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Abstract

Introduction—A number of locations have been considering sugar-sweetened beverage point of 

purchase warning label policies to help address rising adolescent overweight and obesity 

prevalence.

Methods—To explore the impact of such policies, in 2016 detailed agent-based models of 

Baltimore, Philadelphia, and San Francisco were developed, representing their populations, school 

locations, and food sources, using data from various sources collected between 2005 and 2014. 

The model simulated, over a 7-year period, the mean change in BMI and obesity prevalence in 

each of the cities from sugar-sweetened beverage warning label policies.

Results—Data analysis conducted between 2016 and 2017 found that implementing sugar-

sweetened beverage warning labels at all sugar-sweetened beverage retailers lowered obesity 

prevalence among adolescents in all three cities. Point of purchase labels with 8% efficacy (i.e., 
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labels reducing probability of sugar-sweetened beverage consumption by 8%) resulted in the 

following percentage changes in obesity prevalence: Baltimore: −1.69% (95% CI= −2.75, −0.97, 

p<0.001); San Francisco: −4.08% (95% CI= −5.96, −2.2, p<0.001); Philadelphia: −2.17% (95% 

range= −3.07, −1.42, p<0.001).

Conclusions—Agent-based simulations showed how warning labels may decrease overweight 

and obesity prevalence in a variety of circumstances with label efficacy and literacy rate identified 

as potential drivers. Implementing a warning label policy may lead to a reduction in obesity 

prevalence. Focusing on warning label design and store compliance, especially at supermarkets, 

may further increase the health impact.

INTRODUCTION

Given evidence that sugar-sweetened beverage (SSB) consumption contributes to childhood 

obesity, several locations are considering legislative strategies to reduce the consumption of 

SSBs.1–4 In the spring of 2015, San Francisco passed an ordinance mandating the placement 

of SSB warning labels.5 Similarly, Baltimore and Philadelphia leaders have made curbing 

SSB consumption a priority as evidenced by a previous bill proposing point of purchase SSB 

warning labels in Baltimore and the recent passage of an SSB tax in Philadelphia.6 Although 

the specific efficacy of SSB warning labels (i.e., its impact in reducing the probability of 

SSB consumption) is not known and may vary from person to person and neighborhood to 

neighborhood, several studies have suggested that the efficacy may fall in the 6%–19% 

range.6–10

With SSB warning labels currently under consideration in multiple cities, decision makers 

cannot wait for results from long-standing observational and intervention studies and would 

benefit immediately from a clear understanding of the potential measurable range of benefits 

resulting from such a policy. Testing SSB warning labels on a meaningfully large scale 

requires considerable time, effort, and resources. Even though emerging research suggests 

that labels do influence behavior, the downstream impact on obesity can take years to 

manifest. Moreover, decision makers may want to know how different location-specific 

factors and roll-out strategies may affect the policy’s impact.

Computational simulation modeling can help overcome these challenges by serving as a 

virtual laboratory to explore an intervention’s complex potential impact. The class of 

simulation modeling used here is agent-based modeling, where individuals are represented 

by computational agents that have autonomous decision-making abilities and complex 

emergent behavior.11–13 Agent-based models for three cities that have considered or 

implemented policies to curb SSB consumption are developed: Baltimore, Philadelphia, and 

San Francisco. Each model includes adolescents in their food environments. Study results 

may help stakeholders understand how such a mandate would affect adolescent SSB 

consumption, BMI, and obesity and overweight prevalence.
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METHODS

Study Population

The modeling software platform, Virtual Population for Obesity Prevention (VPOP), was 

developed in 2016 using the programming language Python.14 VPOP is an agent-based 

model that includes geospatially explicit virtual representations of adolescents, their 

households, schools, and food and beverage sources (supermarkets, corner store/small 

grocers, convenience stores, sit-down restaurants, and fast food/carry outs; Figure 1). The 

location of each individual came from a previously described synthetic population that used 

an extended iterative proportional fitting method to generate a synthesized, geospatially 

explicit, human agent database from a variety of census files and represents the U.S. 

population.14–17

Each agent possesses the following characteristics: gender, race and ethnicity, household 

assignment, school assignment, height, and lean and fat tissue masses (attribute statistics 

summarized in Appendix Table 1). Lean and fat mass tissue was calculated by the 

Rahmandad et al.18 metabolic model equations which converted agent’s weights from 

National Health and Nutrition Examination Survey (NHANES; 2013–2014) into lean and fat 

mass.

For each simulated day, each agent begins the day at home and proceeds to move throughout 

the virtual city to school and other locations, making decisions for meals and snacks. Agents 

have the opportunity to consume breakfast and lunch either at home or school, one snack 

from home, school, or a retail location, and lastly, dinner and two snacks from either home 

or a nearby retail location. The choices are made according to probabilities correlated with 

each location’s attractiveness and inversely proportional to the location’s geographic 

distance squared.

Of primary interest to this study, each adolescent has the opportunity to consume an SSB 

with each meal or snack. The choice of whether or not to consume an SSB at a particular 

meal is made according to probabilities determined from surveys of adolescent behavior. At 

home, agents may consume SSBs if the family chose to buy them from supermarkets. For 

this study, SSBs are defined as a unit of 150 calories, determined by averaging calorie 

composition of various SSBs, weighted by their contribution to total calories from SSBs 

among adolescents.19,20

Measures

Each agent includes an embedded metabolic model specific to their gender, weight, and age, 

which converts daily caloric intake and expenditure into a corresponding change in weight.21 

Each agent’s metabolic model is adapted from a dynamic mathematical model developed by 

Hall and colleagues.21 Appendix File 1 provides a more detailed description of the weight 

change algorithm. Besides SSB consumption, their other daily food and beverage 

consumption, and physical activity tends to maintain their BMI percentile. The following 

formula calculates BMI: weight (kg) divided by height squared (m2). Standard Centers for 

Disease Control and Prevention recommended BMI percentile ranges were used to define 

overweight and obesity (overweight: BMI ≥ 85th percentile and <95th percentile for 
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adolescents of same age and sex; obesity: a BMI ≥95th percentile for adolescents of same 

age and sex.)

Each adolescent agent in the synthetic population has city-specific sociodemographic 

characteristics including age, race, gender, household locations, and school assignment 

(Table 1, and cross-referenced in Figure 1). Each youth’s height and weight were sampled 

from youth with matching demographics from the 2013–2014 NHANES dataset.

Retail food source locations came from a commercially available dataset, ReferenceUSA, 

categorized using standard industrial classification codes. Supermarkets were further 

subclassified from retail grocery standard industrial classification codes to match known 

supermarket chains.22 Consumption behavior from NHANES was used to assign the 

proportion of the population that consumes SSBs on a daily basis (Table 1 and Appendix 

Table 1). Additionally, a gravity model (the probability of an agent going to each store was 

inversely proportional to the agent’s distance from the store) determined which food source 

each agent may go to each day. Comparing the resulting frequencies with real world data 

from NHANES 2010–2012 helped validate this model (Table 1 and Appendix Table 2).

Statistical Analysis

In VPOP, each scenario was simulated 100 times, with each simulation lasting for 365 days 

x 7 years. Results for each scenario include the variation observed over the course of the 100 

simulations. Each simulation followed a cohort of children aged 11 years (6,784 adolescents 

in Baltimore, 5,497 in San Francisco, and 20,171 in Philadelphia) through age 18 years. 

Children aged 11 years were examined because this is a pivotal time when most children 

start secondary school, begin making more autonomous dietary decisions, and become more 

vulnerable to rapid weight gain.23 The various point of purchase SSB warning label 

intervention scenarios are compared against the baseline, no intervention scenario. 

Probabilistic sensitivity analyses were performed and involved randomly sampling the 

values of each parameter from parameter-specific distributions. A Welch’s t-test was 

performed to determine statistical significance. All simulations and data analysis was 

conducted in 2016 and 2017.

In addition to the baseline scenario where no point of purchase SSB warning labels were 

implemented, sensitivity analyses were performed on the following parameters:

Warning label efficacy—As recent studies estimate that warning labels may decrease the 

frequency of SSB purchases by 6%–19%, the immediate effect of warning labels when 

present in an SSB retailer was varied from a more conservative 4% to 12%.6–10 An 8% 

decrease in SSB purchase frequency was used in subsequent sensitivity analyses and tests of 

alternative policy roll-out strategies. Consumers purchasing SSBs in a store that did not 

display a warning label were not impacted by warning labels.

Illiteracy rates—Scenarios were tested in which the labels had no effect on illiterate 

adolescents because the warning label requires a basic reading level to understand 

(Appendix Figure I shows a sample warning label). The illiteracy rate was varied from 0% to 

49%, based on 2015 reports from the National Center for Education Statistics that 49% of 
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eighth grade students in Baltimore, 30% in San Francisco, and 42% in Philadelphia had 

below basic reading level.24–26

Compliance of food retailers—For both supermarket and corner stores, proportion of 

stores complying with the warning label policy was varied from 50% to 100%.

SES—Scenarios in which warning label efficacy was lower for adolescents of low SES, (i.e. 

those living in households of income below the U.S. poverty line were tested).27 The 

efficacy of warning labels on low-SES agents were varied from 0% to 33%.

Compensatory eating—Agents who do not consume SSBs because of the warning label 

compensate between 0% and 75% of the calories from SSBs.28,29

The model was able to recreate overweight and obesity prevalence distributions for the 

Baltimore (27.5% vs 25.8% observed for children aged 6–18 years),30 San Francisco, 

(34.7% vs 31.7% for children aged 10–15 years),31 and Philadelphia (40.2% vs 40.7% for 

children aged 6–17 years).32 Table 1 provides additional validation information. Note that 

for each validation run, the age range of the cohort in the model was expanded to match that 

of the age range for the data used for validation. The model generated population level BMI 

distributions that were comparable to the 2014 California Health Interview Survey and the 

National Health Interview Survey (NHIS).33,34 For example, in the model 5.2% of the 

Baltimore population was between tenth and 20th BMI percentile, (compared to 5.57% in 

the Northeast region of NHIS); 14.4% between 60th and 70th BMI percentile (compared to 

12.54%); and 8.21% between 97th and 100th BMI percentile (compared to 8.2%). In San 

Francisco, 4.37% of the population was below the tenth BMI percentile (compared to 4.09% 

in 2014 California Health Interview Survey), 11.76% between 70th and 80th BMI percentile 

(compared to 13.12%) and 9.93% between 90th and 95th BMI percentile (compared to 

8.08%). In Philadelphia, 4.73% were below the tenth BMI percentile (compared to 3.1% in 

the Northeast region of NHIS), 10.63% between 60th and 70th BMI percentile (compared to 

12.54%) and 16.83% in between the 80th and 90th BMI percentile (compared to 15.33%; 

Appendix Figure 2). Additionally, validation runs showed that the daily average caloric 

intake from SSBs for the baseline model were comparable to reported data (123.6 for San 

Francisco, 134.25 for Baltimore, and 132.45 for Philadelphia compared to the reported 

national average of 155 calories).35

RESULTS

Universal application of SSB warning labels reduces obesity prevalence up to 4.08%. With 

an SSB warning label policy implemented at all retailers and a warning label efficacy of 8%, 

multiple measures of overweight and obesity decreased across all three cities in comparison 

with no intervention (Appendix Table 3). The obesity prevalence across the cohort was 

reduced by 1.69% (95% CI=0.97, 2.75, p<0.001) in Baltimore; 4.08% (95% CI=2.2, 5.96, 

p<0.001) in San Francisco; and 2.17%(95% CI=1.42, 3.07, p<0.001) in Philadelphia (Figure 

2). Numbers were also markedly reduced in the overweight category: a reduction of 1.39% 

(95% CI%=0.49, 3.59, p<0.001) in Baltimore; 3.1% (95% CI%=0.97, 5.2, p<0.001) in San 

Francisco; and 0.36% (95% CI=1.39, 0.83, p<0.001) in Philadelphia. The warning labels 
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also reduced the mean BMI for the obese population by 0.25 kg/m2 (95% CI= −1.7, 1.17, 

p<0.001) in Baltimore, 0.2 kg/m2 (95% CI= −0.69, 0.5, p<0.001) in San Francisco, and 0.18 

kg/m2 (95% CI= −0.97, 0.46, p<0.001) in Philadelphia.

Different scenarios varied the warning label efficacy from 4% to 12% (Figure 3, Appendix 

Table 3). Even with the efficacy cut in half to 4%, implementing warning labels at all SSB 

retailers still reduced mean BMI for the obese population by 0.09 kg/m2 (95% CI= −1.75, 

1.53, p<0.001) and obesity prevalence by 1.08% (95% CI= −1.87, −0.62), p<0.001) in 

Baltimore (Appendix Table 3). Some scenarios (e.g., 4% efficacy in San Francisco) led to 

increases in overweight prevalence, because more obese individuals moved into the 

overweight category than overweight individuals moving into the normal weight category. 

When looking instead at the combined number of overweight or obese individuals, the value 

is reduced by 0.47% (95% CI= −1.47, 0.12, p<0.001; Appendix Table 3).

Studies have shown that low literacy may impair comprehension and thus efficacy of 

warning labels.36 Figure 3 and Appendix Table 3 show how reducing the literacy rate of 

Baltimore adolescents from 100% to 51% increased SSB consumption by 0.033 points (95% 

CI=0.16, 0.46, p<0.001), and obesity prevalence from −1.69% (95% CI= −2.75, −0.97, 

p<0.001) to −0.95 (95% CI= −1.93, 0.09, p<0.001). The simulations demonstrate that while 

reduced, the health benefits persist in low literacy simulations even with a 4% warning label 

efficacy (Appendix Table 3).

The overall effects on obesity and BMI largely remained after reducing the compliance of 

different types of stores (Figure 3 and Appendix Table 3). For example, decreasing levels of 

compliance at supermarkets to 50% in Baltimore, resulted in reduced obesity prevalence 

(1.54% decrease, 95% CI= −2.65, −0.78, p<0.001), overweight prevalence (0.77% decrease, 

95% CI= −2.79, 0.84, p<0.001), and population BMI (0.21 decrease, 95% CI= −0.52, 0.11, 

p<0.001).

Reduced efficacy on low-SES adolescents has limited effect on overall population health 

impact. After reducing the warning label efficacy 33%–50% for low-SES adolescents, 

declines in SSB consumption, overweight and obesity prevalence, and BMI were observed. 

Appendix Table 3 and Figure 3 also show how increased compensatory eating reduced 

warning label impact.

DISCUSSION

The study found that SSB warning labels can reduce SSB consumption, obesity/overweight 

prevalence, and BMI among adolescents. Although SSB warning labels alone are not 

enough to curb the obesity epidemic, the results are a first step in better understanding 

ultimate impact of SSB warning labels. A key finding is that SSB warning labels can have a 

positive impact over a wide variety of circumstances, including those that significantly 

reduce the label’s efficacy, such as when the efficacy dips as low as 4%, the label has no 

effect on children who don’t read at a basic level, or significant increases in compensatory 

eating occur.
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San Francisco experienced the largest obesity prevalence reduction whereas Baltimore City 

experienced greater reductions in overweight and obesity prevalence (Figure 2), which may 

be due in part to differences in starting BMI distributions (Appendix Figure 2). Should a city 

not be able to implement the policy in all food retailers, supermarkets would be the most 

impactful subset of retailers to target (Appendix Table 3). For Baltimore City, nearly half of 

the SSB warning label impact was retained when targeting only supermarkets. Although 

studies have shown supermarket availability and access may vary in high- versus low-

income neighborhoods, 90% of low-income and food-insecure households report shopping 

for household groceries at supermarkets and supercenters.37,38 Supermarket purchases 

comprise the majority of available food at homes, influencing, in turn, adolescent meal and 

snacking options. Monitoring compliance in just supermarkets versus all stores would likely 

be less costly.

Sensitivity analysis demonstrated that besides warning label efficacy, literacy rates had the 

largest effect on the policy’s impact, primarily because of the assumption that warning labels 

would have no effect on those below a basic reading level. However, this assumption may 

not necessarily be correct, especially when warning labels have more basic language and 

clear graphics. Moreover, those who can read the labels could potentially inform those who 

cannot. Therefore, designing labels easily understandable by all may be worthwhile. 

Additionally, the label efficacies used in the simulation experiments came from the limited 

available studies.6–10 As was demonstrated with tobacco warning labels, label enhancements 

(e.g., pictures of well-known people or memorable designs) or pairing other interventions 

(e.g., campaigns, menu labels, advertisements) could further increase label efficacy.39,40 

Moreover, SSB warning labels could raise general attention to SSB consumption, which then 

could recursively enhance the labels’ efficacy. However, because combining interventions 

can have complex effects, future studies to determine the nature of the interactions among 

interventions and simulation experiments could help better understand the impact of 

combining interventions and choose the optimal combinations.

Limitations

All models are simplifications of reality and cannot include all possible factors affecting the 

impact of an SSB warning label policy. The simulation experiments did not account for 

potential reductions in warning label efficacy over time, in turn, reducing its impact. The 

experiments assumed that families would primarily stock their home refrigerators from 

supermarkets, which would favor those scenarios in which labels were used in supermarkets 

but work against those scenarios in labels were not used in supermarkets. This study 

assumed point of purchase labels would have the same efficacy, regardless of the store type 

or placement within the store, which could either overestimate (e.g., if the labels are not as 

prominently displayed) or underestimate (e.g., if the labels are displayed prominently) the 

impact. The experiments did not account for the impact of other concomitant interventions 

(e.g., menu labels or advertisements), which could underestimate impact if synergistic. 

Finally, the economic impact on store owners and other decision makers was not examined.

Lee et al. Page 7

Am J Prev Med. Author manuscript; available in PMC 2019 February 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



CONCLUSIONS

This study shows how implementing SSB warning labels can reduce obesity and overweight 

prevalence among adolescents in three cities, quantified the potential impact, and 

demonstrated how different roll-out strategies and factors may affect this impact. All of this 

provides important information for decision makers considering such a policy. Though taxes 

have been modeled to have a greater influence on consumption behavior, the empirical 

evidence is inconsistent and the tax may disproportionately burden the low-SES population.
41 Because the impact is quite sensitive to warning label efficacy, researchers, policy makers, 

and decision makers may want to develop ways of enhancing label efficacy (e.g., adding 

visuals and basic language, making the label more prominent and coupling the label with 

other interventions).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Model diagram.

Notes: Illustrative representation of food store availability to agents in their environment. 

Pr(eating) = probability that agent eats at location type; Pr(SSB) = probability that agent 

consumes an SSB from location type. Letter following agent characteristics, Pr(eating) and 

Pr(SSB) corresponds to references for these values in Table 1.
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Figure 2. 
Decrease in obesity prevalence across cities.
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Figure 3. 
Comparing the impact of key model variables on change in obesity prevalence in Baltimore 

City.

Notes: This figure summarizes the sensitivity analyses, i.e., investigating how varying 

different unknown factors affects the change in obesity prevalence for Baltimore City. Each 

factor analyzed is represented by a horizontal bar, where the width of each bar represents the 

range of impact on obesity prevlance across a range of values for that factor (listed above the 

bar). Additional lines on the bar represent mean obesity prevalence from intermediate factor 

values. The dotted line marks 0% change in obesity prevalence, or the change in obesity 

prevalence at the beginning of each scenario.
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Table 1

Summary of Input Source Data

Category Source Year

Agent characteristics

 Gender U.S. Census Bureau. American Community Survey, Response Rates. 
www.census.gov/acs/www/methodology/sample-size-and-data-quality/response-rates/.

2010

 Race U.S. Census Bureau 2010

 Household location U.S. Census Bureau 2010

 School assignment Centers for Disease Control and Prevention (CDC). National Center for Health Statistics 
(NCHS). National Health and Nutrition Examination Survey Data. Hyattsville, MD: U.S. 
DHHS, CDC, 2013.

2010–2011

 Height, weight National Health and Nutrition Examination Survey Data. NCHS, editor. Hyattsville, MD: 
U.S. DHHS, CDC, 2013–2014.

2013–2014

Food sources

 Locations Reference USA 2011

 Pr(eating at location) National Health and Nutrition Examination Survey Data. NCHS, editor. Hyattsville, MD: 
U.S. DHHS, CDC; 2010–2012.

2010–2012

 Pr(purchasing SSB at 
location)

National Health and Nutrition Examination Survey 2010–2012

Validation

 Derived obesity prevalence 
(Baltimore)

Baltimore City: Demographics and Social Determinants of Health (2005–2009). Maryland 
Department of Health and Mental Hygiene.

2005–2009

 Derived overweight and 
obesity rate (SF)

Babey SH, Wolstein J, Diamant AL, Bloom A, Goldstein H. Overweight and Obesity among 
Children by California Cities–2010. UCLA Center for Health Policy Research and California 
Center for Public Health Advocacy, 2012.

2010

 Derived overweight and 
obesity rate (Philadelphia)

Overview of Chronic Disease and Healthy Eating and Active Living Indicators for 
Philadelphia Adults and Children, 2011. www.phila.gov/health/pdfs/
Philadelphia_obesity_chronic_disease812.pdf.

2011

 Daily energy intake from 
SSBs

Kit BK, Fakhouri TH, Park S, Nielsen SJ, Ogden CL. Trends in sugar-sweetened beverage 
consumption among youth and adults in the United States: 1999–2010. Am J Clin Nutr. 
2013;98(1):180–188. https://doi.org/10.3945/ajcn.112.057943.

1999–2010
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