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Introduction
Chronic diseases account for almost two-thirds of all deaths worldwide and significantly strain
healthcare systems globally. Disease rates from these conditions are rising in every region, with 80
percent of deaths from chronic conditions now occurring in low- and middle- income countries
(WHO 2017). This rapid increase poses a major public health threat, requiring policy-makers to
devise immediate and effective treatment and prevention strategies.
Though the exact list of illnesses that fall under the “chronic” category can vary, a commonly used
definition for a chronic disease is that it must: 1. Have a long-lasting duration of 3 months or more
and 2. Require ongoing medical treatment or attention (Bernell and Howard 2016). International
organizations like the World Health Organization (WHO) prefer to use the term “non-communicable
disease”, which only includes those chronic diseases that cannot be transferred from person to person
(e.g. heart disease, stroke, cancer, type 2 diabetes, obesity), as distinct from infectious diseases. The
Centers for Medicare and Medicaid Services’ definition of chronic disease, by contrast, include
diseases which have transitioned from terminal or infectious to chronic, such as HIV (Bernell and
Howard 2016). There is agreement by the academic and medical community (Deeks et al. 2013) that
with the global expansion of antiretroviral therapy (ART)- such that those who adhere to ART
treatment achieve nearly normal life expectancies - HIV has transformed from a terminal illness to a
chronic condition that may be managed. In this dissertation, I use the more general term “chronic” to
include both non-communicable diseases and chronic infectious diseases.
Success in preventing and treating chronic diseases hinges to a significant extent on individual
decision-making. A common theme in the management of chronic conditions is that individuals are
required to undertake frequent and repetitive actions (i.e. taking daily medication or adhering to an
exercise regimen) over the course of many years. Maintaining these actions becomes challenging
because they must often occur on a daily or near-daily basis with an upfront cost or inconvenience yet their benefits only materialize in the future, sometimes decades down the line in terms of
preventing the onset of a disease or slowing disease progression.
Two broad categories of behaviors challenge the treatment and prevention of chronic diseases:
1

1) Low adherence to treatment and medication. The treatment of chronic illnesses often includes
long-term use of medications, yet their full benefits are not realized as 50 percent of patients do
not take medications as prescribed (Sabaté 2003). In a report on medication adherence, WHO
quoted the statement by Haynes et al(Haynes et al. 2002) that “increasing the effectiveness of
adherence interventions may have a far greater impact on the health of the population than any
improvement in specific medical treatments.” (Sabaté 2003) Low levels of adherence reduce the
prescribed drugs’ benefit and increase the risk of complications in patients; this is observed
across multiple chronic diseases including: antiretroviral therapy (ART) adherence for HIVinfected patients, insulin adherence for type II- diabetes (García-Pérez et al. 2013), warfarin
adherence for patients at risk of stroke (Kimmel et al. 2007) among others.
2) Low adoption of preventive behaviors. In addition to ensuring adequate access and adherence
to appropriate medical treatment for those already affected by chronic disease, prevention as a
policy approach is “considered to be the most cost-effective, affordable and sustainable course of
action to cope with the chronic disease epidemic worldwide.” (WHO 2003) Eliminating three
common modifiable risk factors - unhealthy diet and excessive energy intake, physical inactivity,
and tobacco use – could prevent at least 80 percent of all heart disease, stroke and type 2 diabetes
(Prevention 2009). Yet trends in overweight and obesity are projected to rise in almost all
countries, posing a vital challenge to policymakers to increase individual awareness of and
encourage improvement in taking up these modifiable health risk behaviors.
In this dissertation, I assess the impact of policies designed to address these two challenges in the
context of HIV and obesity, using a range of causal inference and quantitative methods. In each
chapter, I address the following research questions:
•

Chapter 1: What is the effect of providing small incentives, in the form of mobile phone airtime,
on medication adherence among HIV-positive youth in Uganda? Can varying a key parameter in
the design of incentives- the eligibility condition for receiving an incentive – improve its impact?

•

Chapter 2: What is the effect of the US Food and Drug Administration’s (FDA) menu labeling
regulation (requiring restaurants to post calorie information on menus) on dietary choices? Do
consumers’ response to information differ by the type of restaurant setting?
2

•

Chapter 3: What are the long-term effects of menu labeling on the obesity-related chronic
conditions and health care costs?

In Chapter 1, I evaluate the impact of a small incentives in the form of mobile phone airtime on
medication adherence among HIV-positive youth in Uganda, using a randomized field experiment.
Over the last decade, increases in international funding for ART has made HIV treatment accessible
to many living in Sub-Saharan African countries, through public sector treatment programs.
Successful disease management for HIV requires patients to maintain a life-time adherence to ART
and usage of health services. Yet adherence in SSA falls too often below the clinically recommended
adherence of taking 90 percent of the pills prescribed; patients in the clinic where this study is
conducted on average only take 65 percent of their prescribed pills.
A growing body of research shows that systematic decision-making errors or ‘behavioral biases’ can
prevent people from making health decisions in line with their intentions (Dupas 2011). Because
people are present-biased, a future good (i.e. remaining healthy) is often valued less than the present
cost of taking an action (i.e. going to the clinic to pick up a new batch of medications); small material
or financial incentives have been used to counter such biases by providing a psychological boost to
the value an action has in the present.
This study makes two key contributions. So far, the use of small incentives for improving health
behaviors in low-income settings have been limited, for the most part, to behaviors requiring a single
“one-time” action- such as purchasing preventive products, immunizations, and getting tested or
screened for illnesses. This is one of the first studies to test whether incentives can also be used to
motivate more complex, repeated health behaviors such as adherence.
A second contribution concerns the design of incentive interventions. Adjusting design parameters
like size (Baird et al. 2009), timing/frequency (Loewenstein et al. 2013), and type of payout (Evans
et al. 2008, Banerjee et al. 2010) has been found to improve the effectiveness and cost-effectiveness
of incentives. This is, to my knowledge, the first study to assess the effect of varying an important
design parameter, the eligibility criteria –some condition which must be met before an incentive is
given out – on incentive effectiveness. Should the threshold for eligibility be set relatively high,
and/or take into consideration individuals’ starting point? Drawing on insights from psychology and
3

Prospect Theory, I vary the eligibility criteria for incentives by assigning participants to two
treatment groups: in one group, participants must meet a “Fixed” target (the clinical recommendation
for adherence) to be eligible to receive an incentive; in the other, they must meet a “Flexible” target
(a target chosen by the participant that can be adjusted closer to their baseline performance).
I find that small incentives have an overall positive impact on ART adherence over the 9-month
study. This effect is however driven by the improvement observed in the Flexible target group.
Furthermore, for the particularly vulnerable group of those struggling with adherence at baseline,
flexible targets resulted in substantially larger adherence improvements than imposing a high, fixed
target. Both incentive treatment groups are also more likely to make a timely clinic appointment
compared to the control group.
Incentives are increasingly used to encourage healthy behaviors with wide applications. This study
shows that an important consideration in the design of such incentives is a person’s starting point
performance. A plausible mechanism to explain my findings is that for low performers, commitment
to a goal and subsequent effort to achieve it depends critically on the perception that the goal is
attainable. As such, setting an absolute eligibility threshold across the distribution of baseline
performance may not have a uniformly positive effect. Rather, incorporating “sub-goaling” –
reinforcing motivation through the achievement of smaller goals leading up to a larger goal –into the
design of incentive interventions could improve treatment impact, particularly for those with low
levels of the incentivized behavior. Such an approach holds broader applicability to other chronic
health contexts with continuously-measured outcomes (e.g. adherence to other medications, weight
loss, exercise, etc.); these are promising avenues for future research.
In Chapters 2 and 3 I turn to the question of whether providing information to consumers at the
point of purchase can help people make better preventive health choices. These chapters evaluate the
effects of the FDA’s recent federal menu labeling regulation on individual’s food choice and its longrun effects on population burden of chronic disease. Implemented in May 2018, the regulation
requires US chain restaurants to post calorie information on menus. Consumption of food away from
home – which now comprise about one third of the average Americans’ calorie intake – has
exacerbated the rise in overconsumption and obesity. Providing calorie information on menus is a
policy tool to improve consumer decision-making, which may lead to higher quality diets and
mitigate the rise of obesity – a major health risk factor for chronic diseases such as diabetes.
4

Chapter 2 uses a randomized discrete choice experiment with a nationally representative online
sample of Americans to estimate the effect of calorie labeling on food choice. This is the first study
to evaluate the effect of calorie labeling across a variety of restaurants intended to represent the chain
outlets currently subject to the FDA’s menu labeling regulations. I designed nine realistic menus,
ranging from fast food restaurants to movie theater concession stands. Participants were asked to
make a hypothetical choice or select “none”. The order of menus seen and treatment per menu
(calorie label vs. no label) were randomized. In addition to having a label and no-label group, for
four menus included a “bold label” arm to test whether there is an added response to a more
prominent typeface.
People chose menu items with fewer calories when exposed to calorie information; compared to
regular labels, bold calorie labels led to fewer calories ordered in only one of the four settings where
this variation was tested, suggesting no overall effect of more prominent labeling. The effect of menu
labeling differed by context: the magnitude of the treatment effect is more pronounced in standard
meal settings (e.g. Fast food, fast casual outlets) compared to non-meal or discretionary intake
settings such as dessert outlets or cafes.
I observed substantial heterogeneity when considering the distribution of food choices rather than an
average. Subgroup analyses revealed that those who are typically more aware of calorie and nutrition
labels have a stronger response to labeling that is more than double the average treatment effect. This
suggests that in addition to providing new information, calorie labels may operate through a
behavioral channel by “reminding” those concerned about their health to stick to making a healthy
choice. In my analysis using finite mixture models to assess unobserved heterogeneity, I find that a
priori “high-calorie” consumers, comprising about one-fifth of the sample, have a larger response to
labeling compared to those consumers who select calories closer to the median of the distribution.
Though these findings are in line with previous literature (Bollinger 2011), they are exploratory
rather than conclusive as I encountered issues with model convergence in some of the menus.
Chapter 3 addresses the concern that short-term experimental results alone may be inadequate to
inform longer-run population outcomes of interest to policy-makers, particularly if – as in the case of
obesity - interventions that change proximal outcomes may not alter disease burden until many years
later. I use a dynamic microsimulation model to predict the consequences of menu labeling in
restaurants on changes in obesity-related chronic conditions and health care costs for US adults over
5

the next 30 years. I combine data on estimated changes in calorie intake from menu labeling in
Chapter 2 with individual health trajectories and population dynamics using the Future Americans
Microsimulation model (FAM). To my knowledge, this is the first study using estimated calorie
changes from such a regulation to project future health outcomes.
The treatment effect of labeling in terms of a change in energy intake translates to a reduction of 0.6
kilograms (kg) for women and 0.4 kg for men per simulation period of 2 years. Without menu
labeling, population weight increases steadily over time. Applying these relatively small effects
results in a stabilization of the weight trajectory, such that under menu labeling, average body-mass
index remains around baseline levels throughout the simulation. As a percentage of total chronic
disease burden and medical expenditures, the resulting reductions in diabetes and health care costs
due to labeling are quite small; but in absolute terms they are meaningful: the prevalence of diabetes
for example would be lower by as many as 1.1 million individuals per simulation period.
Taken together, results from chapters 2 and 3 suggest that that the FDA’s menu labeling regulations
can reduce energy intake and may be an effective tool for obesity prevention. The estimated per-meal
reduction in calories is small – about 30 calories – but if sustained over time, adds up to sizeable
reductions in societal disease burden and costs. While larger behavioral changes are required to
reverse the obesity epidemic and restore the population to normal weight levels, these large changes
tend to be unsustainable; most people who lose 10 percent or more of body weight eventually gain
the weight back. As such, advancing policies that encourage small but persistent changes in behavior
may be an effective and realistic approach to addressing the obesity epidemic. Such efforts can play
an important role in preventing further weight gain in the population by reducing the proportion of
those overweight and obese in the future. Of course, labeling alone may not achieve long-term
weight stabilization if effects don’t persist; future studies should examine long-run effects. Another
source of uncertainty is producer response. If producers increase customizability of menu items such
that calorie information is presented less clearly (for instance, as a range), consumers may have a
harder time interpreting these labels and the effects will likely attenuate. These are areas for future
research.
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Chapter 1
Moving the Goalpost Closer: Do Flexible Targets Improve the Impact
of Incentive Interventions? Evidence from Uganda1

1.1

Introduction

The global burden of disease is concentrated in poor countries. Malaria, waterborne infections from
unclean drinking water, tuberculosis (TB), and HIV/AIDS - to name but a few - cause more than 15
million deaths each year (WHO, 2012). For many of these illnesses effective treatment or prevention
products exist and are often widely available at low cost, freely provided or subsidized through
public sector programs, yet usage of health services and maintenance of required health behaviors
remain problematic (Dupas 2011).
A growing body of research shows that systematic decision-making errors or `behavioral biases’
impede health decision-making (Lawless et al. 2013, Kessler and Zhang 2014). Such biases including
lack of and limited ability to process information and present bias – disproportionally favoring
current consumption or pleasure over long-term gain, negatively affects health decisions ranging
from commitment to smoking cessation programs to take-up of preventive health products like
insecticide-treated mosquito nets (Dupas 2011). Linnemayr and Stecher (2015) found that presentbias, information salience, and over-optimism are linked to low medication adherence among
Ugandan adult HIV patients (Linnemayr and Stecher 2015). Research exploring the link between
behavioral biases and poverty have also found that material scarcity may exacerbate cognitive or
psychological scarcity (Mani et al. 2013, Datta and Mullainathan 2014). Those contending with time
and monetary scarcity have fewer cognitive resources to devote to other cognitively-intensive tasks –

Thanks to Gloria Abura, Peter Wabukala, and Halima Nakawooza for their excellent work coordinating the study
at Mildmay Uganda, as well as to the study participants who so generously gave of their time. Phuonggiang Nguyen
provided outstanding research assistance. I am grateful to Jacob Bor, Frank Schilbach, Anik Ashraf and other
seminar participants at the Northeast Universities Economic Development Consortium conference and Boston
University School of Public Health for helpful comments. This research was funded through NIH grant no:
R01HD074925-04S1.
1
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such as keeping a strict pill-taking regimen, and thus may be more prone to succumb to behavioral
biases. As such, alleviating behavioral barriers to health may be a particularly promising approach to
motivate health behaviors in low-income contexts.
Small material or financial incentives are an increasingly popular and promising behavioral
economics tool used to counter systematic biases. Several studies have demonstrated that they can
have a disproportionately large impact on behaviors and outcomes in low-income settings (Thornton
2008, Banerjee et al. 2010). In this paper, I evaluate the impact of a small incentives intervention on
medication adherence among youth living with HIV, using a randomized field experiment in Uganda.
This study makes several key contributions to the existing literature on incentives more broadly and
on HIV in particular:
The first contribution concerns the design of incentive interventions. Adjusting the context around an
incentive – altering design parameters like size (Baird et al. 2009, Levitt et al. 2016),
timing/frequency (Just and Price 2013, Loewenstein et al. 2013), and type of payout (Evans et al.
2008, Banerjee et al. 2010)– have been found to improve its effectiveness and cost-effectiveness. Yet
a key parameter in the design of incentives which has so far received scant attention is the eligibility
threshold, i.e. the condition which must be met before an incentive is given. Given that many
complex health behaviors and outcomes are measured along a continuum, two key questions arise:
how high should the conditionality threshold be set? Should the same conditionality apply to
everyone?
This paper fills this gap in the literature by evaluating the relative effectiveness of two approaches to
setting incentive eligibility thresholds. Participants were randomized to two treatment arms that
allowed them to enter a prize drawing for a small incentive if their medication adherence, defined as
taking x percent of pills out of pills prescribed, met or exceeded a target. In the “Fixed Target”
treatment arm, a participant must reach the fixed, clinically recommended target of 90 percent
adherence (i.e. they must take 90 percent of pills prescribed) to be eligible to participate in the prize
drawings for an incentive. In the “Flexible Target” arm, a participant had to meet an adherence target
which they could select to be target closer to their initial performance for the same incentive.
The theoretical literature on goal-setting has shown that a target that is set too high can exert a
demotivating influence on those far below it (Wu et al. 2008); this is particularly relevant for the
8

study sample, with an average adherence of only 65 percent and with fewer than 30 percent adhering
at the 90 percent mark pre-intervention. Giving participants the option to set flexible targets allows
them to set more personally manageable goals, which may be particularly crucial among those who
are initially far below the clinically optimal threshold. Heath et. al. (1999) presents a useful and
parsimonious conceptual framework to understand this relationship between demotivation and
distance to a goal, based on the idea that goals serve as reference points and alter outcomes in a
manner consistent with the value function in Prospect Theory (Kahneman and Tversky 1979). A key
behavioral implication of this conceptualization is the “goal gradient” effect: the closer an individual
gets to a goal, the more motivated s/he is to achieve it. Conversely, someone far away from a target is
less likely to exert effort to move towards it than someone who is initially closer (Heath et al. 1999).
I use this framework to better understand potential mechanisms behind the differences in treatment
impact between Fixed and Flexible targets. As many health contexts require maintaining repeated,
complex behaviors that are measured on a continuum, it becomes important to carefully think about
the best way to incentivize such behaviors. To my knowledge, this is the first paper exploring the
relative effectiveness of fixed, high targets versus variable targets for health behaviors.
This is also one of the first studies to test the effect of a small incentives intervention in a low-income
setting to motivate repeated, chronic health behaviors. To date, most studies applying behavioral
economic principles to health in low income countries have focused on one-time behaviors such as
purchasing preventive products, immunizations, getting tested or screened, etc. Banerjee et. al.
(2010), for example, found that providing a small bag of lentils improved one-time malaria
immunization rates for children; this small incentive was enough to neutralize present-bias by
offering immediate gratification for adopting a behavior that had only long-run payoffs (Banerjee et
al. 2010). Thornton (2008) found that vouchers for small amounts of less than $3 resulted in large
attendance gains in obtaining HIV test results and even the smallest amount, a tenth of daily wage,
had a large effect (Thornton 2008). Thirumurthy et al. 2014 found that providing food vouchers
increased the uptake of voluntary medical male circumcision in Kenya (Thirumurthy et al. 2014)
Contrasting with one-time health actions, medication adherence is a behavior requiring a daily
decision that has a cumulative, long-run effect on health. Given the rise of chronic conditions in lowincome settings, it is imperative to test whether similar interventions and insights that work for
simpler behaviors can be leveraged to improve longer-term commitment to care and encourage
individuals to sustain the repeated health actions needed for maintaining good health. This study
9

represents one of the first steps in this direction in the form of a randomized field experiment. Using
incentives to motivate repeated behaviors is not unprecedented however; in the US, variable rewards
(i.e. those allocated in a non-deterministic manner) were successful in improving outcomes in
chronic disease management including warfarin medication adherence (Kimmel et al. 2012) and
weight loss (Volpp et al. 2008). Recently, Linnemayr and Stecher (2017) find that adult HIV patients
receiving small, in-kind incentives were more likely to achieve clinically optimal medication
adherence compared to the control group (Linnemayr et al. 2017).
This study focuses on improving health decisions in the context of HIV/AIDS, a context in which the
actions of those at risk or living with HIV have a particularly large effect on disease containment. As
of 2000s, increases in international funding for ART and generic competition led to the mass
disbursement of ART in many SSA countries through public sector treatment programs. Those who
remain in treatment and adhere to their medications achieve nearly normal life expectancies (Egger et
al. 2002, Coetzee et al. 2004, Ivers et al. 2005, Laurent et al. 2005) with improvements to quality of
life as well as employment and mental health (Bor et al. 2012, Baranov et al. 2015). Despite
substantial progress in treatment access however, low ART adherence remains a major economic and
public health concern even where drugs are available. HIV-infected individuals are required to take
at least 90 percent of pills prescribed in order to suppress viral replication and prevent transmitting
the virus to others (Gross et al. 2001, Hogg et al. 2002) – yet mean ART adherence typically ranges
from 60 to 80 percent when measured objectively with the help of electronic monitoring devices, and
only 30 to 60 percent of patients achieve at least 85 percent adherence (Byakika-Tusiime et al. 2005,
Mills et al. 2006, Ortego et al. 2011). From a public health perspective, this means that ensuring onetime treatment take-up is insufficient to reap the full benefits of ART; maintaining adherence is an
equally important policy goal.
A contribution this study makes that is specific to the HIV literature is that the sample represents an
understudied population with significant adherence barriers. Adolescents account for a large
proportion of new HIV cases and they are the only age group where HIV-related mortality is on the
rise (Nabukeera-Barungi et al. 2015). AYA also face greater barriers to adherence and clinic
retention compared to adults; a longitudinal study from South Africa found that adolescents aged 1119 were 70–75 percent less likely to be virologically suppressed (≤400 copies/mL) at 1 and 2 years
after ART initiation (Nachega et al. 2009) compared to adults. Recent research in neuroscience
suggest that AYA have greater self-regulatory challenges and discount the future at higher rates than
10

adults (Steinberg 2008, Steinberg et al. 2009), yet few studies have applied interventions based on
behavioral economic principles to this group. Participants in this study have been on ART for at
least 2 years and are also representative of a group who are likely to experience treatment fatigue (i.e.
decreased motivation over time to adhere to medication regimen) and for whom the need for
effective intervention is greatest.
The study sample consists of 216 adolescents and young adults (henceforth “AYA”) recruited from a
publicly-funded HIV clinic in Kampala, Uganda. Study participants were randomized into either the
Flexible Target arm, Fixed Target arm, or a control group. Eligibility to receive an incentive (a prize
drawing with expected value of $1.40 in mobile airtime) during routine clinic visits was conditional
on achieving electronically-measured adherence above the target. If the target was met and
participants drew a non-zero number, study coordinators directly disbursed the incentive (mobile
airtime of the amount they drew) to the participant’s phone. Since this study uses the same sample
and continues from a previous SMS messaging study, all groups continued to receive weekly SMS
reminder messages; given that SMS messaging had no impact on adherence (Linnemayr et al. 2017),
the SMS-only group can be considered the control group in this new study. Though the primary
outcome of interest is medication adherence, I also evaluate the effect of a related outcome, making
an on-time clinic visit which typically coincides with picking up medication refills.
Several insights emerge from the experiment: first, when pooling the two incentive arms, incentives
improved mean adherence by 7.7 percentage points (pp) compared to the control group at borderline
levels of conventional statistical significance (p-value=.08). However, when comparing each
treatment arm separately to control, I find that this average pooled incentive effect is driven by the
Flexible Target treatment arm. Compared with the control group, those in the Flexible Target arm
improved adherence by 11.4 pp (statistically significant at the 5 percent level) compared to a small
and not statistically significant difference when comparing Fixed Target to Control.
Second, in an analysis of treatment heterogeneity by baseline levels of adherence, I find that,
consistent with predictions, the difference in effect size between Flexible and Fixed Target groups is
largely driven by those who struggled with adherence at baseline (“low” adherers, defined as having
baseline adherence below 60 percent). Among this group, Flexible incentives improve adherence by
17.3 percentage points relative to Control (p-value<.05), compared to a 5.1-percentage point
improvement between Fixed Target and Control that is not statistically significant. This finding is in
11

line with the idea that high goals may exert a demotivating influence on those performing far away
from them, and that allowing for personalized standards may be more effective at improving
outcomes. On the other hand, for those who are initially closer to the goal of 90 percent, the Fixed
Target is more effective. While the Fixed Target treatment arm did not have a statistically significant
average treatment impact, for medium baseline adherers (defined as between 60 and 90 percent at
baseline) adherence improved by 17 percentage points. Due to small cell sizes, these sub-analyses
should be interpreted with some caution; however, as they test pre-defined hypotheses based on a
clearly defined conceptual framework, the results provide a useful groundwork for future research in
testing a more granular implementation of a goal-gradient approach (i.e. incrementally increasing
goal targets) versus a fixed goal.
A third insight is that participants in the Flexible Target group chose adherence targets that suggest
intrinsic motivation in goal-setting. In each game, over 70 percent of participants in this group chose
a goal that is higher than the allowed minimum of 80 percent, with the modal target increasing with
baseline adherence level, suggesting that many participants viewed the prize drawing as an
opportunity to hold themselves to a higher adherence standard rather than maximize expected prize
monies. This is consistent with the idea that such small incentive interventions are designed to target
behavioral, rather than income barriers. They work by modifying the trade-off between the current
costs and future benefits of a behavior, and therefore altering the psychological value an action has in
the present. Study participants’ response to choosing higher-than-minimum goals can be interpreted
through a similar lens as those who set aside money for a commitment device, risking a financial loss
in order to meet a goal, such as with smoking cessation in the Philippines (Giné et al. 2010). John et.
al. (2011) tested the effect of financial incentives for weight loss and also found that people chose
goals that were more stringent than the minimum that would be economically rational (John et al.
2011).
Lastly, I find that by conditioning the eligibility of receiving an incentive on coming to the clinic on
time, participants are less likely to miss clinic visits, the usual purpose of which is to obtain
pharmacy refills on their ART prescriptions. Incentives increase the percentage of timely clinic
attendance by 11 percentage points across both treatment groups, or roughly 1 additional timely visit
out of 7 visits per 9 months on average. This result has implications for clinics that may wish to
improve clinical efficiency, in addition to corroborating my finding that incentives improve
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adherence, since the two outcomes are linked: timely drug refills are required to maintain proper pilltaking behaviour.

1.2

Context and Conceptual Framework

1.2.1

Adherence to ART and Clinic Attendance

In Sub-Saharan Africa (SSA), 25.7 million people are living with HIV, accounting for 70 percent of
the global total (UNAIDS 2018). ART has transformed HIV from a deadly infectious disease to a
chronic condition, but achieving long-term health and reduced likelihood of transmission requires a
lifelong commitment to medication adherence and usage of health services. Yet as ART is a life-long
prescription, many patients experience treatment fatigue, i.e. a “decreased desire and motivation to
maintain vigilance in adhering to a treatment regimen among patients prescribed in long-term
protocols” resulting in adherence levels that are below what is clinically recommended (Claborn et
al. 2015).
Adherence or non-adherence is a series of daily behaviors by the patient that is generally
unobservable to the clinician; as such, its definition and measurement warrants some discussion.
Medication adherence, as defined in this chapter, is the use of ARTs at the prescribed dosing
frequency, i.e. the percentage of doses taken out of total doses prescribed. Regularly missing doses
or dropping out of programs increases the number of resistant strains of the virus, causing
effectiveness to wear off over time. In low-income countries like Uganda, suboptimal adherence is
exacerbated by the limited accessibility and often prohibitively expensive costs of second and third
line compared to first-line drugs. Clinically optimal adherence is generally considered to be around
90 to 95 percent (Gill et al. 2005).
Few studies can observe patient pill-taking behaviors over an extended period; hence surrogate
measures of adherence are often used in research studies. These measures fall into three main
categories: (1) subjective measures of adherence based on self-report, or others’ report; (2)
pharmacologic measures such as pill count, pharmacy refill records, and electronic drug monitoring
(EDM) devices; and (3) physiological methods or indicators, such as plasma HIV RNA levels. Gill et
al. 2005 reviewed papers using various forms of the first two measures, comparing them against the
objective health outcome, i.e. undetectable viral load. The authors concluded that physician
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assessment and self-report are the least accurate, pill counts as intermediate, and EDM as the most
accurate adherence marker (Gill et al. 2005).
A 2006 WHO report on challenges of ART reviewed several studies in African settings from pre2005 and found that optimal adherence rates ranged from 54 percent to 98 percent: Botswana
(Weiser et al., 2003: 54 percent); Nigeria (Daniels, 2004: 79 percent); South Africa (Ferris et al.,
2004: 77 percent); Uganda (Byakika‐Tusime, 2005: 67 percent; Munganzi, 2004: 98 percent); and
Rwanda (Omes, 2004: 85 percent) Most of these, with the exception of Omes, used self-reported
measures (WHO 2006).
These studies may have overestimated adherence due to relying on self-reported data or excluding
patients lost to follow-up from their calculations. They are also not likely to be an accurate portrayal
of ART adherence today; they were conducted while ART was newly introduced to the region, and
there is evidence from longitudinal studies of declining adherence over time. Senegal, Laurent et. al.
noted that over 95 percent of patients had adherence exceeding 80 percent after 1 month on therapy,
but 18 months later only 80 percent of patients remained above that level. The proportion of patients
with undetectable viral loads also fell correspondingly, from 79.6 to 59.3 percent. A more recent
2012 paper from Kenya found a 12-percentage point discrepancy between mean self-reported
adherence of (98.7 percent) and electronically monitored adherence (86 percent), which grew over
time as EDM adherence declined. Results from another 2011 study in Kenya, found that in the
context of a randomized control trial, those in the control group saw declines in EDM-measured
adherence from 60 percent achieving at least 90 percent adherence, to 40 percent within about a year
(48 weeks).
A review of adherence studies among HIV-infected youth from the United States finds that youth are
likely to face greater adherence problems than adults (Reisner et al. 2009). A study from South
Africa using pharmacy refills as an adherence measure found that adolescents aged 11-19 were
approximately 50 percent less likely than adults to maintain perfect adherence at all time points and
70–75 percent less likely to be virologically suppressed (≤400 copies/mL) at 1 and 2 years after ART
initiation.” (Nachega et al. 2009) In our own paper using an AYA sample in the same care center, I
found that less than 30 percent were adherent at the clinically optimal rate (Linnemayr et al. 2017).
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Though adherence is the primary outcome variable of interest, I also evaluate timely clinic
attendance as a secondary but important process outcome. There are several reasons why I am
interested in this outcome: first, timely visits correlate with adherence. In similar HIV settings ontime pharmacy refills are associated with a better CD4 count response (Anoje et al. 2017) as well as
lower viral load and drug resistance (Bastard et al. 2012). A delay in obtaining drug refills can mean
going a few days without pills; over time, patients who are frequently late or have an irregular careseeking pattern, would not be able to adhere well and are at greater risk of repeatedly missing care or
dropping out entirely (Kimeu et al. 2016). The two outcomes must complement one another to ensure
good adherence behavior: clinic attendance measures whether a participate is getting their pills on
time, whereas adherence measures whether they are indeed taking the pills. From the clinics’
standpoint, timely visits by patients are an important outcome as they improve clinic efficiency and
planning; unannounced or last-minute reschedules often lead to longer wait-times and uncertainties
in staffing.
1.2.2

Conceptual framework

There is a vast literature in psychology on goal-setting and motivation, with several findings that are
relevant to the two key questions surrounding the design of incentive interventions: how high should
the conditionality threshold be set? Should the same conditionality apply to everyone?
The first insight is that goals function as reference points and motivate people by creating a negative
discrepancy between a person’s desired state and their actual state. (Heath et al. 1999, Bonezzi et al.
2011). Initial position affects motivation towards reaching the goal. Those performing far below a
difficult goal experience the “starting problem”; inaction resulting from the belief that the goal is
unattainable (Louro et al. 2007, Huang et al. 2012). Etkin and Ratner (2011) for example, found that
people seek confirmation of the goal’s attainability before investing further effort into the pursuit
(Etkin and Ratner 2011). A solution to this is “subgoaling”: creating two (or more) distinct reference
points in addition to the single reference point of the ultimate objective. Bandura and Schunk (1981)
found that a proximal reference point created from sub-goaling increases motivation and
performance because they provide immediate and achievable benchmarks, whereas a distal goal is
ineffective in mobilizing or directing effort (Bandura and Schunk 1981). Subgoaling is most useful
when people are most doubtful about reaching a goal or are performing farther from their goal
(Latham 1990, Brunstein 1993, Soman and Shi 2003).
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Heath et al. 1999 and Wu et al. 2008 show that the properties of the value function from Prospect
Theory can parsimoniously explain previous empirical results in the goal literature on effort,
persistence and performance: the first insight from the application of Prospect Theory to goal-setting
is that goals operate as reference points in that people tend to categorize achievement outcomes as a
“success” (gain) or a “failure” (loss) relative to the goal marker. The utility of outcomes is
associated with a psychological value: negative if one falls in the space of “losses” or “failures”
where outcome is below a reference point and positive if one is in the region of “gains” or
“successes”, where the outcome meets or exceeds the reference point. This means that one’s utility or
happiness does not depend on absolute but rather on relative performance. Consider two persons A
and B who typically adhere to their medication at 80 percent. Person A decides she will try to meet a
goal of 90; she ends up scoring 87. Person B decides she will try to meet a goal of 85. She scores 85.
Prospect theory predicts that even though Person A outperformed Person B, Person A will feel worse
about her performance.
A second property of the value function that applies to goal-setting is “loss aversion” or the idea that
losses are more painful than gains are pleasurable (v(x)<|v(-x)| in Figure 1.1). Loss aversion implies
that people who are below their goal by 5 units will perceive their performance as a loss relative to
their goal; they will work harder to increase their performance by a given increment than people who
are above their goal by 5 units. Because of the shape of the value function, there is a “goal gradient”
– the closer one is to their goal, the faster utility increases with an additional unit increase in
outcome/performance – and hence the more effort will be exerted to reach the goalpost. Conversely,
those who have reached their goal will not exert as much effort for the next unit. This can be seen in
Figure 1.1, which shows movements in adherence outcomes relative to the goal of 80 percent. When
the goal is 80, a person moving from 70 to 75 percent adherence will experience a larger utility
increases [v(75) – v(70)] compared to a person moving from 85 to 90 percent adherence [v(90) v(85)].
Empirical studies of risky choice and riskless choice have presented converging evidence that losses
are weighted approximately two times more than equivalent gains (common values for the
“coefficient of loss aversion” fall between 2 and 4). People are willing to work twice as hard when
they are approaching their goal than after they have exceeded it. Pope and Schweitzer (2011) show
that even the behavior of highly experienced professionals in high stakes settings seems to follow
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predictions of prospect theory: professional golfers for instance, exert more effort when attempting a
putt for par than when attempting a putt for scores other than a par, a finding that is indicative of loss
aversion relative to the par reference point. (Pope and Schweitzer 2011)
Figure 1.1 Value Function and Utility and Loss aversion

The S-shape of the value function also shows the property of diminishing sensitivity – that is, the
additional loss or gain will impact utility less than the one before it (v’’(x) <0 when x>0 and v’’(x)>0
when x<0). People who are very far from a goal will not be as motivated as those close to it. Figure
1.2 shows two people who are both adhering below the goal – one is far away (starting at adherence
65) and the other is closer (adherence 80). The value from moving from 65-70 is much smaller than
the value of moving from 80 to 85. The implication from this insight is that high goals could be
demotivating for people far away from them. Because of diminishing sensitivity, the marginal unit of
effort exerted by someone far away from their goal generates less utility gain than if they were closer
– hence progress becomes harder to discern and motivation decreases. This is illustrative of the
“starting problem” where it becomes difficult to motivate oneself to start a task when the goalpost is
far away.
17

Figure 1.2. Value Function and Diminishing Sensitivity

The key takeaway from this conceptual framework is that goals are reference points and people’s
position relative to that point determines how they respond to it. A point of entry for an intervention
is therefore to shift the target; shifting the target for different groups of people by taking advantage of
the properties of the value function and maximizing sensitivity right below a goal can improve the
targeting and therefore the impact of these interventions.
Using the two features of the value function – loss aversion and diminishing sensitivity, I make some
useful predictions about the two incentive treatment groups how they impact participants with
differing levels of baseline performance. I begin with grouping participants by their starting point
adherence at baseline into “low”, “medium”, and “high” adherence categories. “High” adherers are
those who, at baseline, adhere above 90 percent- this is a fixed, clinical standard. I define “low”
adherers to be those adhering at below 60 percent at baseline; and “medium” adherers as those
adhering between 60 and 90 percent at baseline. Since I do not know the exact shape of the
underlying value function, the groupings for “low” and “middle” are somewhat arbitrary- a point

18

addressed further in section 5.6. For now, some broad predictions can be made for each adherence
category:
•

Low-adherers: Low baseline individuals experience diminishing sensitivity from being far
from the 90 percent target. “Low” adherence individuals are able to select closer targets in
the Flexible Target group, and hence are likelier to do better compared to those who similarly
struggle with adherence in the Fixed Target group.

•

Medium-adherers: “Medium” adherence individuals stand to benefit most from the “goal
gradient” around the 90 percent adherence target, as their performance is within the range
below the reference point where the value function slope is the steepest. Fixed Target
medium adherers will improve relative to the Control group. Predictions for mediumadherers in the Flexible Target group depends on how participants select the targets. If a
proportion set lower targets for themselves, they may improve but with a smaller magnitude
of improvement compared to Fixed Targets, who are all subject to the 90 percent reference
point.

•

High-adherers- “High” adherence individuals are already at 90 or past it at baseline. The
benefits of the reference point of 90 are lower for this group. Since everyone in the Fixed
Goal group faces the same reference point of 90, but some people in the Flexible Target
group may adjust upwards and set higher goals for themselves (up to 100 percent, as seen in
Table 1.3), high adherers in the Flexible Target group may do better than their Fixed
counterparts. Since 90 is widely known by patients as a clinical reference point and there is
less room for further improvement, the difference between groups is likely to be small.

1.3

Experiment Design

1.3.1

Intervention and Timeline

The experiment design and study population closely relates to the experiment that preceded it. In this
section, I discuss the relevant details from this earlier study (Study 1) before describing the main
experiment which is the focus of this chapter (Study 2).
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Study 1: SMS Intervention
From 2014-16, 332 youth and young adults living with HIV between ages 15-22 participated in a
Short Messaging Service (SMS) intervention, a randomized trial which tested the effect of reminder
messages on adherence. At the time of recruitment, participants were in HIV care and on ART or
prophylaxis regimens at two health facilities in Kampala, Uganda: Mildmay and Infectious Diseases
Institute. Both are non-profit organizations that provide ART and other services free of charge to the
general population in and around Kampala, serving a generally poor clientele. Overall the SMS
interventions did not have a statistically significant effect on adherence outcomes. We document
findings in our one-year impact paper (Linnemayr et al. 2017).
Study 2: Incentives Intervention
As Study 1 ended in July 2016, the remaining 229 participants from Study 1 presenting at Mildmay
were randomized to a control group or one of two treatment groups in the study discussed here.2 The
main experiment evaluated in this paper is the provision of incentives in the form of prize drawings
or “games”, as study participants and coordinators called it during the study. Participants randomized
into the two intervention arms were eligible to receive small incentives of either 0, 5,000 USH ($1.4)
or 10,000 USH ($3) of mobile airtime during regular clinic visits conditional on achieving ART
adherence above a certain target and making an “on-time” clinic visit (defined as visiting the clinic
within 5 business days of their scheduled appointment). In the “Fixed Target” group, participants had
to reach the externally imposed and clinically optimal adherence of 90 percent and make an on-time
clinic visit to be eligible for a game. In the “Flexible Target” group, participants must reach a target
of their own choosing, which could be any point over 80 percent in five-point intervals: 80, 85, 90,
95, or 100, and can be re-adjusted at each visit3. If the participant met their target, the expected
payment of winnings in each game was 5,000 USH, amounting to 20,000 USH or $5.58 over four
games which spanned the 9-month study period assuming the participant has visits about every two
months.

The second clinic (Infectious Disease Institute) was not included in Study 2 because of delays in Institutional Review Board
(IRB) approval at that institution.
3 For IRB reasons we could not incentivize people to perform to lower than a medically beneficial target, and hence the target
selected had to be above 80.
2
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The SMS intervention continued to be implemented in both comparison and treatment groups. All
three groups (including control) continued to receive a weekly message plus airtime of 1,000 USh or
$0.27 if participants responded to the message. SMS messages continued primarily for reasons of
fairness; this guaranteed that those in the comparison group who received the standard of care in the
preceding 24 months during Study 1 could also take part in an intervention in Study 2. Given that I
find no effect of messaging on adherence in the SMS study, we consider this the de-facto “control”
group. The three groups are summarized in Table 1.1.
Table 1.1. Experiment Design
Fixed Target

Flexible Target

Participant draws from
3 cards with expected
value ~$1.4 in mobile
airtime if fixed
adherence target of
90% is met, and
participant made a
timely clinic visit

Participant draws from 3
cards with expected value
~$1.4 in mobile airtime if
flexible target of
participant’s own
choosing is met, and
participant made a timely
clinic visit

Can play up to 6
games during clinic
visits over 9 months

Can play up to 6 games
during clinic visits over 9
months

Control

No incentives

Weekly SMS motivational message + airtime top-up of 1,000 USh (27 cents) if
participant responds

1.3.2

Randomization

Prior to recruiting participants for Study 2, I randomized the 229 study patients at Mildmay clinic at
the end of Study 1 into one of the three study groups. To maximize the statistical power from this
sample, I performed a block randomization based on four strata of baseline adherence. According to
Bruhn and McKenzie (2008), in smaller samples pairwise matching and stratification do better in
terms of achieving balance than a simple random draw. By randomizing within strata, block
randomization theoretically eliminates differences between groups and increases sensitivity to
detecting smaller treatment differences than would otherwise be possible (Box et al. 2005).
As statistical efficiency is greatest when block variables are highly predictive of follow-up outcomes,
baseline adherence is the preferred variable to use. However, I was unable to use an exact definition
of “baseline” adherence at the time of randomization due to a lag in when electronic bottle caps were
collected and extracted, as well as the rolling recruitment. Study participants were recruited for Study
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1 over 6 months so at any given calendar time there was variation in how many months each person
had been in the study. Electronic adherence data was also extracted about once every 1-3 months
during clinic visits; hence at the time of randomization (3 months before Study 2 started), the latest
period of available adherence data for most of the sample was around 6 months prior to the planned
Study 2 start date. I used the three-month average adherence in this period4. The four strata of
baseline adherence used for randomization were determined by percentile cutoffs of the continuous
mean adherence variable. The lowest strata (25th percentile) had average adherence 20 percent,
second strata (25-50th percentile) was 66 percent, 3rd strata (50-75th percentile) was 88 percent, and
highest strata (75th and up) was 98 percent. The results of the stratified randomization on the original
sample (mean adherence in each of the three groups, by strata) are shown in Appendix Table A1.1.
1.3.3

Recruitment

Participants were approached for rolling recruitment for Study 2 from August 2016 to January 2017.
Patients presenting at the clinic were eligible for study participation if they were aged 17-24 years,
had daily access to a mobile phone, and were familiar with SMS messaging. Individuals who did not
own mobile phones were eligible if they had shared access for at least five days per week. Mobile
phones or phone airtime were not provided; at baseline about 72 percent of the sample owned a
mobile phone. Exclusion criteria included attending boarding school or expecting to attend one,
since mobile phone use is commonly prohibited in these institutions.
All participants were using EDM bottle caps since the start of Study 1, and simply continued to use
these for the new study. These electronic monitors resemble regular bottle caps and contain a tracker
(unseen to the patient) that counts each opening and the time of opening. Medication was transferred
to the bottle with this cap under the supervision of the study coordinator, and the time and date of
each opening was electronically recorded. Participants were not informed exactly how the caps
worked hence were less likely to force false openings, a concern addressed in Section 6.
During recruitment, all treatment participants played a “free trial” game which was not contingent on
adherence. This was done both to enhance understanding of how the game works, including its
probabilistic aspects (i.e. the reward amount is based on chance) as well as to increase participant
“buy-in” by making the game salient and fun from the outset.

4

The period 9 months to 6 months prior to study start date.

22

1.3.4

Clinic and Prize Drawing Procedures

Participants came to the clinic for their regular clinic visits every 1 or 2 months. During each visit,
study coordinators updated the phone number and next dates of appointment into a study-specific
electronic tracking database. Participants were not eligible for a game if they missed their
appointment dates by a margin of 5 weekdays. For all participants, information from the EDM caps
was downloaded onto a computer during routine clinic visits, which was easy to implement. The
computer software which reads in the data has a front-end interface which showed the exact date and
times of opening in a calendar format, and produced a summary measure of adherence. Study
coordinators selected the exact range of time to check adherence. Appendix Figure A1.1 shows the
chart of opening times for a patient adhering with a twice a day regimen. Because the spacing
between clinic visits varied by participants, I standardized the period of adherence that was checked
in order to be eligible to draw a prize; participants were told their adherence would be checked for
the last 30 days before their visit. This has the additional advantage of allowing for a robustness
check, further detailed in Section 6.
For each participant in the Fixed Target or Flexible Target treatment groups, the game procedures
during a visit were the following:
1. The study coordinator verified whether a timely clinic visit was made, meaning the visit
made corresponded to the scheduled appointment date within a range of 5 days. If so, study
coordinator placed the EDM cap on the reader and checked whether adherence target was
met over the last 30 days before the visit. The program showed them the percentage of doses
taken out of prescribed doses during this time frame.
2. If the participant’s adherence was below their target the study coordinator told them, “This
past month you have not reached your target. Your target was (for example) 95 percent, so
we cannot play the game today. Next time if your adherence exceeds your target, you can
qualify for a draw.” If the participant is in the Flexible Target group, study coordinators
would additionally ask: “Your target was 85 for this visit. Would you like to set a new target
or keep the same target for next time?” The new target would be added to the tracking
database for the next game.
3. If the participant scored at or above the target, s/he qualified for a draw and was told
“Congratulations, your adherence this past month exceeded your target of 90 percent. You
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are eligible to play the game!” Participants then drew once from three face-down cards with
the amounts of 0, 5000 USh, and 10,000 USh.
4. If they drew a positive amount, study coordinators congratulated them and disbursed the
prize winnings. If the participant had their own phone, study coordinators sent them mobile
airtime on the spot via SMS and made sure the participant received it. If the participant did
not have a device but had shared access to one, participants were given the choice of
receiving airtime on the shared mobile device, or getting a mobile airtime voucher (scratch
card).

1.4

Data and Descriptive Insights

1.4.1

Randomization Success and Sample Characteristics

Of the participants at Mildmay clinic at the end of Study 1, 216 participants were recruited for Study
2. Only 4 patients who were approached declined to participate and the remaining 9 could not be
reached for enrolment. From the starting sample of 216, 209 participants had a follow-up clinic visit
wherein data from their EDM caps were extracted at least once during the study period. These
comprise our final sample, with 67 in Control, 72 in Fixed Target, and 70 in Flexible Target. An
endline survey was done at the end of Study 1, which I use to construct baseline variables for Study
2. At baseline, the average age of participants was 19 years, and roughly half (54 percent) were
female. Almost all participants had completed primary education and the majority (63 to 77 percent)
could read and write a simple sentence easily. About 44 percent of participants described the quality
of their houses as “Poor” when asked to self-rate their homes as either “Poor”, “Fair”, or “Good”. A
large majority (82 percent) had some form of electricity, such as from a main line, generator or solar,
in their homes, and a little over half (53 percent) had piped or tap water. Mean self-reported weekly
income was about 19,000 USh or 6 USD.
Table 1.2 shows the balancing table of pre-intervention covariates across study groups. I compare
socio-economic and demographic variables across groups, as well as several measures of adherence,
and report the p-value from a chi-square test of equivalence between the three groups as well as t-test
comparisons of each variable between each treatment group and control group. Randomization
appears to have been successful at balancing the majority of baseline variables across groups. None
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of the socio-demographic variables differ statistically significantly across groups in the three-group
comparison. Most baseline characteristics are also well-balanced when comparing each treatment
group with the control group.
Because pre-intervention adherence is most predictive of adherence outcomes, this is the variable of
greatest concern when checking whether randomization balances the sample. Stratifying
randomization by baseline adherence levels should have ensured that adherence is well-balanced
across the groups. However, both adherence at the randomization and adherence 1-month preintervention are slightly higher among the Fixed Target group than the Control or Flexible Target
group. Adherence is 77 percent among Fixed Target participants, 70 percent in the Control group,
and 69 percent in the Flexible Target group. This difference is borderline significant in the threegroup comparison (p-value=0.12, Table 1.2 col 4) as well as when comparing Fixed Target vs.
Control (p-value=0.11, Table 1.2 col 5). Adherence the month before the intervention starts follows a
similar pattern and is higher among Fixed Target compared to both Control and Flexible Target
(significant at 4 percent when comparing Fixed Target vs. Control, Table 1.2 col 5).
This discrepancy is due to the change in composition of participants from the initial 229 at
randomization and the final sample of 209. I account for this pre-treatment difference in the
estimation of treatment impact by performing a difference-in-differences analysis, which removes
any potential biases that result from permanent differences between groups observed at baseline.
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Table 1.2. Participant Summary Statistics

Female (%)
Age (years)
Married (%)
Literacy (%)
read easily
write easily
Education (%)
Completed primary
Completed secondary
Housing (%)
Self-rated house as "poor"
Has electricity
Has piped water
Weekly income (USh)
Mean
income>50k USh (%)
income>75k USh (%)
Owns phone (%)
Adherence(%)
self-reported
at randomization
1-month pre-intervention

(1)

(2)

(3)

(4)

(5)

(6)

Control
Mean
(n=67)

Fixed
Target
Mean
(n=72)

Flexible
Target
Mean
(n=70)

Threegroup
comparison
(p-value)

Fixed
vs.
Control
(p-value)

Flexible
vs.
Control
(p-value)

50.70
19.04
25.35

53.52
19.55
29.58

57.97
19.25
40.58

0.57
0.39
0.40

0.62
0.19
0.52

0.29
0.30
0.24

69.01
77.46

69.01
77.46

63.77
65.22

0.77
0.20

0.96
0.96

0.55
0.14

100.00
77.46

100.00
77.46

98.55
65.22

0.38
0.23

.
0.92

0.33
0.13

43.66
78.87
53.52

49.30
88.73
59.15

37.68
81.16
50.72

0.35
0.26
0.55

0.55
0.10
0.51

0.39
0.68
0.67

20,478.00
41.43
20.00
0.71

19,492.96
45.07
23.94
0.73

17,405.88
42.03
21.74
0.71

0.82
0.85
0.77
0.94

0.89
0.60
0.48
0.77

0.56
0.65
0.64
0.98

83.85
0.70
0.63

80.21
0.77
0.75

85.77
0.69
0.61

0.18
0.12
0.04

0.21
0.11
0.04

0.55
0.68
0.75

NOTE: This table presents pre-intervention summary statistics for the final sample of 209 participants who had their electronic drug
monitoring bottle caps extracted at least once during the intervention. Demographic and socio-economic variables are from the
baseline survey. Self-reported adherence is the share of doses taken as prescribed in the past month, as reported by the participant
also during the baseline survey. Adherence at randomization refers to the average electronically-measured three-month adherence
taken three months before intervention started, when I did the randomization. At an exchange rate of 1 USD to 3,328 USh around
the time of recruitment August 2016, the mean self-reported weekly income is about 6 USD. Col (4) shows the p-values from the
F statistic of mean comparisons between all three groups. Cols (5) and (6) shows the p-values of t-tests between Fixed vs. Control,
and Flexible vs. Control, respectively.

1.4.2

Game Descriptives

Among the two intervention groups, participants came to the clinic for an average of 4.5 game-visits
(clinic visits corresponding to a potential prize drawing) over 9 months. Across all game-visits, 43
percent of participants were eligible for a prize drawing and played a game. Of those who were
ineligible, having a 30-day EDM adherence lower than the target for that visit is the main reason (50
percent), followed by having missed the appointment date (14 percent).
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Table 1.3 shows the adherence targets chosen by Flexible Target participants, in each game. Overall,
the targets selected suggest that participants were not solely motivated by maximizing their chances
of winning a prize (in which case most would select the lowest threshold of 80 percent). In each
game only 15-20 percent chose a target of 80 percent (Table 1.3). The modal choice was 90 percent;
in all games, the plurality of participants (over 60 percent in each game) chose a target of 90 or
higher. While making these choices does not necessarily constitute using a commitment device as the
term is commonly used, it does suggest that participants are willing to incur a probable financial loss
in order to commit themselves to a higher standard. This reinforces the motivation behind using
small incentives: they are intended to alleviate behavioral, rather than income constraints.
Table 1.3. Adherence Targets Chosen by Flexible Target Participants
target

Game 1

Game 2

Game 3

Game 4

Game 5

n

%

n

%

n

%

n

%

n

%

80
85
90
95
100

12
13
17
14
14

17
19
24
20
20

10
13
17
13
13

15
20
26
20
20

11
12
23
13
9

16
18
33
19
13

12
11
19
11
8

20
18
31
18
13

4
10
12
9
3

11
26
32
24
8

Total

70

100

66

100

68

100

61

100

38

100

NOTE: Percentages for each target may not sum to 100 due to rounding.

Next, I evaluate whether those with lower adherence rates at baseline chose lower targets than those
with relatively higher adherence. Figure 1.3 shows the adherence target chosen in the first game
among the Flexible Target group by baseline adherence category (low, medium or high). Though
such an analysis is limited by the small cell sizes in each category, the graph is suggestive that
participants were aware of and account for their own adherence abilities at baseline and select a
target that is commensurate with their adherence level. Among low adherers at baseline, the modal
target is 80 percent; for medium adherers it is 90 and 95 percent. Among high adherers, none chose
the lowest target of 80. 85, 90 and 100 were the most common selections.
For repeated games, an interesting question is how participants adjust their targets over time. Table
1.4 shows the number and percentage of instances where a participant increased their goal after
having met it in the previous game. Interestingly, as performance increases, subsequent goal
ambition decreases. If a low goal of 80 was met, 63 percent increased their subsequent goal. Once the
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fixed reference point of 90 is reached however, this goes down to 25 percent. For those not meeting
their adherence goals at a visit, the majority adjusted their goals downwards (Table 1.5).
Figure 1.3. Adherence Target Among Flexible Target Participants By Baseline Adherence Level,
Game 1

NOTE: These figures show the distribution of adherence targets chosen by Flexible Target participants, for
game 1. "Low", "Medium" and "High" refer to baseline/pre-intervention adherence levels, where Low= 60
percent or less, Medium= greater than 60 and less than 90, High= 90 and higher.
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Table 1.4. Frequency and Percentage of Next Goal Increases, by Previous Goal
(If Previous Goal Was Met)
Previous Goal
80
85
90
95
100

Increased goal
n
12
11
10
8
.

%
63
48
25
24
.

Total
n
19
23
40
34
20

NOTE: “Total n” refers to the number of game instances where the goal was
met

Table 1.5. Frequency and Percentage of Next Goal Decreases, By Previous Goal
(If Previous Goal Was Not Met)
Previous Goal
80
85
90
95
100

Decreased goal
n
%
.
.
32
86
37
76
23
85
26
97

Total
n
32
37
49
27
27

NOTE: “Total n” refers to the number of game instances where the goal was
met

1.5

Empirical Specification and Experimental Results

1.5.1

Construction of Outcome Variables

Adherence (Primary Outcome)
The primary outcome variable, mean adherence, is calculated as the number of bottle openings
divided by the number of prescribed pills. To prevent inflating adherence by extra openings on a
given day I set the maximum number of daily openings to one for patients on once-daily regimens,
and equal to two for patients on twice-daily regimens. To prevent counting erroneous openings, I also
discard extra openings within an hour. For those who changed ART regimens over the course of the
study, I use pharmacy patient records and patient self-report at each clinic visit to create adherence
measures that account for these regimen changes. In such cases, adherence under the new regimen is
calculated using the date of change as the first day of the new regimen. Appendix Figures A1.1 and
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A1.2 show examples of EDM readings for a participant with a consistent twice-daily regimen (taking
one around 8:30 am and the other at 8:30 pm), and another participant with a more sporadic oncedaily regimen (taking their pill around 9 am – 1 pm). The second adherence variable “adherence over
90 percent” is a binary variable equal to 1 if the proportion of pills taken over pills prescribed was at
or exceeded 90 in each month.
Timely clinic visit (secondary outcome)
The secondary outcome of interest is whether patients kept their appointment for a scheduled clinic
visit. Clinic visit data is collected from our study patient tracking database that study coordinators
compare and update with the clinics’ own tracking system. I define two binary variables for an “ontime” visit. In the first definition “on-time within 7 days”, I account for the fact that participants in
the two incentive groups were eligible to play a game if they made it to their scheduled visit within a
five-business day grace period (or seven including weekends), provided other requirements are met.
“On-time within 7 days” equals to 1 if the participant came into the clinic within 7 days of their
scheduled appointment date, and 0 if they never make their appointment or come into the clinic
outside the 7-day period. In a second, more stringent definition “on-time” visit equals to 1 if they
came to the clinic exactly on their scheduled day and 0 if they missed it on that day.
1.5.2

Empirical Specification

While treatment assignment was random in this trial, the empirical strategy relies on a difference-indifferences (DiD) framework to account for baseline adherence differences between Fixed and Control
group. With daily measured adherence, I can construct multiple levels of time for a longitudinal dataset
over the course of 9 months (e.g. overall aggregate over 9 months, daily, weekly, monthly).
Summarizing over the entire period of analysis would risk losing some level of granularity, particularly
since behaviour change interventions can sometimes produce short-term effects that may erode over
time. On the other hand, a time series at the daily level would create 180 observations per person and
result in an unwieldly large correlation matrix to estimate. As a practical middle ground, I use monthly
adherence. The availability of pre-intervention adherence allows for differencing out time-invariant
individual-specific effects, using the following main specification:
𝑌𝑖𝑡 =∝ +𝜇𝑇𝑟𝑒𝑎𝑡 + 𝜏𝑃𝑜𝑠𝑡𝑡 + 𝛽(𝑃𝑜𝑠𝑡𝑡 ∗ 𝑇𝑟𝑒𝑎𝑡) + 𝜀𝑖𝑡
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(1)

Where i and t index individual and month, respectively. 𝑌𝑖𝑡 is the adherence outcome for individual i
in month t. 𝑇𝑟𝑒𝑎𝑡𝑖 is the treatment assignment of each individual. This is either pooled (=1 if
individual is in assigned to any incentives treatment, 0 if Control) or separated by treatment (=1 if
Fixed, =0 if Control; =1 if Flexible, 0 if Control)5. 𝑃𝑜𝑠𝑡𝑡 is a dummy equals to one after the
intervention started. 𝜀𝑖𝑡 is the idiosyncratic error term. All standard errors are clustered at the
individual level. The coefficient of interest is 𝛽, the estimate of the effect of treatment on adherence.
For adherence over 90 percent and timely clinic visit outcomes, I use a linear probability model.
To account for any omitted time-invariant individual effects and individual-invariant time effects, I
also run a secondary specification to the above model with both time and individual fixed effects:
𝑌𝑖𝑡 =∝ +𝜃(𝑃𝑜𝑠𝑡𝑡 ∗ 𝑇𝑟𝑒𝑎𝑡) + 𝜑𝑖 + 𝜋𝑡 + 𝜀𝑖𝑡

(2)

Where 𝜑𝑖 are individual effects, 𝜋𝑡 are month fixed effects and 𝜀𝑖𝑡 is the remaining idiosyncratic
error.
Equation 1 estimates the treatment effect over 9 months, where 𝛽 captures a constant treatment effect
over time. To examine whether the intervention effect varies over the 9-month study period, I modify
equation 1 and estimate the monthly treatment effect with the following specification:
𝑌𝑖𝑡 =∝ +𝜇𝑇𝑟𝑒𝑎𝑡 + 𝜏𝑃𝑜𝑠𝑡𝑡 + ∑9𝑡=0 𝛽𝑡 𝑀𝑜𝑛𝑡ℎ𝑡 ∗ 𝑇𝑟𝑒𝑎𝑡 + 𝜀𝑖𝑡

(3)

Where 𝑀𝑜𝑛𝑡ℎ𝑡 ∗ 𝑇𝑟𝑒𝑎𝑡 is an interaction between an indicator for each month and indicator for
treatment (again, either Pooled, Fixed Target or Flexible Target). The coefficients 𝛽𝑡 capture the
effect of adherence in month t relative to the reference category (two months pre-intervention).
For clinic visit outcomes, run linear probability models6 are used, in the standard DID regression and
a fixed effect framework following equations (1) and (2). For this analysis, the data are at the
individual level by clinic visit where the t subscript denotes scheduled appointment.

For clarity in the analysis tables below we present results from separate regressions comparing Pooled vs. Control, Fixed vs.
Control and Flexible vs. Control. These results are almost identical in magnitude and significance to estimating the joint model
𝑌𝑖𝑡 =∝ +𝜇𝑇1 + 𝛾𝑇2 + 𝜏𝑃𝑜𝑠𝑡𝑡 + 𝜃(𝑃𝑜𝑠𝑡𝑡 ∗ 𝑇1) + 𝛽(𝑃𝑜𝑠𝑡𝑡 ∗ 𝑇2) + 𝜀𝑖𝑡 .
6 A linear probability model is preferable to logit/probit model for this analysis, as the DID coefficient is readily interpretable as a
marginal effect, which is not the case for interaction terms in nonlinear models. See Ai, C. and E. C. Norton (2003). "Interaction
terms in logit and probit models." Economics letters 80(1): 123-129.
5
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1.5.3

Impact of Incentives on Adherence

First, I estimate the effect of small mobile airtime incentives on adherence. Figure 1.4 shows mean
monthly adherence comparing the pooled intervention arms and control. The pooled incentives
intervention group has slightly higher adherence than the control group in the pre-period (months -1
and 0). In the first month of the intervention, there is a sharp increase in adherence in the pooled
intervention group that remains between 75 and 80 percent for the duration of the 9 months; the time
trend for the control group is much less pronounced- a gradual increase at month 1, which then tapers
off to between 60 and 70 percent. The between-group difference in adherence since the intervention
started appears to be larger than the difference before.
Figure 1.4. Mean Monthly Adherence, Pooled Treatment Vs. Control

NOTE: This figure shows mean electronically monitored adherence comparing the
pooled intervention group and control group, from 2 months before the intervention
through the 9- month study period. The black line at month 0 denotes when the
intervention started.

Regression results are presented in Table 1.6. Among control group participants, average adherence
for the two months pre-intervention is 62.7 percent. Overall the pooled incentives intervention has an
effect of similar magnitude and significance across both specifications (columns 1 and 2 of Table
1.6). In both specifications, the coefficient for the pooled effect of incentives on mean adherence is
7.7 percentage points, though it is only significant at the 10 percent level.
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Considering the two treatment arms separately, I find that the pooled intervention effect is mainly
driven by the Flexible Target arm, as shown in Figure 1.5, which plots mean monthly adherence by
group. In the period before the intervention, mean adherence among those in the Fixed Target group
was higher than those in either the Flexible Target or the Control group by over 10 percentage points.
Over the course of the study, the between group difference between Fixed Target and Control
participants remained relatively constant, suggesting a relatively small effect from the Fixed Target
incentive treatment. However, adherence in the Flexible Target group increased substantially from
baseline to month 1 and remained between 70 to 80 percent while Control hovered between 60 and
70 percent. The effects of the Flexible Target incentives intervention also appear to be sustained
throughout the 9-month period.
Estimations results in Table 1.6 columns 3-6 corroborate this picture: when separately comparing
Fixed vs. Control and Flexible vs. Control, I find that the pooled intervention effect is largely driven
by the Flexible Target group. The treatment estimates are similar between our main specification and
fixed effects model. In our main specification comparing Flexible Target versus Control, mean
adherence increased by 11 percentage points on average over 9 months, with p-value<.05.
Comparing Fixed Target versus control, mean adherence increases by just 4 percentage points and is
not statistically significant.
Figure 1.6 shows our second adherence outcome, proportion adhering over 90 percent over time, by
intervention and control groups. Table 1.7 shows results from the linear probability regressions. To
provide a point of reference, the proportion of control group participants adhering over 90 percent is
only 32.3 percent in the period two months pre-intervention. The pooled incentives DID coefficient
shows an increase of 7.2 and 6.8 percent in the proportion of those adhering over 90 percent, but is
not statistically significant. Among Fixed Target participants, the proportion adhering over 90
percent is slightly higher than control (1.6 percentage points) and not statistically significant. For
Flexible Target, the proportion of those adhering over 90 percent are 11.0 and 12.0 percentage points
higher than that of the Control group, with borderline statistical significance at conventional levels,
p-value<0.1.
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Figure 1.5. Mean Monthly Adherence, Three-Group Comparison

NOTE: This figure shows mean electronically monitored adherence comparing two
treatment groups and the control group, from 2 months before the intervention through
the 9-month study period. The black line at month 0 denotes when the intervention
started.
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Figure 1.6. Proportion Adhering Over 90 Percent, Three-Group Comparison

NOTE: This figure shows the proportion of participants adhering over 90 percent (pills
taken over pills prescribed using electronically monitored adherence data), comparing two
treatment groups and the control group, from 2 months before the intervention through the
9-month study period. The black line at month 0 denotes when the intervention started.
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Table 1.6. Impact of Small Incentives on Mean Adherence, Group Comparisons
Pooled vs.
Control
(1)
(2)
Treat x Post
Treat
Post
Control mean (pre-intervention)
Individual + time fixed effects
Observations
Individuals
R-squared

Fixed vs.
Control
(3)
(4)

Flexible vs.
Control
(5)
(6)

0.077*
(0.039)
0.049
(0.051)
0.025
(0.033)

0.077*
(0.039)

0.040
(0.041)
0.114**
(0.055)
0.025
(0.033)

0.036
(0.040)

0.114**
(0.048)
-0.018
(0.061)
0.025
(0.033)

0.119**
(0.049)

0.627
No
2,104
209
0.038

0.627
Yes
2,104
209
0.716

0.627
No
1,406
139
0.060

0.627
Yes
1,406
139
0.734

0.627
No
1,360
137
0.026

0.627
Yes
1,360
137
0.722

NOTE: The outcome variable is mean adherence (percentage of pills taken out of pills prescribed) in each month. Treat is
either pooled (=1 if individual is in assigned to any incentives treatment, 0 if control) or separated by treatment (=1 if Fixed,
=0 if Control; =1 if Flexible, 0 if Control). Post =1 after the intervention started. Standard errors (in parenthesis) are clustered
at individual level. *** p<0.01, ** p<0.05, * p<0.1

Table 1.7. Impact of Small Incentives on Probability Of Adhering Over 90 Percent, Group
Comparisons
Pooled vs.
Control
(1)
(2)
Treat x Post
Treat
Post
Control mean (pre-intervention)
Individual + time fixed effects
Observations
Individuals

Fixed vs.
Control
(3)
(4)

Flexible vs.
Control
(5)
(6)

0.062
(0.049)
0.039
(0.063)
0.038
(0.039)

0.070
(0.051)

0.016
(0.055)
0.086
(0.073)
0.038
(0.039)

0.021
(0.057)

0.110*
(0.060)
-0.009
(0.072)
0.038
(0.039)

0.121*
(0.063)

0.323
No
2,104
209

0.323
Yes
2,104
209

0.323
No
1,406
139

0.323
Yes
1,406
139

0.323
No
1,360
137

0.323
Yes
1,360
137

NOTE: The outcome variable is an indicator=1 if participant has adherence over 90 percent (percentage of pills taken out
of pills prescribed) in each month. Treat is either pooled (=1 if individual is in assigned to any incentives treatment, 0 if
control) or separated by treatment (=1 if Fixed, =0 if Control; =1 if Flexible, 0 if Control). Post =1 after the intervention
started. Standard errors (in parenthesis) are clustered at individual level. *** p<0.01, ** p<0.05, * p<0.1
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1.5.4

Dynamic Effects of Incentives on Adherence

The impact of incentives on mean adherence for each month of the 9-month study period is shown in
Figure 1.7. The coefficients 𝛽𝑡 and standard errors are from regressions following equation (3),
comparing each treatment arm to control separately. Appendix Table A2 reports the full regression
estimates from this analysis.
The effect of Flexible Target incentives on mean adherence is quite persistent over time in terms of
size of the coefficient, though the point estimates for the last two months of the study are not
statistically significant. The magnitude of the increase in adherence ranges from 10 to 17 percentage
points. The response to treatment was particularly large in the first month of the study: Flexible
Target participants increased adherence by 17 pp (p-value<0.01) relative to the control group. In
months 2 to 4, this fell to about 14 pp (significant at 1 percent). By month 6, the point estimates
hover around 10 pp. The statistical significance of the coefficients also drops to 10 percent by months
6 and 7, and in the last two months 8 and 9 the coefficients remain around this level but lose
statistical significance. The widening standard errors in later months are most likely due to fewer
observations becuase of missing data as the study progressed (participants’ attrition, leaving clinic
without returning the EDM caps, losing their caps, caps breaking, among other reasons).
The effects of Fixed Target incentives in each month also does not deviate substantially from the
overall average effect over time. None of the coefficients on the interaction term are significant at
conventional levels. Like Flexible Target participants, there was a brief but positive treatment effect
when the study started; Fixed Target participants increased adherence by 7.5 pp in month 1 relative
to the control group, at 10 percent statistical significance. The treatment effect then drops to 5 pp and
is not statistically significant throughout the remainder of the study.
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Figure 1.7. Dynamic Treatment Effects of Incentives on Mean Adherence
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NOTE: These figures show the point estimates and 95% confidence intervals for
the effect of Flexible Target and Fixed Target incentives (separately) on mean
adherence, in each month of the study. Coefficients are from regressions following
equation (3). All coefficients are relative to the reference category, interaction of
month -1 (or two months pre-intervention) and the treatment indicator. Standard
errors are clustered at the individual level.
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1.5.5

Heterogeneous Effects of Incentives on Adherence

The conceptual framework in Section 3 suggests that the amount of improvement from participants’
increased motivation to act towards a goal may depend on the distance to that goal. To explore
potential treatment heterogeneity by baseline adherence, I first descriptively assess 9-month
aggregate adherence as well as treatment impact following the DID regression framework, by study
group and participant adherence level at baseline: low-adherers (<60), medium adherers (greater than
60, less than 90) and high adherers (>90). There are 70 low adherers, 65 medium-adherers, and 74
high-adherers in the sample of 209 with measured data.7
To illustrate the distribution of adherence across the three study groups, I plot their k-density curves
of 9-month aggregate adherence by baseline adherence level (Figure 1.8). Since this aggregate
outcome measure does not account for baseline differences between groups, I also run regressions of
treatment impact for Pooled vs. Control, Fixed Target vs. Control, Flexible Target vs. Control,
conditional on each level of baseline adherence, following the DID framework in equation 1.
The first hypothesis based on the conceptual framework is that for low-adherers, those in the Flexible
Target group would outperform their Fixed Target counterparts as they have the option to select a
more personally attainable target and may obtain greater psychological value and motivation from
movements towards it. I find some evidence for this. In Figure 1.8, low adherers seem to benefit the
most in the Flexible Target group - in this group, there is a rightward shift in the distribution for both
incentive groups compared to control, but a pronouncedly larger shift for the flexible group. In the
Control group the distribution for baseline low-adherers after 9 months in the study has bi-modal
peaks around 25 and 45 percent; for the Fixed Target group it peaks around 60 percent; for the
Flexible Target Group it is around 75 percent.
Figure 1.9 shows mean adherence over time by baseline level of adherence. Among baseline lowadherers, there is a sizeable increase immediately after the intervention started among Flexible Target
participants but not Fixed Target participants. This descriptive assessment is corroborated by the
regression results. Appendix Table A1.3 shows estimates from the heterogeneous analysis and Figure
1.10 summarizes the results. Among low-baseline adherers, Flexible group participants increased
7

I used different cut-offs as robustness checks and observed results that are in line with predictions: I always maintained the 90
percent cut-off as this is a widely agreed-on measure of clinical importance, but varied the cut-off for low adherence from 50-70
percent and settled on 60 percent as it gives us the largest relative sample sizes in each group.
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adherence by 17.3 pp (p-value<.05). By contrast, the coefficient among low-adherers in the Fixed
vs. Control regression is 5.1 pp and not statistically significant. The difference between these
coefficients of 12.2 pp is large in terms of magnitude, but only borders on 10 percent significance (pvalue= 0.115) likely because of the insufficient power due to the small sub-sample in these
regressions (the study was not powered to detect subgroup differences).
A concern is that low baseline adherers who are given the choice of a lower target may be motivated
to improve but stagnate at a level lower than the clinically optimal rate of 90 percent. My analysis
suggests this is not the case. In addition to improving mean adherence, low baseline adherers in the
Flexible Target group also are more likely to achieve clinically optimal adherence. Figure 1.11
summarizes the results from the heterogeneous analysis of adherence over 90 percent (full regression
estimates in Appendix Table A1.4). Compared to a Control-group pre-intervention mean of only 2
percent adhering at above 90 percent among low-baseline adherers, the proportion of low-baseline
adherers who reached clinically optimal adherence increased by 15.5 pp for Flexible Target group (pvalue <.05) compared to only a 0.3 pp increase among the Fixed Target group, which is not
statistically significant. The difference between these two coefficients is statistically significant at 10
percent (Appendix Table A1.4, column 11).
The second hypothesis arising from the conceptual framework is that medium adherers will show a
pronounced increase in adherence in the Fixed Target group. From the k-density curves for 9-month
mean adherence in Figure 8, the distribution shift towards higher adherence values is slightly greater
for Fixed Target than for Flexible Target; compared to Flexible Target participants, there is a higher
density of Fixed Target participants around 90 percent. In a regression framework, I find that the
average null effect for the Fixed Target group found in Table 1.6 may be masking meaningful
heterogeneity. The coefficient on treatment x post is statistically significant among those with
baseline medium adherence, but not for high or low adherers in the Fixed Target group. Among this
group, the Fixed Target arm improved adherence by 17.3 percentage points compared to mediumadherers in the control group (p-value <0.01), where the control group had a pre-intervention mean
adherence of 78.4 percent in the medium adherence category. The corresponding treatment effect
among medium-adherers comparing Flexible vs. Control is lower at 12.7 percentage points with
significance at 5 percent. The two coefficients (Fixed and Flexible group impact among medium
adherers) are not statistically different (col 12, Appendix Table A1.3). When looking at the
proportion adhering over 90 percent in this baseline adherence category, I find that compared to a
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Control-group pre-intervention mean of only 12 percent adhering at above 90 percent, the proportion
of medium-baseline adherers who reached clinically optimal adherence increased by 15.2 pp in the
Flexible Target group, 12.2 in the Fixed Target group, though neither is statistically significant
(Figure 1.11).
The third hypothesis is that high adherers may do slightly better in the Flexible Target group since
everyone in the Fixed Target group faces the same reference point of 90, but some people in the
Flexible Target group may adjust upwards and set higher goals for themselves up to 100 (i.e. higher
than their already high pre-intervention adherence level). However, as 90 is known widely as a
clinically “good enough” standard, there is less room for further improvement up to 100 and any
differences I do find are likely too small to be detected as significantly different with the small cell
sizes in these heterogeneous analyses. In Figure 1.8, I find that among baseline high-adherers, all
three groups follow a similar distribution peaking at about 95 percent, and the Control group has a
higher peak than the other groups. From the estimation results, the coefficient on treat x time for
baseline high-adherers shows an adherence improvement of 3.5 pp for Flexible Target vs. Control
compared to a smaller change of 0.3 pp among Fixed Target vs. Control, though none of these are
statistically significant (cols 7 and 10, Appendix Table A1.3). The proportion adhering over 90
percent is also higher among Flexible Target participants compared to Control – an increase of 6.5 pp
– compared to a 0.7 pp increase among Fixed Target participants, though neither is statistically
significant (Figure 1.11).
Since I use adherence measured two months before the study started to classify participants as “low”,
“medium”, or “high” adherers, a concern could be that if adherence is unstable over time a
categorization based on a single time point may not sufficiently correlate with actual adherence
behaviour. In the sample, the intra-class correlation (measuring the correlation within an individual
over time) is quite high (ICC=0.68) suggesting EDM-measured adherence is fairly stable over time.
Still, to account for misclassification at a single snap-shot over time, I perform a sensitivity analysis
using adherence averaged over 6 months prior to the intervention to categorize participants into
“baseline” adherence levels. Results from these additional analyses largely corroborate what is
presented in this section, and can be found in Appendix Tables A1.5 and A1.6.
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Figure 1.8. K-Density Distributions of 9-Month Mean Adherence

NOTE: These figures show the k-density distributions (epanechnikov kernel and equal bandwidths) of mean
adherence averaged over 9 months. "Low", "Medium" and "High" refer to baseline/pre-intervention adherence levels,
where Low= 60 percent or less, Medium= greater than 60 and less than 90, High= 90 and higher. The study sample
consists of 209 participants with electronically monitored adherence data (Low- n=70, Medium- n=74, High- n=65).
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Figure 1.9. Mean Monthly Adherence, by Baseline Adherence Level

NOTE: These figures show mean electronically monitored adherence comparing two treatment groups and the control
group, from 2 months before the intervention through the 9 month study period. The black line at month 0 denotes when
the intervention started. "Low", "Medium" and "High" refer to baseline/pre-intervention adherence levels, where Low= 60
percent or less, Medium= greater than 60 and less than 90, High= 90 and higher. The study sample consists of 209
participants with electronically monitored adherence data (Low- n=70, Medium- n=74, High- n=65).
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Figure 1.10. Summary of Treatment Effect of Incentives on Mean Adherence,
By Baseline Level of Adherence
20

Treatment effects by baseline adherence level
**

Flexible vs. Control

**

15

Fixed vs. Control

0

5

10

*

Low, <60

Medium, [60,90)

High, >90

Baseline adherence
* p-value<0.1 ** p-value<0.05

NOTE: This figure summarizes results from the analysis of heterogeneous treatment
effects on mean adherence by baseline level of adherence. Dark blue bars show the
magnitude of the effect of Flexible Target incentives on mean adherence; light blue bars
show the magnitude of the effect of Fixed Target incentives on mean adherence. "Low",
"Medium" and "High" refer to baseline/pre-intervention adherence levels, where Low= 60
percent or less, Medium= greater than 60 and less than 90, High= 90 and higher. The
study sample consists of 209 participants with electronically monitored adherence data
(Low- n=70, Medium- n=74, High- n=65). *p-value<0.1 **p-value<0.05.
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20

Figure 1.11. Summary of Treatment Effect of Incentives on Mean Adherence,
By Baseline Level of Adherence
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NOTE: This figure summarizes results from the analysis of heterogeneous treatment effects on
adhering over 90%, by baseline level of adherence. Dark blue bars show the magnitude of the
effect of Flexible Target incentives on proportion adhering over 90%; light blue bars show the
magnitude of the effect of Fixed Target incentives on the same. "Low", "Medium" and "High" refer
to baseline/pre-intervention adherence levels, where Low= 60 percent or less, Medium= greater
than 60 and less than 90, High= 90 and higher. The study sample consists of 209 participants with
electronically monitored adherence data (Low- n=70, Medium- n=74, High- n=65). *p-value<0.1
**p-value<0.05.

1.5.6

Impact on Timely Clinic Attendance

Participants had an average of 7.4 clinic visits scheduled over the course of the 9-month study.
Appendix Figure A1.3 shows the distribution of scheduled visits: the majority of participants had
between 6 to 9 visits, the lowest number of visits was 1 and the largest was 14. Timely clinic
attendance is relatively high: out of all visits scheduled, 76.8 percent were “on-time” meaning
participants visited the clinic on the day they were scheduled; 82.4 percent of the visits were “ontime within 7 days”, meaning the visits were made within a week of the scheduled date.
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Table 1.8 shows the results from linear probability regressions for the outcome “on-time within 7
days”. Both Flexible and Fixed Target incentives increased the probability of making a timely clinic
visit by this measure. Participants in the pooled incentive treatment groups had a higher rate of
making an on-time visit within 7 days than the control group- an increase of 11.3 pp, compared to the
Control group mean of 84.9 percent. In the specification including month and individual fixed
effects, this decreases slightly to a 9.9 pp increase. The magnitude of the effect of Fixed and Flexible
Target incentives on a timely visit within 7 days are similar: a 10.3 –12.1 pp increase among Fixed
Target participants relative to Control (p-value<.01) and an increase of 9.3 – 10.4 pp among Flexible
Target participants (p-value<.05). For the “average” participant who has 7 scheduled appointments in
9 months and typically makes 6 of these, this effect translates to roughly making 1 extra timely
appointment.
Table 1.9 shows the linear probability regression results for our second definition of a timely visit, as
having to occur precisely on the scheduled date. Under this more stringent definition the effect of
incentives attenuates. This is in line with expectations, since the eligibility for playing a game was
tied to the looser “on-time within 7 days” requirement. Compared to the Control group mean of 77.3
percent timely visits on the specific day, participants’ rate of a timely attendance increased by 13.4
pp (p-value<.01), pooling both incentive groups. However, this is not robust to the second
specification with individual and visit month fixed effects; the magnitude of coefficient drops by half
and is significant only at 10 percent. Flexible Target participants have a higher rate of timely clinic
attendance than control by 16.3 pp, though this also drops to 10.3 pp with borderline significance at
10 percent in the second specification (cols 5 and 6, Table 1.9). Likewise, the effect size for the
Fixed Target group is borderline significant 10 percent in the first specification, but drops in
magnitude and significance when including a more flexible parametrization (cols 3 and 4, Table 1.9).
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Table 1.8. Impact of Small Incentives on Making An On-Time Clinic Visit Within 7 Days
Pooled vs. Control

Treat x Post
Treat
Post
Control mean (pre-intervention)
Individual + time fixed effects
Observations
Individuals
R-squared

Fixed vs. Control

Flexible vs.
Control
(5)
(6)

(1)

(2)

(3)

(4)

0.113***
(0.041)
-0.054
(0.036)
-0.023
(0.033)

0.099***
(0.028)

0.121***
(0.046)
-0.038
(0.043)
-0.023
(0.033)

0.103***
(0.036)

0.104**
(0.050)
-0.070*
(0.042)
-0.023
(0.033)

0.093**
(0.043)

0.849
No
1,606
209
0.010

0.849
Yes
1,606
209
0.196

0.849
No
1,067
139
0.014

0.849
Yes
1,067
139
0.184

0.849
No
1,066
137
0.005

0.849
Yes
1,066
137
0.193

NOTE: The outcome variable is a binary variable =1 if participants went to the clinic for a visit within 7 days of
the scheduled appointment, and =0 if otherwise. Treat is either pooled (=1 if individual is in assigned to any
incentives treatment, 0 if control) or separated by treatment (=1 if Fixed, =0 if Control; =1 if Flexible, 0 if Control).
Post =1 after the intervention started. Standard errors (in parenthesis) are clustered at individual level.
*** p<0.01, ** p<0.05, * p<0.1

Table 1.9. Impact of Small Incentives on Making An On-Time Clinic Visit
Pooled vs. Control

Treat x Post
Treat
Post

Control mean (pre-intervention)
Individual + time fixed effects
Observations
Individuals
R-squared

Fixed vs. Control

Flexible vs.
Control
(5)
(6)

(1)

(2)

(3)

(4)

0.134***
(0.046)
-0.077*
(0.042)
-0.079**
(0.035)

0.065*
(0.037)

0.104*
(0.056)
-0.038
(0.050)
-0.079**
(0.035)

0.027
(0.045)

0.163***
(0.055)
-0.117**
(0.051)
-0.079**
(0.035)

0.103*
(0.055)

0.773

0.773

0.773

0.773

0.773

0.773

1,606

1,606

1,067

1,067

1,066

1,066

0.004

0.185

0.005

0.185

0.006

0.185

No

209

Yes
209

No

139

Yes
139

No

137

Yes
137

NOTE: The outcome variable is a binary variable =1 if participants went to the clinic for a visit on the date of the
scheduled appointment, and =0 otherwise. Treat is either pooled (=1 if individual is in assigned to any incentives
treatment, 0 if control) or separated by treatment (=1 if Fixed, =0 if Control; =1 if Flexible, 0 if Control). Post =1
after the intervention started. Standard errors (in parenthesis) are clustered at individual level.
*** p<0.01, ** p<0.05, * p<0.1
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1.6

Internal Validity and Robustness Checks

In this section I address potential internal validity concerns and present some robustness and
sensitivity analyses.
1.6.1

Internal Validity

In the primary analysis above, I use all available EDM adherence data in each month observed.
Because EDM data is extracted during every clinic visit, there may be missing data in some months
either due to the participant forgetting to bring their cap during that visit, requiring a replacement cap
due to malfunction or loss, or failing to show up for one or multiple clinic visits. Hence, a possible
threat to the internal validity of the results would be if the missing observations in each month
resulted in a non-random selection of treatment versus control participants. To address this concern,
I did a series of pairwise comparisons for each baseline variable shown in Table 1, comparing
between Pooled Treatment vs. Control, Fixed vs. Control and Flexible vs. Control, for each month of
the study. This yields a total of 18 balancing tables for the six study months and three sets of
comparisons. As a parsimonious way of displaying these results, I show graphs of ranked p-values
associated with the mean tests in each month for the three comparisons (Appendix Figures A1.4-6).
In Appendix Figures A1.4-6, the horizontal red line marks p-value at 0.05. For each of the three sets
of comparisons, none of the baseline balancing variables fall below this line, suggesting that
treatment and control groups are balanced along these observables in each period of the study. As
such, missing data in each period are not likely causing time-varying selection bias in the sample.
The main DiD analysis also controls for time-invariant unobservable characteristics.
1.6.2

Robustness Check: Forced Bottle Openings

Another concern is that because game eligibility is contingent on EDM adherence as measured by
bottle openings, participants may force bottle openings without taking the medication. There is good
reason to believe this is not a major issue within our study sample. First, study coordinators did not
explain the exact mechanisms of the EDM cap and qualitative evidence suggests that most
participants are only vaguely aware how their adherence is calculated, apart from knowing that the
more pills they take means the higher the adherence; to extract the data, the study coordinators
simply place the bottle upside-down against a flat reader. Participants are not aware that each
opening counts as one dose. Second, if forced openings were common study coordinators would see
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multiple sequential openings on the EDM charts (Appendix Figure A1.1 and A1.2 shows an example
of a EDM chart) every time they checked the participants’ data. This has never been reported and
study coordinators expressed a strong opinion that participants were not trying to game the system.
Third, if indeed a participant did open their cap multiple times in a day to account for a number of
future doses, this would be discounted in our analysis as I top code daily doses to be capped at the
regimen.
In addition to these reasons against EDM data not accurately reflecting actual pill-taking behavior, I
can explicitly test for evidence of gaming the system in the following way: as discussed, participants
were told that prize drawings were conditional on adherence within the last month before their game
visit. In the EDM extraction software, the study coordinators can select the exact temporal window to
check adherence and hence if a clinic visit corresponding to a game occurs for example on March 20,
they select February 20 – March 19 as the window. They reinforced this by informing participants,
“in the last month, you did [not] reach your target.” This allows for a robustness check: I discard the
last four weeks before clinic visits and only examine those weeks in which adherence was not
explicitly incentivized. Considering that there may be a level effect across all groups resulting from
a final push to adhere well before a clinic visit I also discard such observations among the control
group (the so-called white coat effect). This robustness check ensures that any potential forced bottle
openings wherein a pill is not actually taken is not driving the intervention effect. If results are robust
to this analysis, then it also suggests that participants are changing their behaviors even when there is
no direct, extrinsic incentive to do so.
For this robustness analysis, I use adherence at the week level to minimize discarding too much
information outside the 4-week period before a visit. For instance, under the “monthly” adherence
approach if a clinic visit occurred in month 2.5 since recruitment then both month 2 and month 1 data
will be discarded; using weekly adherence allows us to keep weeks 1 and 2. Note that some
participant’s appointments are monthly and will be dropped from this analysis entirely, hence
estimates will generally be noisier than the full sample analysis.
Appendix Table A1.7 shows the results of this analysis. Even excluding the 4 weeks before each
visit, there remains a statistically significant effect comparing Flexible Target versus Control and no
effect for the Fixed Target group. The coefficient in column 3, an increase in mean adherence of 10.9
percentage points is of similar magnitude as that found in the main analysis using monthly adherence
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and the full sample. The pooled effect is also of similar magnitude – 6.6 percentage points,
significant at 10 percent. Overall, results are robust to this sub-sample analysis.

1.7

Discussion and Limitations

This paper adds to the emerging literature demonstrating the effectiveness of small “nudge”
incentives on health behaviors. I find that incentives in the form of small mobile airtime lottery
rewards resulted in significant improvements in medication adherence and timely clinic attendance
rates among adolescents and young adults. A second contribution of this study is that it tested
whether allowing participants to set flexible targets closer to their baseline performance levels results
in improved outcomes compared to a high, fixed target. I find that the overall impact of incentives on
adherence is driven by the Flexible Target group. The treatment impact is robust to several validity
checks, such as discarding bottle openings for the month leading up to each game – the period during
which adherence was explicitly checked against the target. In addition to ensuring that the results are
not driven by false bottle openings, this provides additional evidence that young patients in our
sample are intrinsically motivated to reach a goal they personally set, even when they know that their
good behavior does not affect the chances of receiving a reward.
I also find that the starting point relative to a goal is a mediator for treatment impact as predicted by a
conceptual framework based on Prospect Theory. Participants who have low adherence at baseline
see large and statistically significant increases in adherence when they chose their own target, as
opposed to no effect when given a fixed target that is relatively distant to their starting position.
While the average treatment effect for the Fixed Target group was small and not statistically
significant, patients who are “medium” adherers at baseline increased adherence by 19 percentage
points (p-value<.01) when the goal reference point was high but within reach.
As an alternative way of gaining insights into the pathways through which the intervention worked,
at the end of our study Flexible Target participants were asked the open-ended question “During your
game visits, how did you decide on an adherence level to choose?”. Frequent responses were that
they considered their starting point and subsequent achievements in making their choice, with several
suggesting that reaching a proximal goal reinforced their motivation to aim for a subsequent higher
one. This is in line with prior research documenting that individuals actively monitor their progress
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(Carver and Scheier 1990) and adjust efforts accordingly (Kivetz et al. 2006, Nunes and Drèze 2006).
Examples of such responses include:
“The first time when I had chosen 80, I was glad to know that I had achieved it, and I
set another goal, higher than that because I wanted to see if I can test myself if I could
meet it.”
“I consider my performance first, if I am at 90, then I make it 95 and upwards after
seeing that the previous target was achieved but if I don’t make it, I leave it there (at
the previous target.”
“I would challenge myself. I started with 95 percent the first times basing on how I
was taking my medicine then I went to 100 percent and even when I could not
achieve it, I decided to put it at 100 percent.”
“At the very beginning I started with a lower percentage and then as time went on, I
decide that I would increase the percentage to motivate me more to take my
medicine.”
Responses among some high-baseline adherence participants suggest that they anchored their
goal choice to their pre-intervention behavior:
“I wanted it to be 100 because I love my life and I have no problem taking my
medicine.”
“For me, I hate missing drugs, so those days I missed, I went to work and forgot and I
was very disappointed. I usually take my medicine, that is why I usually set it at 95 or
100 percent. I take my medicine.”
Other responses suggested that participants had a strong intrinsic motivation to adhere well; these
participants saw the Flexible Target intervention as a way to further boost their motivation:
“I realized that taking medicine well is okay as you can avoid falling sick from
malaria and such other illnesses. So, when this program was introduced, I liked it so
much and I made sure I continue taking my medicines well.”
“I did not like to miss any medications that is why I used to put a high target to
enable me fulfill my target and not to forget.”
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This study has several limitations. While I applied the value function framework as a useful way to
guide the analysis of heterogeneity, an important caveat is that the literature on Prospect Theory and
goal-setting is largely silent on how goals should be assigned: whether they should be participatory
or externally imposed. In this study, the goals selected by participants themselves demonstrated
commitment and motivation to reach targets that were, on average, higher than where participants
had been performing pre-intervention. This is not surprising considering the previous literature on the
key role of intrinsic motivation in incentives. Gneezy’s review of the literature surrounding
incentives suggests that incentives work best at motivating behavior change when they are tied to
controllable outcomes and the incentives are aligned with intrinsic motivation, reinforcing what
individuals already want to do (Gneezy et al. 2011). The literature on commitment contracts also
demonstrate that the individual’s objective is to maximize the chances of reaching a desired behavior,
rather than maximize income. This is consistent with the idea that small incentives operate through a
behavioral, rather than an income channel – providing a psychological reward to a behavior rather
than one that changes budget constraints. However, since in this study the goal choice was
endogenous I am unable to fully isolate the effect of “sub-goaling”. A strict test of “sub-goaling”
against fixed goals requires the implementer to set a series of externally imposed, individualized
goals that are adjusted in each game depending on previous performance. This is an important
avenue for future research.
Since the goal choice was endogenous, another mechanism that can drive participant motivation is
goal ownership. Giving participants the option to choose their own targets in the Flexible Target arm
may instill a sense of goal ownership, which is linked to self-efficacy- a person’s self-belief in his or
her ability to perform specific tasks - and motivation to improve (Sue-Chan and Ong 2002). The
same objective target of 90 percent could elicit greater sense of self-efficacy in the participant who
actively selected it compared to one to whom it was assigned. I assumed this to be a constant, which
would be the case if greater intrinsic motivation exerts an intercept shift across all participants.
However, if low adherers derive greater self-efficacy from goal ownership than middle and high
adherers, then the relative effects are not disentangled and warrant further inquiry. I check this by
comparing whether participants’ self-reported proxies for self-efficacy vary by treatment group and
by level of baseline performance. Treatment groups on average had slightly higher self-efficacy
ratings than Control, but none were statistically different from control group ratings. Furthermore,
Flexible and Fixed did not differ statistically from each other (Appendix Table A1.8). However, as
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these are standalone questions and not the validated multi-part module on self-efficacy, they are
likely a noisy measure of this construct.
In the psychology literature, both sub-goaling and participative goal-setting are believed to improve
performance by boosting self-efficacy. Stock et. al. (1990) found that setting subgoals boosted initial
self-efficacy perceptions, self-satisfaction with performance, and subsequent task persistence; this
change in self-efficacy mediated the effects of goal attainment. In a related strand of literature
participative goals also result in higher self-efficacy, goal commitment and performance, compared
to assigned goals (Erez et al. 1985, Latham et al. 1994, Sue-Chan and Ong 2002). Although the
relative impact of participative versus strict sub-goaling on performance, and their interaction with an
individuals’ starting point, is yet unclear, a feature common to both interventions is the allowance
(either assigned or chosen by the participant) of proximal goals, which can provide an initial boost in
self-efficacy to low-performers facing the ‘starting problem’. The results from this study suggest this
to be a plausible mechanism driving our results in the Flexible Target arm.
A second limitation to this study is that I evaluate the effect of adherence, an output, rather than a
health outcome such as CD4 count or viral suppression. One critique may be that if clinical outcomes
are nonlinear to the adherence output (i.e. a 10 percent improvement in adherence does not equate to
a 10 percent improvement in viral suppression) then incremental movements towards the 90 percent
threshold may not matter in that moving someone from 50 percent to 60 percent improvement will
not yield any “real” health benefits. An ideal outcome would be to test viral suppression. However, a
promising result of the analysis is that I do find Flexible Targets are more effective in moving low
baseline adherers eventually to 90 percent adherence, suggesting getting to the clinically optimal
adherence in incremental steps is better than making no movement at all, even if there is only a
discrete jump in the health impact of such movements once they get past the 90 mark. Future studies
should evaluate whether this improvement in adherence translates to sustained viral suppression over
time.
A third limitation is that the analysis is not powered for sub-sample regressions in our heterogeneous
analysis. The magnitudes of coefficients are often in line with our predictions and robust to different
specifications; however, due to the insufficient power the differences between coefficients are often
not statistically significant. The fact that our findings are generally in line with pre-defined
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hypothesis based on a conceptual framework suggests that this is a promising avenue for future
research in a study with a larger sample.
A policy implication of our findings is that for patients struggling with adherence problems, a
graduated approach may be more effective than placing a strict emphasis on 90 or 100 percent, in
line with current counselling practices, at least as an initial step followed by subsequently higher
goals. The design of incentive interventions could also benefit from accounting for the relative
positions of participants, particularly in contexts where goals are not a discrete, binary outcome, but
exist along a continuum and require repeated behaviors over time (adherence for chronic diseases,
test scores, etc.).

1.8

Conclusion

Incentives are increasingly used to encourage healthy behaviors with wide applications. This study
shows that an important consideration in the design of such incentives is the participant’s starting
point performance. If motivation and subsequent effort are starting-point dependent, then setting an
absolute threshold across the distribution of baseline performance may not have a uniformly positive
effect. I find that for low-adherers, setting the conditionality threshold in a way that allows
participants to choose their own targets resulted in substantially larger adherence improvements than
imposing a high, fixed target; for medium baseline performers, a high, fixed target was more
effective. A plausible mechanism to explain this is that for low adherers, commitment to a goal and
subsequent effort to achieve it depends critically on the perception that the goal is attainable. While
this study directly informs the use of incentives to help the specific problem of ART adherence
among youth, the conceptual framework discussed and our empirical findings have broader
applicability to the design of incentive interventions in general and point towards a deserving avenue
for future research.
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Chapter 1 Appendix
Appendix Table A1.1. Stratified Randomization, by Baseline Adherence Quartiles
Fixed
Target
66.80%
76
15.20%
19
66.60%
19
87.80%
20
98.20%
18

Control
Overall
N
Strata 1 [0,p25]
N
Strata 2 (p25-p50]
N
Strata 3 (p50, p75]
N
Strata 4 (p75,1]
N

67.30%
75
19.90%
19
65.10%
19
88.40%
19
97.40%
18

55

Flexible
Target
68.20%
78
24.00%
20
65.50%
19
86.80%
20
97.90%
19

Total
67.50%
229
19.80%
58
65.70%
57
87.60%
59
97.90%
55

Appendix Table A1.2. Treatment Effects Over Time

preperiod1 x treat
month 1 x treat
month 2 x treat
month 3 x treat
month 4 x treat
month 5 x treat
month 6 x treat
month 7 x treat
month 8 x treat
month 9 x treat
post
treat

Observations
R-squared

(1)

(2)

(3)

Pooled

Fixed vs.
Control

Flexible vs.
Control

0.016
(0.015)
0.120***
(0.041)
0.091**

0.018
(0.020)
0.075*
(0.044)
0.043

0.013
(0.023)
0.166***
(0.052)
0.139***

(0.042)
0.085**
(0.042)
0.098**
(0.041)
0.083*

(0.046)
0.036
(0.049)
0.061
(0.046)
0.050

(0.051)
0.135***
(0.050)
0.136***
(0.051)
0.115**

(0.042)
0.069
(0.044)
0.070
(0.045)

(0.047)
0.038
(0.045)
0.036
(0.048)

(0.053)
0.098*
(0.059)
0.103*
(0.062)

0.064
(0.045)
0.078*
(0.046)
0.025
(0.033)

0.049
(0.048)
0.051
(0.051)
0.025
(0.033)

0.073
(0.061)
0.101
(0.062)
0.025
(0.033)

0.041
(0.052)

0.105*
(0.056)

-0.025
(0.063)

2,104
0.039

1,406
0.060

1,360
0.029

NOTE: The outcome variable is mean adherence (percentage of pills taken out of
pills prescribed) in each month. Treat is either pooled (=1 if individual is in
assigned to any incentives treatment, 0 if control) or separated by treatment (=1 if
Fixed, =0 if Control; =1 if Flexible, 0 if Control). Post =1 after the intervention
started. Coefficients shown are from regressions following equation (3) in the main
text. All month x treat coefficients are relative to the reference category,
preperiod2 x treat (interaction of an indicator for two periods before intervention
started and the treatment indicator). Standard errors are clustered at the individual
level. *** p<0.01, ** p<0.05, * p<0.1
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Appendix Table A1.3. Heterogeneous Treatment Effects on Mean Adherence, by Baseline Adherence Level
Pooled vs. Control
(1)
(2)
(3)

(5)

Fixed vs. Control
(6)
(7)

Flexible vs. Control
(8)
(9)
(10)

Low

Medium

High

Low

Medium

High

Low

Medium

High

Treat x Post

0.124
(0.076)

0.153***
(0.054)

0.017
(0.028)

0.051
(0.089)

0.173***
(0.054)

0.003
(0.031)

0.173**
(0.073)

0.127*
(0.064)

0.035
(0.030)

Treat

0.019
(0.053)

0.009
(0.027)

-0.010
(0.013)

0.086
(0.067)

0.017
(0.030)

-0.004
(0.013)

-0.026
(0.065)

-0.000
(0.032)

-0.019
(0.019)

Post

0.184***
(0.059)

-0.125**
(0.050)

-0.040
(0.025)

0.184***
(0.059)

-0.125**
(0.050)

-0.040
(0.025)

0.184***
(0.052)

-0.125**
(0.050)

-0.040
(0.025)

0.225
681
70
0.130

0.784
667
65
0.088

0.956
756
74
0.007

0.225
418
43
0.109

0.784
462
45
0.140

0.956
526
51
0.011

0.225
505
52
0.134

0.784
412
41
0.062

0.956
443
44
0.009

Control mean
Observations
Individuals
R-squared

Difference (Flexible - Fixed)
(11)
(12)
(13)
Low
Medium
High
(col 8-5)
(col 9-6) (col 10-7)
0.122
(0.077)

-0.045
(0.044)

0.032
(0.025)

NOTE: The outcome variable is mean adherence (percentage of pills taken out of pills prescribed) in each month. Treat is either pooled (=1 if individual is in assigned to any
incentives treatment, 0 if control) or separated by treatment (=1 if Fixed, =0 if Control; =1 if Flexible, 0 if Control). Post =1 after the intervention started. "Low" is baseline
adherence <60%, "Medium" is baseline adherence between 60 and 90% and "High" is baseline adherence >90%. Constant refers to the mean adherence in the preintervention months, for the control group. Standard errors in parenthesis are clustered at the individual level. *** p<0.01, ** p<0.05, * p<0.1
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Appendix Table A1.4. Heterogeneous Treatment Effects on Proportion Adhering Over 90, by Baseline Adherence Level
Pooled vs. Control
(1)
(2)
(3)

(5)

Fixed vs. Control
(6)
(7)

Flexible vs. Control
(8)
(9)
(10)

Low

Medium

High

Low

Medium

High

Low

Medium

High

Treat x Post

0.094
(0.074)

0.135*
(0.075)

0.032
(0.091)

0.003
(0.085)

0.122
(0.083)

0.007
(0.097)

0.155**
(0.075)

0.152
(0.104)

0.065
(0.099)

Treat

-0.020
(0.020)

0.017
(0.058)

-0.044
(0.054)

-0.020
(0.020)

0.027
(0.067)

-0.036
(0.060)

-0.020
(0.067)

0.006
(0.068)

-0.055
(0.066)

Post

0.089
(0.056)

0.123**
(0.054)

-0.147*
(0.084)

0.089
(0.056)

0.123**
(0.054)

-0.147*
(0.084)

0.089*
(0.054)

0.123**
(0.054)

-0.147*
(0.084)

0.020
681
70
0.042

0.119
667
65
0.054

0.902
756
74
0.014

0.020
418
43
0.019

0.119
462
45
0.050

0.902
526
51
0.019

0.020
505
52
0.067

0.119
412
41
0.056

0.902
443
44
0.013

Control mean
Observations
Individuals
R-squared

Difference (Flexible - Fixed)
(11)
(12)
(13)
Low
Medium
High
(col 8-5)
(col 9-6) (col 10-7)
0.151*
(0.078)

0.030
(0.109)

0.058
(0.070)

NOTE: The outcome variable is a binary indicator =1 if in adherence is at or above 90 percent (pills taken out of pills prescribed) in each month. Treat is either pooled (=1 if
individual is in assigned to any incentives treatment, 0 if control) or separated by treatment (=1 if Fixed, =0 if Control; =1 if Flexible, 0 if Control). Post =1 after the intervention
started. "Low" is baseline adherence <60%, "Medium" is baseline adherence between 60 and 90% and "High" is baseline adherence >90%. Control mean refers to the mean
adherence in the pre-intervention months, for the control group. Standard errors in parenthesis are clustered at the individual level. *** p<0.01, ** p<0.05, * p<0.1
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Appendix Table A1.5. Heterogeneous Treatment Effects on Mean Adherence, by Baseline Adherence Level – Sensitivity Analysis
Pooled vs. Control
(1)
(2)
(3)

(5)

Fixed vs. Control
(6)
(7)

Flexible vs. Control
(8)
(9)
(10)

Low

Medium

High

Low

Medium

High

Low

Medium

High

Treat x Post

0.130*
(0.074)

0.139**
(0.066)

0.051
(0.036)

0.079
(0.082)

0.112*
(0.064)

0.044
(0.048)

0.167**
(0.075)

0.167**
(0.081)

0.059
(0.035)

Treat

0.004
(0.060)

-0.009
(0.052)

-0.032
(0.025)

0.086
(0.067)

0.017
(0.030)

-0.004
(0.013)

-0.061
(0.066)

-0.062
(0.066)

-0.041
(0.031)

Post

0.163***
(0.055)

-0.083
(0.059)

-0.049*
(0.026)

0.184***
(0.059)

-0.125**
(0.050)

-0.040
(0.025)

0.163***
(0.051)

-0.083
(0.059)

-0.049*
(0.026)

0.247
597
61
0.122

0.752
796
80
0.040

0.951
711
68
0.005

0.247
392
40
0.131

0.752
534
53
0.067

0.951
480
46
0.008

0.247
435
45
0.109

0.752
493
51
0.028

0.951
432
41
0.008

Control mean
Observations
Individuals
R-squared

Difference (Flexible - Fixed)
(11)
(12)
(13)
Low
Medium
High
(col 8-5)
(col 9-6) (col 10-7)
0.088
(0.080)

0.056
(0.060)

0.014
(0.047)

NOTE: This table shows results from a sensitivity analysis where I define “baseline” adherence using average adherence in the 6-month period before the study started. The
outcome variable is mean adherence (percentage of pills taken out of pills prescribed) in each month. Treat is either pooled (=1 if individual is in assigned to any incentives
treatment, 0 if control) or separated by treatment (=1 if Fixed, =0 if Control; =1 if Flexible, 0 if Control). Post =1 after the intervention started. "Low" is baseline adherence
<60%, "Medium" is baseline adherence between 60 and 90% and "High" is baseline adherence >90%. Constant refers to the mean adherence in the pre-intervention months,
for the control group. Standard errors in parenthesis are clustered at the individual level. *** p<0.01, ** p<0.05, * p<0.1
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Appendix Table A1.6. Heterogeneous Treatment Effects on Proportion Adhering Over 90, by Baseline Adherence Level – Sensitivity Analysis
Pooled vs. Control
(1)
(2)
(3)

(5)

Fixed vs. Control
(6)
(7)

Flexible vs. Control
(8)
(9)
(10)

Low

Medium

High

Low

Medium

High

Low

Medium

High

Treat x Post

0.102*
(0.061)

0.077
(0.085)

0.053
(0.105)

0.055
(0.077)

0.071
(0.094)

-0.012
(0.111)

0.139**
(0.069)

0.085
(0.105)

0.133
(0.123)

Treat

-0.021
(0.021)

-0.023
(0.091)

-0.004
(0.085)

-0.021
(0.021)

-0.031
(0.097)

0.062
(0.090)

-0.021
(0.062)

-0.015
(0.106)

-0.085
(0.109)

Post

0.045
(0.038)

0.093
(0.069)

-0.084
(0.093)

0.045
(0.038)

0.093
(0.069)

-0.084
(0.094)

0.045
(0.047)

0.093
(0.069)

-0.084
(0.094)

0.021
597
61
0.037

0.255
796
80
0.017

0.789
711
68
0.004

0.021
392
40
0.016

0.255
534
53
0.014

0.789
480
46
0.011

0.021
435
45
0.054

0.255
493
51
0.018

0.789
432
41
0.004

Control mean
Observations
Individuals
R-squared

Difference (Flexible - Fixed)
(11)
(12)
(13)
Low
Medium
High
(col 8-5)
(col 9-6) (col 10-7)
0.084
(0.075)

0.014
(0.102)

0.146
(0.099)

NOTE: This table shows results from a sensitivity analysis where I define “baseline” adherence using average adherence in the 6-month period before the study started. The
outcome variable is a binary indicator =1 if in adherence is at or above 90 percent (pills taken out of pills prescribed) in each month. Treat is either pooled (=1 if individual is
in assigned to any incentives treatment, 0 if control) or separated by treatment (=1 if Fixed, =0 if Control; =1 if Flexible, 0 if Control). Post =1 after the intervention started.
"Low" is baseline adherence <60%, "Medium" is baseline adherence between 60 and 90% and "High" is baseline adherence >90%. Control mean refers to the mean
adherence in the pre-intervention months, for the control group. Standard errors in parenthesis are clustered at the individual level. *** p<0.01, ** p<0.05, * p<0.1
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Appendix Table A1.7. Intervention Treatment Effect on Mean Adherence Over 36 weeks,
Robustness Check
Pooled vs. Control
(1)
(2)
Treat x Post
Treat
Post

Individual +
Time FE
Observations
Individuals
R-squared

Fixed vs. Control
(3)
(4)

Flexible vs. Control
(5)
(6)

0.066*
(0.040)
0.057
(0.052)
0.055*
(0.033)

0.076**
(0.037)

0.022
(0.041)
0.125**
(0.056)
0.055*
(0.033)

0.035
(0.038)

0.109**
(0.049)
-0.012
(0.063)
0.055*
(0.033)

0.119**
(0.047)

No

Yes

No

Yes

No

Yes

5,784
209
0.041

5,784
209
0.655

3,841
139
0.056

3,841
139
0.670

3,680
137
0.034

3,680
137
0.670

Notes: Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Appendix Table A1.8. Self-Efficacy Ratings, Differences by Groups
Mean
Fixed
Target

Flexible
Target

8.65

8.72

8.77

0.63

0.57

7.95

8.08

8.12

0.60

0.55

Control

How confident are you that you can
make plans that help you stay healthy?
(0-cannot do at all, 10-certain I can do)

How confident are you that you can
reach the goals you set for yourself (0cannot do at all, 10-certain I can do)

P-value from
pairwise mean
comparison
Pooled Flexible
vs.
vs.
Control
Fixed

NOTE: This table shows means of self-efficacy ratings collected from the study endline survey.
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Appendix Figure A1.1. EDM Adherence from Jan 1 to April 1 2017, twice-daily regimen

NOTE: This figure shows the time and date of each pill-taking event based on this participants’ electronically monitored adherence.
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Appendix Figure A1.2. EDM Adherence from September 2016 to April 1 2017, once-daily regimen

NOTE: This figure shows the time and date of each pill-taking event based on this participants’ electronically monitored adherence.
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Appendix Figure A1.3. Distribution of scheduled clinic visits in the 9-month study period
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Appendix Figure A1.4. Comparing Pooled Treatment vs. Control along Baseline Variables in Each
Study Month

Pooled Treatment vs. Control
month2

month3

month4

month5

month6

month7

month8

month9

.5
0
1
.5
0

P-value

1

0

.5

1

month1

0

5

10

15

0

5

10

15

0

5

10

15

Ranked p-values

NOTE: To check that missing observations in each month does generate an unbalanced sample, ranked
p-values are shown from a means test for all baseline balancing variables comparing Pooled treatment
versus Control for the non-missing observations in each month included in the analysis. Red line marks
5 percent significance.

66

Appendix Figure A1.5. Comparing Flexible Target vs. Control along Baseline Variables in Each
Study Month

Flexible Target vs. Control
month2

month3

month4

month5

month6

month7

month8

month9

.5
0
1
.5
0

P-value

1

0

.5

1

month1

0

5

10

15

0

5

10

15

0

5

10

15

Ranked p-values
NOTE: To check that missing observations in each month does generate an unbalanced sample,
ranked p-values are shown from a means test for all baseline balancing variables comparing Flexible
Target treatment versus Control for the non-missing observations in each month included in the
analysis. Red line marks 5 percent significance.
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Appendix Figure A1.6. Comparing Fixed Target vs. Control along Baseline Variables in Each Study
Month

Fixed Target vs. Control
month2

month3

month4

month5

month6

month7

month8

month9

.5
0
1
.5
0

P-value

1

0

.5

1

month1

0

5

10

15

0

5

10

15

0

5

10

15

Ranked p-values

NOTE: To check that missing observations in each month does generate an unbalanced sample,
ranked p-values are shown from a means test for all baseline balancing variables comparing Fixed
Target treatment versus Control for the non-missing observations in each month included in the
analysis. Red line marks 5 percent significance.
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Chapter 2
Context Changes How People Respond to Calorie Information on
Menus: Results from a Discrete Choice Experiment8

2.1

Introduction

Rates of obesity and diet-related chronic disease have risen alongside increases in food consumption
away from home. Calorie intake from restaurants and fast-food establishments are estimated to have
more than tripled between 1997 and 2008, and food-away-from-home (FAFH) now comprises one
third of Americans’ energy intake (Lin and Guthrie 2012). Portion sizes and availability of energydense and nutrient-poor foods in the restaurant industry have also increased (Brownell and Horgen
2004, Anderson and Matsa 2011) and several studies using cross-sectional and longitudinal surveys
have associated frequent eating out with higher body mass index and weight gain (Duffey et al. 2007,
Currie et al. 2010, Bezerra et al. 2012). Mitigating trends in overconsumption is a pressing public
health concern given that obesity is blamed for over 110, 000 deaths a year in the US alone (Flegal et
al. 2007) and has associative health risks with other chronic diseases like hypertension and type 2
diabetes (Kahn et al. 2006, Mende 2012). The American Journal of Preventive Medicine predicts 42
percent of Americans will be obese by 2030, resulting in an additional $550 billion in health-related
costs (Finkelstein et al. 2012).
Providing calorie information on menus is a policy tool to improve consumer decision-making that
may lead to higher quality diets. Starting in May 2018, restaurants and other food establishments that
are part of a chain with 20 or more locations doing business under the same name and offering the
same menu items are required to implement the U.S. Food and Drug Administration (FDA) final rule
on menu labeling, “Food Labeling: Nutrition Labeling of Standard Menu Items in Restaurants and
Similar Retail Food Establishments”. In these restaurant outlets, menus or menu boards are required
This chapter contains analysis originally released in the RAND report: Sturm, Roland, Haijing Crystal Huang, Flavia Tsang,
Liisa Hiatt, Rosanna Smart, Cameron Wright, and Helen Wu, Examining Consumer Responses to Calorie Information on
Restaurant Menus in a Discrete Choice Experiment. Santa Monica, CA: RAND Corporation, 2018.
https://www.rand.org/pubs/research_reports/RR1957.html. I am grateful to Patricia Smith, Vikesh Amin and other seminar
participants at the Western Economic Association International conference, for helpful comments.
8
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to display calorie information following rules regarding visibility and including a contextual
statement on total daily diet, “2,000 calories a day is used for general nutrition advice, but calorie
needs vary.” While several states have already passed, or implemented regulations on menu labeling,
these new federal standards create a nationwide uniform requirement for displaying calorie
information.
Several studies have assessed the effects of menu labeling, but results are mixed as detailed in several
systematic reviews (Sinclair et al. 2014, VanEpps et al. 2016, Bleich et al. 2017). Recent papers
studying consumer behavior at the point of purchase find a significant negative effect of labeling on
calorie consumption. Bollinger (2011) is a well-powered and rigorously designed study; using data
from over 100 million transactions over 14 months at Starbucks locations in a natural experiment
comparing menu labeling in New York City compared to control sites in Boston and Philadelphia,
the authors found a 6 percent decrease in energy content, mainly driven by food purchases (Bollinger
et al. 2011). Wisdom et al. (2010) used an experimental design at a fast-food sandwich restaurant
with a sample of 638 customers and found that customers exposed to both calorie labeling and daily
energy recommendation statements made lower calorie choices by almost 100 calories (Wisdom et
al. 2010). In a before and after analysis, Pulos and Leng (2010) found that consumers at full-service
restaurants in Washington ordered about 15 fewer calories on average after being exposed to menu
labeling (Pulos and Leng 2010).
Other studies have found mixed or null effects: Krieger et al. (2013) analyzed receipts from
customers at 50 locations in King County, Washington in a before and after design and found calorie
declines in some food establishments but not others (Krieger et al. 2013). Similarly, Dumanovsky et
al. (2011) analyzed customer receipts in a before and after design and found no effect of labeling in
fast food restaurants overall but some heterogeneity by restaurant chain: McDonalds, Au Bon Pain
and KFC customers decreased calorie consumption but not the other fast food chains studied
(Dumanovsky et al. 2011). Ellison et al. 2014 found that customers reduced calories chosen when
exposed to contextual information (traffic symbols) but not to numeric calorie labels. Other studies
found no effect of menu labeling (Finkelstein et al. 2011, Elbel et al. 2013, Cantor et al. 2015). Elbel
et al. 2013, Cantor et al. 2015, and Finkelstein et al. (2011) study receipts from customers at fast food
and Mexican fast-food chains in a natural experiment design (comparing cities with and without
labeling, over time) and found no changes in the energy content of purchased food due to menu
labeling.
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In this paper, we present additional evidence on menu labeling by assessing the effect of providing
calorie information on menus across a variety of food outlets using an online consumer choice
experiment. Using an online sample of 2,200 Americans we randomized treatment to calorie labels
across nine menu settings. Presented with realistic menus, participants were asked to make a
hypothetical choice on that menu or opt out. To test whether making calorie information more visible
or salient to the consumer increases the effectiveness of labels, we varied the type of label in four
menus to either bold or regular, compared to none. We also collected detailed information about
respondent preferences on factors that affect food purchase. We present results on the average
treatment effect of labeling on food choice, pooling across menus and for each type of menu/outlet,
and assess heterogeneity in responses using subgroup analyses, quantile regression and finite mixture
models.
A key contribution of our study is that it is the first to evaluate the effect of labeling on calorie choice
across a variety of restaurants intended to represent the chain outlets currently subject to the FDA’s
menu labeling regulations. These range from the Fast Casual and Fast Food-type outlets more
typically studied to Movie Theaters and dessert locations, which have been previously unexplored. A
main reason for the differences across studies on labeling may be contextual differences in the types
of restaurants studied (and by association the types of customers that frequent them). The most recent
systematic review of field studies did not estimate an average treatment effect, but concluded that
“the evidence regarding menu labeling is mixed, showing that labels may reduce the energy content
of food purchased in some contexts, but have little effect in other contexts” (VanEpps et al. 2016).
Given that the type of cuisine and service are strong predictors of calories, fat, or sodium (Wu and
Sturm 2013) , it is necessary to estimate menu labeling effects across different contexts. Though the
choices are hypothetical, the well-powered randomized experiment design allows us to identify an
unbiased treatment effect across all menu settings and for each setting separately.
Our main findings are the following: first, displaying calories on menus reduced the energy amount
ordered overall by 38 kilocalories (kcal or ‘calories’ as used commonly and which we use throughout
the paper) among participants who selected at least one item. Though our experiment was based on
hypothetical rather than real-life choices, the average treatment effect corresponding to a 6.3 percent
decrease across all settings - is comparable to the 6 percent estimated in an analysis of purchase
receipts using a natural experiment in Bollinger (2011). We find no substantial or statistically
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significant difference between calorie information presented in regular or bold font, although the
magnitude of decrease in calories ordered was slightly greater for bold labels. Participants who saw
labeled menus are no less satisfied with their choices compared to those who didn’t see them.
We also find that context matters: the effect of providing calorie information differed by type of
setting. In standard “meal” restaurants, providing calorie information through menu labels reduced
the number of calories ordered by a statistically significant amount. This is not the case in nonrestaurant settings (Movie Theater, Ice Cream and Coffee) where there were no statistically
significant differences in calories selected between labeling and control groups. While the
mechanisms behind this warrant further research, we hypothesize that consumers may mentally
budget “discretionary” calorie intake differently than calorie intake for regular meals; making a
substitution towards a lower calorie item for desserts or sugary drinks may result in lower utility
compared to a similar substitution for a regular meal.
Because individual preferences for food and restaurant types can be variable, the concept of an
average treatment effect of providing calorie information is incomplete. We observed substantial
heterogeneity when we considered the distribution of food choices rather than an average. From our
subgroup analysis, we find that those who are typically more aware of calorie and nutrition labels
have a stronger response to labeling in the experiment that is more than double the average treatment
effect. This suggests that in addition to providing new information, calorie labels may increase the
salience of healthfulness, by “reminding” already health conscious people to stick to making a
healthy choice. Female participants and participants who considered themselves overweight also
selected 14 fewer calories when they saw labels compared to those who considered themselves
normal weight, though these effects only approached statistical significance at 10 percent. Our
analysis using quantile regressions and finite mixture models are exploratory rather than conclusive.
We find that a priori “high-calorie” consumers, which comprise about one-fifth of the sample have a
larger response to labeling compared to those who order at the median.
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2.2

Conceptual Framework and Previous Literature

Under a rational economic model of decision-making, individuals make choices that reflect their true
preferences subject to available resources such as budget/prices, information and time. Under the
condition that no market failures exist in the food industry, this model assumes that the rise in obesity
rates reflects people’s true preferences regarding their body weight.
However, given the increase in availability and consumption of food away from home (FAFH), a
potential market failure does arise in the form of asymmetric information between producers and
consumers about the nutrition content of food. George Akerlof formally conceptualized information
asymmetries as a market failure in his work on “lemon” cars (Akerlof 1970), demonstrating that if
quality cannot be easily assessed then producers compete on other observed characteristics such as
price and may drive out higher-quality products. If consumers are not aware of calorie information at
the point of consumption, then food outlets compete on dimensions that consumers can evaluate
more easily: price, amount, and taste (Sturm 2008).
There is evidence to suggest that information asymmetries exist and could contribute to suboptimal
decisions. Studies have shown that even trained dietitians are unable to reliably assess the nutrient
content of common restaurant meals. While dietitians could accurately estimate the calorie and fat
content of a glass of milk, they underestimated calories of displayed restaurant meals by 220 to 680
calories and by 18-57 grams of fat (Backstrand et al. 1997). Health professionals with expertise in
nutrition were also not better than the general public at predicting the calorie content of common
restaurant meals (Perkins 2012). Available evidence also indicate that most consumers underestimate
the number of calories contained in meals prepared away from home and this underestimation tends
to be higher for high-calorie items (Robert Wood Johnson Foundation, 2009).
In addition to providing new information, menu labeling can also improve decisions through a
behavioral channel. Studies have found that overeating often stems from problems of self-control that
occur even when people have full knowledge of their consequences (O'Donoghue and Rabin 2000),
suggesting that optimal decision-making when it comes to food may be hampered by poor impulse
control in addition to or perhaps despite information constraints. Individuals’ choices for diet or
exercise do not align with their intentions (Vigna and Malmendier 2006)and obesity is associated
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with present-bias (favoring current consumption or pleasure over long run gain) and time inconsistent
preferences (Lawless et al. 2013).
If people’s short-term decisions undermine their long-term intentions, then labeling may additionally
serve a reminder function, by making the healthiness (or unhealthiness) of food more salient at the
point of purchase. Several studies have applied behavioral economic insights to the design of menus
to reduce the cognitive burden of interpreting labels and increase salience of healthy choices. For
instance, Ellison et al. (2014) conducted a field experiment in a full-service restaurant with 138
participants, where they were randomly assigned to see either a numeric label, a symbolic label
(traffic light symbols), or no label. Authors found that traffic light symbols representing different
calorie levels of food were more effective at reducing calories ordered than numeric information
alone. Wisdom et al. (2010) separately tested an “information provision” (calorie labeling only)
intervention alongside a “convenience” intervention where lower calorie choices were displayed
more prominently by placing them in a “featured items” section on top of the menu, in a field
experiment with 638 diners at a fast-food sandwich restaurant. They found that both interventions
reduced calorie choices; information alone led to a reduction of 61 calories; convenience led to a
reduction of 77 calories. Bollinger 2011 also tested the roles of information and salience and found
that the mechanism for an effect is a combination of learning and salience.
Our study is not designed to explicitly test for and distinguish between these two channels of impact.
However, we do introduce variation in the visibility of labels to test for an additional effect; for four
of the menus we provide the same calorie information but vary the font face to either bold or regular.
While there are visually stronger ways to enhance labels that may be a more effective way of testing
the “salience” channel, a core objective was to design the menus following the FDA’s specific
regulations; as such, we acknowledge this is a limited way to test this factor.
Apriori, it is unclear how consumers will respond to menu labeling. There is likely heterogeneity in
how much prior information about calories people already have, which means that those who overestimate calories before exposure to labeling may upwardly adjust their intake whereas those who
under-estimate calories may downwardly-adjust, and those who are already quite aware and
conscious of calorie information may not change their behavior at all. As such, the average effect of
labeling and whether there is meaningful heterogeneity of treatment impact is ultimately an empirical
question.
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There is some empirical evidence that the impact of calorie labeling on consumers may not be
uniform. Ellison et al. 2013 find that more health-conscious people, or those who spend more time
monitoring their calorie intake or spend more time reading nutrition labels, have a lower response to
labeling. This is in line with menu labeling operating through an “information” channel, since those
who are highly health conscious will derive little new information from calorie labels and are likely
to already be making lower calorie choices (Ellison et al. 2013). On the other hand, from a behavioral
perspective, labeling may have a stronger effect among those who have committed to being health
conscious but may lack self-control; information or increased salience at the moment of making a
food decision then reminds these individuals to stick to their choices.
If menu labeling is intended to reduce obesity, a heterogeneous effect of policy interest is whether
menu labeling is effective among those who are overweight or obese. Bollinger et al. (2011) found
that calorie labeling at Starbucks had larger impacts among individuals who were high-calorie
purchasers before calories were posted on menus; these individuals reduced calories per transaction
by 26 percent compared to the 6 percent average decrease found by the authors. Estimating treatment
impacts at different quantiles, they also found that calorie reductions were larger in the top half of the
calorie distribution than the bottom half. Using a difference-in-differences analysis of the
implementation of menu-labeling across New York counties, Restrepo (2017) assessed the impact of
menu labeling on Body Mass Index (BMI); in addition to finding reductions in BMI, the author also
found that labeling has larger impacts on women, minorities, and lower income groups (Restrepo
2017). However, the author did not find differences in treatment impact across the BMI distribution.
In a recent working paper, Deb and Vargas used a difference-in-differences identification strategy
relying on variations in the implementation of calorie labeling laws across the US to estimate the
effect of menu labeling on BMI; they found that the effect of labeling is stronger for the
subpopulation identified as overweight and obese (Deb and Vargas 2016).

2.3

Experiment Design and Data

We created an online experiment with random assignment of calorie information to estimate
consumer responses to menu labeling. Survey respondents were shown nine different menus, each
representing a different type of food outlet. Participants were asked to review each of the menus and
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indicate what they would order (if anything) from that type of restaurant, and then were asked to
answer a few follow-up questions about their rating of the value and healthiness of the menu,
satisfaction with their choice, and how often they typically choose to eat at that type of restaurant.
After working through all nine menus and questions, participants were also asked to answer
questions about attitudes towards health, nutrition, and calorie labeling, as well as factors they
consider important when making food selections (e.g., taste, healthfulness, value, etc.).
2.3.1

Respondents

This experiment was conducted on a sample of 2,200 individuals drawn from the RAND American
Life Panel (ALP). The ALP consists of a panel of about 6,000 U.S. respondents ages 18 and older
who regularly take surveys over the Internet. The ALP has fielded over 400 surveys on topics
including financial decision-making, well-being, health decision-making, and more (see
https://alpdata.rand.org/). The ALP has an advantage over most other Internet panels, in that the
panel can be based on a probability sample of the United States. The benchmark distributions against
which the ALP is weighted are derived from the Current Population Survey (CPS). Participants are
paid an incentive to participate ($20 per 30 minutes of interview time), and we designed our study to
take no more than 30 minutes.
2.3.2

Menu Design

Participants were shown nine stylized menus representing different restaurants that would be subject
to the FDA rules (Table 2.1). The menus represent different types of fast food or fast casual
restaurant outlets, as well as a few non-meal based outlets serving snacks or treats. In designing the
menus, a goal was for participants to see menus that resemble, as realistically as possible, those
encountered at actual food outlets while maintaining simplicity in the design. To create the menus, I
collected photos and samples of real-life menus in each setting, and downloaded nutrition
information from restaurant websites.
For each setting, the style of the menu, content, prices, and calories reflected those seen in an actual
setting of that type. With the exception of the Fast Food, Movie Theater and Cafe menus, I did not
include drink options for simplicity. For each menu presented, respondents would see a screen with
the title of the type of restaurant corresponding to the menu, and a short prompt. For example, for the
Fast Food restaurant, the prompt read “Imagine you’re at fast-food restaurant for lunch. It’s a new
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fast-food restaurant chain, similar to McDonald’s, Burger King, and Wendy’s. What would you order
from the following menu?” Survey respondents would then click the radio button next to the food
item name or picture to indicate their selection. At the bottom of each menu, I included a “none of
the above” option so that respondents who would not choose something from that menu could opt out
of being a customer. Figure 1 shows a screenshot of the Asian Fast Casual menu with regular calorie
labels. Respondents were able to go back to any point in the survey to revise their response.
Table 2.1. Nine types of food outlets
Name used in Study

Type of Food

Style

Asian

Chinese/Asian

Fast Casual

Fast Food

Burgers

Fast Food

Mexican

Mexican

Casual, sit down

Pizza Stand

Pizza, ordered by the slice

Fast Food

Pizza Restaurant

Pizza with “organic”, “locally

Fast Casual

sourced” ingredients.
Salad Bar

Prepared salads (not a buffet)

Fast Casual

Cafe

Coffee

Café

Movie Theater

Popcorn/Candy

Movie theater
counter

Ice Cream

Ice Cream

Ice cream parlor

A conscious design element was varying the choice set and corresponding caloric content within the
same “taste” category. For example, within the category of beef burgers in the Fast Food menu, I
showed burgers in three portion sizes: a quarter-pound, a half-pound, and three-quarters of a pound.
This gave respondents the option to choose a smaller portion while holding “taste” constant; that is,
someone with a strong taste preference for beef could choose a lower-calorie beef item instead of a
higher calorie one without having to switch to a different type of food. Likewise, when possible I
varied main menu features by offering different sizes of items, such as with Ice Cream and Cafe
menus. These design elements allowed for holding taste preference as a constant to the extent
possible, to better identify the effect of labeling. Specifics about how each menu was designed and
examples of menu designs for no label, regular label and bold labels can be found in the Appendix.
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Figure 2.1. Screenshot of Asian Fast Casual menu with labeling

2.3.3

Randomization

Three layers of randomization were incorporated into the experiment. These are described below and
summarized in Table 2.2.
Order – The order of menu seen was randomized for each participant. This reduces the likelihood of
any “order effects” that could potentially confound the interpretation of the labeling effect (i.e.
respondent fatigue at the end, or priming effects for example).
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Calorie label – This is the primary experiment. Each menu was randomized to either a calorie
labeling treatment or no label (control). The required contextual statement about recommended daily
caloric intake was also included at the bottom of menus in the labeled treatment group 9.
Bold label – For four menus, individuals were allocated to see no label or either regular or bold
calorie labels. These labels also meet the requirements of the new FDA regulation, but use a heavier
typeface that is more pronounced than the regular label group. The menus that include the bold
calorie treatment arm are: fast casual Asian restaurant, salad bar, pizza by the slice and organic,
locally sourced pizza restaurant.
Price variation – In addition to the main experiment, four menus also contained a price variation.
This was done to break the positive correlation between prices and calories and additionally allow for
estimating the price sensitivity and eventually the consumer gain from better choices. Larger portions
are always more expensive than smaller portions of the same food. The price differential therefore
influences choices as well. People who switch from a larger to a smaller portion size when given
calorie information and there is a large price differential might not switch with a smaller price
differential. Manipulating the prices could therefore outline the relative importance of price versus
information. Each participant was randomized to either: default prices, a health subsidy where lower
calorie choices are approximately 20 percent cheaper, or a calorie tax where high calorie choices are
approximately 20 percent more expensive10.
An alternative method to break the fixed relationship between higher prices and higher calories is to
have identical prices for all items (or alternatively, there is no price effect when switching to higher
or lower calories). This was present in three menus (Asian, Pizza Stand, and Organic Pizza
Restaurant).

“2,000 calories a day is used for general nutrition advice, but calorie needs vary”
For Mexican and Fast Food settings, low calories were determined to be all items equal to or less than 500 calories and high calories were
determined to be all items equal to or over 900 calories. For Ice Cream and Movie Theater settings, low calorie items were those sized small and
high-calorie items were those sized large.
9

10
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Table 2.2. Menu Design and Average Calories and Prices of Items per Menu
Regular
label

Treatments
Bold
Price
label
variation
x

Calories

Prices (default setting)

Mean

Min

Max

Mean

Min

Max

707

180

1480

4.62

2.49

6.69

324

70

690

7.59

7.59

7.59

Fast Food

x

Fast Casual (Asian)*

x

Ice Cream

x

x

422

100

850

3.66

2.79

4.59

Movie Theater

x

x

416

0

1100

4.71

3.75

5.75

Pizza stand*

x

x

303

210

430

2.50

2.50

2.50

Organic pizza restaurant*

x

x

303

210

430

5.00

5.00

5.00

Fast Casual (Mexican)

x

698

240

1025

5.36

2.49

6.09

Salad / Sandwich
restaurant

x

519

355

820

8.08

7.95

8.45

Café

x

193

0

500

2.94

1.75

4.75

x

x
x

NOTE: Mean calories are rounded to the nearest round number. Café mean calories are from default milk choice of 2 percent
milk, versus whole (+20 calories) or skim (-20 calories). * Fixed price menus ** Two price levels: 7.95 for all salad and
sandwiches, 8.45 for all paninis.

2.4

Descriptive Analysis and Randomization Balance

2.4.1 Sample Characteristics
Survey data collection started August 15, 2016 and ended August 21, 2016. Our final sample consists
of 2,200 respondents. Forty-six percent of the sample are male, the average age is 56 years. The
majority of the sample is white (72 percent), 9 percent are African-American, and the remaining are
Asian or Pacific-islander or “Other.” Fourteen percent have Hispanic ethnicity. Fifty-five percent of
the sample are employed (at the time of the survey). Respondents have 15 years of education on
average, with 96 percent having completed high school and 48 percent showing a four-year college
degree. Sociodemographic characteristics are available on all respondents, but there were
nonresponses to some survey questions including income.
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Table 2.3. Sample Demographic and Socio-Economic Characteristics
Variable

Mean

Non-Hispanic African American
Non-Hispanic White
Asian or pacific islander
Other race
Hispanic
Income
Male
Age
Years of education
Finished high school
Some college
College degree
Employed

0.09
0.72
0.03
0.02
0.14
71.03
0.46
56.13
15.00
0.96
0.84
0.48
0.55

Number of other people in household

0.89

Standard
Deviation

57.63
14.38
2.17

Minimum

Maximum

0
0
0
0
0
2.5
0
20
6
0
0
0
0

1
1
1
1
1
250
1
93
18
1
1
1
1

0

10

1.37

NOTE: Standard deviations shown only for continuous variables. All variables have 2,220 observations, except for
income, which had 2,213. Seven people did not report income. Income was constructed as a continuous variable
using midpoints from 17 categories (e.g. If category is $25k - $30k, $27.5k is used).

2.4.2 Randomization Balance
To check for balance in the random assignments, we compare the means of treatment (seeing a price
variation or menu labeled with calorie information) and control groups (seeing regular prices and no
calorie information on menus) along socioeconomic and demographic characteristics and an indicator
for whether the participant is of normal weight (if their BMI is less than 25), and report the p-value
from a chi-square test. We additionally check for balance on the post-survey attitude questions we
collected, which included hunger and factors that influence food decision-making (large portion,
good value, low in calories, low in price, etc.). Because these additional variables are likely
correlated with calories chosen, this additional check is useful for informing us of imbalanced
variables, if any, so we may control for them in later regressions. In total, that gives 26 variables
checked for balancing. Given our experimental design, there are a total of 13 randomizations: 9 for
menu labeling variations (labeling with bold and regular design styles) and 4 for prices. Note that for
some menus, we compare between two groups (regular/no label) and for others we compare among
three groups (regular/bold/no label, or normal price/health subsidy/calorie tax).
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As a parsimonious way of displaying results from balancing tables, we show graphs of ranked pvalues associated with the mean tests in each menu for the nine calorie labeling treatment menus
(Figure 2.2) and four price treatment menus (Figure 2.3). The horizontal red line is a p-value of 0.05.
We have 26 variables per menu, multiplied by 13 tables, so there should be a few significant
differences (about 1 in 20 tests) due to chance.
The Figures show that the experiment/control groups are balanced. Few menus have differences
between control and treatment in more than one variable below or at p-value 0.05 (the horizontal red
line). The exception to this is the calorie label randomization for Ice Cream menu, where there were
eight variables that differ between by calorie label assignment with statistical significance below
0.05. Inspecting the balancing table further, most of these variables were the food attitude variables:
good value, low price, low calories, healthy, control weight, and taste good. For this menu, including
attitude variables in later regressions may control for the lack of balance.
As described above, the order of menus seen was randomized for every participant. Table 2.4 shows
sample sizes for each menu, by the order in which they were seen. Note that while 2,200 people
responded to the survey, each person would have been assigned to all nine different menus hence the
total menu by individual sample is 19,800. The sample distribution shows there is no clustering of
participants who saw a certain menu at a later or earlier stage in the survey. A chi-square test of
proportions shows that there are statistically significant differences in these proportions across all 81
(9*9) menu by order instances (p-value=.02). However, the cell size for each menu-by-order is
within the mid-200s range, suggesting that the randomization was implemented correctly and any
statistically significant differences are due to random deviations rather than systematic error.

82

Figure 2.2. Ranking of P-values from Mean Comparisons – Calorie Label Menus
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Figure 2.3. Ranking of P-values from Mean Comparisons – Price Treatment Menus
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Table 2.4. Sample Sizes of Menus, by Order They Were Seen
Order

Asian

Fast
Food

Mexican

Pizza
Restaurant

Pizza
Stand

Salad
Bar

Cafe

Ice
Cream

Movies

Total

1
2
3
4
5
6
7
8
9

251
252
242
241
247
242
246
268
231

278
231
245
228
241
246
255
245
251

263
269
213
248
263
223
262
243
236

242
257
238
278
261
267
211
231
235

276
218
249
243
250
246
235
237
266

236
269
255
256
234
236
249
238
247

235
246
262
223
248
270
244
263
229

235
244
237
241
238
218
288
259
260

204
234
279
262
238
272
230
236
265

2,220
2,220
2,220
2,220
2,220
2,220
2,220
2,220
2,220

Total

2,220

2,220

2,220

2,220

2,220

2,220

2,220

2,220

2,220

19,980

NOTE: Chi-square test of proportions yields a chi2 state of 88.7 and p-value =0.022.

2.4.3

Menu Selections

Table 2.5 shows the mean calories chosen by menu and the number of respondents selecting at least
one item on the menu. Some restaurant settings are more popular than others in terms of the number
of respondents making a choice (“customers”). Individuals were least likely to order anything from
the Movie Theater or the Cafe Shop menus. The highest average calories ordered were from the
Movie Theater and the Mexican restaurant menus.
In our pizza and Mexican menus, because respondents could enter the number of slices they would
order there were a small number of implausible responses (i.e. dozens of slices of pizza). Rather than
set differing cut-offs in each menu, for consistency across menus we drop outliers by setting any
selections over 2,500 calories to “missing;” This affected 82 out of 19,659 responses (0.4%): 36 in
the Pizza Stand menu, 30 in the Pizza Restaurant menu, and 18 in the Mexican restaurant. The
following tables reflect the sample after dropping these outliers.
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Table 2.5. Mean Calories Selected, by Menu
Standard
kcal
N
Error
Minimum

Maximum

Asian

559

2034

5.72

70

1220

Fast Food

643

1924

7.08

180

1480

Mexican
Pizza
Restaurant

941

1808

8.38

240

2430

514

1728

7.54

160

2490

Pizza Stand

583

1939

7.94

160

2480

Salad Bar

568

1914

3.20

355

820

Cafe

156

1497

4.67

5

530

Ice Cream

344

1953

3.95

100

850

Movies

978

1322

13.97

275

2200

NOTE: Only responses with food choices are shown. Selections over 2,500 kcal have been excluded.

The Pizza Restaurant and Pizza Stand essentially offer the same menu, although were presented
differently. The main substantive difference is price, resulting in 211 fewer customers in the Pizza
Restaurant (and also fewer slices ordered). The average number of slices ordered were comparable
across the two pizza settings: 1.8 in pizza restaurant and 1.9 in pizza stand.
The mean calories selected in this experiment are lower than those from restaurant studies. There are
several possible reasons for that: First, people only chose items for themselves in this experiment (no
sharing or orders for multiple people); second, most menus excluded drinks (a decision made for
feasibility given time constraints); third, only the Pizza and Mexican menus allowed for ordering
multiple items (while some people may order two entrees in actual restaurants). For comparison,
Dumanovsky et al. (2011) and Elbel et al. (2009) report means of 800 kcal in fast food restaurants
(Dumanovsky et al. 2011). Using data from a large coffee chain, Bollinger et al. (2011) report
average drink calories per transaction of 143 kcal (Bollinger et al. 2011), slightly below the average
in our experiment. We have no comparable data for real transactions in Ice Cream or Movie Theater.
It is important to emphasize that not all respondents become “customers.” The survey design allowed
respondent to either clearly indicate that they would not buy anything from that restaurant (“noselection”) or skip over a setting entirely without providing a response. The number of skips remains
fairly constant across menus, and represents a small portion of the respondent pool, ranging from 33
to 39 (Appendix Table A2.1). Many skips derive from incomplete interviews (the participant never
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reached the final screen). Out of 2,220 total final respondents 10 skipped all menus, 69 skipped some
menus, and 2,141 answered all. The number of no-selections varies by menu with the highest number
for Movie Theater (860) and Cafe (685). The Pizza Restaurant menu had twice the number of noselections as the Pizza Stand, despite having essentially the same menu items, suggesting the price
variation or health framing affected respondents’ decisions on that menu.

2.5

Empirical Specifications

2.5.1

Unadjusted Analysis of Average Treatment Effect

The primary analysis of an average treatment effect of labeling is a direct comparison of our outcome
variable, calories chosen, by treatment assignment (menus with calorie information versus menus
without calorie information).
For the unadjusted analyses we present results for both the “full” sample (including those who did
not make a selection, coded as 0 value) and the “customer” sample (excluding zero selections). The
approach used for calculating average treatment effect in field studies that either collected receipts
(e.g., Auchincloss et al., 2013; Krieger et al., 2013; Elbel et al., 2011) or used sales data (Bollinger et
al., 2011) corresponds to that of the customer comparison. By comparison, using the full sample
comparison includes 0 values for people who would not frequent this type of food outlet and who, in
our experiment, indicated that they would not order anything. While the full sample approach is the
correct one to use for calculating average treatment effect for all participants, it may not be a relevant
statistic. From this perspective, we use the customer sample for subsequent regression analyses
estimating treatment impact.
2.5.2

Regression Analyses

Effect of Labeling on Making No Selection
We first analyze the effect of seeing a menu label on the probability of opting out of a menu. If
labeling menus with calorie information were to cause people to not select food, then analyzing
choices only among customers (as with studies that collect receipts) would underestimate the effects
of labeling. We estimate a logit model for the probability of selecting a food. The outcome is an
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indicator of calories greater than 0, the explanatory variable is an indicator of any label, and menu
dummies are included to account for the variation of menu types. We additionally run the same
regression for each menu separately.
Average Treatment Effect of Labeling on Calories Chosen
In our regression analyses of overall average treatment effect of labeling, we first pool across all
menus and include socio-demographic control variables and menu fixed effects in this regression.
Socio-demographic variables include gender, race, age, income, education, employment status and
household size. Health variables include BMI, hunger (self-reported on a scale of 1-10 where 10 is
most hungry at the time of taking the survey), and a binary variable we constructed to proxy health
consciousness (“health conscious” coded =1 if respondents rated any of the following three food
characteristics—“keeps me healthy,” “helps me control my weight,” “is low in calories”—as "very
important” to them.). The specification is:
𝑌𝑖𝑚 = 𝛼 + 𝛽𝑇𝑟𝑒𝑎𝑡𝑖𝑚 + 𝑍 ′ 𝑋𝑖 + 𝛾𝑚 + 𝑒𝑖𝑚

(1)

Where 𝑌𝑖𝑚 is chosen calories for individual i in menu m, and 𝑇𝑟𝑒𝑎𝑡𝑖𝑚 is an indicator variable =1 if
participant i saw a calorie label in menu m, 𝑋𝑖 is a vector of socio-demographic and health variables,
and 𝛾𝑚 are menu fixed effects. We cluster standard errors to correct for individual correlations. We
use both continuous calories and log calories the outcome variable, to evaluate a percentage change
in calories chosen.
To assess the effect of labeling in each menu, we also run separate regressions of the following form:
𝑌𝑖 𝑚 = 𝛼 𝑚 + 𝛽𝑚 𝑇𝑟𝑒𝑎𝑡𝑖 𝑚 + 𝑒𝑖𝑚 for menu m=1,…,9

(2)

The coefficient 𝛽𝑚 is equivalent to a test of differences in mean calories chosen, by treatment in each
menu. We also do sensitivity check by running a full regression analysis adjusting for the
abovementioned covariates.

87

Effect of Labels on Satisfaction
An argument sometimes made against labeling menus with calorie information is that showing
calorie information may reduce people’s satisfaction from eating out, because knowing the calories
would either compel them to switch away from their preferred choice or reduce their enjoyment from
the meal. Could either switching to an otherwise less desired option or knowing information reduce
satisfaction? Our survey elicited responses on satisfaction with each food choice participants made,
including those who made no selection (i.e., Full Sample). After making a selection from each menu,
respondents were asked “On a scale of 1 (least satisfied) to 5 (most satisfied), how satisfied are you
with your choice?” “I don’t know” was also provided as an option, on the far right of the scale. Note
that both participants who made a selection and those who opted out of a choice were asked these
questions. For both full sample of participants and customer sample, we estimate an ordered logit for
each of the 5 levels of response on a treatment indicator and menu fixed effects, clustering standard
errors at the respondent level.
2.5.3

Heterogeneous Effects

The response to menu labeling may not be constant across the population. If the effects are not
constant, then the average effect may mask heterogeneity across different types of individuals. In this
section, we describe our analysis of heterogeneity using three different methods: 1. Heterogeneity by
subgroup variables; 2. Quantile effects, i.e. differences in treatment effect along the outcome
distribution; and 3. Unobserved heterogeneity, estimated using finite mixture models.
Heterogeneity Along Subgroup Variables
We assess the effect of labeling along two types of subgroup variables: 1. Attitudes/ behaviors about
food; 2. Socio-demographic and health variables (indicators for male, African-American, Hispanic
ethnicity, completed college, income above 75k, and overweight, defined as if the participant
considers him or herself overweight). While there are countless potential other subgroup analyses
that could be conducted, the probability of false positives would increase rapidly with multiple
comparisons. As such, we consider a limited set of variables that could be potentially related to
calorie-labeled menus, namely variables we know to be associated with restaurant selection or
calories chosen.
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The five attitude/behavior variables capture prior use of and knowledge about calorie content in food.
They include: “use of calorie information” (defined as 1 if participant responds “always” to “When
calorie information is available in the restaurant, how often do you use this information to decide
what to order?”); “use of nutrition information” (defined as 1 if participant responds “always” to
“When you shop at a supermarket, do you look at nutritional information when choosing between
similar foods?”); a composite “any health conscious” variable (coded as 1 if an individual rated any
of the following 3 items as very important: “is low in calories;” “keeps me healthy” or “helps me
control my weight”). We also use a proxy for “reasonable knowledge of calories”, defined as 1 if
participants make a guess about the correct number of calories in a standard 12 fluid ounce of CocaCola within the range of 120 and 170.
We regress calories chosen on the labeling assignment, the subgroup variable, the interaction of
subgroup and label, and control for menu fixed effects and sociodemographic characteristics.
Quantile Effects
Quantile regression is a tool which we use to model the conditional distribution of our outcome
variable, the number of calories chosen in each menu setting. We use this to estimate treatment
effects at different percentiles of the outcome distribution, arriving at a more complete picture of how
labeling influences calorie consumption.
Consider a case with a single binary explanatory variable, x. We are interested in two conditional
distributions D(y|x=0) and D(y|x=1) shown in Figure 4. Let m0 and m1 be the means from the two
distributions. Let q0 and q1 be the 90th percentile from the two distributions. The average treatment
effect is the difference between m1 and m0. With quantile regressions, we can study the change in
any quantile in the distribution. In this stylized example, the difference between q1 and q0 is slightly
larger than the difference at means (m1 and m0).
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Figure 2.4. Stylized example of two Distributions, means and 90th quantiles

f(y|x)

Two Distributions - Means and 90th quantiles

m1

q1
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q0

In a quantile regression, the qth regression quantile where 0 < q < 1, is defined as a solution to the
problem:
𝑁
′
′
𝑀𝑖𝑛𝛽𝑞 ∑𝑁
𝑖:𝑦𝑖 −𝑥𝑖 ′𝛽≥0 𝑞|𝑦𝑖 − 𝑥𝑖 𝛽𝑞 | + ∑𝑖:𝑦𝑖 −𝑥𝑖 ′𝛽<0(1 − 𝑞)|𝑦𝑖 − 𝑥𝑖 𝛽𝑞 |

(3)

The quantile q is that which splits the data into q proportions below and 1-q above. Just as we can
define the sample mean in OLS as the solution the least-squares problem, we can define the median
or any other percentile to the problem of minimizing the sum of absolute (weighted) residuals
(Koenker and Hallock 2001). This function models specific quantiles of the outcome distribution by
assigning asymmetric weights (q) and (1-q) to the error terms depending on where they fall relative
to the quantile of interest. Minimizing this produces estimates of the conditional quartile function
(instead of the conditional mean) and allows us to estimate treatment effects at any
quantile/percentile of the outcome distribution.
The quantile distribution function is modeled analogously to our pooled OLS model. We specify a
quantile regression equation with additive menu fixed effects, and cluster-robust standard errors at
the individual level. As Powell 2016 notes, adding fixed effects changes the typical interpretation of
the quantile estimator – instead of estimating the distribution 𝑌𝑖𝑚 | 𝑇𝑖𝑚 , we are instead estimating the
distribution [𝑌𝑖𝑚 – 𝑎𝑚 ] for a given 𝑇𝑖𝑚 (any label indicator), where 𝑎𝑚 is the (observed) menu
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fixed effect (Powell 2016). Including these additive fixed effects means that the coefficient on the
treatment indicator identifies the within-menu treatment effect for each quantile specified.
A caveat to our analysis is that some menus do not have a continuous outcome distribution. Due to
the relatively small number of items offered in Salad Bar (12) and Ice Cream (9), these variables
have a step-wise cumulative distribution. As such, discontinuities may arise at fairly arbitrary
quantiles leading to a treatment effect precisely at that point but not necessarily around it. For
quantile regressions to work well, the outcome must be continuous. Out of this concern, we exclude
these two menus from our quantile regression analyses.
Finite Mixture Model
A third source of heterogeneity is unobserved heterogeneity that differentiate people’s response to
menu-labeling. Individuals are likely to differ both in terms of how much prior information about
calorie content they have before exposure to labeling, and if exposed, how willing they are to factor
the information provided into their decision-making. If there are indeed different types of people as
described, then their choices after exposure to treatment may not adhere to a single distribution, even
after controlling for all observed characteristics. Finite mixture model (FMM) provides one
methodology to account for such complex, unobserved heterogeneity and allows us to estimate the
effect of menu labeling on food choices among groups of individuals whose response to information
is different from the average. This type of modeling is suitable for cases in which the sample of data
has been drawn from distinct populations, but in which the populations are not identified.
In the health economics literature, FMM has been used to estimate the heterogeneous effects of job
loss on body-mass-index (Deb et al. 2011); the effect of prenatal care on birthweight, depending on
whether the pregnancy is “normal” or “complicated” (Conway and Deb 2005); and to classify
demand elasticities by frequent and less-frequent users of care (Deb and Trivedi 2002).
A “textbook” indication of having a mixture of two or more types of individuals in the data is when
residual errors have multi-modal distributions (Conway and Deb 2005). Figure 5 presents the kernel
densities from a regression pooling all menus together, of total calories chosen on treatment indicator
(menu labeling) and adjusted for demographic and socio-economic variables. Even after controlling
for treatment as well as demographic and socio-economic variables, residuals remain bi-modally
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distributed. A similar pattern exists for each menu: 7 out of 9 menus have clear multi-modal
distributions (Appendix Figure A6). This suggests that individuals in our sample belong to two
different mixtures, and simply estimating the average effect may mask important heterogeneity in
response to labeling.
Figure 2.5. Kernel densities of residuals, All menus

In the finite mixture model, our random variable y (total calories chosen) is assumed to be drawn
from a population which is an additive mixture of C distinct subpopulations, where 𝜋𝑗 determines the
probability that individual falls into j subpopulation.
(4)

𝑔(𝑦|𝐱; 𝜃; 𝜋) = ∑𝐶𝑗=1 𝜋𝑗 𝑓𝑗 (𝑦𝑖 |𝐱; 𝜃𝑗 )
𝑓𝑗 denotes the appropriate density of each mixture and 0 ≤ 𝜋𝑗 ≤ 1,

∑𝐶𝑗=1 𝜋𝑗 = 1.

We use normally distributed components for our outcome of interest, y, as in Conway and Deb
(2002) and Morduch and Stern (1997). The component density for observation i is given by:
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𝑓𝑗 (𝑦𝑖 |𝐱; 𝜃𝑗 ) = 𝜎

1
𝑗 √2𝜋

1

exp (− 2𝜎 2 (𝑦𝑖 − 𝐱𝛽𝑗 )2 )
𝑗

(5)

The mixing probabilities 𝜋𝑗 , regression coefficients 𝛽, and the standard deviation parameters, 𝜎𝑗 vary
across components. Estimation of these parameters are carried out using maximum likelihood and
inference is based on standard errors adjusted for clustering at the individual level.
𝐶
max𝜋,𝜃 ln(L) = ∑𝑁
𝑖=1 log(∑𝑗=1 𝜋𝑗 𝑓𝑗 (𝑦𝑖 |𝐱; 𝜃𝑗 ) )

(6)

We estimate two-class finite mixture models (C=2) for both males and females separately, pooling
across menus. We use two-classes for two reasons: Figure 1 suggests that are two main subpopulations when it comes to calorie choices. Second, an estimation of 3 components fails to
converge after 100 iterations suggesting the data cannot reliably distinguish an additional component.
As such, we classify individuals into two components based on two groups: “median-calorie
consumers” and “high-calorie consumers”.

2.6

Main Results

2.6.1

Effect of Labeling, Unadjusted Analysis

Table 2.6 pools all menus to calculate an overall average labeling effect on calories chosen. We
present two comparisons: The first column calculates the effect for customers only, defined as
individuals who made a (non-zero) selection on that menu. The second column calculates the effect
among our full sample, including individuals who explicitly made no selection. Depending on the
menu, this could be selecting “none of the above” or, in the Asian Fast Casual menu, selecting both
“would not order an entrée” and “would not order a side” for which we have assigned 0 calories.
Customers who saw labeled menus selected items with 38 fewer calories (95% confidence interval:
26 to 49; p-value <0.001). Among all survey respondents (the full sample), those who saw labeled
menus selected items with 24 fewer calories (95% confidence interval: 12-35; p-value<0.001). In
relative terms, this corresponds to a 6.3 percent decline among customers and a 4.8 percent decline in
the full sample (all respondents).
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Table 2.6. Average calories chosen, pooled across menus
(calorie information label vs. no label)
Customers

Full Sample

Control
N
se(mean)

604
6778
5

493
8303
5

Treat (any label)
N
se(mean)

566
9341
4

469
11272
4

37.6
0.0000
26
49

24
0.0001
12
35

Diff (Control - Any label)
p-value of diff
Upper CI
Lower CI

NOTE: Calorie means, standard errors, and confidence intervals are
rounded to the nearest whole number.

Next, we examine whether the type of food outlet influences choices and whether the effect of labels
differs by menu. Table 2.7 breaks down the label-no label comparison among customers by menu.
Across all menus, participants who viewed calorie-labeled menus chose fewer calories on average
than those in the control group, though the magnitude and significance of the difference varies across
restaurant settings. Customers of the Pizza Stand and Fast Casual Asian settings had the largest
reduction in calories (62 kcals), followed by Fast Food, Mexican, and Salad Bar settings (25 to 31
kcals). The Pizza Restaurant change is small and statistically insignificant even at p<0.1. None of the
changes in calorie selections among the non-meal settings (Ice Cream, Movie Theater, Coffee) are
significant, and the Ice Cream and Coffee changes are small in magnitude. The mean estimate in the
Movie Theater menu is not negligible substantively, but the variation in choices is so large that this
effect does not become statistically significant. There are no studies of labeling in real ice cream or
movie theater settings, but there is one study on a coffee chain (Bollinger et al., 2011), which also
found no significant change in calories from drinks, only from foods.
Table 2.8 shows the same analysis for the full sample. The average calories are lower because it is
now a weighted average including many zeros, the variances increase, and estimates become less
precise. There are no large substantive changes; the largest calorie reductions still came from
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customers of the Asian and Pizza Stand settings (still significant at p<-0.01), and none of the label
effects in the non-meal settings are significant.

Table 2.7. Average Calories Chosen, by Menu – Any Versus No Calorie Information (Customers)
Fast
Pizza
Pizza Salad
Ice
Asian
Mexican
Coffee
Food
Restaurant Stand
Bar
Cream

Movies

Control
N
Standard error (mean)

601
660
10

657
930
10

956
919
11

524
616
12

624
640
15

585
656
6

163
733
7

346
982
5

996
642
20

Treat (Any label)
N
Standard error (mean)

539
1374
7

631
994
10

925
889
12

507
1112
9

562
1299
9

559
1258
4

150
764
6

342
971
6

960
680
20

62

26

31

17

61

25

13

4

36

0.000

0.065

0.062

0.279

0.000

0.000

0.175

0.580

0.194

Upper 95% CI

86

54

64

48

94

39

31

20

91

Lower 95% CI

39

-2

-2

-14

28

12

-6

-11

-18

Difference (control - treat)
P-value of difference

NOTE: Calorie means, SEs, and CIs are rounded to the nearest whole number.

Table 2.8. Average Calories Chosen, by Menu – Any Versus No Calorie Information (Full Sample)
Fast
Pizza
Pizza Salad
Ice
Asian
Mexican
Coffee
Movies
Food
Restaurant Stand
Bar
Cream
No calorie information
N

552
719
11

585
1045
11

796
1104
14

431
749
13

567
704
15

516
744
9

111
1075
5

309
1100
6

602
1063
19

506
1464
7

552
1136
11

771
1067
15

402
1405
9

505
1445
9

488
1443
6

104
1107
5

306
1086
6

583
1119
19

46

33

25

30

62

28

7

3

18

0.000

0.033

0.217

0.059

0.000

0.007

0.299

0.683

0.490

Upper 95% CI

72

63

66

60

95

48

21

20

70

Lower 95% CI

21

3

-15

-1

28

8

-7

-13

-34

Standard error (mean)
Treat (Any label)
N
Standard error (mean)
Difference (control - treat)
P-value of difference

NOTE: Calorie means, SEs, and CIs are rounded to the nearest whole number.
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2.6.2

Effect of Seeing Labels on Making a Selection

We find no evidence that labels affect the probability of making a choice: pooling all menus the odds
ratio for seeing any label is 0.96 (95% CI: 0.88-1.05), and the p-value for testing that the odds ratio
differs from 1 is p =0.42. Table 2.9 shows logit regression results of the analysis of selection by each
menu separately. Estimates are close to 1 and none is significantly different from 1. Four point
estimates are larger than 1; five are smaller than 1. Among the two furthest away from 1, one is
smaller (Asian) and one larger (Pizza Restaurant) than 1, so we observe no pattern that relates calorie
information to the probability of making a choice.
Table 2.9. Odds Ratios of No-selection by Menu
Asian

Fast
Food

Mexican

Pizza
Restaurant

Pizza
Stand

Salad
Bar

Coffee

Ice
Cream

Movie
Theater

Treat (any
label)

0.733*

1.155

0.995

1.220*

1.124

1.096

0.962

0.986

0.984

-0.128

-0.154

-0.114

-0.142

-0.177

-0.151

-0.089

-0.137

-0.086

N

2,183

2,181

2,171

2,154

2,149

2,187

2,182

2,186

2,182

NOTE: Dependent variable is a binary =1 if no selection was made on each menu and 0 otherwise. Standard errors
in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

2.6.3

Regular Versus Bold Labels

Overall, there is no statistically significant difference in calories chosen between bold and regular
labels in the four menus for which bold labels were shown (Table 2.10). When stratifying by menu,
there is a larger (but not statistically significant) difference in the Asian restaurant, where customers
exposed to more prominent labeling chose 24 fewer calories than in the regular label group (pvalue=0.07). But this result needs to be viewed in the context of all four restaurant settings. For the
Pizza Restaurant, there is a similarly sized increase associated with the bold label (21), while the
means are almost identical comparing regular with bold labels in the remaining two settings.
Together, these results indicate that the difference between these two types of labels have no effect
on the calorie content of chosen menu items.
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Table 2.10. Bold Versus Regular Calorie Label
Pizza
Pizza
Asian
Restaurant
Stand

Salad Bar

Control
N
Standard error (mean)

601
660
10

524
616
12

624
640
15

585
656
6

Regular label
N
Standard error (mean)

551
695
10

497
555
13

561
658
13

560
661
5

Bold label
N
Standard error (mean)

526
679
10

517
557
14

564
641
13

558
597
6

P-value of difference
(bold vs regular)

0.07

0.29

0.88

0.83

NOTE: Calorie means, SEs, and CIs are rounded to the nearest whole number.

2.6.4

Regression Analysis

Table 2.11 show the results of the pooled regression. Customers who saw labeled menus selected
items with 30.4 fewer calories controlling for covariates and menu fixed effects. In percentage terms,
this corresponds to a 6.8 percent decline in calories.
Figure 2.6 summarizes the results from regressions for each menu separately, showing the absolute
magnitude of the calorie reduction and 95 percent confidence intervals. Across all menus,
participants who viewed calorie-labeled menus chose fewer calories on average than those in the
control group, though the magnitude and significance of the difference varies across restaurant
settings. Customers of the Pizza Stand and Fast Casual Asian settings have the largest reduction in
calories (62 kcals), followed by Fast Food, Mexican, and Salad Bar settings (25 to 31 kcals). The
Pizza Restaurant change is small and statistically insignificant even at p<0.1. None of the changes in
calorie selections among the non-meal settings (Ice Cream, Movie Theater, Coffee) are significant,
and the Ice Cream and Coffee changes are small in magnitude. The mean estimate in the Movie
Theater menu is larger and not negligible substantively, but the variation in choices is so large that
this effect does not become statistically significant.
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Table 2.11. Effect of Menu Labeling on Calories Chosen, Pooling All Menus
(1)
Calories Chosen
Treat (Any label)
African-American
Hispanic
White (reference category)
Income
Male
Age
Years of education
Employed
Number of people in
Household
BMI
Hunger
Any health-conscious

-30.412***
(4.771)
36.768***
(11.949)
14.317
(10.687)

-0.068***
(0.013)
0.077***
(0.028)
0.043*
(0.024)

-0.271***
(0.060)
82.686***
(6.326)
-1.994***
(0.278)
-11.812***
(1.690)
-12.194*
(7.306)
8.468***
(2.556)
2.854***
(0.499)
9.388***
(1.472)
-74.705***
(6.665)

-0.001***
(0.000)
0.081***
(0.015)
-0.004***
(0.001)
-0.017***
(0.004)
-0.008
(0.017)
0.016***
(0.006)
0.007***
(0.001)
0.019***
(0.003)
-0.178***
(0.017)

Yes

Yes

15,747
0.828

15,747
0.984

Menu Fixed Effects
Observations
R-squared

(2)
Log Calories
Chosen

NOTE: Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 2.12 shows the full estimates from the regression, including the effects of covariates. Several
sociodemographic and health variables are significantly associated with calorie choices: Men ordered
more calories than women across all menus, except in the Coffee menu. Older customers generally
ordered fewer calories, as did more highly educated customers. There is no consistent difference in
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how people of different races or ethnicities ordered food across the nine menus. Higher BMI is
associated with higher calorie choices in most settings. People who reported being hungrier while
filling out the survey ordered more calories. Lastly, for the health consciousness variable, those who
considered it very important that food “keeps me healthy,” “helps me control my weight,” or “is low
in calories” selected significantly fewer calories in any setting, with the largest effect in the Fast
Food restaurant (-149 calories).
Figure 2.6. Effect of Menu Labeling on Calories Chosen, by Menu

NOTE: Green bars are the magnitude of treatment effect of labeling per menu, controlling
for demographic and health covariates from regressions following equation (3). Black lines
are 95% confidence intervals.
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Table 2.12. The Effect of Calorie Information on Calories Chosen, Controlling for Socio-demographic and Health Variables
Variables
Treat (any label)
African-American
Hispanic
White (reference
category)
Income
Male
Age
Years of education
Employed
Number of people
in
Household
BMI
Hunger
Any healthconscious
Observations
R-squared

Asian

Fast Food

Mexican

Pizza
Restaurant

Pizza
Stand

Salad Bar

Coffee
Shop

Ice Cream
Parlor

Movie
Theater

Pooled

-56.534***
(11.786)
-10.200
(19.962)
10.009
(17.308)

-26.567**
(13.085)
8.868
(23.196)
-0.179
(20.846)

-34.072**
(16.281)
118.485***
(29.733)
35.640
(25.774)

-13.833
(15.585)
18.802
(28.143)
9.689
(23.990)

-60.173***
(16.063)
41.397
(27.697)
38.031
(23.875)

-25.331***
(6.435)
16.419
(11.208)
-17.605*
(9.876)

-13.557
(9.113)
47.472***
(17.191)
35.119**
(13.991)

0.078
(7.717)
9.654
(13.711)
-13.384
(12.185)

-38.017
(25.870)
92.053**
(42.380)
39.783
(39.015)

-30.412***
(4.771)
36.768***
(11.949)
14.317
(10.687)

-0.069
(0.111)
54.194***
(11.344)
-2.747***
(0.492)
-3.853
(2.894)
-14.814
(12.948)

-0.201
(0.132)
127.950***
(13.421)
-5.386***
(0.582)
-7.335**
(3.435)
-9.037
(15.305)

-0.343**
(0.162)
133.136***
(16.820)
-0.848
(0.722)
-16.122***
(4.310)
-33.400*
(19.143)

-0.087
(0.147)
79.487***
(15.396)
-0.963
(0.658)
-14.326***
(3.968)
-9.782
(17.469)

-0.599***
(0.152)
156.672***
(15.573)
-2.208***
(0.669)
-18.385***
(3.987)
-19.433
(17.760)

-0.133**
(0.062)
52.426***
(6.287)
0.506*
(0.272)
-8.516***
(1.598)
-4.157
(7.154)

-0.214**
(0.090)
-44.942***
(9.411)
-1.071***
(0.403)
-4.019*
(2.410)
-1.193
(10.535)

0.059
(0.077)
42.107***
(7.950)
-1.174***
(0.340)
-2.744
(2.023)
-0.962
(9.012)

-1.101***
(0.266)
137.333***
(26.820)
-4.706***
(1.143)
-40.360***
(6.866)
-0.348
(30.245)

-0.271***
(0.060)
82.686***
(6.326)
-1.994***
(0.278)
-11.812***
(1.690)
-12.194*
(7.306)

-2.046
(4.640)
2.632***
(0.885)
4.715*
(2.514)

-5.218
(5.485)
5.040***
(1.045)
11.827***
(2.995)

18.050***
(6.891)
1.571
(1.317)
15.421***
(3.771)

-3.701
(6.471)
4.366***
(1.211)
13.997***
(3.435)

9.078
(6.386)
4.262***
(1.198)
12.674***
(3.476)

2.185
(2.639)
1.333***
(0.494)
1.019
(1.421)

6.896*
(3.821)
1.395*
(0.721)
3.909*
(2.086)

0.885
(3.221)
2.421***
(0.614)
7.821***
(1.755)

54.172***
(10.076)
3.286
(2.012)
13.813**
(5.905)

8.468***
(2.556)
2.854***
(0.499)
9.388***
(1.472)

-114.602***
(11.655)

-148.869***
(13.991)

-34.492**
(17.325)

-33.852**
(15.922)

-72.787***
(16.194)

-57.928***
(6.481)

-27.669***
(9.735)

-70.589***
(8.273)

-100.010***
(27.887)

-74.705***
(6.665)

1,980
0.100

1,878
0.179

1,765
0.089

1,691
0.052

1,893
0.127

1,870
0.121

1,468
0.085

1,904
0.083

1,298
0.173

15,747
0.828

NOTE: Standard errors in parentheses. Pooled regression (last column) includes menu fixed effects and clustered standard errors.
*** p<0.01, ** p<0.05, * p<0.1
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2.3.5

The Effect of Labeling on Satisfaction

Labeling overall has no effect on satisfaction with choices (Table 2.13). Individual menus,
however, did. People were particularly satisfied with their choices for Ice Cream, Coffee, and the
Pizza Stand (the Salad Bar is the reference category). Customers indicated that they were not
very satisfied with their selection in the Movie Theater or the Fast Food restaurant, relative to the
Salad Bar menu.
Table 2.13. Effect of Treatment on Satisfaction with Choice, Ordinal Logit Pooled Regression
(Odds Ratios)
VARIABLES

1
Customers

2
Full Sample

1.027
(0.040)

1.054
(0.037)

Treat (any label)
Menu fixed effects
Coffee
Asian
Fast Food
Ice Cream
Mexican
Movie Theater
Pizza Restaurant
Pizza Stand
Salad Bar

1.970***
(0.159)
1.257***
(0.089)
0.896
(0.064)
1.689***
(0.124)
1.063
(0.078)
0.857*
(0.070)
1.068
(0.079)
1.301***
(0.094)
(reference category)

Observations
Number of respondents

15,929
2,188
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2.046***
(0.145)
1.260***
(0.084)
0.986
(0.066)
1.685***
(0.116)
1.058
(0.071)
1.323***
(0.091)
1.128*
(0.076)
1.307***
(0.088)
18,863
2,197

2.7

Heterogeneous Effects of Menu Labeling

2.7.1

Subgroup Analysis

Table 2.14 presents results of the subgroup analysis on for the four measures on prior knowledge and
use of labels and health consciousness, interacted with the treatment indicator.
Participants who typically use calorie and nutrition information when making decisions about food
have a stronger response to labeling than those who don’t consider as important. The treatment effect
among those who don’t always use calorie labels is a decrease of 28 calories, which is statistically
significant at 5 percent (column 1, table 2.14). By comparison, those who do use calorie labels have
an additional decrease of 42 calories when shown menu labels; this interaction coefficient is
statistically significant at 5 percent. This means that those who reported always using calorie labels
when they’re available decrease calories chosen in our experiment by 70 – more than double the
average treatment effect. Among those who report typically using nutrition labels, the additional
treatment effect is -25 calories, also significant at 5 percent (column 2, table 2.14). Those who
considered healthfulness and weight control aspects of food items “very important” have a similar
stronger response to labeling – a total reduction of 48 calories compared to 28 calories among those
who did not consider these factors as important.
If information is a barrier to making a healthier decision, then we expect those who do not have a
strong prior about calorie content of foods to be more responsive to the new information. However,
we don’t find this to be the case. The only variable whose interaction with treatment does not come
out as statistically significant are those who possess a reasonable prior knowledge of calorie
information (column 4, Table 2.14). There is virtually no difference in treatment effect among those
with and without prior calorie information.
Table 2.15 shows results from the subgroup analyses interacting the treatment indicator and
sociodemographic variables. African-Americans, Hispanics, and overweight respondents ordered
more calories, and college-educated and high-income respondents ordered less (statistically
significant at p<0.001 for all these coefficients). However, none of the demographic variables
interacted with treatment variable is statistically significant at conventional levels. The only two that
approach statistical significance are “male” and “overweight” (p-value .14 and .15 respectively).
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Table 2.14. Pooled Model Estimated Effect on Calories Chosen, with Attitude/Behavior Variable
Interactions
use calorie
information when
provided

use nutrition
labels

any health
conscious

Reasonable
Knowledge of
calories

-28.154***

-27.169***

-22.951***

-32.478***

(4.996)

(5.283)

(5.842)

(5.421)

Attitude/behavior variable

-56.927***

-61.960***

-62.797***

-16.622*

(16.094)

(10.890)

(8.813)

(9.669)

Treat x Attitude/Behavior
variable

-42.305**

-24.919**

-25.304**

0.926

(17.066)

(12.182)

(9.836)

(11.147)

15,947

15,947

15,934

16,061

Treat (Any label)

Observations

NOTE: This table shows results from a regression of calories chosen on any label, health variables (use calories, use
nutrition labels, any health consciousness, and reasonable calorie estimate), and any label interacted with the health
variables. Demographic and menu fixed effects included in all specifications but not shown. Cluster robust standard
errors in parenthesis.
*** p<0.01, ** p<0.05, * p<0.1

Table 2.15. Pooled Model, With Sociodemographic Variable Interactions

Co Treat (Any label)
Demographic
variable
Treat x
Demographic
variable
Observations

Male

AfricanAmerican

Hispanic

Finished
college

Income>75k

Overweight

-37.011***
(6.479)

-31.433***
(5.121)

-31.743***
(5.079)

-33.542***
(7.142)

-32.875***
(6.274)

-23.931***
(6.835)

59.073***
(8.777)

45.752***
(14.760)

61.310***
(14.092)

-69.194***
(8.700)

-42.557***
(8.824)

31.697***
(8.866)

14.272
(9.601)

6.848
(16.954)

7.338
(15.882)

4.853
(9.503)

5.114
(9.641)

-13.638
(9.635)

15,947

15,947

15,925

15,918

15,924

15,934

NOTE: This table shows results from a regression of calories chosen on any label, demographic characteristics and an
indicator “overweight” (if participants consider themselves overweight), and any label interacted with demographic and
overweight variable. Menu fixed effects included in all specifications but not shown.

2.7.2

Heterogeneity Along the Outcome Distribution , Quantile Regression Results

Heterogeneity could also occur along the distribution of the outcome variable – calories chosen. If
the average treatment effect were the representative response for all individuals, then distributions
would shift left with the group of participants who saw menus with calorie labels compared with the
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no label control group. Figure 2.7 below shows the smoothed distributions for the Asian menu. The
dashed black line shows the density of calorie choices without labeling and the blue line with
labeling. The m0 and m1 points mark the means from the two distributions and the q0 and blue dot
points mark the 90th percentile from the two distributions, where 1 refers to the labeling group and 0
refers to the control group (no calorie information). The average treatment effect is the difference
between m1 and m0. On this graph, the horizontal distance between the blue dot (representing 90th
percentile for label group) and q0 is smaller than the difference at means – the quantile treatment
effect at 90th percentile is -10 calories compared to -62 calories at the means.

.001
0

.0005

density

.0015

.002

Figure 2.7. Asian Menu Distributions, Means and 90th Quantiles
Asian - Any Label vs. Control

M1

q0

M0

calories

label

no label

Note: Blue dot is used instead of text for clarity and marks 90th percentile for label group

Figure 2.8 shows the quantile differences at the 10th, 50th and 90th percentiles for all menus except for
Ice Cream and Salad Bar; as mentioned in the Methods section, this is due to the small number of
items offered in these menus. Among the remaining 7 menus which have a continuous calorie
distribution, the 50th percentile has a larger treatment effect than the 10th percentile for five of the
menus, and a larger effect than 90th percentile for four of the seven. For Mexican, there is a reverse
in that those in labeling group order more calories at the 90th percentile.
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Figure 2.8. Quantile Differences, at 10th, 50th and 90th Percentiles

Pizza Stand
Burgers
Asian
90th percentile
Movie Theater

50th percentile
10th percentile

Mexican
Pizza Restaurant
Coffee
-40

-20

0

20

40

60

80

100

120

NOTE: Differences in mean calories between treatment (any label) and control groups, at 10 th, 50th, and 90th
percentiles. 0 is displayed graphically as 1, for clarity so it is apparent on the graph.

Figure 2.9 presents a visual summary of the pooled quantile regression results for those seven menus.
For each percentile, we estimate the quantile treatment effects and show coefficients with 95%
confidence intervals, as well as the OLS coefficient estimates for the entire sample together (marked
in red). There is virtually no labeling effect at the lowest percentiles from the 0 to 35 percentile as
none of the coefficients at these points are statistically different than zero. The largest decline in
calories chosen occurs around the median; from the 45th to 55th percentiles, the calorie decline is
between -40 and -60, with the largest labeling effect at the 50-53rd percentiles (-60). There are
smaller magnitude declines around the 75th and 90th percentiles that are about a half to two-thirds
the magnitude of the treatment effect around the median (-20 to -40, compared to -60).
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Figure 2.9. OLS (Average) and Quantile Treatment Effects, Excluding Ice Cream and Salad Bar
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Note: OLS Estimates in red.

2.7.3

Finite Mixture Model Results

Table 2.16 shows the treatment coefficients from the 2-component finite mixture model regressions
estimating the treatment effect and controlling for socio-demographic variables for everyone, and
separately by males and females. The bottom panel of Table 2.16 also shows basic characteristics of
the two components, including the prior probabilities of component membership as well as the
predicted mean calories, per component. Figure 2.10 shows the distributions of predicted mean
calories from the same finite mixture regression, across the two components for males and females
separately. A few key findings emerge from this analysis:
The finite mixture model identifies two distributions: for both males and females, component 1 is
characterized by overall lower predicted calories with a smaller spread around the mean, and a larger
probability of belonging to this component (about 4/5th of individuals). Component 2, on the other
hand, is characterized by overall higher predicted calories but with a larger spread around the mean
and relatively lower likelihood of belonging to this component (about 1/5th of individuals).
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In Figure 2.10, the first distribution or “component 1” is shown in the solid orange bars; the second
distribution “component 2” is shown in hollow bars. For females in component 1, the distribution is
centered on a predicted mean of 437 calories; for males, the distribution centers on a predicted mean
of 518 calories. The associated probability, or likelihood of belonging to component 1 is 79 percent
for both males and females. In component 2, the predicted mean is 908 calories for females, with a
standard deviation of 188 calories. For males, the mean is 1046 calories with a standard deviation of
185 calories. Component 1 means are just below the median chosen across the entire sample
(median=480 for women, 590 for men) and Component 2 means are just below the 90th percentile for
men (90th percentile=1010 for women, 1100 for men). The associated probability, or likelihood of
belonging to component 2 is 21 percent for both males and females.
The treatment effect of menu labeling is stronger and statistically significant in the second
component which we term “high-calorie consumers”, corresponding to the class of men and women
whose calorie choices are centered on a higher value but who comprise a smaller proportion of the
sample. The model estimates that about 1/5th of males belong to this “high-calorie consumer” group
and decrease their calories chosen by 89 calories when exposed to labeling. By contrast, men who
belong to the “median-calorie consumer” group decrease calories chosen by a small and statistically
insignificant 6 units. For women, both “median-calorie consumers” and “high-calorie consumers”
have a statistically significant treatment effect from labeling; however, “high-calorie consumers”
have a much larger reduction of 80 calories compared to a smaller reduction of 14 calories among
“low-calorie consumers”.
When estimating FMM results for individual menus, we encountered issues with model convergence
in several menus (the model was unable to find parameter values that maximize the likelihood
function even after 200 replications). Finite mixture analysis and quantile regressions are promising
methods that are well-suited to analyzing the distributional impacts of interventions on continuous
outcomes; however, these analyses are exploratory and should be interpreted with some caution as
well as corroborated with future research.
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Table 2.16. Finite Mixture Model, Summary Results

Treat (any label)

All
Class 1

Class 2

OLS

"Mediancalorie
consumer"

"Highcalorie
consumer"

-30.412***
(4.771)

-10.502
(5.436)

Predicted mean
calories
586
478
Prior probability
0.796
N
15747
15747
NOTE: Cluster robust standard errors in parenthesis.
*** p<0.01, ** p<0.05, * p<0.1

Male
Class 1

Class 2

OLS

"Mediancalorie
consumer"

"Highcalorie
consumer"

-84.850***
(20.102)

-25.457**
(6.952)

-5.702
(8.482)

975
0.204
15747

627

515
0.796
7275
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Female
Class 1

Class 2

OLS

"Mediancalorie
consumer"

"Highcalorie
consumer"

-88.851**
(30.749)

-34.194***
(6.358)

-13.539*
(6.811)

-80.210**
(26.480)

1039
0.204
7275

548

443
0.794
8472

912
0.206
8472

Figure 2.10. Distribution of Predicted Calories Chosen from a 2-class Finite Mixture Model
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2.8

Discussion and Conclusion

Chain restaurants all over the US are now required to label menus with calorie information. While
numerous studies have estimated consumer responses to such labeling, results have been mixed and
sometimes contradictory. Our experiment, while limited to a virtual setting, provides new results
specific to labels that meet the requirements of the 2014 FDA menu labeling regulations, and
suggests reasons for the diversity in previous results.
The results of this study indicate that menu labeling regulations overall has the potential to reduce
calories ordered by about 30 calories across all menu settings. This is equivalent to a 6.8% decrease,
comparable to results found in Bollinger’s 2011 study, which estimated a 6% reduction. We also find
that the response to labeling differs by the type of restaurant setting. A stronger response was found
in traditional restaurant settings than in settings that primarily offers snacks and treats (represented
by our Movie Theater, Ice Cream, and Coffee menus). This is line with findings from other studies;
while Bollinger 2011 studied changes in calories per transaction at Starbucks, a café chain, they
found that the effect of labeling is almost entirely related to changes in consumers’ food choices and
there were no changes in calories from beverages. Similarly, Ellison 2013 found that menu labeling
reduced calories on food or entrée items but not drinks and desserts.
In addition to heterogeneity in the effect of labeling across restaurants we find evidence suggesting
there may be important heterogeneity across subpopulations. Those who have a stronger response to
labeling tend to already be somewhat health conscious in that they read nutrition and calorie labels
and want to control their weight. We see no strong evidence that the effect of menu labeling itself
differs by race, ethnicity, or other sociodemographic characteristics. Subgroup analyses comparing
treatment effects of people who consider themselves overweight with people who consider
themselves normal weight reveals that the former group had a stronger response, but the standard
errors were too large for this effect to be significant at conventional levels. Our finite mixture model
analysis uncovered two groups of people belonging to different distributions who differed in their
response to labeling. One group, which comprise a fifth of the sample and are predicted to be “highcalorie consumers” have a larger response to labeling, reducing calories ordered by 90 for men and
80 for women. The other group, which comprise 80 percent of the sample and are predicted to order
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calories closer to the median, reduce calories by a smaller amount -6 for men and 18 for women.
These results are in line with Bollinger (2011), who also found that labeling had a disproportionately
larger effect on consumers who were high-calorie purchasers before the policy was implemented.
Deb and Vargas’s recent working paper also find that the effect of labeling on BMI is largely
concentrated among those with BMI distributions centered on overweight (Deb and Vargas, 2016).
Labeling influences choices likely through a mix of providing new information and salience. Our
study doesn’t explicitly set out to test these two channels, but we do assess whether more visible
labels produce a stronger response to labeling and whether the effect of labeling differs by
respondents’ prior knowledge of calories. We find that more visible/salient labels overall did not
have an additional effect beyond regular labels. At the same time, there are no differences in
treatment effect comparing those with more prior information on calories (though not exactly on the
calories they were ordering in the menus) compared to those with less.
There are a few important limitations to this study: first, our analysis is based on data from an online
experiment involving hypothetical choices in a survey format rather than a real-life experiment. As
with any questionnaire involving hypothetical choices, there is the risk of “hypothetical bias” where
we cannot be certain that participant’s “stated” preference in the survey mirror what they would
choose in real life as a “revealed” preference. A recent paper found that calorie information affected
choices for “stated” preferences elicited via a survey, but did not affect actual choices in a follow-up
field experiment (Loureiro and Rahmani 2016). However, the sample size in the study was relatively
small (n=119) and the menus shown to participants were highly stylized and not reflective of what
consumers would actually encounter in a restaurant setting. There are several aspects of our
experiment that differs from the typical survey approach that should minimize response bias. The
realism of the menus shown in our study (mirroring the increasing popularity of online or mobile
food delivery applications) and the fact that we were careful not to prime participants to know what
the study is about should minimize the risk of response bias. Further, participants take the survey
online on their own computers or mobile devices anonymously and likely in the comfort of their own
homes, eliminating any interviewer bias that is present in survey approaches involving direct contact
with respondents (as in Loureiro and Rahmani, 2016). Lastly, the magnitude of our estimates are

comparable to previous studies using actual transactions, a point noted earlier.
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A second limitation is that in estimating the average calories reduced from labeling, we cannot rule
out the possibility of substitutions or compensatory energy intake. Unfortunately, this is a common
limitation to all studies that examine the effect of labeling on point-of-purchase outcomes (or in our
case food items selected), which comprise most of the literature on menu labeling. More evidence is
thus needed linking labeling to health outcomes of interest, such as BMI and obesity rates. Lastly, it
is unclear whether menu labeling can produce sustained changes in behavior; would repeated
encounters with calorie information continually remind people to make better dietary choices,
forming habits in the long-term, or would they become desensitized to the information? Medium to
long-run effects are additionally affected by the behavior of producers. If restaurants change their
menu options towards greater customizability as is found in Sturm et al. (2018), labels may become
less readily interpretable (for instance, if they are presented as a range of calories), adding more
cognitive burden to consumers and likely attenuating the treatment effect. On the other hand,
restaurants could innovate and offer lower calorie items. These responses should be monitored and
studied.
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Chapter 2 Appendix
The text below provides more detail on how each specific menu was designed.
“Fast Food”
Our Fast Food menu resembled those seen in major fast food burger chains across the United States,
where key features of the menu include a selection of burgers, the option to create a “combo,” and a
smaller number of salad options. We included three beef burger sandwich options and three chicken
sandwich options of varying calories, as well as two salad options at half- or full-size portions. We
also allowed all six sandwich options to be selected either as a sandwich only or as part of a combo.
A section of the menu showed a photo of the combo with the text: “Make it combo! Small combo
comes with small fries and a drink of your choice.” The calorie labels on combo items showed an
upper and lower bound that spanned 150 calories, which is equivalent to the calories in a 12 oz. soft.
If the respondent selected the combo option on the menu, a follow-up question would pop up: “For
your combo, would you order a regular or diet soft drink?” Those who selected a diet soft drink were
assigned the lower bound for calories, and those who selected regular soft drink were assigned the
upper bound for calories.
“Asian” - Fast Casual
“Fast casual” restaurants typically do not offer full table service, but try to position themselves as
offering higher quality food with fewer frozen or processed ingredients and more “upscale” than
more traditional fast food restaurants (Specter, 2015; Newman, 2015). Our Asian restaurant menu
was meant to represent a fast casual establishment, and its items were based on a selection of
offerings in an Asian restaurant chain. Fast casual places typically have set meals that include an
entrée and one or more sides. We followed this format of having an entrée plus side. Survey
respondents were asked to create a “bowl” by choosing one entrée and one side among eight entrée
options (three beef, four chicken, and one shrimp) and five sides (three rice, one noodle, and one
vegetable). As is customary for these types of restaurants, we set a fixed price for the bowl.
Participants did not necessarily have to select both an entrée and a side; they were able to select one
without the other and calories were adjusted accordingly.
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“Mexican” – Fast Casual or Casual
“Casual” dining restaurants often offer full table service and serve food with mid-range prices that
are slightly higher than fast casual restaurants. Our Mexican menu could be used in either type of
service, but we imagined it as a casual dining outlet. Items on the menu were based on items offered
at two casual Mexican dining outlets in the United States. Calories for items with customizable
ingredients are sometimes presented in a range, which may overlap with other options. We simplified
our menu to have three types of clearly defined foods: burritos, taco salads, and tacos, with 17 items
in total. Each type had a chicken, pork, steak, or vegetarian option and included a short description of
items included, e.g., “Crispy tacos with meat, avocado, salsa, sour cream, and romaine lettuce.” For
burritos and tacos, we allowed one customization: respondents were able to choose to “make it a
bowl (no tortilla)” which is 300 calories less than having a tortilla. To preserve realism, this menu
allowed respondents to select multiple options; i.e., respondents could choose a burrito or salad with
additional tacos.
“Pizza Restaurant” /” Pizza Stand”
The Pizza Stand menu represented offerings at mainstream U.S. pizza chains, whereas the Pizza
Restaurant menu resembled that found in a chain featuring locally sourced, organic ingredients. Each
menu contained ten types of pizza, designed to be identical in terms of pizza type and calories but
differ in terms of how they were presented across the menus. For example, a “regular cheese” pizza
in the Pizza Stand corresponded to “three-cheese bonanza” in the Pizza Restaurant, though they had
the same calories. Similarly “Hawaiian” pizza at the Pizza Stand was equivalent to “Maui Zaui” at
the Pizza Restaurant. For the Pizza Restaurant, each item had a description next to it, i.e., “Parmesan,
cheddar, ricotta and feta cheese, with chopped fresh oregano and thyme over our traditional tomato
sauce.” Although pizza outlets often sell the entire pizza pies, in our survey the pizza was sold only
by the slice. Hence, in both of our pizza menus we allowed respondents to select the number of slices
they wanted for each type of pizza in order to facilitate calculating individual calorie consumption.
Both menus had a fixed price per slice, mentioned at the top of the menu. For Pizza Stand, it was $2
per slice; for Pizza Restaurant it was $5 per slice.
“Salad Bar”
The Salad Bar menu represented a “healthy” fast casual dining atmosphere. This menu contained 12
items in total under three categories: salad, panini (i.e., grilled) sandwich, and non-grilled sandwich.
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Each item had a description next to it, i.e., “Fresh Cobb – Avocado, egg, crispy bacon, cherry
tomatoes, blue cheese crumbles, with honey mustard dressing.” We named it Salad Bar to indicate a
brand name, but people did not assemble their own salads as in a buffet. Instead, only standard menu
items were offered.
“Cafe”
The Cafe menu was designed to resemble coffee chains. Respondents were prompted to choose items
within three categories of drinks: espresso-based drinks (cappuccinos, lattes, and espresso shots),
coffees (regular brew, café au lait, and café mocha), or alternatives (hot chocolate, chai latte, and
brewed tea). Each item could either be regular (16 oz.) or large size (20 oz.).
A design feature unique to the cafe menu allowed participants to choose the type of milk they would
have with their drink. This was done to preserve realism and to account for differential caloric intake
based on the type of milk chosen. For 14 items that typically come with milk (lattes, cappuccinos,
etc.) respondents were asked a follow-up question on what type of milk respondents would have with
their drink: “You ordered [a large latte]. What type of milk do you want with this drink?” The default
choice presented in the labeled menu is for 2 percent milk, but respondents were also allowed to
choose skim milk, whole milk, or soy. For those in the groups viewing calorie-labeled menus, the
calorie difference from the default 2 percent milk was shown next to their choice.
“Ice Cream”
This menu was designed to resemble typical ice cream chains. We simplified the menu to include
nine possible selections in three ice cream “styles”: waffle cone, bowl, and low-fat (from highest
calorie to lowest calorie). We included three size options within each style to allow further calorie
variation: single, double, or triple scoop. Once respondents selected a style they were asked to select
the number scoops and choose from different flavors. For simplicity, we did not present flavorspecific calorie information; offering a selection of flavors was included for realism.
“Movie Theater”
We included a Movie Theater menu to represent food establishments in entertainment venues, which
would also be required by the new FDA rule to label menus with calorie information if the
establishment is part of a movie theater chain. Our menu offered 14 total items in three categories of
foods typically found in movie theaters: popcorn, drinks, and candy mix. Within popcorn and drinks
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we offered three size and calorie variations (small, regular, and large), and within candy choices we
offered two size variations (regular and large). For popcorn, respondents could also choose between
two flavors: plain (lower calorie) or buttered (higher calorie). For drinks, respondents could choose
between regular or diet soda. For this menu, we allowed multiple selections, meaning a respondent
could choose one large popcorn and one large drink, or one item from each category.
Appendix Figure A2.1. Mexican Menu with Regular Calorie Labels
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Appendix Figure A2.2. Fast Food Menu Without Calorie Labels
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Appendix Figure A2.3. Asian Menu With Bold Calorie Labels
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Appendix Figure A2.4. Distribution of Residuals

Appendix Table A2.1. Number of “No Selection” and Skips Per Menu
No
Selection

Skips

Asian

149

37

Fast Food

257

39

Mexican

363

33

Pizza Restaurant

426

36

Pizza Stand

210

35

Salad Bar

273

33

Cafe

685

38

Ice Cream

233

34

Movie Theater

860

38
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Chapter 3
Predicting Chronic Disease Outcomes Using Microsimulation: An
Application to Menu Labeling11

3.1

Introduction

“Journals are full of studies of interventions with results that are statistically “significant” but lack
guidance on the real importance of the work.” (Fielding and Teutsch 2013)
This opening quote from a 2013 essay in Preventing Chronic Diseases (PCD) highlights the
disconnect between short-term measures collected in trials and implications for long-run population
health. The “real importance” refers to population health effects and how they materialize in the long
run. Many interventions (especially for youth) may only show their effects after many years,
possibly decades, and even later in prevented chronic diseases. Microsimulation provides one
promising way to connect short-term measures to outcomes that are of “real importance” to policymakers.
The current study uses dynamic microsimulation to predict the consequences of nutritional menu
labeling in restaurants on changes in obesity, related chronic conditions and health care costs for US
adults over the next 30 years. While numerous other studies have studied the impact of menu labeling
on food choice (Sinclair et al. 2014, Long et al. 2015, VanEpps et al. 2016), this is the first study to
use estimated calorie changes from such a regulation to project future health outcomes.
The 2010 Affordable Care Act mandated nutritional menu labeling for chain restaurants, subject to
Food and Drug Administration (FDA) rules. Unlike educational programs or information strategies
that target multiple dimensions of diet (energy, fat, sugar, sodium), the FDA rule is about calorie

Many thanks to Bryan Tysinger and Pavan Katkar for help with set up the computing infrastructure to run the simulations as
well as helping me troubleshoot issues that came up. I am very grateful to Irene Vidyanti and Tadeja Gracner for their input and
discussions on this chapter. This research was supported by National Institute of Child Health and Human Development grant
R01HD087257
11
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labeling only. The FDA issued rules in 2014, though the rule was not implemented until May 2018
due to delays. Our team conducted an online experiment for FDA/ASPE in which participants chose
items from the menus – some with and some without calorie labels following the FDA rule – in nine
different restaurant settings, ranging from fast-food outlets to movie theaters, as detailed in Chapter
2. Providing calories on menus reduced the energy amount ordered by 30 kilocalories (or kcal) on
average, corresponding to a daily reduction of 15kcal for women and 10kcal for men.
This study transforms these estimated calorie changes to expected changes in body weight and to
chronic disease outcomes up to thirty years into the future. The Future Americans Model (FAM) was
used; FAM is an economic-demographic dynamic microsimulation approach that combines transition
models of health based on individual panel data for individual life trajectories with demographic
predictions of new cohorts that enter the model over time (Goldman et al. 2016). It is an extension of
the Future Elderly Model (FEM) that projected future costs and health for the Centers for Medicare
and Medicaid Services (Goldman and Rand Corporation. 2004). The model, re-estimated on

Mexican data, has also been used for predicting diabetes rates in Mexico under varying
assumptions about obesity (Gonzalez-Gonzalez et al. 2017). FEM has also been adapted to
reflect the demographics of LA-country in an analysis on the long-term effect of modest sodium
reduction on health and healthcare costs (Vidyanti and Basurto-Davila 2015).
Dynamic microsimulation is a systems science tool that examines behaviors and outcomes resulting
from interactions among multiple system components over time. Initially developed for tax and
social policy decisions in the US, microsimulation models have spread into other areas because they
can handle a large number of data from diverse sources and model the complex interaction of several
explanatory levels: the macro level (e.g. demographic and economic trends), the institutional level
(e.g. taxes, subsidies, or certain normative environments), and the micro level (e.g. the
characteristics, choices and actions of individuals) (Rutter et al. 2011). Most importantly, this
approach can simulate the health outcomes under a policy that has not yet been implemented in a
particular environment - like FDA’s menu labeling rule. Microsimulation has not yet become a
mainstream tool in population health planning and policymaking due to the legacy of standard
statistical approaches, the challenges of multidisciplinary collaboration for modeling, and ineffective
communication about its major advantages (Maglio et al. 2014). Additional factors likely to
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contribute to a resistance to using models in health decision making include preferences for
randomized trials, few modeling standards, and perceptions of models being “black boxes.”
Modeling in chronic disease prevention lags behind clinical applications, even though in health, the
National Cancer Institute’s Cancer Intervention and Surveillance Modeling Network (CISNET) has
pioneered and applied modeling to inform policy and clinical practice since 2000 (National Cancer
Institute). The first microsimulation model forecasting diabetes prevalence in the US was published
in 2011 in PCD.(Shi et al. 2011). In its prediction, however, it did not model any concrete
intervention, but assumed that risk factors somehow change. Similar models have now been extended
to multiple countries (Webber et al. 2014, Gonzalez-Gonzalez et al. 2017). This study takes the next
step by integrating information about an intervention that was recently implemented- into a
simulation model to assess its possible long run effects on population health.

3.2

Methods

3.2.1

Simulation Model

A dynamic stochastic microsimulation approach implements a "causal web" of lifestyle-oriented risk
factors for outcomes. The “causal web” captures the concept of pathways in which some risk factors
are several steps away from disease events (menu labeling) and others are more closely related to
adverse disease events (blood pressure). It is a web in that some risk factors have direct effects on
health outcomes as well as indirect effects (through other risk factors). This study uses the Future
Americans Model (Goldman et al. 2016), an extension of the Future Elderly Model that projected
future costs and health for the Centers for Medicare and Medicaid Services (Goldman and Rand
Corporation. 2004).
The model has two core components. The first, the transition module, uses a Markov model to
estimate the transition probability across various health states (e.g. incidence of diabetes). Transition
probabilities are functions of sociodemographic characteristics and behavioral risk factors, along
with lagged variables. The transition probabilities are estimated from longitudinal data in the Panel
Study of Income Dynamics (PSID) waves 1999-2013. The second component, the initial conditions
module, enters new cohorts over time with baseline health based on predicted trends primarily based
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on the National Health and Nutrition Examination Survey (NHANES), the National Health Interview
Survey (NHIS), and the Medical Expenditure Panel Survey (MEPS) (which also links individual
characteristics and conditions to costs). Data sources for FAM are listed in Table 3.1. Further
information on how the various data sources were used for model estimations and trend projections
can be found online12.
Simulations begin with a representative population of adults aged 25 and over. The simulation
applies the estimated transition probabilities for a 2-year cycle and summarizes outcomes. Now that
surviving individuals are 2 years older, a new replenishing cohort of 25/26 year olds is added for the
next period. Figure 3.1 illustrates the model schematic. Assuming the law was passed in 2010, health
outcomes from 2011 to 2051 are simulated (i.e. partly retrospective what might have happened if it
had been implemented immediately).
Projected outcomes include the number of adults diagnosed with diabetes or heart disease by a
physician, the number reporting difficulties with Activities of Daily Living (ADL), total population,
the quality-adjusted-life years (QALY), representing a summary measure of disease burden, as well
as total medical expenditures including government, insurance, and patient out-of-pocket spending.
Medical costs in FAM are inflated by the medical component of the Consumer Price Index to each 2year period of the simulation. For future years, an excess real cost growth above the GDP growth for
medical expenditures was assumed to arrive at the projected medical CPI. Medical cost results are
shown in terms of current year costs for each 2-year simulation period, and also summarized as the
net present value by first deflating the projected current costs to constant dollars (by deflating the
medical cost growth), then applying the recommended discount rate of 3% (Sanders et al. 2016).

12

The technical documentation for FAM - which includes description of the model, data sources used and how they were used
in the model, as well as validation – can be downloaded from the following website:
https://healthpolicy.app.box.com/v/FAMTechdoc
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Figure 3.1. Architecture of FAM

(Source: Goldman, Leaf, and Tysinger 2016)

Table 3.1. Data Sources for FAM
Data Source
Panel Study of Income Dynamics (PSID)
Health and Retirement Survey (HRS)
US Census Department
American Community Survey (ACS)
National Health Interview Survey (NHIS)
National Health and Nutrition Examination
Survey (NHANES)
Medical Expenditure Panel Survey (MEPS)
Medicare Current Beneficiary Survey
(MCBS)

Use
Estimation of the transition model
Host data for stock population
Estimation of mortality and widowhood models (pooled
with PSID)
Adjustment of immigration forecasts
Projection of trends (social outcomes) for incoming
cohorts
Projection of trends (health and risk factors) for
incoming cohorts
Projection of trends (Body Mass Index and obesity) for
incoming cohorts
Estimation of medical expenditures and utilization for
non-elderly (<65 y.o.) individuals
Estimation of medical expenditures and utilization for
elderly (>65 y.o.) individuals
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3.2.2

Expected Change in Calorie Intake
The treatment effect of labeling in terms of a change in energy intake is obtained from our

previous study on the effect of menu labeling on food choice. An online randomized trial was
conducted with 2,231 respondents through the American Life Panel (RAND American Life Panel) to
estimate consumer responses to labels that meet the FDA rule requirements (detailed in Chapter 2).
Respondents were randomized to either seeing labels in accordance with the final FDA nutritional
labeling rule, or to seeing a non-labeled menu. Average reduction per order was 30 kcal (95% CI: 40, -21). Information on how frequently respondents eat at the nine experimental outlets was also
gathered through the experiment survey. Yearly frequency of visits ranges from 7 visits to movie
theater concession stands to 28 ice cream shop visits among females, and 6 movie theater concession
stand visits to 31 fast food visits for males. Total visit frequency per year from the experimental food
outlets is 168 for females and 181 visits for males. See Appendix Tables A1 and A2 for details.
Using these parameters, I calculate yearly and daily calorie reductions due to menu labeling
under two scenarios – a “main” scenario and another “alternate” scenario. I compare these to the
status quo scenario without menu labeling. The calorie reductions estimated for each scenario are
summarized in Table 3.2.
Main scenario: “Average effect of menu labeling”. I assume that the treatment effect applies only to
restaurant types in the experiment. For each type, I multiply yearly visit frequency with the treatment
effect. This provides an estimate for the total yearly reduction in calorie consumption due to
nutritional menu labeling: -5,309 kcal for women and -3,690 kcal for males over a year, magnitudes
where the assumption that individuals do not compensate with additional meals is not implausible.
Alternate scenario: “Differential response to labeling”. This alternate scenario addresses the
possibility that a fraction of the population may have a smaller response to labeling but that this
group may not be identifiable by observable characteristics. Unobserved sources of heterogeneity
may arise in response to labeling and if people differ, their choices after exposure to treatment may
vary even after controlling for all observed characteristics. In Chapter 2, results from the twocomponent finite mixture model (FMM) suggest that about 1/5th of the sample has a strong response
to labeling (-86 kcal per meal for females (95% CI: -129, -33); -91 kcal for males (95% CI: -149, 28)), but the remaining 4/5th are less responsive (-18 kcal for females (95% CI: -27, 0), -6 (95% CI: 125

22, 11)). These per-meal calorie reductions are multiplied with average yearly restaurant visits to get
yearly calorie reductions for each group (similar to what is done in the main scenario).
3.2.3

Estimating and Simulating Expected Changes in Weight

Simulating the effect of menu labeling on health and medical cost outcomes in FAM requires first
translating the change in calories from labeling to a change in weight, as the existing FAM transition
equations model Body Mass Index (BMI) but not energy intake and expenditure directly.
I assume that the change in ordered calories from menu labeling translates directly to a change in
overall intake and that there is no compensation – an assumption that is plausible given the relatively
small treatment effect averaging -30 kcal less per day. According to Hall et a. 2012, the standard
3500-kcal-per-pound rule ignores dynamic physiological adaptations to altered body weight and
should not be used (Hall et al. 2012). Bodyweight response to a change of energy intake is slow, with
half times of about 1 year. (Hall et al. 2011) A heuristic that incorporates those dynamics is that
every permanent 10-kcal change in energy intake per day will lead to an eventual weight change of 1
lb when the body weight reaches a new steady state (Hall et al. 2012) It will take nearly 1 year to
achieve 50 percent of this reduction and around 3 years to achieve 95% of this weight loss with
weight stabilizing/ reaching a plateau after 5 years (Hall et al. 2011). I apply this heuristic to
calculate a weight and BMI change due to menu labeling.

I assess and compare two simulation approaches to incorporating this weight change from menu
labeling into the microsimulation. For each of these approaches, I simulate both the main and
alternate scenarios. The two approaches and their assumptions are described below.
Simulation approach 1: Menu labeling intervenes on the initial states of BMI, causing people to lose
weight in the short-run and enter the simulation at a lower weight.
The first simulation approach assumes menu labeling works a temporary weight loss program.
Individuals experience a short-term weight reduction and then enter the simulation at a reduced BMI.
Then they follow the observed weight gain trajectories in the PSID, which correspond to the
population trend of the obesity epidemic.
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The weight change from menu labeling is applied to the population and all future replenishing
cohorts before they enter the simulation, targeting the initial state of BMI. This assumes everyone
adjusts their food choices after menu labeling is implemented over a short period of time (five years).
For example, under our main scenario an average 20-year old woman experiences menu labeling and
changes her behavior leading to a yearly reduction in energy intake of 5,309 calories, which
translates to 1.01% reduction in BMI after five years, at which point her weight stabilizes according
to the Hall rule (Table 3.2). She then enters the simulation with a 1.01% lower BMI. Once the
simulation begins however, she continues following the same BMI trajectory as the status-quo
scenario, with a trend of steady weight gain over time. This approach therefore assumes that menu
labeling causes people to adjust their behaviors/choices over the short run (5 years), but does not
cause them to change modeled behavior within the simulation.
Simulation approach 2: Menu labeling intervenes on the BMI trajectory, by reducing positive energy
gaps within the simulation and slowing weight gain over time.
This approach models menu labeling as an obesity-prevention policy rather than a weight-loss
intervention, by targeting the BMI trajectory rather than the initial state of BMI. Most people in the
US gradually gain weight over time, with the average American adult gaining about 0.5-1 kg/year
(Hill et al. 2009); this creates a “ratchet” effect “where people gain weight because of a small, acute
energy imbalance, reach a new steady state of energy balance at the higher weight for a period of
time, then experience additional positive energy balance and more weight gain.” (Hill et al. 2009)
This approach assumes that small reductions in energy intake due to menu labeling changes BMI
trajectory – not by causing people to lose weight, but by reducing weight gain over time. Simulating
menu labeling this way has the advantage of off-setting longer-term weight gain by modeling
behaviors within the simulation. It applies the intervention effect directly to the small positive energy
accumulation over time which causes the obesity pandemic in the US.
The Hall rule is used, assuming that within 2 years about 90% of the weight adjustment is achieved
holding diet, activity level, and baseline weight constant. Under the main scenario, an average
reduction of 15 kcal for women corresponds to a reduction of 1.5 lb in the steady state or 1.35 within
2 years. That is 1.35*.45= 0.6 kg. For men, it is a reduction of 0.4 kg (see Table 3.2). These
intervention effects are applied to the energy imbalance in each 2-year period within the simulation,
but only to those who gain weight between two periods (i.e. those who are at a disequilibrium). For
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example, for a woman who gains 1 kg over 2 years, under the scenario 1 they will gain 1-0.6 = 0.4 kg
instead. Those who don’t change weight between periods (i.e. those who reach an equilibrium and
stay there) or those who lose weight between periods maintain the status-quo weight trajectory. This
targeting is required to prevent these latter groups from ratcheting downward over time; it avoids a
situation where for example, someone who remains stable in the simulation with 0 change year on
year would be forced to lose weight continuously. The intervention effect is applied every simulation
period (2 years) as the weight-gainers depart from the equilibrium, putting themselves into new
energy imbalance situations as they get used to their current weight (the “ratcheting” described
above). Since FAM is a first-order Markov model that runs in 2-year intervals, this approach makes
sense.
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Table 3.2. Reduction in Calories and BMI Estimated from Experimental Data and Other Sources
Main Scenario:
Average effect of menu labeling

Description

For each food outlet in the
experiment, yearly visit frequency is
multiplied with average calories
chosen, and the difference between
treatment and control group is
summed across settings.

Alternate Scenario:
Differential response to menu
labeling
The differential calorie reduction
from labeling is estimated based on
finite mixture model analysis: 20%
of the population experience a
large reduction in calories (-80 for
females, -89 calories for males)
and 80% of the population
experience a small reduction in
calories (-13.5 for females, -5.7 for
males).

Parameter estimates
Females
Yearly change in energy intake
(kcal)

-5309

-2268 for 80% of population
-13473 for 20% of population

Estimated one-time % BMI
reduction (simulation approach
1)

-1.01

-0.44 for 80% of population
-2.61 for 20% of population

Estimated weight reduction (kg)
every 2 years (simulation
approach 2)

-0.60

-0.25 for 80% of population
-1.51 for 20% of population

Yearly change in energy intake
(kcal)

-3690

-1032 for 80% of population
-16091 for 20% of population

Estimated one-time % BMI
reduction (simulation approach
1)

-0.70

-0.20 for 80% of population
-3.12 for 20% of population

Estimated weight reduction (kg)
every 2 years (simulation
approach 2)

-0.40

-0.12 for 80% of population
-1.80 for 20% of population

Males
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3.3

Results

Simulation approach 1: Menu labeling intervenes on the initial states of BMI, causing people to lose
weight and stabilize at a lower weight before they enter the simulation.
Figure 3.2 shows the BMI trajectory under simulation approach 1 for the main scenario (average
response to labeling) and alternate scenario (differential response to labeling) relative to the status
quo (black line). The observed estimates are from 2009, the last PSID survey year used in FAM and
thus the first simulated outcomes are for 2011 (the first year after the Affordable Care Act that
included menu labeling). Under the status quo, the average BMI in 2009 is 27.5. BMI increases
steadily throughout the simulation years with an inflection around 2030, at which point the trend is
still increasing but flatter around a BMI of 28.1. Under both menu labeling scenarios BMI starts at a
lower level (at 27.3 for both) but follows the same trend as the status quo. The two scenarios lead to
almost identical trends in BMI.
The projection of chronic disease outcomes comparing the status quo to the two scenarios for
simulation approach 1 are shown in Table 3.3. While outcomes are simulated for each two-year
simulation period between 2011 and 2051, this table presents outcomes only for years 2015, 2025,
2035, 2045 and 2051, the last year of the simulation. Estimates for the status quo are in terms of total
units (cases/years/dollars); for both main and alternate scenarios, the change in units relative to status
quo are presented. The last column takes the average of the difference in changes across all
simulation periods. Figure 3.3 plots the change in outcomes under each scenario compared to the
status quo. Table 3.4 presents a summary measure of outcomes in terms of total life years gained,
total quality of life years gained and the net present value of total medical cost savings across from
2011 to 2051.
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Figure 3.2. Simulation Approach 1: BMI Trajectory

Under the status quo, the population of adults over 25 is projected to increase from 219.4 million in
2015 to 277.6 million in 2051. Under both labeling scenarios, more adults over 25 are alive relative
to the status quo due to reduced mortality from chronic diseases. In the main scenario (average
response to menu labeling), there are 7.8 thousand more adults in 2015 and 151.9 thousand more by
2051. Across all simulation years, the gain in total life-years amounts to 3.9 and 3.6 million under
scenarios 1 and 2 (Table 3.4).
Chronic conditions are also expected to increase over the next thirty years; absent of an intervention
the proportion of adults diagnosed with diabetes increases from 11.7 percent in 2015 to 18.6 percent
of the total adult population in 2051. Under both main and alternate menu labeling scenarios, this
increase is slower: in each simulation period, there is a small decline in the total number of
individuals with diabetes, heart disease and who experience difficulty with at least one ADL
(prevalence numbers). Relative to the total number of individuals living with chronic conditions in
the status quo scenario, the reductions seen in scenarios 1 and 3 are small. Under the main scenario
there are 258.5 thousand individuals are living with diabetes in 2015 and 434.2 thousand fewer in
2051. These represent 1% and 0.8% of total cases under the status-quo in their respective years. The
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number of individuals who experience difficulties with an ADL and who have heart disease also
decreases by 89.4 thousand and 99.8 thousand in 2051, respectively, representing 0.2% of total cases
for both under the status-quo. Under the alternate scenario, where 20% of men and women
experience a larger BMI reduction and 80% experience a smaller reduction, the projections over the
entire population come out to a similar magnitude as scenario 1: an average decrease of 354.5
thousand diabetes cases and 74.7 thousand heart disease cases in each simulation period. Total
QALYs gained in the period 2011-2051 is 4.25 million under scenario 1 and slightly smaller 4.02
million under scenario 3 (Table 3.3).
In terms of economic costs, total medical expenditures are projected to increase from 2.09 trillion
USD in 2015 to 7.10 trillion in 2051 in current dollars (including inflation) (Table 3.2). Relative to
the total, amounts saved are small; a fraction of a percentage point. However, they are not small in
absolute terms: savings on the order of 3.7 and 4.2 billion USD per simulation period in both
scenarios. The net present value of total medical cost savings across all simulation periods amounts
to 47.1 billion and 41.4 billion USD (Table 3.4).
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Figure 3.3. Simulation Approach 1: Change in Health Outcomes and Health Care Costs for Main
and Alternate Menu Labeling Scenarios Relative to Status Quo, 2010-2051
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Table 3.3. Simulation Approach 1: Projection of Chronic Disease Outcomes for Population Aged 25 and Over, 2015-2051

Estimates by scenario

BMI

Observed
Average BMI under status quo

2009

27.5

Change relative to status quo
Menu labeling
Differential response to menu labeling
DIABETES (thousands)
Observed
Total cases under status quo

19,019.7

Change relative to status quo
Menu labeling
Differential response to menu labeling
HEART DISEASE (thousands)
Observed
Total cases under status quo

28,931.2

Change relative to status quo
Menu labeling
Differential response to menu labeling
ANY DIFFICULTY WITH ADL (thousands)
Observed
Total cases under status quo
Change relative to status quo
Menu labeling
Differential response to menu labeling

27,056.1

2015

2025

2035

2045

2051

27.8

28.0

28.1

28.2

28.2

-0.2
-0.2

-0.1
-0.1

-0.1
-0.1

-0.1
-0.1

-0.1
-0.1

25,733.2

35,497.2

43,539.3

48,999.1

51,648.1

-258.5
-237.2

-436.6
-402.9

-475.7
-456.3

-451.5
-424.8

-434.2
-410.6

33,797.1

42,090.1

50,730.8

56,474.2

58,859.0

-41.7
-34.8

-92.2
-85.1

-111.4
-97.6

-103.6
-94.8

-99.8
-96.6

26,947.8

30,511.3

35,741.8

39,936.4

41,443.8

-157.1
-143.7

-147.3
-133.5

-116.1
-110.5

-87.3
-93.1

-86.4
-90.6

QALY (thousands)
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Average
reduction
relative
to status
quo

-379.3
-354.5

-83.5
-74.7

-122.1
-114.6

Observed
Total cases under status quo

166,446.8

Change relative to status quo
Menu labeling
Differential response to menu labeling
TOTAL MEDICAL COSTS (millions USD)
Observed
Total cases under status quo

1,739,980.9

Change relative to status quo
Menu labeling
Differential response to menu labeling
POPULATION OVER 25 (thousands)
Observed
Total cases under status quo
Change relative to status quo
Menu labeling
Differential response to menu labeling

205,649.4

179,170.6

194,046.0

205,448.5

215,358.1

221,374.8

140.2
133.4

198.5
185.6

229.4
220.5

235.2
221.8

236.9
222.8

2,088,918.4

3,006,464.9

4,469,095.0

6,090,555.8

7,101,880.1

-3,218.4
-2,956.7

-4,665.2
-4,117.3

-5,120.8
-5,113.8

-5,100.5
-3,813.4

-4,284.7
-3,418.4

219,414.0

239,623.9

255,984.0

269,776.1

277,617.6

7.8
8.3

77.3
68.4

128.2
120.4

147.3
138.8

151.9
141.1

NOTE: The last column takes the average difference between treatment scenarios and no intervention over all years of the simulation (2011-2051)
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195.4
184.4

-4,236.1
-3,714.1

86.2
80.8

Table 3.4. Simulation Approach 1: Summary Outcomes for Years 2011-2051

Scenario

Total LifeYears Gained
(millions)

Total QALYs
Gained
(millions)

Present Value of
Total Medical
Cost Savings*
(millions USD)

3.9
3.7

4.3
4.1

47,125.7
41,421.8

Menu labeling
Differential response to menu labeling

NOTE: A discount rate of 3% is used to calculate the NPV of medical cost savings from 2011-2051.

Simulation approach 2: Menu labeling intervenes on the BMI trajectory, by reducing positive energy
gaps within the simulation and slowing weight gain over time.

Figure 3.4 shows the BMI trajectory under this simulation approach for both scenarios relative to the
status quo (black line). Under the status quo, BMI increases by about 0.7 points from 2009 to 2051.
Under scenario 1 (average response to menu labeling) applying a relatively small change in daily
calorie intake from labeling to those who gain weight between simulation periods essentially halts
population-level weight gain. BMI stabilizes immediately and remains flat over time, barely
deviating from the baseline value of 27.5; from 2009 to 2051, the increase is only 0.03 points.
Comparing the two simulation approaches, the first observation is that the BMI trendline when
modeling a differential response (alternate scenario) to labeling now looks markedly different
compared to the trendline where I model an average response (main scenario). In the previous
simulation approach the two scenarios generated near-identical trends for BMI and similar projected
outcomes. By contrast, under the second approach the BMI trendline for our alternate scenario is now
between the status quo (black line) and the main scenario (blue line). Under the alternate scenario
where there is a differential response to labeling (20% of men and women who gain weight between
simulation periods experience a larger BMI reduction and 80% experience a smaller reduction), BMI
continues to increase but at a slower rate; it increases by 0.4 points from 27.5 in 2009 to 27.9 in
2051, compared to the 0.7 point increase under status quo and 0.03 point increase under the main
scenario.
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The second observation is that the projected change in chronic disease prevalence under menu
labeling compared to status quo is substantially larger under approach 2. Compared to approach 1,
the relatively larger change in BMI under simulation approach 2 also leads to larger improvements in
health outcomes and costs. This makes sense given that approach 1 affected only initial states of BMI
before people enter the simulation whereas approach 2 targets weight gain within the simulation,
continuously. Under the main scenario, where the average effect of menu labeling is applied to
everyone, the total life-years and QALYs gained amount to 10.5 and 14.0 million respectively –
about 2.5 to 3 times that found under approach 1 (Table 3.6). The average reduction in diabetes cases
compared to status quo is also about 3 times larger – 1,139.4 thousand fewer cases under approach 1
compared to 379.3 thousand fewer cases under approach 2.
A third observation is that the magnitude of the effect labeling (in terms of the difference in cases
between menu labeling scenarios and status quo) increases over time, as shown in Figure 3.5. As the
entering stock 2009 population of weight-gainers die out, future replenishing cohorts of young
people enter and their weight stabilizes more quickly as they age (they never get on the weight gain
track), leading to increasing population healthfulness over the simulation period.
Under the main scenario - assuming everyone experiences an average reduction in calories from
menu labeling – there are 112.6 thousand fewer individuals living with diabetes in 2015 which
increases to 2,353.2 thousand fewer in 2051, constituting 4.6% of total projected diabetes cases in
that year. The number of individuals who experience difficulties with an ADL also decreases by 81.6
thousand cases in 2011 to 792.5 thousand in 2051, representing 0.3% and 1.9% of total cases under
the status quo in these years. Total QALYs gained in the period 2011-2051 adds up to 14.0 million
under this scenario (Table 3.6).
Under the alternate scenario – assuming 20% of men and women experience a larger BMI reduction
and 80% experience a smaller reduction – the smaller change in BMI over time also translates to a
smaller magnitude of change in health outcomes compared to scenario 1. In each simulation period,
there is an average decrease of 421.3 thousand diabetes cases and 79.5 thousand cases of heart
disease. Total QALYs gained in the period 2011-2051 adds up to 5.3 million under this scenario
(Table 3.6).
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Medical expenditures also decrease in both scenarios, by a larger magnitude than that seen under
approach 1: savings amount to an average of 17.8 billion per simulation period in the main scenario
and 6.5 billion in the alternate scenario. The net present value of total medical cost savings across all
simulation periods amounts to 158.4 billion and 58.7 billion USD for main and alternate scenarios
respectively (Table 3.6).

Figure 3.4. Simulation Approach 2: BMI Trajectories
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Figure 3.5. Simulation Approach 2: Change in Health Outcomes And Health Care Costs for Main and Alternate Menu Labeling Scenarios
Relative to Status Quo, 2010-2051
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Table 3.5. Simulation Approach 2: Projection of Chronic Disease Outcomes for Population Aged 25 and Over, 2015-2051

Estimates by scenario

BMI

Observed
Average BMI under status quo

2009

2045

2051

27.8

28.0

28.1

28.2

28.2

-0.2
-0.1

-0.5
-0.2

-0.6
-0.2

-0.6
-0.2

-0.6
-0.2

25,733.2

35,497.2

43,539.3

48,999.1

51,648.1

-112.6
-40.7

-761.0
-283.8

-1,540.9
-581.6

-2,118.9
-766.3

-2,353.2
-881.9

33,797.1

42,090.1

50,730.8

56,474.2

58,859.0

-16.6
-5.2

-168.3
-66.2

-297.0
-112.0

-377.9
-137.4

-415.4
-148.0

26,947.8

30,511.3

35,741.8

39,936.4

41,443.8

-0.4
-0.2

-1,139.4
-421.3

28,931.2

Change relative to status quo
Menu labeling
Differential response to menu labeling
ANY DIFFICULTY WITH ADL (thousands)
Observed
Total cases under status quo

2035

19,019.7

Change relative to status quo
Menu labeling
Differential response to menu labeling
HEART DISEASE (thousands)
Observed
Total cases under status quo

2025

27.5

Change relative to status quo
Menu labeling
Differential response to menu labeling
DIABETES (thousands)
Observed
Total cases under status quo

2015

Average
reduction
relative
to status
quo

27,056.1

140

-213.9
-79.5

Change relative to status quo
Menu labeling
Differential response to menu labeling
QALY (thousands)
Observed
Total cases under status quo

Change relative to status quo
Menu labeling
Differential response to menu labeling

-694.8
-274.4

-818.1
-300.7

-792.5
-298.9

179,170.6

194,046.0

205,448.5

215,358.1

221,374.8

133.5
50.7

436.9
166.1

808.3
314.2

1,151.5
439.9

1,329.0
499.7

2,088,918.4

3,006,464.9

4,469,095.0

6,090,555.8

7,101,880.1

-1,352.4
-488.5

-10,568.4
-4,147.4

-25,039.1
-9,541.1

-34,182.3
-12,043.8

-35,713.4
-13,184.5

219,414.0

239,623.9

255,984.0

269,776.1

277,617.6

0.0
0.0

65.8
24.8

277.0
112.5

550.1
215.5

726.5
276.7

-495.6
-189.5

635.7
242.8

1,739,980.9

Change relative to status quo
Menu labeling
Differential response to menu labeling
POPULATION OVER 25 (thousands)
Observed
Total cases under status quo

-430.1
-173.7

166,446.8

Change relative to status quo
Menu labeling
Differential response to menu labeling
TOTAL MEDICAL COSTS (millions USD)
Observed
Total cases under status quo

-81.6
-30.7

-17,830.1
-6,548.5

205,649.4

NOTE: The last column takes the average difference between treatment scenarios and no intervention over all years of the simulation (2011-2051)
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238.6
93.9

Table 3.6. Simulation Approach 2: Summary Outcomes for Years 2011-2051

Scenario

Menu labeling
Differential response to menu labeling

Total LifeYears Gained
(millions)

Total QALYs
Gained
(millions)

Present Value of
Total Medical
Cost Savings*
(millions USD)

10.5
4.1

14.0
5.3

158,432.5
58,670.0

NOTE: A discount rate of 3% is applied to calculate the NPV of medical cost savings from 2011-2051.

3.4

Discussion and Conclusion
This paper integrates evidence from an experimental study on menu labeling with a

simulation model to assess the potential impact of the FDA’s menu labeling regulation on long-run
population health. It attempts to address criticism by Fielding and Teutsch that studies describe
statistically significant results from trials yet fail to assess its population health relevance (Fielding
and Teutsch 2013). Teutsch and Fielding likened current comparative effectiveness agenda to
looking under the lamppost – clinical interventions with directly measurable outcomes are more
likely to be studied than population interventions even if the latter may have potentially larger
payoffs (Teutsch and Fielding 2011). Microsimulation models can serve as a bridge – a useful
decision tool for evaluating the long-run effects of policies, using causal estimates gathered from
other studies.
This study simulates the population effects of menu labeling, a regulation that was implemented as of
May 2018 on a national level in the US. Using causal estimates from a discrete-choice experiment
which was designed to represent the FDA menu labeling rules and affected food outlets, the
intervention effects by gender are applied only to the number of reported restaurant visits from our
experiment; this averages to small changes in daily energy intake where the assumption that people
don’t compensate through additional eating episodes is not unreasonable. The first simulation
approach assumes that menu labeling leads to short-term weight loss; that is, reductions in energy
intake from labeling changes initial BMI states but does not change long-run behavior within the
simulation. The second approach assumes that menu labeling changes the BMI trajectory within the
simulation, slowing weight gain over time; the calorie reduction from labeling is applied to positive
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energy gaps or weight increases within the simulation through all simulation periods. This models
menu labeling as an obesity prevention policy rather than a weight loss intervention, and is our
preferred approach.
The change in energy intake from labeling translates to a reduction of 0.6 kg for women and 0.4 kg
for men per simulation period of 2 years. Applying these relatively small effects to weight increases
for each simulation period has the effect of off-setting future weight gain such that the BMI
trajectory changes from one that is increasing over time in the status quo scenario to one which
stabilizes earlier, with a flatter slope. Under the main menu labeling scenario where the average
calorie reduction from labeling applies to everyone, the growth in BMI essentially halts and BMI
remains around baseline levels throughout the simulation period. This approach leads to substantial
changes in diabetes and health care costs –in absolute terms the prevalence of diabetes would be
lower by about 1,139 thousand individuals. The net present value of total medical cost savings across
all simulation years amounts to 158.4 billion USD.
Because individual preferences for food and restaurant types can be variable, the concept of an
average treatment effect of providing calorie information is incomplete. Menu labeling is not a
weight loss intervention, but provides information that customers can use (or not use) to meet their
objectives. An alternate scenario considers the possibility that heterogeneity in the response to
labeling may lead a fraction of the population to have a larger response. When a smaller proportion
of the population changes calorie intake more drastically under menu labeling while majority
experience only a small change, the magnitude of the effect of labeling diminishes by about a third
compared to our main scenario. For instance, the prevalence of diabetes decreases by 421.3 thousand
individuals per simulation period. As a fraction of total health costs, the projected savings under this
alternate scenario are small (0.2 percent in 2051) but an absolute figure they remain substantial: 6.5
billion USD in 2051 and the net present value of total medical cost savings amounts to 58.7 billion
USD across all simulation periods.
Reversing the obesity epidemic and bringing population weight back to what was seen three decades
ago requires large and sustained changes in diet and/or physical activity -about 190-220 kcal per day
(Austin et al. 2011, Hall et al. 2011). However, most people are unable to maintain such large
changes in weight (on the order of 10% weight loss) and relapse back to -pre-intervention levels
(Anderson et al. 2001).
143

Overall, the findings in this study are in line with a “small-changes” approach, first advanced by Hill
et al. that smaller behavioral changes can be a sustainable approach to addressing the obesity
epidemic (Hill et al. 2009). Obesity rates in the US and many other countries are increasing because
of a persistent increase in weight in the population. There is consensus that the average energy
imbalance that underlies this weight gain is quite small; estimates range from only 7 to 30 kcal per
day (Hill et al. 2003, Hill et al. 2009, Hall et al. 2011) for the US. Although the most desirable
outcome would be to reduce obesity rates, the necessary weight loss needed to achieve this may not
be sustainable for most individuals; it may be more feasible to advance policies that promote small
changes in behavior that reduce or eliminate this small energy accumulation, to slow or stop weight
gain. As shown in this paper, such small changes can stabilize the population weight trajectory,
reducing the proportion of those overweight and obese in the future, with substantial long-run
payoffs.
This is the first paper to simulate the potential policy outcomes from the FDA’s recently
implemented menu labeling regulation. While the estimates from this paper provide a plausible
picture of population outcomes, there are several limitations to the approach used. The first is that in
the preferred model assumes that menu labeling effects persist in the long-run. A “small changes”
approach can only work if they can be sustained over time. Evidence on the long-run effects of
labeling is currently lacking, and may ultimately change some of our estimates. A second limitation
is that I apply a heuristic to translate the change in energy intake from labeling to a weight change
and rely on FAM’s current BMI transition equations to project BMI over time. These equations
simplistically model BMI as a function of lagged BMI and other demographic and health risk
variables. A more sophisticated approach that accounts for biological processes would incorporate an
energy balance equation; these are typically developed as a differential equation that takes food
intake as a model input and calculate changes in energy expenditure and body weight over time, as in
Hall et al. 2011. Such a model can be incorporated into FAM and would be the next step for research.
A more general limitation applies to simulation models in population health generally. Lack of
transparency (people can see how the model is built and what assumptions it is built on) and
validation (how well it reproduces reality) make them unattractive for decision makers. The
International Society for Pharmacoeconomics and Outcomes Research (ISPOR) and the Society for
Medical Decision Making (SMDM) have published recommendations for best practice (Caro et al.
2012, Eddy et al. 2012) and the model I use is short of those standards. The potential for
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microsimulation to inform policy relies on their progression from “black boxes” to decision-tools that
communicate the role of uncertainty and unavoidable assumptions. As the first attempt of a policy
simulation model, this paper is a “proof of concept” that requires further refinement to make
microsimulation a useful tool for obesity policy.

145

Chapter 3 Appendix
Appendix Table A3.1. Total Yearly Calorie Reduction from Menu Labeling for Women Based on Experimental Data
(1)

(2)

(3)

(4)

(5)

(6)

(7)

Outlet

Visit
Frequency/
month

Visit
Frequency/
year

TREATMENTcalories
chosen

CONTROL calories
chosen

TREAMENT Calories from
eating out per
year

CONTROL Calories from
eating out
per year

Difference
(col 6 - col
5)

Asian

1.41

16.93

512

583

8676

9874

1198

Cafe

2.25

27.01

179

189

4840

5110

270

Fast Food

2.37

28.45

567

613

16123

17428

1305

Ice Cream

2.37

28.46

324

323

9227

9198

-29

Mexican

1.19

14.33

875

907

12539

12989

450

Movie

0.60

7.15

930

970

6642

6934

292

Pizza Restaurant

1.08

12.92

471

497

6082

6422

340

Pizza Stand

1.18

14.16

502

561

7114

7951

837

Salad Bar

1.55

18.56

532

567

9874

10520

646

TOTAL

14.0

168.0

81116

86425

5309
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Appendix Table A3.2. Total Yearly Calorie Reduction From Menu Labeling for Men Based on Experimental Data
(1)

(2)

(3)

(4)

(5)

(6)

(7)

Outlet

Visit
Frequency/
month

Visit
Frequency/
year

TREATMENTcalories
chosen

CONTROL calories
chosen

TREAMENT Calories from
eating out per
year

CONTROL Calories from
eating out
per year

Difference
(col 6 - col
5)

Asian

1.61

19.31

569

623

10990

12037

1046

Cafe

2.59

31.04

119

131

3702

4056

354

Fast Food

2.59

31.03

704

708

21857

21962

106

Ice Cream

2.16

25.95

366

372

9499

9654

155

Mexican

1.37

16.49

980

1012

16168

16699

531

Movie

0.53

6.41

998

1027

6398

6585

187

Pizza Restaurant

1.09

13.10

551

557

7217

7295

78

Pizza Stand

1.31

15.73

636

693

9999

10904

905

Salad Bar

1.86

22.34

591

606

13211

13537

326

TOTAL

15.1

181.4

99040

102730

3690
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Policy Implications
Managing and mitigating the rise in chronic diseases constitute a major public health policy objective
globally. This dissertation evaluates the impact of interventions aimed at addressing two key
behavioral challenges in the management of chronic diseases: low medication adherence and low
adoption of preventive health behaviors.
Below I summarize six key implications for policy and practice:
1) Leverage tools from behavioral economics to improve chronic health behaviors. Chapter 1
finds that micro-incentives – a behavioral economics tool – improves medication adherence in a
low-resource clinic setting. Chapters 2 and 3 find that daily reductions in energy intake of 30
calories can stabilize the US population weight trajectory, suggesting that “nudge”-type
interventions that work by changing behavior at the margins can play a key policy role in obesity
prevention. The policy tools for alleviating structural barriers to health are well-known and
commonly deployed (e.g. adjusting prices, access, and supply). Alleviating behavioral barriers to
the treatment and prevention of chronic conditions should be an equally important policy goal.
Specifically, behavioral economics tools can be used to address two key challenges for chronic
diseases: present bias (overweighting the costs or inconvenience from daily, repeated action, that
only have long-run benefits) and low salience (where the relative importance of the health
problem drops compared to other concerns). In high-income countries, behavioral economics is
already beginning to affect policy through “nudge” units such as the Behavioral Insights Team in
the UK and Social and Behavioral Science Team in the US. In low- and middle-income
countries, which face the lion’s share of global chronic disease burden, governments should
consider partnering with universities and international organizations to enhance knowledge
exchange surrounding the use and implementation of behavioral economic tools to improve
chronic health behaviors.
2) Use “micro” incentives. At the practitioner level, clinicians and medical providers can use small
incentives to improve adherence. Small incentives work by targeting the aforementioned
behavioral biases: countering present bias (i.e. providing a psychological boost to the value an
action has in the present) and increasing the salience of the health action by attaching it to a
reward. From a cost-saving perspective, improving patient adherence increases the cost148

effectiveness of the treatment provided, particularly in low-resource settings where most
individuals access treatment provided by the public sector or NGOs, often through international
donor funding. Small incentives are a relatively low-cost intervention. In low-resource settings
where monitoring adherence through electronic devices may be infeasible due to the added cost,
incentives can be used to improve the rate of timely clinic visits – an output linked to adherence
and already regularly measured as part of clinic procedures.
3) Improve targeting of incentives by accounting for individual performance. Chapter 1 finds
that while small incentives improve adherence, the overall impact is mediated by the distance
relative to the adherence target that the incentive is conditioned on. Those performing poorly at
baseline did not improve when the incentive was conditioned on a high, fixed adherence target,
but did improve substantially when given a target they could flexibly adjust to their baseline
performance. Implementers using incentives to motivate continuously measured outcomes (e.g.
adherence, weight loss, amount of exercise) can use this insight to better target the intervention
particularly if distributional impacts matter (i.e. improving performance for those who struggle
with the behavior). A plausible mechanism to explain why flexible targets work better – that
motivation and effort to reach a goal is critically dependent on the perception that it is attainable
– can be applied more broadly to clinic counseling. For a poorly adhering patient, continually
advising them to meet an objectively high level of performance (i.e. 90 or 100% adherence for
ART- the norm of counselling in clinical settings like the one from the study in Chapter 1) may
be less effective at getting patients there compared to a “sub-goaling” approach: setting a more
achievable target, helping them devise strategies to get there, and then ratcheting upwards once
motivation is reinforced with a sense of achievement.
4) Advance policies that promote “small changes” in behavior for obesity prevention. While a
multi-pronged approach is needed to address as complex a problem as the obesity epidemic,
results from Chapter 3 suggest that big problems do not necessary require only big solutions.
Returning population-level weight back to normal-weight levels from three decades ago is a
laudable policy goal, but requires substantial weight loss. Studies have shown that even a 10%
weight loss is generally unsustainable and that relapses are common. By contrast, policies
advancing small changes in behavior – on the order of 30 kcal per day – can stabilize the
population weight trajectory and prevent further weight gain. These are not silver-bullet solutions
but can make a dent in the social and economic costs of obesity by reducing the proportion of
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those overweight in the future. Menu labeling is one policy that could lead to such changes,
provided the effect persists in the long run. Other policies and interventions that leverage
behavioral economics to promote incremental changes in diet include: choice architecture
approaches (i.e. arranging grocery stores and cafeterias to highlight salient options), taking
advantage of “default” choices (i.e. requiring that individuals ‘opt-in’ to less healthy options,
such as in Chile where restaurants only provided salt shakers when consumers asked), and
workplace wellness programs that track physical activity or encourage stairwell use (e.g. 1000
steps per day programs) to name a few.
5) Increase calorie awareness. Results from Chapter 2 found that those who were health conscious
and already aware of and make use of nutrition and calorie information experienced a
significantly larger reduction in calories from labeling that was almost double the average effect.
As such, promoting greater awareness of how to interpret calorie information through public
health campaigns and teaching this knowledge at a young age through nutrition and calorie
education in schools may improve the impact of labeling. In addition to allowing more people to
directly interpret the calorie labels, awareness of calorie information and subsequent exposure to
labeling can make people more generally aware of the foods they consume.
6) Monitor the restaurant industry’s response to labeling and implementation practices. This
final policy implication relates to producers’ response to labeling and how labeling is
implemented. Chapter 2 evaluates the effect of menu labeling assuming that calorie information
posted corresponds one-on-one to each meal item selected. In practice, restaurants may respond
to the FDA regulation by increasing the customizability of menu items (there is already some
evidence for this as in Sturm et al. 2018). In so doing, the information will be presented in a
range of calories, diminishing interpretability and the effect sizes found in previous studies would
likely no longer apply. On the other hand, restaurants may innovate and offer lower-calorie items.
Since the policy was only implemented on a national level this May 2018, the industry response
remains to be seen and should be monitored by the FDA.
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