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Appendix A 

 

What Is an Agent-Based Model? 

In brief, an agent-based model (ABM) is a computational model that represents a system of interacting 
discrete micro-entities (people, organizations) that create an artificial society.1 Each agent has a set of 
characteristics (e.g., age, gender, income), which may be different from all other agents. Agents exist 
within an environment and follow programmed rules that use each agent's characteristics and 
information available to it to decide what each agent does at each time step. From these micro behaviors 
emerges the behavior of an aggregate system(s). ABMs can feature dynamics, feedbacks, and adaptation 
processes that are difficult to represent in traditional statistical models. ABMs can range from very simple, 
abstract models2 sometimes referred to as “stylized” or “toy” models, to sophisticated models that have 
high degrees of realism and typically make use of high-resolution empirical data.3 A few primers exist for 
agent-based modeling1,4,5, including a discussion6 of the utility of ABMs when examining place effects on 
health. 

 

Objectives of the Current Study 

In this study, a very simple, stylized ABM was constructed in order to explore synergies between where 
people live, healthy food resources in their community, income constraints, and healthy food preferences. 
At the start of this investigation, extreme scenarios of economic residential segregation and spatial 
clustering of healthy food stores were imposed. The computational model was used to identify which 
scenario showed income differentials in diet (as observed in previous empirical work) and could thus 
serve as a tool for examining the ways that segregation can contribute to income disparities in diet. Then, 
simple experiments were run to test whether pricing and preference factors were capable of reducing 
income differentials in diet generated by segregation.  
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Appendix B: Outl ine of Computer Program for Food Environment 

Model (High- Level Description) 

 
INITIALIZATION 

Set parameters 

Create the grid for households and stores 

 

Place households: 

 Make the specified number of households 

 Place each one on a random open square until grid is full 

 Assign household income using input settings 

Place stores: 

 Make the specified number of stores 

 Place each one on a random square with no store already placed there (OK if square has a household).  

If we're clustering all stores 

make sure the store is placed in the cluster region. 

 Assign price and quality based on settings 

For each store: 

 Reset variables 

 

For each household: 

 Reset variables 

 Randomly determine initial quality preference based on the specified parameter 

 

EACH TIME STEP 

For each household: 

 Calculate utility for all stores (multiply scores by weights, sum, and add in random noise) 

 Choose the store with highest utility 

 Update statistics based on store chosen (total quality, distance traveled, money spent) 

Every 15 time steps: 

 Stores calculate and reset statistics (profit, # customers high and low income, # turns high and low quality) 

The model calculates all statistics (average health, distance, price, quality preference) by averaging all 
households’ and stores’ statistics 

If stores are not static: 

 Every 30 steps, choose a store to close: 
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Choose cheap vs expensive randomly based on the proportion of stores that are initially specified 
as cheap 

If we are allowing a random store to close 

Choose whether a random (3% chance) or the worst performing (97% chance) store will close 

otherwise  

 choose the worst performing store to close 

  If random, select a random store of chosen price that has been open more than 180 time steps 

  If worst performing: 

Find the store with least number of customers 

If that store has been open more than 180 time steps, select it 

Otherwise, no store closes 

  Tell the selected store to close: set store’s closure variable to true and reset its counters 

For each store: 

 Keep track of number of turns that a store location has not had an open store and has had an open store 

 If store location has not had an open store > 180 time steps: 

  Store opens 

  Store assumes a food store type opposite of the previous store 

Store assumes a food store price that is the same as the previous store (or if systematic price 
differential is activated, then store assumes food store price that is linked to the food store type) 

 

Households calculate and reset statistics (health, average money spent, average distance traveled) 

Households update their quality preference based on everyone’s new statistics (based on network) 
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Appendix C: Household Behaviors 

Each time step, each household selected a store to shop at and shopped for food (a time step could be 
thought of as about every 2–3 days corresponding to food shopping frequency in empirical studies7, 8). 
Households chose which store to shop at by ranking the stores on four dimensions: price of food at the 
store, distance to the store, the household’s habitual behavior, and the household’s preference for healthy 
foods.  

 
Justif ication for the Dimensions Used by Households to Rank Stores 

Observational studies and survey data from government and industry sources were used to guide agent 
decision-making rules for generating plausible behaviors. Agent behaviors were tested against available 
data to make sure that intuitive and known behaviors were consistently represented, such as high-income 
households spend more on food9, 10 and travel at least as far or farther than low-income households.11, 12  

 

Price of Food at the Store:  

Price is a well-known strong determining factor in food shopping behavior—two thirds of U.S. consumers 
rank “good value for money” as the most important consideration when choosing a grocery store.13 This is 
particularly true for low-income shoppers who spend double the share of their household income on food 
as high-income shoppers,14 even though quantity of food purchased is similar.9,10  

 

Distance to the Store 

Distance (or proximity) to stores is a well-known consideration for shopping. This metric was simplified 
by considering only the distance from the household and so ignored the fact that distance may be less 
burdensome if travel is combined with other required trips (e.g., to the workplace).  

 
Household’s Habitual Behavior 

Habitual behaviors are frequently included in agent modeling since our histories (or experiences) can 
influence current decisions, and habitual reactions themselves tend to be important in decision making.5, 

15 There is limited information on food store loyalty across income groups and contexts, but some work 
found that shoppers return to a single supermarket for more than 60% of all their food purchases.16, 17 
Thus, preference for where the household previously shopped was included under the assumption that 
people tend to repeat previous behaviors and shop for food at a familiar store.  

 
Household’s Preference for (Un)Healthy Foods 

Preference for (un)healthy foods was included because it is often hypothesized to be a predictor of dietary 
behaviors and a contributor to social inequalities in diet; and experiments were run to test the capacity for 
household food preferences to alter the income differential in diet that segregation generated.  
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Ranking Stores 

Utility Function 

Each household ranked all stores and selected the store with the highest value of utility. The utility 
function was an additive form of the Cobb-Douglas function18 utilizing both scores and weights. The 
additive form permitted a low score in one dimension to not affect scores in other dimensions (i.e., no 
dimension dwarfed the others). If two scores were multiplied or a score in one dimension was otherwise 
made to affect the other dimensions, a low score in one dimension would make it difficult for a household 
to choose that store, even if the other scores were very high.  

In Equation 1, i is the household, k is the dimension, and ε is random noise (random variable, μ= 0, σ = 
0.05).  
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=
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Random noise was added to represent bounded rationality (households do not always act with perfect 
rationality19).  

The weights and scores were set through experimentation by iteratively testing and changing model rules 
to adhere to a priori criteria: high-income households should spend more on food9,10 and travel at least as 
far as low-income households.11, 12 High-income households tend to travel farther to shop for food than do 
poorer households,11, 12, 20, 21 likely due to a combination of car ownership and their ability to pay for 
household-related labor, which may afford them more time for shopping. In turn, increased travel 
becomes linked to price since highly mobile shoppers can more easily comparison shop over a wide area 
to obtain the best price and match their preference for particular foods.11, 12, 21  

 
Weights 

For convenience, the weights were normalized so they add to 1.0; thus, they have meaning only relative to 
each other (e.g., making one weight larger has the same effect as reducing the others). The weights were 
constant parameters for all households (did not vary by household income). Weights for the analysis 
reported in the text were set to: distance 0.5, habit 0.1, price 0.2, preference for (un)healthy foods 0.2. 
Sensitivities to alternate weighting and scoring for the utility function and size and household/store 
density of the grid were examined (see Sensitivity to Weights, below). 

 
Scores 

Table C1 shows the functions for weighting and scoring the inputs for utility. Scores for price and 
distance were allowed to vary by household income because the intent was to match existing evidence that 
high-income households pay more for food and travel farther than low-income households. Each score 
was on a scale from 0 to 1, where 1 was the most preferred score.  

Price score. In the current model, both low- and high-income households preferred a cheap store; thus, 
all households scored a cheap store as 1. To account for the fact that rich households were comparatively 
insensitive to price, rich households in the model scored an expensive store as 0.8 (i.e., close to 1) whereas 
poor households scored it 0.1 (i.e., close to 0).  

Distance score. Both high- and low-income households equally preferred a closer store, but because 
travel was more of an obstacle for low-income households, poor households gave a distant store a lower 
score than a high-income household. For example, if there was no distance between a household and store 
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(they share the same grid cell), households gave the store a score of 1 (maximum score) and with increases 
in distance they scored stores <1. But for a far away store, the score varied for low- and high-income 
households: the distance score was 1 – (number of grid cells between residence and store)/30 for low-
income households and 1 – (number of grid cells between residence and store)/130 for rich households.  

Habit score. Households remembered the store(s) they visited during the past 5 time steps. They gave a 
score of 1 (highest) to the store they last shopped at and decreased the score by 1/5 for each model step 
since they last visited that store.  

Preference score. Preference scores were just the household’s preference: a healthy store got the 
household preference; an unhealthy store got a score of 1 – household preference. Household food 
preference was a continuous attribute 0 to (preference for unhealthy food=0, preference for healthy 
food=1). Preference was either randomly assigned or assigned by household income in our “preference 
experiments” (unhealthy preference was assigned the lower end of the preference range [0.0–0.6] and 
healthy preference the upper end of the range [0.4–1.0] with some overlap between possible preferences).  

 

 
Table C1. Functions for weighting and scoring the inputs for utility 

 Weighta 

Scoreb 
High-income Low-income 

Distance 0.5   
Distance between household and store is 0  1 1 
Distance between household and store >0  1  –    d   

        30 
1  –    d   
         30 

Habit 0.1   
Same store that household shopped at on 
previous time step 

 1 1 

Different store (N steps = number of time steps 
since the household last shopped at the store) 

 1 –  N steps 
            5 

1 – N steps 
            5 

Price 0.2   
Prices at the food store are cheap  1 1 
Prices at the food store are expensive  0.8 0.1 

Food preference 0.2   
Store sells healthy food  Preference Preference 
Store sells unhealthy food  1 – Preference 1 – Preference 

aThese weighting parameters were used in the main results reported in the manuscript. For alternate weights, see Appendix 
Table E1 and Appendix Figures E1–E3.   
bScore for distance and price were iteratively selected by primarily relying on the desegregated scenario (random scenario, 
Figure 1 S1) under the criteria that high-income households should spend more on food and travel at least as far or farther 
than low-income households. 
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Appendix D: Store Beehaviors 

Highly stylized store dynamic behaviors were incorporated so that stores could respond to customer 
demand and households could make new choices for where they shop. Changes in store availability were 
programmed (store closures and openings) as were changes in type of food sold at the store.  

 
Store Closures 

Schedule 

Every 30 steps, a store closes. Cheap or expensive stores will close in proportion to their relative 
frequency: if one quarter of the stores were cheap, one quarter of the time a cheap store closed. Since all 
households preferred a cheap store, stratifying in this way allowed cheap stores to close. In order to 
represent stores going out of business due to a variety of reasons, 97% of the time the worst-performing 
store, as measured by number of customers, of a particular price level closes; and a slight chance (3% 
random chance) that a random store of that price level would be chosen was programmed. There is not 
much information in the literature on the length of time that food stores stay in business, in part due to 
regional and temporal heterogeneity in the suitability of retail food environments. Simple rules were 
programmed such that about 10% of stores closed every 180 steps (this can be roughly thought of as about 
10% per year which was likely a conservative approximation of food store turnover22). In order to give 
each store an opportunity to attract customers and make a profit, the rules were programmed so that no 
store open for less than 180 steps may close (such stores were not considered when making random 
choices or searching for the worst-performing store of that price level).  

 

New Stores  

Location 

The primary experiments reported in the text used a “move-out/move-in” scenario: when low-performing 
stores closed, the location remained vacant for 180 time steps, and then a new store moved into the old 
store’s location. This scenario forced households to make new decisions about where to shop. 

 
Food Type 

Previous work found high correlation over time between the type of foods being sold within particular 
neighborhoods.23 Thus, in the base experiments, most new stores sold the same type of food as the old 
store but allowance was made for some changes: there was a 10% chance that the new store would change 
the type of food it sold.  

 
Price 

When healthy food type was not linked to food price, new stores sold food at the same price as the 
previous store, which took into account the assumption that price of food was at least partly linked to 
location.24 The price level stayed the same unless experiments for “healthy food relative pricing” were 
enabled (experiments 2-i, 2-ii, 3-i, 3-ii, 3-iii, 3-iv), in which case store prices followed store type. For 
instance, if healthy food stores were set as expensive, and a cheap, unhealthy food store closed; then the 
new store could be a healthy food store which would mean that it would automatically be made expensive. 
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Appendix E: Sensitivity 
 

Sensitivity to Weights 

Table E1 shows the weighting scheme used for the results reported in the manuscript (primary weighting 
parameters #1) and alternate weighting schemes in order to evaluate sensitivity to weights used in the 
utility function. For each dimension, alternate weighting schemes were tested within a reasonable 
bracketed range that still showed that higher-income households pay more for food and travel at least as 
far or farther than low-income households in the random scenario (S1) and index scenario (S6).  
Bracketed ranges were: distance 0.2–0.5, habit 0.0–0.5, price 0.1–0.4, and preference 0.1–0.3. Figures E1–
E3 show income differentials in diet and absolute diet levels for 11 weighting schemes applied to the index 
scenario and experiments 1-i, 1-ii, 3-i, 3-ii, 3-iii, and 3-iv. Price experiments (2-i, 2-ii, absent preferences) 
are not shown because they are very similar to the results already reported in the manuscript.  

 

Different weighting schemes did not change interpretation of the results except for experiment 3-ii 
(Figure E3): those with high incomes prefer healthy food, which is cheap, and those with low incomes 
prefer unhealthy food, which is expensive. High-income diet stayed relatively stable but low-income diet 
was very dependent on the utility weights. The sensitivity to weighting was due to low-income households 
being surrounded by the food that they preferred (unhealthy food) but not having sufficient income to 
buy it (since it was expensive). Thus, outcomes were very different, depending on small modifications to 
the weights for distance, price, and preference. 

 

Sensitivity to Food Store Changes (Change in Store Location and Food Type) 

Tests were conducted of sensitivity to the store-change behavior rules that were used in the base scenario 
(as described above in Store Closures and New Stores). The scenarios are shown in Figure E4. The base 
scenario is change-rate #4. Lower rates of store changes than in the base scenario were tested: a static 
scenario where stores never closed or changed (labeled #1); an urban decay or planned shrinkage 
scenario25 where stores closed and were not replaced so there were fewer and fewer stores (labeled #3); 
and move-out/move-in scenarios where low-performing stores closed, the location remained vacant for 
180 time steps, and then a new store moved into the old store’s location (labeled #2, 4, 5). Higher rates of 
store change than in the base scenario #4 were tested by assigning a 30% chance (labeled #5) and >40% 
chance that the new store would sell a different type of food (not shown).  

 

The income differential in diet was similar across no or few changes in store location and food type but 
became weaker under high rates of change when stores were allowed to change the type of food they sold 
(Figure E4, change-rates #4 and #5). Sensitivity analyses using food type changes >40% eventually led to 
large improvements in low-income diets such that the income differential in diet fell to 0 (results not 
shown). The disappearance of the differential was due to store segregation completely breaking down over 
time as more and more new stores opened and changed the type of food they sold.  
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Table E1. The weighting scheme used for the results reported in the manuscript (Weighting Scheme #1) and 
alternate weighting schemes 

Weighting scheme # 

Weights 
Distance Habit Price Preference 

Primary weighting parametersa     

1 0.5 0.1 0.2 0.2 
Sensitivity parametersb     

2 0.3 0.3 0.2 0.2 
3 0.3 0.1 0.4 0.2 
4 0.4 0.3 0.2 0.2 
5 0.4 0.2 0.2 0.2 
6 0.4 0.1 0.3 0.2 
7 0.4 0.0 0.3 0.3 
8 0.4 0.1 0.3 0.2 
9 0.4 0.1 0.4 0.1 
10 0.5 0.0 0.3 0.2 
11 0.2 0.5 0.1 0.2 

aPrimary parameters (Weighting Scheme #1) is the weighting scheme used for the results reported in the manuscript.  
bAlternate weighting schemes were within a reasonable bracketed range for each dimension that still were able to show 
that higher-income households pay more for food and travel at least as far or farther than low-income households. 
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1-i High income prefers healthy food, low income prefers unhealthy food 
1-ii  High income prefers healthy food, low income prefers healthy food 

* Diet was derived from the average proportion of times the household shopped at a healthy food store 

 

Figure E1. Income differentials in diet and absolute diet levels for 11 weighting schemes for the index scenario and 
experiments 1-i and 1-ii.  Weighting Scheme #1 is the weighting scheme used for the results reported in the manuscript.  
See Table E1 for the 11 weighting schemes. No income differences in preference or prices; healthy food preference and 
price of food are randomly assigned. 

Ref, referent experiment (Index Scenario 6, [S6])  
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3-i High income prefers (expensive) healthy food, low income prefers (cheap) unhealthy food 
3-ii High income prefers (expensive) healthy food, low income prefers (expensive) healthy food 

* Diet was derived from the average proportion of times the household shopped at a healthy food store 
 

 

Figure E2. Income differentials in diet and absolute diet levels for 11 weighting schemes for experiments 3-i and 3-ii.  
Weighting Scheme #1 is the weighting scheme used for the results reported in the manuscript. See Table E1 for the 11 
weighting schemes.   
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3-iii High income prefers (cheap) healthy food, low income prefers (expensive) unhealthy food 
3-iv High income prefers (cheap) healthy food, low income prefers (cheap) healthy food 

* Diet was derived from the average proportion of times the household shopped at a healthy food store 
 

 
Figure E3. Income differentials in diet and absolute diet levels for 11 weighting schemes for Experiments 3-iii and 3-iv.  
See Table E1 for the 11 weighting schemes.  Weighting Scheme #1 is the weighting scheme used for results reported in 
the manuscript.  Preference for healthy food and food store prices are randomly assigned (they do not vary by income or 
healthy food store). 
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No change #1      Stores do not change (stores never close and never change type of food) 

#2      Stores close and new stores open but always sell the same type of food 
#3      Urban decay; stores close and do not re-open 
#4      Stores close and 10% of the time change the type of food they sell.  

High rate of change #5      Stores close and 30% of the time change the type of food they sell 

* Diet was derived from the average proportion of times the household shopped at a healthy food store 
 

 
Figure E4. Income differentials in diet and absolute diet levels for five behavior algorithms using various intensities for 
change-rates of stores: ‘no change’ to ‘high rate of change’.  Change-rate #4 was used for the base experiments reported in 
the manuscript. Preference for healthy food and food store prices were randomly assigned (they did not vary by income or 
healthy food store). 
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Appendix F: Validity 

The model presented was a very stylized model that was not intended to be realistic in the sense of being 
quantitatively calibrated to data. As a tool for enhancing our intuition and stimulating questions, the 
model had reasonable face validity, and qualitative patterns of the income differential in diet were largely 
insensitive to alternate parameterizations within a reasonable bracketed range. Simple robustness tests 
were conducted by contrasting the model’s emergent endpoints with systems observed in the real world 
and by running the model multiple times while systematically varying initial conditions and parameters in 
order to assess the stability of results.26–28 The abstract model had relatively few moving parts and 
dynamics; thus, when unexpected results were found, it was possible to trace the process backward to the 
algorithms and emerging behaviors to determine whether surprises were due to computer programming 
errors, path-like dependencies,29 or truthful and informative properties. 
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