
was foreshadowed by the test-score histograms in Figures 5 and 6, which demonstrated similar
rightward shifts in the treated group’s score distributions, across a broad range of demographic
subgroups.

In summary, the use of propensity score matching to mitigate the impact of imbalances in control
and treatment does not change the main take-away from the OLS regressions: playing the
Admongo game leads to, on average, approximately a nine percentage-point increase in score on
the ad literacy exam.

ii. Intent-to-treat analysis: a conservative approach to measuring Admongo’s
impact

The treatment-effect estimates presented above may be interpreted as causal effects of Admongo
only under the assumption that, after controlling for covariates, treatment status is independent of
a subject’s potential outcomes (Rosenbaum and Rubin, 1983; Rubin, 1974). When this
assumption is satisfied, control and treatment subjects at a given covariate value are draws from
the same distribution and can serve as valid counterfactual outcomes for each other. We have
maintained this “conditional independence” assumption throughout the presentation of
regression-based and propensity-score-based estimates. However, we cannot prove that it is
satisfied.

There are many child-level and household-level characteristics that we do not observe in our
data. Some of the unobserved characteristics could be both outcome-relevant and correlated with
treatment status, confounding our ability to measure Admongo’s effect in an unbiased way if we
rely exclusively on the completer sample.

For instance, the time and effort required to play the Admongo game to the requisite end point
may have selected for subjects with higher potential outcomes under treatment (compared to
control-group counterparts, who were not asked to play the game). It could be that children
willing to play the game on a voluntary basis were also more likely to absorb the instructional

13 Angrist and Pischke (2009) show that matching weights the treatment effects observed at different covariate
values in proportion to the probability of treatment at those values. In contrast, regression weights those
covariate-specific effects in proportion to the variance in the treatment variable at those values. Thus, matching
estimates lean most heavily on treatment effects observed at values of X where the probability of treatment is
closest to one, whereas regression leans most heavily on treatment effects observed at values of X where the
probability of treatment is closest to one-half.
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material than children unwilling to play. Such “patient” or “receptive” children may tend to
experience a higher boost from treatment. This higher potential benefit may not be captured by
any of the observable controls and therefore may constitute an unmeasured confounding
variable. Our treatment effect estimates in this case would overstate the impact of the Admongo
game because they would inadvertently capture the combined effect of Admongo and
unmeasured potential.

An alternative path that takes a more conservative approach is an intent-to-treat (ITT) estimator.
In ITT, the objective is to estimate Admongo’s impact using all randomized subjects -
completers and quitters. The logic of ITT is to characterize an intervention’s impact in a way that
factors in real-world complications faced during implementation, such as subjects switching
protocols (e.g. control assignees somehow acquiring the treatment), or treatment assignees
avoiding some or all of the treatment (Gupta, 2011).

The ITT is not directly comparable to the ATE because it addresses a slightly different question.
In the context of Admongo, the ATE approach asks, “what is the effect of playing Admongo?”
whereas the ITT approach asks, “what is the effect of assigning someone to play Admongo?” If
instructing a child to play Admongo always resulted in her playing the game (and if no child
played Admongo who wasn’t told to), then the ITT and ATE approaches would produce the
same estimate.

An ITT analysis in our case would include all 4,203 recruits — the 791 completers and 3,439
quitters. However, because tests scores do not exist for quitters in our data, we need a way to
predict how the quitters would have scored, had they taken the test. The medical literature offers
different solutions to the problem of missing outcome data in ITT analyses, with suggestions
ranging from multiple imputation, to complete-case analysis, to carrying forward the last
observed outcome before drop-out (Alshurafa, 2012).

We opt for a simple bounding exercise in which we assume that treatment quitters would have
performed, on average, the same as control completers. Put differently, we assume that treatment
quitters completed the required gameplay but would have derived no benefit in terms of test
performance. If one is willing to rule out a negative treatment effect, then this approach can be
thought of as maximally conservative. Under this assumption, a back-of-the-envelope ITT effect
estimate is then just the weighted average of Admongo’s impact on the treatment quitters (zero,

by assumption) and its impact on the treatment completers (= 0.09, according to regression and

propensity score estimates): % %X 0.09 + % x 0 = 0.0098, or about one percentage point.

Note, again, that if any significant fraction of treatment quitters would have derived a positive
benefit from Admongo, then this one percentage-point estimate will have underestimated
Admongo’s true effect. It is useful as an extreme lower bound.

The considerably lower one percentage-point figure primarily reflects the low rate of
participation among children assigned to play Admongo. What should we make of such a low
level of compliance? What does it say about Admongo’s likely impact on its target audience, and
are there broader lessons for educational outreach programs in general.
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While we cannot extrapolate in any formal way from our non-random sample of 8-12 year olds,
the treatment group’s 89% attrition rate does suggest room for improvement in the game’s appeal
to its target audience. Having said that, we also should keep in mind the context under which a
treatment assignee decided whether to quit in our experiment before we draw inferences about
the game’s appeal to children in a non-experimental setting. Panel members periodically have the
opportunity to participate in marketing studies in return for compensation, meaning time spent
playing Admongo is, to some extent, being weighed against other potentially less time-
consuming and/or less taxing opportunities for earning compensation. It is possible that this
framing results in lower participation than would be observed in a classroom setting, where a
teacher suggests that students use their free time to play Admongo — and lower, still, compared to
a classroom setting where Admongo was assigned for a grade.

V. Discussion and Conclusion

In this paper, we have analyzed results from a randomized experiment that evaluated the impact
of an FTC campaign targeted at children in the third through the sixth grade. Our analysis shows
that playing the Admongo game for a relatively short time is associated with a score increase of
approximately nine percentage-points on an ad literacy test. This effect is the equivalent of
roughly two additional correct answers on a 25-question test. The magnitude of the estimate is
relatively stable across demographic groups, robust to the inclusion of demographic controls in
OLS regressions, and robust to the use of an alternative treatment-effect estimator (propensity
score matching).

Under the assumption of conditional independence — i.e., that potential outcomes of control and
treatment participants are equivalent, once we control for observed covariates — the above
estimates can be regarded as causal treatment effects. However, the disproportionately high rate
of attrition in the treatment arm (81%, vs. 37% in control) counsels caution in this regard.
Participants in the treatment group evidently were filtered in a way that control participants were
not. We cannot say that this selection mechanism definitely resulted in unmeasured and
outcome-relevant differences between groups, but neither can we rule it out. For this reason, it is
possible that our ATE estimates overstate the impact of Admongo on test performance. Our
quasi-ITT approach provided a more-conservative estimate of a 1% effect. This conservative
approach assumed that all treatment-quitters would have derived zero benefit from the game.
This is a stark, and in our view unrealistic, assumption - but useful, at least, for putting a floor
under possible effect sizes.

The experiment’s reliance on a marketing research panel, the voluntary nature of participation,
the high attrition rate in the treatment group, and finally, the lifting of stratification quotas during
fielding constrain our ability to generalize to the wider population of U.S. 8-12 year olds. The
particular quiz employed to measure ad literacy also likely played a role in the measured effect
size. In short, the true expected effect of Admongo on the advertising literacy of a randomly
selected population of U.S. 8-12 year olds is not discernible from our experiment. Still, our
results do suggest the potential of a relatively quick and playful intervention to enhance
children’s advertising literacy in ways that conceivably improve their critical thinking and
decision making in commercial contexts.
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Our experiment did not measure long-term outcomes; and while they are conceivable, we suspect
that a more lengthy intervention would be required in order to cause prolonged changes in the
way children process advertising and make purchase decisions. Additionally, a considerably
more involved and more expensive evaluation would be necessary to measure long-term effects,
requiring follow-up with subjects over a prolonged period (say, multiple check-ins over a series
of months) and the recording of reactions, thoughts and purchase behavior over time in journals.
It would be interesting to compare the preliminary evidence of a treatment effect found in this
paper to the results of a longer-term randomized study of a more comprehensive intervention,
such as the full Admongo curriculum, carried out over a series of weeks in 3'-6'" grade
classrooms.
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VI.  Appendix

Table Al. Table Al, below, presents frequencies of select characteristics among the four sub-
populations in the data: control quitters (Assigned Control and quit), control completers
(Assigned Control and completed), treatment quitters (Assigned Treatment and quit) and
treatment completers (Assigned Treatment and completed).

Select Covariates, by Assignment and
Completion Status

Assigned Control Assigned Treatment

Quit* Completed Quit Completed
N 238 401 3,201 390
Over $50K 65% 55% 73% 72%
White 63% 72% 76% 80%
Married 74% 70% 77% 78%
2+ siblings 32% 31% 33% 39%
Over $100K 26% 22% 34% 29%
Bachelor's + 55% 49% 59% 55%
Single 8% 10% 6% 6%
Black 9% 15% 9% 11%
South 38% 37% 33% 32%
FT employed 57% 62% 69% 56%
Only child 31% 22% 21% 15%
Under $40K 20% 30% 14% 17%
homemaker 23% 21% 16% 24%

*Covariate percentages for the control quitters were estimated using the N=65 sub-sample
for which these variables are observed.

Table Al.

Table A2. Table A2, below, shows that lifting the income quotas after June 1 did lead to a
modest increase in the concentration of higher-income subjects entering the sample. However,
the net effect of lifting quotas on covariate balance between groups was modest for three reasons.

First, prior to lifting quotas, the treatment group already lagged behind the control group in
attracting lower-income subjects, with just 23% of its under-$40K income quota met as of May
16 (compared to 79% met in the control group). Relaxing the income quotas simply dropped a
target that was not being met in the field. Second, the income profile of the treatment group
changed only slightly following the lifting of income quotas, with the percentage of households
earning $100K+ rising from 29% to just 32%, and with the percentage earning $50K+ actually
falling. Third, the influx of more higher-income students into the control group post-quotas had
little impact on that group’s overall composition because 385 of its 400 subjects (96%) had been
recruited already by the time quotas were lifted.
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Characteristics of Quitters and Completers, Before and After Sampling Income Quotas Were Lifted, June 1,

2016

Household Characteristics Child Characteristics Parent Characteristics
Census Parent full- Parent|
income income income region Only Parent Parent time home-
< $40K >$50K >$100K South| white black  child siblings single Bachelor's + employed maker
While income quotas were in place (March 28-June 1)
control quits* 21% 63%  26% 13%  66% 9%  24% 8% 56% 57% 24%
control completes 31% 55% 22% 36% 72% 15% 22% 10% 49% 62% 21%
treatment quits 16% 73%  33% 34%  T7% 9%  22% 7% 58% 68% 16%
treatment completes 17% 74% 29% 32% 82% 9%  16% 6% 54% 57% 22%
After income quotas were lifted (June 2-24)
control quits* 0% 100% 25% 10%  60% 0% 18% 0% 50% 67% 0%
control completes 13% 87% 33% 56%  69% 0% 13% 6% 56% 69% 6%
treatment quits 8% 87%  44% 28%  72% 10%  19% 6% 66% 70% 16%
treatment completes 17% 71% 32% 25%  71% 21% 10% 8% 58% 44% 35%

*Covariate percentages for the control quitters were estimated using the N=65 sub-sample for which these variables are observed.

**Participants categorized using variable "startdate"

Table A2. Comparison of participants who enrolled before and after income quotas were lifted.

Table A3. Table A3, below, presents results of a logistic regression of the treatment dummy on
covariates. This regression is used to predict the probability that subject i is treated, conditional

on covariate values X;. This probability is subject i’s propensity score.
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Propensity Score Matching

Treatment Model

logistic regression

dependent variable = Admongo treatment dummy

(z-stats in parentheses)
$40K-$50K 0.431
(1.48)
$50K-$75K 1.099***
(4.35)
$75K-$100K 1.334%*
(4.6)
over $100K 1.263**
(4.47)
only child -0.149
(-0.71)
college grad -0.007
(-0.04)
married -0.133
(-0.63)
full-time emp. -0.433*
(-2.51)
South -0.133
(-0.79)
white 0.388*
(2.03)
morning 1.269%**
(3.59)
afternoon 1.873%**
(5.32)
evening 1.345%*
(3.9)
homeschooled 0.738*
(2.33)
4th grade -0.113
(-0.47)
5th grade -0.06
(-0.27)
6th grade -0.246
(-1.20)
weekend test taker 0.980***
(3.79)
male -0.048
(-0.31)
guardian 40+ yrs. -0.331*
(-1.99)
constant -1.979***
(-4.59)
N 774
pseudo R-squared 0.0952
chi-squared 102
p-value 0.000

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

14 August 2020

Table A3. Propensity score matching, stage one: logistic regression of Admongo treatment

dummy on covariates. Sample = completers sample.

Figure Al. Figure Al, below displays the propensity score density plots from an estimate of the
average treatment on the treated (ATET), meaning the matched sample comprises the 381
original treated subjects plus one propensity-score match from the control group for each.
Matching is with replacement. The raw data distributions in the left-hand plot are identical to
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those in Figure 9 where estimation was of ATE. Control and treatment distributions converge in
the matched sample, as they did in Figure 9. However, unlike in Figure 9, the treated distribution
is unchanged going from raw to matched, and the control distribution converges to the treated
distribution. This pattern reflects the one-way matching of the ATET estimation: all treated are
matched to a control observation, but not vice versa.

Balance Plot: Propensity Score Distributions in Control and Treatment
Raw Matched

Density

0 5 1 0 5 1
Propensity Score

control treated

Mote: Estimand is average treatment effect on treated. Matched sample includes all treatment subjects, plus one match for each.

Figure Al. Propensity score distributions following estimation of ATET.

Figure A2. Graphical timeline of sample recruitment. Recruitment of the 400 control completers
proceeded much more quickly than recruitment of the 400 treatment completers due to heavy
attrition among treatment assignees.
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Fielding Control and Treatment Groups for Admongo
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Figure A2. — Admongo evaluation recruitment process over time.

Figure A3. The ad literacy test taken by participants.

AD LITERACY TEST

PART 1: TRUE/FALSE
There are 13 statements in this section. After reading each statement, please click on whether you
believe it is true or false. Please include only one answer per line.

STATEMENT True | False

1. | Advertising can only tell you about products. It cannot try to convince you
to buy something.

2. | Advertising helps pay for websites and magazines.

3. | The government has to approve an ad before you can see it.

4. | Advertisements have to tell the truth about how much you will like a
product.

5. | The “target audience” for an advertisement can be a website, a TV show, a
billboard, or a radio program.

6. | Advertisers can only direct advertisements to people over the age of 12.

7. | When you go to a website for a toy or candy, the games you play at that
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site are a kind of advertising.

8. | Wearing a brand’s logo on your t-shirt is a kind of advertising.

9. | Advertisements are not allowed to look like magazine articles.

10. | It is possible for advertisers track the sites you visit on the internet.

11. | By law, all advertisements have to tell you any negative information about
a product.

12. | When a basketball player appears in an advertisement for sneakers, that
player has been paid to wear that brand of shoes.

13. | Funny ads use humor to try to give you a good feeling about the product
being advertised

Thanks for answering those questions. Click here to move on to the next section.
PART 2: MULTIPLE CHOICE

In this section you will be looking at three different ads. After you look at each of these ads, you will be
asked to answer four multiple-choice questions.

36



David Givens 14 August 2020

ﬂ‘-_“‘
-

Walk with
the

P
“w

Ego EcoShoes? are vegan- e m_aterlals-.' -

e Ego donates $1.00 to help the ¢

Questions 14-17 are about Advertisement #1, above.

14. What is the target audience of this advertisement?

Two boys and four girls

b. Walk with the Earth™ (Your Friends Will Follow)

c. Teenagers and young people.

d. “Ego EcoShoes® are vegan-friendly and made of recycled materials.”

b

15. How will buying Ego EcoShoes help the earth?
a. With every purchase of EcoShoes, Ego donates $1 to the Walk With The Earth™ foundation.
b. With every purchase of EcoShoes, Ego donates $1 to vegan-friendly organizations.
c. With every purchase of EcoShoes, Ego donates $1 to support recycling programs.
d. It's not clear how buying Ego EcoShoes will help the earth.
16. What is one way the advertisement tries to convince you to buy EcoShoes?
a. It shows a group of famous people wearing EcoShoes.
b. It explains why EcoShoes are comfortable for long walks outside.
c. It connects EcoShoes with having fun and helping the environment.
d. It uses humor about vegetarians and recycling.

37



David Givens 14 August 2020

17. What does the EcoShoes advertisement really want you to do?
a. Spend time outside with your friends.
b. Buy a pair of EcoShoes.
c. Tryto use more recycled materials.
d. Donate $1 to help the Earth.

Thanks so much for your work so far. Click here to move on to the next section.
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Questions 18-21 are about Ad #2, above.

18. What do the words in the advertisement say about Holobox?
a. It costs more than some other gaming systems because it has the latest hologram technology.
b. It has 32 Gigabytes of SDDR7 memory and costs $399.
c. Its 16 core processor allows faster play speeds than other gaming systems.
d. It has dual band Wireless Z capabilities that allow you to play multi-player games.
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19. What does the advertisement say is included in the $399 price of the product?
a. Two free games, and the gaming console.
b. One controller, two free games, and the gaming console.
c. One controller, two free games, a wireless z connection, and the gaming console.
d. It doesn’t say what is included.
20. Where would you most expect to see this advertisement?
a. On a website that features cheat codes for popular video games.
b. Onacommercial during a show about a high school glee club.
c. On abillboard near a large children’s hospital.
d. On the scoreboard at a baseball game.
21. Why does the boy in the advertisement look so interested in playing the game?
a. It's the first time that he has played Holobox, and he can’t believe how fast and realistic it is.
b. The advertiser wants you to believe you’ll have a good time playing Holobox.
c. Free Holobox games like HOLO-PET and HOLO-BALL are interesting to everyone.
d. Most teenagers are curious about new technologies.
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Questions 22-25 are about Ad #3, above.
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22. What is the target audience of this advertisement?

a.

b.
C.
d

23.

24,

25.

w
a
b.
c
d
w
a
b.
c
d

w
a.
b
c
d

Young women who want to look better.
The cast of the hit TV show Surfer High
“You won't believe the difference!”
Metalean Yogurt, Arctic Berries flavor.

hat do the words in the advertisement say?

In order to get the results listed, you need regular exercise.

In order to get long, lean muscles you just need to drink this product.
Drinking arctic berry yogurt is the healthiest way to get calcium and protein.
Arctic berries give you energy.

hy does the advertisement mention the show Surfer High?

The girl in the advertisement must have gone to the school on Surfer High.
The advertiser thinks you will buy a drink that Surfer High cast members like.
Surfer High has a workout program that builds long, lean muscles.

Research shows that high school students like yogurt-based smoothies.

hich of these does the MetalLean advertisement not use to get you to buy it?

Makes a claim about Metalean’s health benefits.
Offers prizes, sweepstakes, and gifts.

Features a special ingredient.

Includes a testimonial or endorsement.

Thank you for looking at that. Please click here to move on to the last section.

PART 3: FIND THE ADS

In this section, you will be looking at a drawing. Click on everything in the drawing that you believe is an
advertisement.

26. For this question, click on everything that you believe is an ad in this drawing. After doing that,
count up all the items you’ve clicked on, and answer the question, How many ads are in this picture?
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There are XX ads in this picture
There are XX ads in this picture
There are XX ads in this picture.
There are XX ads in this picture.

oo oo

PART 4: OPINION QUESTIONS

Questions 27-35 are opinion questions. That means, they are about what you think and do. There are
no right or wrong answers to questions 27-35. Just select the answer that best matches what you
believe, or how you behave.

27. How often do you ask your friends’ whether they like a product before you decide if you want to
getit?

a. Allthetime

b. Some of the time
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c. Hardly ever
d. Never
28. The advertisements that get my attention the most are the ones that:
a. Show a famous person that | like
b. Show a cartoon character that | like
c. Are funny
d. Have a cool song
29. When | watch TV, | mostly watch
a. Cartoons
b. Shows with real kids my age or a little older
c. The shows my parents or older brothers and sisters watch
d. Alittle bit of everything
30. | learn about new things | want mostly from
a. TV
b. The internet
c. My friends and family
d. Lots of different places
STATEMENT Yes No

31.

Advertisements usually tell me the most important information about a
product.

32.

When advertisements say something is the “best” or “greatest,” | tend to
believe it.

33.

I've clicked on an online ad because it promised me I'd get something free.

34.

My parents have talked to me about being tricked by what | see in
advertisements.

35.

In the past, | have bought a product that disappointed me because it didn’t
do what it said it would in the advertisement.

Thank you very much for participating in this project.
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