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1 ABSTRACT (248 of 250 word max)

2 Objectives: To develop a simulation framework for assessing how combinations of taxes, 

3 nutrition warning labels, and advertising levels could affect purchasing of ultra-processed foods 

4 (UPFs) in Latin American countries, and to understand whether policies reinforce or reduce pre-

5 existing social disparities in UPF consumption.

6 Design: We developed an agent-based simulation model using international evidence regarding 

7 the effect of price, nutrition warning labels, and advertising on UPF purchasing.

8 Setting: We estimated policy effects in scenarios representing two stages of the “social 

9 transition” in UPF purchasing: 1) a pre-transition scenario, where UPF purchasing is higher 

10 among high-income households, similar to patterns in Mexico, 2) a post-transition scenario 

11 where UPF purchasing is highest among low-income households, similar to patterns in Chile.

12 Participants: A population of 1,000 individual-agents with levels of age, income, educational 

13 attainment, and UPF purchasing similar to adult women in Mexico. 

14 Results: A 20% tax would decrease purchasing by 24% relative to baseline in both the pre- and 

15 post-transition scenarios, an effect that is similar in magnitude to that of a nutrition warning label 

16 policy. A 50% advertising increase or decrease had a comparatively small effect. Nutrition 

17 warning labels were most effective among those with higher levels of educational attainment. 

18 Labeling reduced inequities in the pre-transition scenario (i.e., highest UPF purchasing among 

19 the highest socioeconomic group), but widened inequities in the post-transition scenario.

20 Conclusions: Effective policy levers are available to reduce UPF purchasing, but policymakers 

21 should anticipate that equity impacts will differ depending on existing social patterns in UPF 

22 purchasing.

23

24 KEYWORDS
25 Food policy; diet; complex systems; social determinants of health; simulation

26
27
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28 INTRODUCTION
29 Ultra-processed foods (UPFs) are an increasingly dominant part of the global food 

30 system,(1) and their availability and consumption have increased in most countries and 

31 regions.(2-5) UPFs are foods that have been developed via “fractioning of whole foods into 

32 substances, chemical modifications of these substances, assembly of unmodified and modified 

33 food substances, frequent use of cosmetic additives and sophisticated packaging.”(6) 

34 Engineered to maximize profit margins, convenience, shelf stability, and palatability relative to 

35 unprocessed or minimally processed foods,(7) they tend to have more added sugar, more 

36 saturated fat, more sodium, less fiber, less micronutrients and much higher energy density.(8, 9) 

37 UPF consumption is positively associated with development of obesity among youth and 

38 adults.(10, 11) 

39 In many Latin American countries, calories from UPFs contribute 20-30% or more to 

40 total energy intake.(3, 5) Latin American countries have been at the forefront of using policy levers 

41 to address rising UPF consumption, including UPF taxes, front-of-package nutrition warning 

42 labels, and advertising restrictions.(6, 8) In 2014, Mexico implemented an 8% tax on nonessential 

43 energy dense foods and a peso-per-liter (roughly equivalent to 10%) tax on sugar-sweetened 

44 beverages.(12, 13)  Purchasing of nonessential energy-dense foods fell 7.4% two years after 

45 implementation of the tax and purchasing of taxed beverages fell 9.7%.(12, 13) Also in 2014, Chile 

46 increased an existing beverage tax from 13% to 18% for beverages high in sugar and reduced 

47 the tax rate from 13% to 10% for beverages low in sugar.(14) As part of a front-of-package 

48 labeling and advertising law passed in 2016, Chile was the first country in the world to mandate 

49 front-of-package nutrition labels on energy dense foods, with other countries (including Peru 

50 and Uruguay) subsequently adopting their own labeling policies.(15, 16) Two years after 

51 implementation of the Chilean law, purchasing of beverages high in added sugar decreased by 

52 23.7%.(15) Several countries in the region have also passed policies to address high levels of 

53 UPF advertising.(17-19) For example, 14% of advertisements on the major “free to air” television 

54 channels in Brazil are food related, 91% of which are for UPF products.(17)

55 Evaluations of these vanguard policies in Latin America suggest that policy levers can 

56 meaningfully reduce UPF consumption at the population level. A remaining question is how 

57 policies can be used without creating or exacerbating existing inequities in UPF consumption. 

58 For example, evaluation data from Chile suggest that the labeling law had larger effects among 

59 individuals with high educational attainment who had lower consumption levels even prior to the 

60 tax.(15) In contrast, the strongest impacts from the taxes implemented in Mexico were among 

61 households in the lower socioeconomic strata.(20) 
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62 The equity implications of the UPF reduction policies a country implements may depend 

63 on existing social patterns in UPF consumption, which vary between countries. UPF 

64 consumption is inversely associated with socioeconomic status in higher-income countries, but 

65 the reverse is true in lower- and middle- income countries.(21) Baker and colleagues (2020) 

66 suggest that a “social transition” takes place as a country’s income distribution shifts 

67 upwards.(21) In the first stage, the highest levels of UPF consumption are among individuals in 

68 the highest socioeconomic strata. As the income distribution shifts upwards, however, the 

69 highest levels of UPF consumption transition to those in the lower socioeconomic groups. 

70 Different Latin American countries may be in each stage. For example, higher-income 

71 households purchase more UPF than lower-income households in Mexico,(3) but the reverse is 

72 true in Chile.(15)

73 Like many health behaviors, dietary choices are socially determined based on 

74 community-level social norms and social influence between peers, family members, and other 

75 close social contacts.(22, 23) Policies to reduce UPF consumption will need to reverse secular 

76 trends that have made high levels of UPF consumption normative in most Latin American 

77 countries. Social influence on dietary choices likely contributes to the production and 

78 persistence of social inequities in UPF purchasing, particularly given international research 

79 suggesting a high degree of social homophily – meaning that strong social ties are most 

80 commonly formed between individuals with similar social characteristics, including age, 

81 educational attainment and income.(24-26) In combination, social homophily and social influence 

82 are key mechanisms that contribute to the production and persistence of inequities between 

83 groups; these inequities can either be reduced or exacerbated by policies that have differential 

84 effects across social groups.(15, 20) 

85 In this study, we report the results of an agent-based model (ABM) developed to 

86 understand the relative effectiveness of varying combinations of UPF tax, labeling, and 

87 advertising policies on UPF purchasing. We examine policy effects among a population of 

88 agents with social characteristics (age, income, educational attainment) that loosely represent 

89 female food purchasers in Mexican households. We consider policy effects in two broad 

90 scenarios: the first represents countries in which UPF purchasing is highest among high-income 

91 households (i.e., a pre-social transition in UPF purchasing similar to patterns observed in 

92 Mexico).(21) In the second scenario, UPF purchasing is highest among low-income households 

93 (i.e., a post-social transition scenario that represents a plausible future scenario for Mexico and 

94 is qualitatively similar to patterns observed in Chile and in high-income countries). For each 

95 policy combination, we report the population-level effects, as well as stratified effects by income 
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96 and educational attainment that are helpful for understanding how policies either reduce or 

97 exacerbate differences in UPF purchasing between socioeconomic strata. 

98

99 METHODS
100

101 Agent population and properties

102 We coded the model in NetLogo.(27) Full details regarding model design, data sources, 

103 and effect parameters are in the model sketch in Appendix 2. We simulated weekly UPF 

104 purchasing, measured in kilocalories (kcal) purchased per week, among a virtual population of 

105 1,000 individual-agents with levels of age, income, and educational attainment similar to those 

106 of adult women in Mexico. We selected weekly UPF purchasing in kcal because they are a 

107 widely used measure of energy intake, an important input to energy balance and weight 

108 change,(28) and because they can be calculated across different types of UPF items (e.g., 

109 sweetened beverages, candy). We limited the population to adult women for three reasons: 1) 

110 women typically are the primary food purchasers in their household,(29, 30) 2) adults and children 

111 have different food purchasing and consumption patterns, so focusing on adult women 

112 simplifies the parameters (e.g., distribution of UPF purchasing) and behavior rules in the model 

113 (e.g., social signal),(3, 4) and 3) research on social homophily suggests that close social ties are 

114 most common among those of the same gender – including multiple genders in the model would 

115 unnecessarily complicate the social network formation and social signal, described below.(24)

116 Upon initialization of the model, each agent was assigned three characteristics that are 

117 important for food behaviors and social network formation: age group (young, middle-aged, 

118 older), income, and educational attainment. The age categories are intended to make a 

119 qualitative distinction between women in different life stages. We assigned one-quarter of 

120 agents to the younger and older age categories and 50% to the middle-aged category. Based 

121 on data from the 2016 Mexican Survey of Household Income and Spending (ENIGH), the 

122 categories generally correspond to women in the following age ranges: 1) 20 to 30, 2) 31 to 50, 

123 3) >50. We used data from the 2016 ENIGH to inform the initial distributions of household 

124 income and educational attainment. Specifically, 27% of agents were assigned to the high 

125 education category, representing at least a high school education, and 73% to the low education 

126 category, representing less than high school. We assigned each agent a continuous household 

127 income drawn from separate log-normal distributions for those with low education (mean = 889 

128 pesos per week, standard deviation = 911) and high education (mean = 2044, standard 

129 deviation = 2225). We then assigned agents with income above a threshold value (1890 pesos 
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130 per week) to a high-income category and those below to the low-income category.(31) We 

131 assigned both continuous and categorical income because the former is used in calculating 

132 relative UPF prices and the latter in social network formation. Agent properties and the data 

133 sources used to inform their distributions are summarized in Table A-1 in Appendix 2.

134

135 Baseline Scenarios: UPF purchasing

136 We examined policy effects under two baseline scenarios that represent pre- versus 

137 post- stages in the social transition in UPF purchasing.(21) For both scenarios, we used data 

138 from Marrón-Ponce et al. (2019) to inform the initial distribution of UPF purchasing.(32) 

139 Specifically, we calibrated the mean values among low- and high-income agents to reproduce 

140 the mean weekly purchasing among all household reported by Marrón-Ponce, which was 3,033 

141 kcal per week. We calibrated the values for each income group because they were not reported 

142 by Marrón-Ponce or elsewhere. In the pre-transition scenario, the calibrated values at which we 

143 set mean UPF purchasing was 3,446 kcal per week for high-income agents and 2,966 kcal per 

144 week for low-income agents. This scenario is similar to existing patterns in UPF purchasing in 

145 Mexico, as reported by Marrón-Ponce. In the post-transition scenario, we set the mean 

146 calibrated UPF purchasing at 2,620 kcal per week for high-income agents and at 3,100 kcal per 

147 week for low-income agents. This is a counterfactual scenario for pre-transition countries, 

148 including Mexico, but is generally similar to patterns in post-transition countries, such as 

149 Chile.(15)

150

151 Social network

152 Agents in the model were embedded in a small world network (with average node 

153 degree of 5.47), where the connections between agents represented close friendships between 

154 women in different households. Consistent with in vivo studies of social homophily,(24-26, 33) 

155 agents were more likely to be connected to other agents with similar age, income, and 

156 educational attainment levels. Agents had at least three, and a maximum of 50 social 

157 connections. As shown in Table 1, we set the social network parameters to reproduce network 

158 characteristics similar to that reported in Chen (2019).

159

160

161 Updates to UPF purchasing

162 Every time step, each agent in the model made a series of adjustments to her UPF 

163 purchasing level. The first adjustment represented the effects of a social signal and social 
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164 norms.(34, 35) The social signal can be thought of as representing processes of social learning 

165 and peer influence that occur between friends and family members.(34) Social norms can be 

166 thought of as individuals’ desire to adhere to group-level norms among people with similar levels 

167 of age, income, and educational attainment. 

168 For each adjustment, the agent calculated whether her own level of weekly UPF 

169 purchasing differed from the average among her social network by more than 50kcal/wk. The 50 

170 kcal threshold represents uncertainty in people’s knowledge of the true levels of UPF 

171 purchasing of their friends. If the difference was less than the threshold the agent made no 

172 adjustment. If the difference was greater than the threshold, she shifted towards the social 

173 signal by a fractional amount (i.e., 10% of the difference). The same process was repeated for 

174 social norms, but each agent compared her purchasing to the average purchasing of all agents 

175 with the same levels of age (i.e., younger, middle aged, older), income (i.e., lower, higher) and 

176 education status (i.e., lower, higher). 

177 The second type of update that agents made was in response to UPF policy changes. 

178 We used external data to inform the magnitude of these updates. The model calculated UPF 

179 purchasing in response to price changes based on the own-price elasticity of UPF. We set the 

180 own-price elasticity of UPF to -1.2 (i.e., a 1% increase in the price of UPF could be expected to 

181 produce a 1.2% decline in purchasing) based on studies of price elasticities of sugar-sweetened 

182 beverages in several Latin American countries, all of which range from -1.0 to -1.4.(36-39) Notably, 

183 this range of values is within the range of effects observed at two years post-implementation of 

184 the UPF taxes implemented in Mexico (i.e., a 10-12% reduction at two years post-

185 implementation of the ~10% tax).(13, 20, 40) Based on the main evaluation study of the Chilean 

186 labeling policy,(15) we set agents’ sensitivity to labeling (i.e., the difference in purchasing caused 

187 by a switch from no label to a front-of-package label) to -22% for low-education agents and -

188 29% for high-education agents. We set each agent’s sensitivity to advertising (i.e., the 

189 advertising elasticity) to 0.113 based on Hu, Lodish, and Krieger (2007).(41) This means that a 

190 1% increase in advertising translates to a 0.113% increase in purchasing. In simulation 

191 scenarios with multiple policy interventions, the change in purchasing from each of the policies 

192 is summed. 

193

194 Calibration

195 Calibration is an iterative process of making adjustments to parameter values such that 

196 model outcomes align with specified values, or calibration targets. We used calibration 

197 experiments to set the values of four unknown parameters: 1) resistance to conforming to the 
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198 social signal and social norms, 2) the relative importance of social similarity (e.g., same age 

199 group) in constructing the social network, 3) the baseline level of UPF purchasing in low-income 

200 agents, and 4) the baseline level of UPF purchasing in high-income agents. The first two 

201 parameters were the same in the pre- and post-social transition scenarios, and only the third 

202 and fourth differed. The calibration target we used was that the average, equilibrium state 

203 weekly household UPF purchasing at the population-level must be within 5 kCal of the 

204 calibration target of 3,033 kCal per week based on findings reported in Marrón-Ponce et al 

205 (2019).(32) In the pre-social transition scenario, we required that low income households had 

206 lower weekly UPF consumption than high income households, and vice-versa for the post-social 

207 transition scenario. We also required that the calibrated parameters produce unique 

208 distributions of weekly household UPF purchasing by income and that these distributions 

209 remained unique (i.e., did not fully converge) as the model ran.

210

211 Policy Counterfactuals

212 We used the ABM to examine how UPF purchasing would be affected by a UPF labeling 

213 policy and UPF taxes of 8% (actual junk food tax in Mexico), 20% (beverage tax level 

214 considered in Mexico but not passed) and 50% (counterfactual “high tax” scenario). Several 

215 countries in the Arabian peninsula have implemented taxes of 50% or more on sweetened 

216 beverages and excises taxes implemented in several local areas in the United States (e.g., 1.5, 

217 1.75, and 2.0 cents per ounce in Philadelphia, Seattle, and Boulder, respectively) equate to over 

218 50% for some products.(42, 43) These examples suggest that, though taxes in this amount have 

219 not been implemented in Latin American countries, they are of a level that could plausibly be 

220 considered by policymakers at both the local or national level. We also examined how policy 

221 effects would be impacted by increases in UPF advertising of 25% and 50%, representing 

222 industry responses to labeling and tax policies, as well as similar decreases in UPF advertising, 

223 representing policy restrictions on advertising. For both the pre- and post-social transition 

224 scenarios, we ran iterations of the model with no policy, with each policy implemented alone, 

225 and with multiple policy combinations. 

226 The model ran in discrete time, with each time step representing one week. We 

227 compared mean UPF purchasing in each scenario after 208 time steps (i.e., four years), not 

228 including a burn-in period of 100 time steps. The burn-in period allowed each agent to update 

229 her food purchasing until the model reached a stable state that aligned with population-level 

230 UPF purchasing trends (calibration target) reported by Marrón-Ponce et al (2019).(32) We 

231 implemented policies one year into the simulation (i.e., after 52 time steps) and ran each 
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232 scenario 200 times to account for random variation. This number of runs was determined 

233 through sensitivity analyses which suggested that only relatively small variations in weekly UPF 

234 purchasing were observed for simulations higher than 200 runs (see Appendix Figure 2-A).

235

236

237 RESULTS
238 In Figure 1, we show mean UPF purchasing under different policy combinations at time 

239 steps 52 (just prior to policy implementation) and 208 (~3 years after implementation) in both 

240 the pre- and post-social transition scenarios. In both the post- and pre-social transition 

241 scenarios, mean UPF purchasing demonstrated good fit to the average weekly UPF purchasing 

242 (i.e., 3,033 kCal per week) estimated by Marrón-Ponce et al. (2019). Generally, the population-

243 level effects of each policy were similar between the post- and pre-transition scenarios.

244 Among the policies implemented alone, the 50% tax produced the largest decrease in 

245 UPF purchasing, a decrease of about 60% relative to the baseline in the both the pre- and post-

246 transition scenarios. The labeling policy and the 20% tax each had similar effects when 

247 implemented alone, decreasing UPF purchasing by about 24%. Notably, the effect of a 50% 

248 change in advertising was much smaller than the tax or labeling policies – for example, a 50% 

249 increase in advertising resulted in an increase in UPF purchasing by 6%. Among policies 

250 implemented in combination, the scenario that included a 50% tax, labeling, and a 50% 

251 reduction in advertising reduced UPF purchasing by 72%. This scenario assumes that the 

252 amount of advertising promoting UPF purchasing would be reduced, likely through a policy 

253 change that limited or taxed industry advertising. Without any change in advertising, the 50% 

254 tax and label policy still decreased UPF purchasing by 70%. Even if industry responded to the 

255 tax and labeling policies by increasing advertising levels by 50%, UPF purchasing would still be 

256 lower than the baseline scenario by 68%.

257 The 8% UPF tax, which resembles the junk food tax implemented in Mexico, decreased 

258 weekly UPF purchasing by about 10% relative to pre-implementation levels. If Mexico were to 

259 also implement a UPF labeling policy, the model estimates a reduction in UPF purchasing by 

260 about 31% (approximately 2,000 kcal per week). Even if industry responded by increasing UPF 

261 advertising by 25%, the reduction in UPF purchasing would be very similar (just under 30% or 

262 approximately 2,100 calories per week).

263 In Figure 2, we report estimated UPF purchasing in each policy scenario at time steps 

264 52 and 208, stratified by lower versus higher income strata. The left panel shows results from 

265 the pre-transition scenario in which UPF purchasing is greater in households with high income 
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266 and the right panel shows results from the post-transition scenario. Generally, the magnitude of 

267 effects of most policies are similar but not the same for each of the income strata. For example, 

268 policy scenarios in the pre-transition that include a labeling policy achieve a greater reduction 

269 among the high-income strata, which virtually eliminates the difference between income strata 

270 observed at baseline. In contrast, baseline differences between income strata in the post-

271 transition scenario generally remain unchanged or become more pronounced after policy 

272 implementation. To facilitate these comparisons, in Figure 3 we show the absolute difference in 

273 UPF purchasing between the low- and high-income strata at step 208. In the pre-transition 

274 scenario, the absolute difference in UPF purchasing between the higher and lower income 

275 strata is smaller post- versus pre-implementation of almost all policies. In the strongest policy 

276 combinations (i.e., those that include labeling and a 50% tax), the absolute difference in UPF 

277 purchasing between those in the middle/upper versus lower income strata are nearly eliminated. 

278 The reason is that the tax has a large effect among both groups, but the labeling policy has the 

279 largest effect among the group with the highest level of UPF purchasing. 

280 In the post-transition scenario, the absolute difference between income strata generally 

281 stays the same or shrinks following implementation of each policy. However, the relative 

282 difference between income strata is largely unchanged or gets bigger. For example, prior to 

283 policy implementation, those in the higher income stratum consume 138 fewer kcal per week 

284 than those in the lower stratum, which equates to a difference of 4.6% between strata. Following 

285 implementation of the labeling policy, the difference between groups is 122 kcal per week. 

286 However, because consumption in both groups has fallen, the relative difference between strata 

287 has actually increased to about 5.4%. In the “all max” policy, the absolute difference between 

288 strata decreases to 66 kcal per week. Given the very large decrease in absolute UPF 

289 purchasing among both groups, however, this translates to a relative difference between groups 

290 of 7.8%. In Supplemental Tables 1 and 2, we present similar results by educational attainment 

291 strata. 

292

293 DISCUSSION
294 We report results from an agent-based simulation model of policies to reduce UPF 

295 consumption in Latin America. Complex systems simulations – similar to the framework we 

296 presented in this study -- can complement both in vivo evaluations and previous simulation 

297 studies. First, the simulation approach enabled us to consider the effects of policies that have 

298 not yet been implemented in a given country, and for which there is no empirical record. 

299 Second, we considered the effects of multiple combinations of policies. An important way that 
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300 the study complements in vivo studies and existing simulation research is by examining the 

301 effects of counter-advertising campaigns funded by the food and beverage industry in response 

302 to efforts to pass UPF tax and labeling policies.(44, 45) One of the consequences of these counter-

303 advertising campaigns is that increases in UPF consumption caused by aggressive industry 

304 advertising may partially offset the reductions achieved by tax and labeling policies. 

305 Disentangling these effects is important for understanding the effectiveness of these policies, 

306 but difficult with in vivo methods because the policies and counter-advertising are often 

307 implemented with overlapping timing and reach. To address this, we simulated scenarios in 

308 which the food and beverage industry respond to taxes and/or labeling by increasing levels of 

309 UPF advertising. The study also differs from prior simulation studies in its examination of the 

310 equity implications of different policy combinations, which depend upon pre-existing social 

311 patterns in UPF purchasing, heterogeneous policy effects, and UPF-related social norms and 

312 social influence.(46, 47) 

313 We explored policies among a virtual population with levels of income, education, UPF 

314 purchasing, and UPF prices similar to those in Mexico, but the model is relevant and could be 

315 adapted to other Latin American countries. The model is most informative when thought of as a 

316 policy laboratory to evaluate the effects of implementing new policies or combining policies at 

317 different levels of intensity. Comparing policy options can be valuable for policymakers, as the 

318 political windows to pass major policies are often short and it may be difficult to replace or adjust 

319 ineffective policies. Similarly, policymakers often face constraints on resources and political 

320 capital. Generally, simulation studies can provide needed evidence for policies that can help 

321 policymakers choose between and justify policy choices. 

322 Using input data from an evaluation study following the labeling law implemented in 

323 Chile and UPF price elasticities from multiple Latin American countries,(15, 36, 37, 39) our results 

324 suggest that implementing a labeling law in a population similar to that in Mexico could reduce 

325 UPF purchasing by an amount that is roughly equivalent to that produced by a 20% tax. The 

326 model also suggests that moderate taxation and labeling policies produce effects that would 

327 require extremely large increases in industry advertising to replicate or offset. There are two 

328 implications of this finding: First, increases in industry advertising prior to and following 

329 implementation of UPF taxes, labeling, and other policies have likely not been large enough to 

330 offset policy effects,(44, 45) but may have led to moderately attenuated estimates of policies’ 

331 effects. This is an insight generated by the model, as the effect of counter advertising is difficult 

332 to account for in in vivo studies because advertising increases typically occur at the same time 

333 as policy implementation. A second implication is that, if faced with limited political capital, 
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334 policymakers should concentrate on taxes and labeling rather than policies limiting UPF 

335 advertising towards adults. Limits on marketing towards children – which have been proposed 

336 or implemented in several countries – may be more effective. 

337 The model is also useful for understanding how different policy combinations are likely to 

338 affect social patterns in UPF consumption. International evidence suggests that countries may 

339 undergo a social transition in which the highest levels of UPF purchasing switch from higher-

340 income to lower-income populations as a country’s income distribution shifts upwards.(21) Some 

341 countries in Latin America may have recently gone through this transition, while others are still 

342 in the pre-transition stage. For example, a Chilean study using data from 2010 found that UPF 

343 consumption was highest in households in higher socioeconomic strata (i.e., the pre-transition 

344 pattern),(5) but a later study found that by 2015 the highest levels of UPF consumption were 

345 among household in the lowest strata (i.e., the post-transition pattern).(15) Our findings highlight 

346 that labeling policies – which have a larger impact among those with higher-levels of education 

347 – reduce differences between social strata in pre-transition contexts (because they reduce 

348 consumption in the higher income groups who have the highest consumption), but widens 

349 differences in post-transition contexts.(15) A promising approach may be to combine tax and 

350 labeling policies, since taxes have a larger effect on households in the lower socioeconomic 

351 strata and labeling has the greatest effect on the highest socioeconomic strata.

352 As with any simulation study, a limitation is that the insights generated are tied to the 

353 model structure and parameters. The model is agnostic as to the specific mechanisms via which 

354 UPF prices, labeling, and advertising affect UPF purchasing – rather, we identified effect 

355 estimates from relevant evaluation studies and the extant literature. Use of these effect 

356 estimates is both a strength and limitation of the study: it is a strength because we do not need 

357 to specify a specific causal structure via which policies achieve their effects, which may lessen 

358 the risk of bias from misspecification. However, an assumption inherent to this approach is that 

359 the effect sizes and elasticity estimates we used are valid and relevant to the Latin American 

360 context. Generally, studies of the own-price elasticity of multiple UPF products in multiple Latin 

361 American countries produced fairly similar estimates (i.e., -1 to -1.4).(36-39) 

362 Though few cities or countries have implemented mandatory UPF labeling laws, the 

363 recent evaluation study from Chile is an ideal model policy because it is likely similar to what 

364 would be passed in other Latin American countries and because the authors reported separate 

365 effect estimates by level of educational attainment. The stratified effects enabled us to assess 

366 how a labeling policy could reduce or exacerbate existing differences in UPF purchasing 

367 between social strata. Notably, the effect sizes are comparable to estimates from a meta-
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368 analysis of smaller-scale experimental studies conducted in the U.S. and Europe.(15) We were 

369 unable to identify a study of advertising effectiveness (i.e., the effect of exposure to advertising 

370 on food purchasing) in the Latin American context, either for food advertising or generally. We 

371 used an estimate of advertising elasticity from a meta-analysis of studies of advertising 

372 effectiveness.(41) The advertising elasticity implies a level of advertising ineffectiveness that our 

373 team found surprising given that companies spend billions of dollars per year on advertising. 

374 Nonetheless, the low advertising elasticity value is consistent with other values reported in the 

375 literature, including a recent study of advertising effects across a large number of products.(48) A 

376 caveat is that these studies were based on effect of television advertising, and point-of-

377 purchase advertising, billboards, and other forms of advertising may be more effective. Given 

378 the pervasive level of UPF advertising in Latin American countries, an area for future research is 

379 evaluating the effect of different forms of UPF advertising on purchasing. 

380 A further consideration is that the purpose of the model is to explore the effects of 

381 specific policy levers on UPF purchasing and does not include all drivers of UPF purchasing. 

382 Because we did not examine policies to change healthy food access, for example, the model is 

383 aspatial and does not consider agents’ proximity to healthy and unhealthy food retailers. 

384 Similarly, we did not consider the effects of product reformulation in response to taxes, labels, 

385 and other policies.(49)

386 In this study, we presented a framework and virtual laboratory for exploring how 

387 available public policy levers can be used – both alone and in combination – to address high 

388 levels of UPF purchasing in Latin American countries at different stages of the social transition 

389 in UPF purchasing and with different UPF prices, purchasing levels, and social characteristics. 

390 Our results using UPF price, purchasing, and social data from Mexico suggest that differential 

391 effectiveness of policies can either reduce or exacerbate differences in UPF purchasing 

392 between socioeconomic strata. Given evidence suggesting that countries in Latin America are 

393 at different stages of the social transition in UPF purchasing, policymakers should consider the 

394 equity implications of policy as part of the planning process. 

395
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524 Table 1 Network characteristics
Network N Number of 

links

Proportion of 

links / nodes

Average 

degree

Mean path 

length

Local 

clustering 

coefficient

Global 

clustering 

coefficient

Typical small world 800 2337 2.921 5.842 4.3068 0.007

ABM network 1000 2744 2.744 5.47 4.24 0.0127 0.0023

525 Note: characteristics of the typical network are from Chen (2019)(50)

526

527
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528 Figure Titles

529

530 Figure 1: Mean weekly purchasing of ultra-processed foods in kCal/week at time steps 52 
531 (just prior to policy implementation) and 208 (equivalent to 3 years post-implementation), 
532 by policy scenario and stage of the social transition in UPF purchasing
533

534

535 Figure 2: Mean weekly purchasing of ultra-processed foods in kCal/week by income 
536 strata, in a population in which UPF purchasing is greater in households with either 
537 higher income (pre-social transition, left panel) or lower income (post-social transition, 
538 left panel)

539

540 Figure 3: Difference in weekly purchasing of ultra-processed foods between the lower 
541 and higher income strata at time step 208, by stage of the social transition.

542
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Figure 1: Mean weekly purchasing of ultra-processed foods in kCal/week at time steps 52 (just prior to policy 
implementation) and 208 (equivalent to 3 years post-implementation), by policy scenario and stage of the social transition 
in UPF purchasing 
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Figure 2: Mean weekly purchasing of ultra-processed foods in kCal/week by income strata, in a population in which UPF 
purchasing is greater in households with either higher income (pre-social transition, left panel) or lower income (post-social 
transition, left panel)
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Figure 3: Difference in weekly purchasing of ultra-processed foods between the lower and higher income strata at time step 
208, by stage of the social transition.
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Supplemental Results Table 1: Mean weekly purchasing of ultra-processed foods in kCal/week by educational 
attainment strata, in a population in which UPF purchasing is greater in households with higher income (pre-social 
transition)

Higher Education Lower Education
 

Difference (Lower - Higher)

Policy
Step 208 

Mean (SD)
Step 52 

Mean (SD)
Step 208 

Mean (SD)
Step 208 

Mean (SD) At Step 52
At Step 

208

Relative 
Change in 
Difference

Tax = 0%, Label = Off, Advertising = 0% 3064 (17) 3064 (17) 3015 (13) 3015 (13) -50 -50 0%

Tax = 0%, Label = Off, Advertising = 25% 3064 (17) 3149 (17) 3015 (13) 3099 (13) -50 -50 0%

Tax = 0%, Label = Off, Advertising = 50% 3064 (17) 3234 (17) 3015 (13) 3184 (13) -50 -50 0%

Tax = 0%, Label = On, Advertising = 0% 3064 (17) 2227 (14) 3015 (13) 2325 (10) -50 98 -297%

Tax = 8%, Label = Off, Advertising = 0% 3064 (17) 2771 (15) 3015 (13) 2726 (11) -50 -45 -10%

Tax = 10%, Label = Off, Advertising = 0% 3064 (17) 2697 (15) 3015 (13) 2653 (11) -50 -44 -12%

Tax = 20%, Label = Off, Advertising = 0% 3064 (17) 2329 (13) 3015 (13) 2291 (10) -50 -38 -24%

Tax = 50%, Label = Off, Advertising = 0% 3064 (17) 1226 (7) 3015 (13) 1206 (5) -50 -20 -60%

Tax = 50%, Label = On, Advertising = -50% 3064 (17) 826 (5) 3015 (13) 885 (4) -50 59 -218%

Tax = 50%, Label = On, Advertising = 0% 3064 (17) 877 (5) 3015 (13) 938 (4) -50 61 -222%

Tax = 50%, Label = On, Advertising = 50% 3064 (17) 927 (5) 3015 (13) 990 (4) -50 63 -227%

Tax = 8%, Label = On, Advertising = -25% 3064 (17) 1952 (12) 3015 (13) 2046 (9) -50 93 -288%

Tax = 8%, Label = On, Advertising = 0% 3064 (17) 2010 (13) 3015 (13) 2105 (9) -50 94 -290%

Tax = 8%, Label = On, Advertising = 25% 3064 (17) 2068 (13) 3015 (13) 2163 (9) -50 95 -292%
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Supplemental Results Table 2: Mean weekly purchasing of ultra-processed foods in kCal/week by educational attainment 
strata, in a population in which UPF purchasing is greater in households with lower income (post-social transition)

 Higher Education Lower Education
 

Difference (Lower - Higher)

Policy
Step 52 

Mean (SD)
Step 208 

Mean (SD)
Step 52 

Mean (SD)
Step 208 

Mean (SD)
At Step 

52
At Step 

208

Relative 
Change in 
Difference

Tax = 0%, Label = Off, Advertising = 0% 3002 (16) 3002 (16) 3050 (13) 3050 (13) 48 48 0%

Tax = 0%, Label = Off, Advertising = 25% 3002 (16) 3088 (16) 3050 (13) 3137 (13) 48 48 0%

Tax = 0%, Label = Off, Advertising = 50% 3002 (16) 3175 (16) 3050 (13) 3223 (13) 48 48 0%

Tax = 0%, Label = On, Advertising = 0% 3002 (16) 2208 (19) 3050 (13) 2355 (14) 48 147 204%

Tax = 8%, Label = Off, Advertising = 0% 3002 (16) 2714 (14) 3050 (13) 2758 (11) 48 44 -10%

Tax = 10%, Label = Off, Advertising = 0% 3002 (16) 2642 (14) 3050 (13) 2684 (11) 48 42 -12%

Tax = 20%, Label = Off, Advertising = 0% 3002 (16) 2281 (12) 3050 (13) 2318 (10) 48 37 -24%

Tax = 50%, Label = Off, Advertising = 0% 3002 (16) 1201 (6) 3050 (13) 1220 (5) 48 19 -60%

Tax = 50%, Label = On, Advertising = -50% 3002 (16) 811 (5) 3050 (13) 895 (4) 48 84 74%

Tax = 50%, Label = On, Advertising = 0% 3002 (16) 861 (5) 3050 (13) 948 (4) 48 87 81%

Tax = 50%, Label = On, Advertising = 50% 3002 (16) 911 (6) 3050 (13) 1002 (5) 48 91 89%

Tax = 8%, Label = On, Advertising = -25% 3002 (16) 1931 (16) 3050 (13) 2072 (11) 48 141 192%

Tax = 8%, Label = On, Advertising = 0% 3002 (16) 1989 (17) 3050 (13) 2131 (12) 48 142 195%

Tax = 8%, Label = On, Advertising = 25% 3002 (16) 2047 (17) 3050 (13) 2191 (12) 48 143 197%
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Description of SALURBAL food ABM based on PARTE framework

MODEL OVERVIEW
The purpose of the ABM is to estimate the effects of tax and labeling policies on purchasing of 

ultra-processed food (UPF) in Latin American cities. We examine policy counterfactuals that include 
implementation of each policy separately and both policies combined. We also use the model to 
estimate the effects of the policies in scenarios in which the food industry responds to the policies by 
increasing advertising for UPF.

The model is coded in NetLogo.1
The model includes a population of 1,000 individual-agents with characteristics loosely based 

on adult females in Mexico City, Mexico. We focus on adult females because they are often the 
primary food purchasers in their households. The primary outcome is each agent’s weekly purchasing 
of ultra-processed food (UPF), which changes over time as the model runs. At each time step, which 
loosely represents one week, agents update their UPF purchasing based on the purchasing of their 
friends (social signal) and social norms. UPF purchasing is further updated based on changes in UPF 
prices, labeling and advertising. We use external data – typically from Mexico or Mexico City -- to 
inform baseline conditions in the model, including population income, educational attainment, and 
baseline UPF consumption. We chose this city because of data availability, and because Mexico City 
has implemented policies to reduce UPF consumption and policy evaluation data are available against 
which we can assess the model’s ability to reproduce observed trends as policies change.

AGENT PROPERTIES
The model includes one type of agent, representing adult female food consumers living in an 

urban area in Latin America. Individual agents are characterized by the following static state variables 
that are assigned at model initialization: income, education, and sensitivities to attitudes, price, and 
label information. Whenever possible, we used empirical sources to inform the distribution of these 
variables. We used data from the 2016 Mexican Survey of Household Income and Spending (ENIGH) 
to inform distributions of food purchasing, household income, and educational attainment. We restricted 
these analyses to households in the ENIGH sample with at least one adult female at least one child; 
although the model is intended to represent food purchasing in Latin American cities, we did not restrict 
the analyses to households in urban areas or households in a particular city. The variables, distribution 
parameters, and data sources are described in Table A-1.  The values of the environmental 
parameters do not change as the model runs, but can be changed between scenarios (e.g., based on 
parameters from other countries or cities). UPF price and sensitivities to social influences (i.e., social 
influence and social norms), advertising, price, and labels are environment parameters that affect all 
agents in the simulation. The sensitivities quantify the effect of a one-unit change in a variable (i.e., 
price, label use or advertising) on a given agent's UPF purchasing. Other agent properties vary 
between agents and are drawn from distribution parameters described in the table below. These 
include parameters related to the distribution of UPF purchasing, income, education, and age.  

Table A-1. Variables and parameters that inform agent properties and actions
Parameter Symbol Variable Type 

& Unit
Initialization Update Notes

UPF 
purchasing

𝑈𝑃𝐹𝑖,𝑡 Continuous. 
kCal 
purchased per 
week.

Drawn from Poisson 
distribution. In the 
pre-transition 
scenario, mean = 
3446 for high-
income agents, and 
mean = 2966 for 
low-income agents. 
In the post-transition 
scenario, mean = 

Yes Agent property. Baseline UPF 
purchasing for each agent is 
drawn from two separate 
distributions for high- and low-
income agents. The means of 
these two distributions was 
determined by calibrating the 
overall simulated mean UPF 
purchasing at the population level 
against average purchasing 
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2620 for high-
income agents, and 
mean = 3100 for 
low-income agents. 

reported by Marron-Ponce et al. 
(2019).2  They report total daily 
consumption of 1875.4 
kCal/day/adult equivalent among 
Mexican households, with UPF 
consumption being 23.1% of total 
consumption. Thus, UPF 
purchasing is 3,033 kCal/wk 
(1875.4*7*23.1%).

UPF price. 𝑝 Continuous. 
Mexican pesos 
(MXN)

Global variable 
which is adjustable 
by slider. The price 
paid for the average 
quantity of UPF 
purchased per week 
for a family of four is 
set to 193 MXN in 
the baseline model. 

No The price of UPF factors in only in 
the context of the tax policy where 
it is used to calculate the relative 
change in cost and its impact on 
household UPF purchasing. 
Based on Mexico City data 
derived from Table 2 in Marron-
Ponce et al. (2019). They report 
that total food spending is 27.3 
MXN per person per day and that 
25.2% of spending is on UPF. 
Thus, spending is 193 MXN per 
family per week (i.e., 27.3*7 
days*25.2%*4 people in the 
household).

Education Categorical. Randomly assigned 
such that 27% of 
agents have
≥high school 
education and the 
rest (73%) have 
<high school 
education.

No Agent property. Based on data 
from the ENIGH 2016 survey.3 

Income 𝑖𝑛𝑐𝑖 Continuous Randomly drawn 
from separate log-
normal distributions 
for low-education 
agents (Mean: 
888.79, SD: 911.21) 
and high-education 
agents (Mean: 
2043.54, SD: 
2224.77).

No Agent property. Unit of income is 
pesos per week. Informed by 
2016 ENIGH data for households 
with >= 1 child and >= 1 woman 
(median household size = 4 
people).3 

Income group Categorical. 
Two groups: 1) 
high income, 2) 
low-middle 
income. 

High income status 
was defined as 
households with > 
1890 pesos/wk 
(which is 7,561 
pesos/ month).

Agent property. Income group is 
based on continuous income 
(above) and used to construct 
each agent’s social network and 
social comparison group, as 
described below. High-income 
threshold based on OECD 
estimates for a 4-person 
household.4 Median household 
size of 4 for households with a 
child is from the 2016 ENIGH 
data.3

Age Categorical. 
with 3 age 
categories: 
young, middle-
aged, and 
older adult. 

Randomly drawn 
such that 25% of 
agents are the 
young and the older 
age bands, and 
50% are in the 
middle-aged band.

No Agent property. Randomly drawn 
from uniform distribution. Same 
across scenarios.
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Resistance to 
change in 
UPF based 
on social 
influences 
(social signal 
& social 
norms)

𝑒𝑟 Continuous. 
𝑒𝑟 = 10

Calibrated 
parameters; 

No Environment parameter. 
Resistance to social signal and 
social norms associated with UPF 
purchasing are set to be 
equivalent based on lack of 
empirical evidence in support of 
different values. Calibrated to 
reproduce UPF purchasing 
observed in the 2016 ENIGH data. 
The simulation outcome was the 
average over 208 time steps 
(excluding the 100 time step burn-
in period). 

Sensitivity to 
advertising 

𝑒𝑎𝑑𝑣 Continuous. Based on 
advertising elasticity 
value = 0.113 (i.e., a 
1% increase in UPF 
advertising is 
associated with a 
0.113% increase in 
purchasing)

No Environment parameter. Informed 
by Hu, Lodish, and Krieger 
(2007).5

Sensitivity to 
price

𝑒𝑝 Continuous.  Based on own-price 
elasticity of sugar-
sweetened 
beverage = 
-1.2 (i.e., a 1% 
increase in the price 
of UPF is 
associated with a 
1.2% decline in 
purchasing).

No Implemented as an environment 
parameter but applied to the 
relative price of UPF (i.e., UPF 
price expressed as a percentage 
of agents’ income) rather than the 
absolute cost to account for 
heterogeneity in agents’ price 
sensitivity. 
Value informed by studies of price 
elasticities of SSB in several Latin 
American countries, all of which 
range from -1 to -1.4.6-9

Sensitivity to 
labeling

𝑒𝑙,𝑖 Continuous. Effect size varies by 
education-status: 
low education effect 
size = -0.22 & high 
education effect size 
= -0.29.

No Environment parameter based on 
evaluation study from nutrition 
warning label policy in Chile by 
Taillie et al (2020).10

There is one set of global variables that updates as the model runs: the mean weekly UPF 
purchasing for all agents in each sub-group. Sub-groups are described below but are defined by 
income group (high vs. low), education (high vs. low), and age (younger, middle aged, older). The 
global variable is in Table A-2.

Table A-2. Global variables
Variable Type Update Notes

UPF purchasing norms 
based on age, gender, 
education

Double. Mean UPF 
purchasing for each 
subgroup. 

Updates each time 
step after all agent 
actions

Initially calculated at time step 0 after 
initialization of population and 
environment. 

ACTIONS

Overview
Agents engage in the following actions: 1) construct a group of other agents that will exert a 

social signal regarding UPF purchasing (e.g., friends, family), 2) calculate average UPF purchasing 
among all members of the friendship network (social signal), 3) calculate average UPF purchasing 

Page 29 of 37



among the population of agents with the same demographic characteristics (social norms), 4) update 
UPF purchasing based on social influences, 5) update UPF purchasing further based on any changes 
in UPF price, labels or advertising campaigns. Within each module, agents are processed in sequential 
order. If none of the policies are active, UPF purchasing will only be updated based on social 
influences. This is because the baseline UPF purchasing assigned to agents already considers the 
price of UPF. 

Social influence adjustments (i.e., social signal and social norms)

Construct the social signal group for each agent
This module is run once per replication, at time step 0 after the environment and population 

have been initialized. Every agent constructs a sample of at least 3 and a maximum of 50 agents with 
similar social characteristics. There were few available studies to inform the degree and other 
characteristics of the social network – in particular, each alter in an agent’s social network represents a 
female in a household with children that influences (e.g., via discussion, observation, etc) the agent’s 
food purchasing behavior. The agent constructs the social network by selecting one agent at a time 
from the population and adding that agent to the sample. The probability that a given agent will be 
selected is proportionate to the social similarity score between that agent and the agent doing the 
selecting. Social similarity scores are assessed using the scoring in Table A-3, in which agent 
characteristics are given unitless points. 

Table A-3. Social similarity score

The diversity of the friendship networks created can be adjusted using the “scaleVar” slider in 
the model, where higher values increase the similarity of agents in the friendship network (i.e., the 
higher the value the less demographic diversity there is on average in the friendship networks. The 
model uses a value of scaleVar = 2; this value was determined through calibration of the parameter to 
reproduce UPF purchasing patterns in the 2016 ENIGH data.

The characteristics of the small-world network created in the ABM are featured in Table A-4 and 
compared to those of an artificial small world network. We used a command that uses the “nw” 
extension in NetLogo to calculate the characteristics of the social network. A key difference between 
the two networks is that the food ABM network has a higher local clustering coefficient than a typical 
small world network. This is an artifact of the similarity scores on which connections between agents 
were conditioned. That is, we wanted to have more clustering among people that were similar, above 
and beyond what we might ordinarily see in a small world network.

Table A-4. Network characteristics
Network N Number of 

links
Proportion of 
links / nodes

Average 
degree

Mean path 
length

Local 
clustering 
coefficient

Global 
clustering 
coefficient

Typical small world 800 2337 2.921 5.842 4.3068 0.007
ABM network 1000 2744 2.744 5.47 4.24 0.0127 0.0023

Characteristic & Level Points
Income (lower vs. higher)

Same income group 1
Different income group 0

Education (lower vs. higher)
Same education 1
Different education 0

Age (younger, middle aged, older)
Same age group 1
Off by one level (e.g.,middle vs. older) 0.5
Off by two levels (i.e., younger vs. older) 0

Page 30 of 37



Note: characteristics of the typical network are from Chen (2019)11

Update UPF purchasing
To update purchasing, each agent performs a series of "adjustments." The first adjustments 

reflect each agent’s desire to conform to within a threshold distance of the UPF purchasing among two 
groups: 1) agents in their social network (i.e., their friends), and 2) the population of agents with similar 
characteristics. For the social signal (i.e., friends) adjustment, agent i compares its food purchasing 
level to the average level among its friends. If agent ’s purchasing is more than a threshold distance -- 𝑖
50kcal/wk -- from the average of her set of friends , she shifts her purchasing to be a small amount 𝑓
closer to the norm. The threshold cutoff represents the balance between individuals’ tolerance for 
individuality versus their desire to constrain to the social signal and social norms, as well as uncertainty 
in people’s knowledge of the true levels of UPF purchasing of their friends. The magnitude of the shift is 
the difference between agent ’s UPF purchasing and the average purchasing of her friends, multiplied 𝑖
by a factor of  – this represents agents’ resistance to social influences. 1/𝑒𝑟

𝑖𝑓 {|𝑈𝑃𝐹𝑓,𝑡 ― 1 ― 𝑈𝑃𝐹𝑖, 𝑡 ― 1| > 50}

𝑡ℎ𝑒𝑛 {𝑈𝑃𝐹𝑖,𝑡 =  𝑈𝑃𝐹𝑖,𝑡 ― 1 +  
1

𝑒𝑟 = 10(𝑈𝑃𝐹𝑓,𝑡 ― 1 ― 𝑈𝑃𝐹𝑖,𝑡 ― 1)}
The same process is repeated for social norms, but the comparator is the average purchasing level of 
the set of agents  that share the same age group (i.e., younger, middle aged, older), income (i.e., 𝑛
lower, higher) and education status (i.e., lower, higher) as agent . 𝑖

Policies and Environmental Changes
UPF purchasing adjustments described below occur in response to the implementation of three 

different policies: 1) UPF taxes, 2) UPF labels, 3) changes in UPF advertising levels. These 
adjustments occur only once at the time the policy is implemented and are thereafter assumed to be 
active and embodied within the UPF purchasing patterns of the population for all subsequent time 
steps. 

UPF Tax
Each agent’s UPF purchasing is updated following implementation of the UPF tax, which increases the 
price of UPF. The update magnitude is based on the magnitude of the increase in the UPF price and 
the price elasticity  of UPF. We used studies from Chile, Ecuador, and the US to identify the price 𝑒𝑝
elasticity of UPF; estimates ranged from -1 to -1.4. We used the midpoint of this range (i.e., -1.2). This 
means that a 1% increase in the weekly price of UPF is associated with a 1.2% decrease in weekly 
UPF purchasing in the model.

The standard price elasticity equation is given by:

𝑒𝑝 =
% 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑈𝑃𝐹
% 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑝𝑟𝑖𝑐𝑒 =

(𝑈𝑃𝐹𝑖,𝑡(2) ― 𝑈𝑃𝐹𝑖,𝑡(1))/𝑈𝑃𝐹𝑖,𝑡(1)

% 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑝𝑟𝑖𝑐𝑒

This equation can be re-arranged to the following:

𝑈𝑃𝐹𝑖,𝑡(2) =  𝑈𝑃𝐹𝑖,𝑡(1) + 𝑝𝑟𝑖𝑐𝑒 𝑒𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦 ∗ 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑝𝑟𝑖𝑐𝑒 ∗  𝑈𝑃𝐹𝑖,𝑡(1)
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Due to the high level of income inequality in Latin American cities, we implemented the price elasticity 
based on the relative price of UPF. The reason is that, on a relative basis, UPF is much more 
expensive among those in lower income strata and, as a result, taxes are likely to have a larger effect 
among these groups. Each agent’s UPF purchasing is updated as follows:

𝑈𝑃𝐹𝑖,𝑡(2) =  𝑈𝑃𝐹𝑖,𝑡(1) + 𝑒𝑝 ∗ (𝑟𝑝𝑛,𝑖 ― 𝑟𝑝𝑏,𝑖

𝑟𝑝𝑏,𝑖 ) ∗  𝑈𝑃𝐹𝑖,𝑡(1) (2)

Where, the relative price at baseline  and relative new price of weekly UPF, respectively, are 𝑟𝑝𝑏,𝑖 𝑟𝑝𝑛,𝑖 
calculated by dividing the weekly baseline or new price of UPF by agent ’s weekly income :𝑖 𝑖𝑛𝑐𝑖

  and  𝑟𝑝𝑏,𝑖 =  
𝑝𝑏,𝑖

𝑖𝑛𝑐𝑖
𝑟𝑝𝑛,𝑖 =  

𝑝𝑛,𝑖

𝑖𝑛𝑐𝑖

UPF Labeling Policy
UPF purchasing is further adjusted when a labeling policy is implemented. The label sensitivity 
estimates in the model were informed by an evaluation of front-of-package labeling policy on high-in-
calorie beverage purchasing in Chile conducted by Taillie et al (2020).10 We used separate effect 
estimates for those with high educational attainment (29% reduction) and low educational attainment 
(22% reduction). After the labeling policy is implemented, each agent’s UPF purchasing level is 
updated as follows:

𝑈𝑃𝐹𝑖,𝑡(2) =  𝑈𝑃𝐹𝑖,𝑡(1) ∗ (1 + 𝑒𝑙,𝑖) (4)

Increase in UPF Advertising (industry response)
A similar adjustment in UPF purchasing occurs if there is a change in the level of advertising  from ∆𝑎𝑑𝑣
baseline. We examine both increases and decreases in advertising. Increases reflect efforts from the 
food industry to offset the effects of UPF reduction policies by increasing advertising. Decreases reflect 
policies to restrict advertising levels. We used an advertising elasticity estimate from Hu, Lodish, and 
Krieger (2007), who found that a 1% increase in advertising was associated with a 0.113% increase in 
UPF purchasing.5 Each agent’s UPF purchasing is updated based on the magnitude of the change in 
advertising levels and the advertising elasticity , as follows:𝑒𝑎𝑑𝑣

𝑈𝑃𝐹𝑖,𝑡(2) =  𝑈𝑃𝐹𝑖,𝑡(1) + 𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 𝑒𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦 ∗ 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑎𝑑𝑣𝑒𝑟𝑡𝑖𝑠𝑖𝑛𝑔 ∗  𝑈𝑃𝐹𝑖,𝑡(1)

𝑈𝑃𝐹𝑖,𝑡(2) =  𝑈𝑃𝐹𝑖,𝑡(1) + 𝑒𝑎𝑑𝑣 ∗ ∆𝑎𝑑𝑣 ∗  𝑈𝑃𝐹𝑖,𝑡(1) (3)

Table A-5. Main data sources for parameters to be used for sensitivity weights
Description Value Source & Notes
Price elasticity of UPF -1.2 (i.e., a 1% increase in 

the price of UPF is 
associated with a 1.2% 
decline in purchasing).

In range from own-price elasticities of SSB from Chile, 
Ecuador, Mexico and elsewhere.7,8,12 Generally, studies 
observe elasticities in the -1 to -1.4 range.

Effect of front-of-package 
labeling policy

Reduction in UPF 
consumption of 22% 
among low-education 
households and 29% 
among high-education 
households.

Taillie et al (2020) evaluation of front-of-package labeling 
policy on high-in-calorie beverage purchasing in Chile: 
Compared to the counterfactual, the volume of high-in 
beverage purchases decreased 22.8 mL/capita/day, post-
regulation (95% confidence interval [CI] −22.9 to −22.7; p < 
0.001), or 23.7% (95% CI −23.8% to −23.7%).10 Effects 
were -22% among low-education households and 29% 
among high-education households. 
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Advertising elasticities Average elasticity of 
weight tests = 0.113 (SD 
of elasticity within each 
test = 0.139). 
Standardized mean 
difference in Ad/NoAd 
tests = 2.7 (Mean 
adjusted sales volume 
post – pre)/SD.  

Hu, Lodish, and Krieger (2007) – follow-up on seemingly 
famous study in marketing. Analysis of MarketScan tests of 
weight and copy.5 General design: MarketScan participants 
in a given market are exposed to an experimental condition 
and their purchasing is compared to that of participants in a 
matched comparison market.

TIME
Each time step of the model represents one week. Each simulation is run for 308 time steps, 

which includes a 100 time step burn-in period required for the model to reach equilibrium.  The 
remaining 208 time steps, representing roughly a period of 4 years will form the focus of the present 
paper and the policy scenarios discussed. Policies are implemented after the 52nd time step, not 
including the burn-in periods.

ENVIRONMENT
The model is not spatially explicit, meaning that there is no agent movement and the physical 

environment plays no role in the function of the model. The agent population size is set at 1,000 agents.

POLICIES
We run the model under the following simulation scenarios meant to represent policies to 

reduce UPF purchasing:
1. Baseline: 

 The UPF price is based on UPF spending data from Mexico City, as described in Table A-1. 
No mandatory UPF labeling. Advertising set at a baseline value (1.0, which is arbitrary).

2. Policies Alone
 Mandatory UPF labeling
 UPF Taxes 

a) 8% (actual junk food in Mexico)
b) 10% (actual SSB tax in Mexico)
c) 20% (considered SSB tax in Mexico)
d) 50% (very large)

 Advertising 
a) +25% 
b) +50% 
c) -25%
d) -50%

3. Policy combinations
 50% tax and label, 50% decrease in advertising (policy combination at maximum levels)
 50% tax and label, no advertising change (no industry response)
 50% tax and label, 50% increase in advertising (industry response to maximum tax and 

labeling)
 8% tax and label, 25% decrease in advertising (minimum combination)
 8% tax and label, no advertising change (no industry response)
 8% tax and label, 25% increase in advertising (industry response to minimum tax and 

labeling)

CALIBRATED PARAMETERS
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We used model calibration to set the values of four unknown parameters in the model: 
resistance to conforming to social signal and social norms ( ), the effect of the social similarity score in 𝑒𝑟
generating the social network (scaleVar, which at higher levels leads to more homophily in social 
networks), the mean UPF purchasing of low-income agents at baseline, and the mean UPF purchasing 
of high-income agents at baseline.  We used the following calibration criteria:

1. The average, equilibrium state weekly household UPF purchasing at the population-level must 
be within 5 kCal of the calibration target of 3033 kCal per week (informed by the Mexico study).

2. The calibrated model parameters must maintain unique distributions of weekly household UPF 
purchasing by income. 

3. The selected model configuration will be one that meets both calibration criteria 1 and 2.

We ran the model for 308 time steps (or 308 weeks), and 400 repeated simulations. Given that 
the UPF purchasing stabilized after 100 time steps (i.e., reaches equilibrium), only the last 208 time 
steps were analyzed and compared to the above criteria. The below parameter configuration was found 
to meet the calibration criteria.

All Scenarios:
Resistance to conforming to social signal and norms  = 10(𝑒𝑟)
Diversity in the friendship network (scaleVar) = 2

Pre-Social Transition Scenarios:
Mean UPF purchasing of low-income agents = 2966
Mean UPF purchasing of upper-middle-income agents =3446

Post-Social Transition Scenarios:
Mean UPF purchasing of low-income agents = 3100
Mean UPF purchasing of upper-middle-income agents =2620

Figure 1-A shows the fit between the simulated model output (blue line with 95%CI bands) and 
the calibration target (red dashed line) informed by Marron-Ponce et al. (2019), a study of UPF 
purchasing in Mexico.2 The blue line represents the averaged effect of 400 repeated simulations for 
each of the 208 time steps.
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Figure 1-A

To determine the optimal number of runs for each policy scenario, we calculated the average 
weekly UPF purchasing (with 95%CIs) for different numbers of repeated runs ranging from 50 to 400 
(Figure 2-A). We ultimately decided to simulate policy scenarios using 200 repeated simulations as 
only relatively small variations in weekly UPF purchasing were observed for simulations with 200 runs 
or more.
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Figure 2-A
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