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Abstract: Understanding the drivers of dietary decisions is crucial for encouraging and facilitating environ-
mentally sustainable consumption patterns. Previous work has focused on the utility that consumers place on
factors such as price, quality, and ethics when making dietary decisions, or on the effects of personal values
and peer influence on consumption of individual products. However, less attention has been paid to the in-
teracting roles of values, perceptions, and social networks in dietary decision-making, and how these relate
to mismatches between values and diet choice. Here, we develop an agent-based model of individual con-
sumers making choices between five possible diets: omnivore, flexitarian, pescatarian, vegetarian, or vegan.
Each consumer makes decisions based on personal constraints and values, and their perceptions of how well
each diet matches with those values. Consumers can also be influenced by each other’s perceptions via interac-
tion across three social networks: household members, friends, and acquaintances. We show that consumers
primarily make decisions based on cost and taste, even when they value ethics and health, and illustrate three
potential causes of the ‘attitude-behavior gap’ between ethical motivations and diet choice. This highlights the
potential for both policy-driven changes to pricing structures, and increased awareness around sustainability
and health attributes of different diets, in overcoming constraints and misperceptions to facilitate transitions
to sustainable diets.

Keywords: Agent-Based Model, Sustainable Diets, Social Networks, COM-b Framework, Food-Related Values,
Attitude-Behavior Gap

Introduction

Diet hasa considerableimpactonindividualand public health, as well as land and resource use across the wider
food system. The food system is becoming increasingly unsustainable, with problems including deforestation,
biodiversity loss, water and soil pollution, and greenhouse gas emissions (Springmann et al.[2018a;|FA0|2020).
The public health burden of chronic diseases linked to diet has also increased in recent years, leading many
to argue for a dietary shift to improve health and mitigate climate change and other environmental impacts
(Aleksandrowicz et al.[2016;|Himics et al.[2022;|Springmann et al.|2016). While the complexity of the food system
necessitates that these challenges be approached from multiple angles (Hoek et al.|2021), relying exclusively on
supply-side measures is insufficient and undesirable (Creutzig et al.|2018). However, there are dietary patterns
with considerably lower environmental impacts, such as predominantly plant-based flexitarian, pescatarian,
vegetarian, and vegan diets (Springmann et al.2018alb). Therefore, clearer understandingis needed of both the
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underlying drivers of current dietary patterns and related leverage points to shift consumers toward healthier
and more sustainable diets.

Food choice encompasses a range of factors including personal values and constraints, social interactions, and
habit (Geurts et al.[2017). In this context, values specifically refer to the intrinsic and extrinsic importance that
an individual places on aspects of food items or dietary categories, such as price, taste, ethical considerations,
and health. However, these values are often juxtaposed against one another and other personal and contextual
factors, such as accessibility and affordability. Such trade-offs may limit or even prevent some individuals or
groups from changing their diets. This phenomena of conflicting motivations and priorities causing consumers
with pro-environmental attitudes or intentions to continue following unsustainable consumption patterns is
commonly referred to as the ‘attitude-behavior gap’ or ‘intention-behavior gap’ (Hoek et al.|2019). Additionally,
as eating is a socio-cultural practice (Brons & Oosterveer|2017;|Olstad & Kirkpatrick2021; Warde|2016), people
are often sensitive to the norms and preferences of their dining partners and wider social circle (Cruwys et al.
2015;Geurts et al.[2017), and social norms have been shown to have a stronger effect in driving dietary change
than factual information (Eker et al.[2019).

Individuals have been shown to self-categorize based on multiple personal and social identities, and to mostly
conform to the behaviors and attitudes of whichever identity is most salient in the given context (Hogg & Reid
2006; |Spears|2021). For example, someone may be influenced by both their identity as a family member of a
family who does eat meat, and their identity as a vegetarian and alignment with others who do not eat meat,
and they may make behavioral or attitudinal changes to fit with the social context in which they find themselves.
Additionally, while individuals often use their perceptions to evaluate those of others, the perceptions of others
can also be used to validate one’s own views (Higgs|2015; Spears|2021; Turner|1991).

While previous empirical work on dietary behavior and its drivers can highlight how different attributes of prod-
ucts or situations may influence choice (Cruwys et al.|2015; |Prinsen et al.|2013), agent-based models (ABMs)
allow for research options that are difficult, impractical, or even ethically or logistically impossible in exper-
imentation. In ABMs, heterogeneous agents follow behavioral rules that guide their actions and interactions
with one another and their environment. In ABMs of human systems, it is therefore possible to thoroughly
investigate effects of changes in personal, social, and contextual factors simultaneously, and how these may
interact to shape decisions. Within the context of diets, this could take the form of analyzing the potentially jux-
taposed values and constraints, introduced above, that influence food choices. These models can effectively
combine the controlled environment of choice experiments, with the contextual embeddedness of more socio-
logical experiments, while also incorporating insights from a broad range of related theories and data in model
design and parameterization. They can then be applied to test larger and potentially more disruptive changes
- hypothetical or real - across the entire modelled population, while monitoring consumer perceptions, val-
ues, and behavior over time. ABMs are also particularly suitable for explicitly representing human interactions
to incorporate social network dynamics and influence. As agent-based modeling can incorporate the multiple
sources of influence and iterative processes of evaluation and updating of perceptions, it is useful for exploring
the spread of influence (such as changes in diet) through a social network, and how that intersects with more
group-based identity processes (Spears|2021).

Given these strengths, it is perhaps surprising that ABMs have only recently started being used to explore drivers
of dietary choices, with most models to date focusing on decisions about single products such as meat (Scalco
et al.|2019), milk (Gibson et al.[2021}|2022), sugar-sweetened beverages (Lee et al.[2018), or wine (Taghikhah
et al.|2020), or on the food environment and inequalities therein (Blok et al.[2015; |Li et al.[2018;|Widener et al.
2013;/Zhang et al.[2014).

In this paper, we focus on larger-scale dietary change motivated by the urgent need to transition our consump-
tion patterns to be more sustainable. To do so, we develop an ABM of consumers making decisions about their
diet. The modelincorporates personal and social influences and constraints on dietary choices, with the aim of
illustrating and clarifying different causes of the attitude-behavior gap around sustainable consumption. This
will provide a basis for identifying possible ways to overcome this gap and facilitate more sustainable food
consumption patterns. Widening the focus to generalized dietary patterns, rather than at the level of choice
between individual food products, is useful for exploring how constraints and changing perceptions, mediated
by social networks, can give rise to large scale dietary change necessary for sustainable food systems. Addition-
ally, the shifts in diet that are necessary to establish sustainable food systems go far beyond shifts in individual
product choices (Springmann et al.2018b}2016), but these dietary changes could also pose larger cost burdens
and therefore inequities. While healthy and sustainable diets can be less expensive (Springmann et al.[2021),
the overall dietary composition must be considered to ensure that nutrient needs are met and all costs are in-
cluded. Hence, models at the dietary scale can better inform policies aimed at shifting dietary patterns toward
healthy, sustainable, and affordable diets for all.
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Methods

The model is described here following the convention of the Overview, Design concepts, Details, and Decision-
making (ODD+D) protocol (Miiller et al.2013): the model purpose, entities and state variables, process overview,
and theoretical and empirical background are below; design concepts, sub-models, and otherimplementation
details are in Appendix 1.

Overview

Purpose (purpose of study, audience of model)

The purpose of the model is to explore transition dynamics and potential leverage points related to consumer
behavior that would lead to sustainable diets, and to identify policy options that could facilitate and accelerate
this transition. In this paper, the model is presented, and its structure is analyzed. The audience of the model
is scientists interested in food systems and dietary patterns and changes, as well as policy makers.

Entities, state variables, and scales

What kinds of entities are in the model? The model focuses on the decisions and interactions of consumer
agents, who represent adult individuals making decisions about what diet to follow. The consumers make their
dietary decisions based on financial constraints (income and household size), social influences, motivations,
and perceptions of how well each diet matches these motivations. Here, the Capability, Opportunity, and Mo-
tivation model of Behavior (or COM-B,|Michie et al.|2011) is used to structure these dimensions. In the COM-B,
capability and opportunity relate to internal and external factors, respectively, that are linked to behavior: capa-
bility describes whether someone is personally able to manifest a certain behavior, while opportunity describes
whether the context permits or prevents them from doing so. Motivation then relates to personal intrinsic and
instrumental values, or whether an individual wants to take an action. In this model, motivations represent sta-
ble personal values, while perceptions are more dynamic opinions linking these motivations to specific courses
of action - here, dietary choices.

Consumers are linked in a three-layer social network. The links between consumers include fixed networks of
household members who share a food budget, fixed networks of friends, and dynamic networks of acquain-
tances, whose link strength and existence can change over the course of the simulation based on (in)frequency
of contact. Consumers interact with those in their social networks, as well as new contacts, to exchange infor-
mation about health and ethics perceptions; they can adapt their perceptions to be more similar to those of
other consumers with similar motivations, or with whom they have a strong social link, or to distinguish them-
selves from dissimilar others.

The diets are represented by a collection of products conforming to a general dietary pattern. These are defined
as omnivore (including meat, fish, eggs, and dairy), flexitarian (including the same foods as omnivores, but
not eating meat daily or eating less than the average consumption of meat; |Verain et al.2022), pescatarian
(including fish but not meat), vegetarian (including eggs and dairy, but not meat or fish), and vegan (excluding
all animal products). The final price of each diet is the product of the cost of the goods it includes (calculated to
feed one person for a week, based on Dutch consumption data, see Appendix 1) and the consumer’s household
size. For the timescales of the model exploration here, the prices are assumed fixed.

Since the focus is on generalized diets, rather than specific foods or recipes, the consumers are assumed to
know of the existence of all diets and have formed perceptions about the food groups and items included in
each (and therefore the overall diet), as this information is widely available for the case study population. These
perceptions can change over time due to frequency of purchase and social influences.

By what attributes are these entities characterized?

JASSS, 27(1) 4, 2024 http://jasss.soc.surrey.ac.uk/27/1/4.html Doi: 10.18564/jasss.5020



Parameter

Description

Data type and values

Symbol

Cost motivation (M)

How motivated the consumer is by
saving money/not spending much
money on food.

Numeric [0, 1]

Mc

Taste motivation (M)

How much importance the con-
sumer places on ‘taste, encom-
passing both sensory and per-
ceived quality of the food.

Numeric [0, 1]

My

Ethics motivation (M)

How motivated the consumer is
by sustainability-related concerns
(e.g., environmental impact)

Numeric [0, 1]

Mg

Health motivation (M)

How motivated the consumer is to
eat healthily

Numeric [0, 1]

My

Social information adherence
(M)

How much weight the consumer
gives to social information about
health and ethics

Numeric [0, 1]

Ag

Satisfaction threshold (M)

How high the consumer’s diet util-
ity must be for them to be satis-
fied and not consider choosing an-
other diet in that timestep

Numeric [0, 1]

Household income (0)

The total weekly income of the
adult members of the consumer’s
household (EUR)

Numeric (0, unbounded)

Household size (C)

The number of people in the
consumer’s household, including
themselves.

Integer [1, 10]

Maximum willingness to spend
©)

The maximum percentage of
household income the consumer
is willing to spend on food

Numeric [0, 1]

Table 1: Consumer parameters. Letters in brackets by the variable name indicate which part of the COM-B
framework the attribute maps to (C = capability, O = opportunity, M = motivation). The motivations (cost, taste,
ethics, and health) sum to 1 for each consumer, with each motivation between 0 (notimportantat all) and 1 (the

only attribute of the diet that matters). Symbols refer to those used in equations (see Submodels).

Parameter Description Data type and values Symbol

Diet name The name of the diet, describing | Categorical [omnivore, pescatar- d
the dietary pattern it represents. ian, flexitarian, vegetarian, vegan]

Cost (C) How much the diet costs (in | Numeric [0, unbounded) C
EUR/person/week)

Table 2: Diet parameters. Descriptions of the diets are included in Table Al. Symbols refer to those used in

equations (see Submodels).

State variable Description Data type and values Symbol

Perceived taste/familiarity (M) | How much the consumer likes the | Numeric[-1,1] Pr
taste of the products in the diet
and finds them familiar

Perceived ethical impact (M) How much environmental and an- | Numeric[-1, 1] P
imal welfare impact the consumer
thinks the diet has

Perceived health (M) How healthy the consumer thinks | Numeric[-1, 1] Py
the diet is

Times consumed (O) How many times the diet hasbeen | Numeric [0, timesteps] T
consumed

Table 3: Consumer-diet link state variables. Letters in brackets by the variable name indicate which part of
the COM-B framework the attribute maps to (C = capability, O = opportunity, M = motivation). Symbols refer to
those used in equations (see Submodels).
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Parameter Description Data type and values Symbol
Financial feasibility (O) Whether it is financially feasible | Binary F
for the consumer to purchase this
diet (based on diet cost, house-
hold size and income, and maxi-
mum willingness to spend, assum-
ing all household members follow
this diet)

Perceived cost (M) How expensive the consumer per- | Numeric [-1, 1] Pc
ceives this diet to be, based on
their food budget and household
size.

Table 4: Consumer-diet parameters. Letters in brackets by the variable name indicate which part of the COM-B
framework the attribute maps to (C = capability, O = opportunity, M = motivation). Symbols refer to those used
in equations (see Submodels).

State variable Description Data type and values Symbol
Link strength (0)* How strong the link is between | Numeric [0, 1] L
the two consumers (network is as-
sumed symmetrical)

Contacted this timestep? (0) Whether the two consumers have | Binary (0, 1) x
interacted in this timestep
Number of interactions (O) How many times the consumers | Integer [0, timesteps] Vv

have been in contact

Table 5: Consumer-consumer social network link state variables. Letters in brackets by the variable name
indicate which part of the COM-B framework the attribute maps to (C = capability, O = opportunity, M = moti-
vation). Symbols refer to those used in equations (see Submodels).

Parameter Description Data type and values Symbol
Is household member? (0) Whether two consumers are resid- | Binary e
ing in the same household and
sharing a food budget (e.g. part-
ners, other adult family members
living at home)

Is friend? (O) Whether two consumers are | Binary U
friends, as opposed to acquain-
tances (link strength is assumed
fixed)

Similarity (0) The demographic similarity be- | Numeric [0, 1] 0
tween two consumers, based on
household size and income

Table 6: Consumer-consumer social network link parameters. Letters in brackets by the variable name indi-
cate which part of the COM-B framework the attribute maps to (C = capability, O = opportunity, M = motivation).
Symbols refer to those used in equations (see Submodels).

What are the exogenous factors/drivers of the model? There are no exogenous drivers in the model occurring
during simulations - all parameters and state variables are initialized with data relevant to the case study or
specific scenario.

How is space included in the model? Space is not explicitly included in the model. Given the density of food
vendorsinthe case study area, and the similar product combinations available at most of them, food availability
likely has a minor effect on overall dietary pattern choices, which is the focus of the model here.

What are the temporal and spatial resolutions and extents of the model? One timestep represents one
week. The modelis notintended to be run for timescales exceeding afew years (e.g. 5 years), as the assumptions
of fixed networks of household members and closer friends would be less realistic, and other socioeconomic
variables (e.g. incomes, food prices) are more likely to change qualitatively over that time.
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To address the question of thematic resolution, a sensitivity analysis of population size was performed (see
‘Sensitivity Analysis’ below). As only minimal qualitative differences were observed across population sizes
tested, it is assumed that the baseline population size chosen is adequate for the initial model exploration pre-
sented here.

Process overview and scheduling: What entity does what, and in what order?

J Initialization: .
‘population, social
i network !

Evaluate satisfaction
with current diet

!"l _________ . h 4

Evaluate all diets;

choose one Purchase again

Update strength of
social connections

__________________

Interact with other
consumers; update
perceptions

Figure 1: Sequence of events in simulation. Dashed outlines indicate elements of stochasticity in that part of
the process. The main loop of simulation (starting with diet choice and ending with evaluation of current diet)
can repeat indefinitely. One timestep includes all steps after initialization and represents 1 week.

Design concepts

Theoretical background

Food choice has been linked to individual factors, including constraints, such as budget and access; real and
perceived health attributes; and personal preferences and motivations, such as taste and ethical considerations
(Geurts et al.[2017;|Hoek et al.[2019; |Rosenfeld|2018). Social factors, including influence via perceived norms
or direct pressure, also play a role in determining diet (Higgs|2015). In the model presented here, the individ-
ual factors are included in the cognitive architecture of the consumers, which is structured around the COM-B
framework (Michie et al.|2011), as introduced. This framework was chosen as it includes contextual factors
linked to both the individual agent and the situation, which have been shown to be important in driving food-
related behavior (de Boer et al.[2007;|Hoek et al.|2021; Rosenfeld|2018) along with factors related to personal
values. The framework therefore allows for interactions and trade-offs to occur across different enabling and
constraining variables, rather than assuming a direct relationship between any one potential driver of behavior
and a behavioral outcome.
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The consumers’ dietary decision itself is modeled with a utility function. These have been used widely in both
models and empirical choice experiments (Hanley et al.|1998; van der Pol et al.[2014;|Zhang & Vorobeychik
2019) to represent individuals making decisions by considering multiple, possibly juxtaposed criteria, which
may include non-economic factors. Additionally, the utility function can represent consumers making decisions
that are more (or less) driven by different types of values: altruistic (ethics), personal (health and cost), hedonic
(taste), or social (popularity, via adapting perceptions to be more similar to those of contacts). After calculating
the expected utility of each option, the option with the highest utility can be selected, which is the optimal
outcome under the constraints and criteria included (Zhang & Vorobeychik|2019). In this model, the utility of
a diet is assumed to be based on how the consumer perceives the cost, taste, ethics, and health of the diet,
combined with how strongly they weigh each of these attributes. The final decision contains an element of
stochasticity (see ‘stochasticity’ subsection below), but the result of this stochastic variable depends on the
strengths of the different utilities: in case the utility of one diet is much larger than the others, the probability
that this diet is chosen is large as well.

While utility maximization could be criticized for oversimplifying decision-making, weighing factors in this man-
ner may play a role in decision-making, especially where consumers make conscious choices. However, habit
and practice are likely also driving factors in dietary decision-making specifically (Hoek et al.[2017;|van’t Riet
et al.[2011). To capture this habitual factor, the model assumes that consumers follow a ‘satisficing’ behavior
(Jager et al.|2000); they are more likely to continue to follow a diet that is mostly satisfactory based on previous
evaluations, rather than re-evaluating all diets each timestep and changing as soon as another diet would be
perceived as a closer match to their motivations. Therefore, a consumer may continue to follow a sub-optimal
diet, in terms of utility, for some time before changing.

The social interactions in the model are formulated based on social identity theory, which posits that individu-
als categorize themselves into social groups that maximize in-group homogeneity and out-group heterogeneity
(Hogg & Reid2006;|Nezlek & Forestell|2020; Terry et al..1999). Here, this occurs when consumers are more likely
to accept influence on their perceptions from those with whom they have stronger social links, similarly mo-
tivated others, or both (the ‘in-group’), or to move in the opposite direction of influence from very differently
motivated others with weaker link strength or no link between them (the ‘out-group’). Additionally, individuals
have been shown to have different levels of susceptibility to social influence (see review in|Falk & Scholz2018),
which is represented here by the consumer-level parameters determining how much a consumer will change
toward or away from a peer’s perceptions during interactions. A consumer is unlikely to be able to perfectly per-
ceive a social contact’s motivations, however, to determine whether they are open to influence from the contact.
Therefore, the stochasticity in accepting or rejecting influence also represents otherwise non-modeled aspects,
such as the influence of imperfect information, emotional state, purposeful misrepresentation of motivations,
or other contextual factors making the consumer temporarily more or less open to influence.

The social influence on individual consumers occurs across the social network connecting them. This is repre-
sented by a small-world network (Watts & Strogatz|1998) with consumers more likely to be socially connected
with those who are demographically similar to them. This allows for a diversity of individuals who share some
connection, but higher likelihood of interaction between more similar consumers (McPherson et al.l2001). Sim-
ilarity is calculated based on household size and annual income, as it is assumed that consumers would be
most likely to interact around similar jobs, children’s schools and activities, neighborhoods with similar-sized
homes and price ranges, or events and locations that focus less on families.

Each consumer has a three-layer social network: a static layer of household members (‘household network’), a
second static layer of close friends (‘friends network’), and a dynamic layer of other friends and acquaintances
(‘acquaintances network’). This is a simplified representation, following|Conti et al.|(2011), of the multi-layer
network structure proposed by|Hill & Dunbar|(2003). Throughout the simulation, the links in the acquaintances
network can form, strengthen, weaken, or be dissolved based on contact (Arentze & Timmermans|2008; |Fehr
1996} |Rose & Serafica||1986). The other two networks are fixed during the simulation, under the assumption
that these are likely to be more stable (Rose & Serafical[1986), especially over the shorter timescales (~ 2-5
years) of interest for this model. The inclusion of both demographic homophily and potential for network struc-
tural change following a clear and evidence-based rule is a potential improvement over previous models using
static networks or stochastic rewiring. Adult household members influence each other’s perceptions at each
timestep, but do not necessarily adhere to the same diet. Children in a household are not modeled explicitly
but are assumed to eat an equal combination of what the adults eat (Savage et al.[2007), and are included in
cost calculations.
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Individual decision-making

The individual decision-making focuses on consumers’ decisions around broad dietary categories, abstracting
out the detail of decisions between individual products (e.g. apples versus celery). This simplification still al-
lows the model to produce an overall picture of dietary behavior and its relationship to personal values and
different sources of information and influence, while reducing the data and computation requirements. The
consumers make their decisions based on the match between their individual motivations and their perception
of the relevant attributes of each diet, with the aim of choosing a diet that maximizes the overall satisfaction
of their motivations. As the consumers’ final choices are probabilistic, with more satisfactory diets having a
higher probability of being chosen (see ‘Stochasticity’ below), there is an element of uncertainty included to
cover the unpredictability of human decision-making, and events and considerations not explicitly modeled.
As such, the basic rationality is bounded - while consumers use a utility function for their decision-making, the
utility is not purely economic, and the ultimate outcome also includes probabilistic satisficing. The consumers’
perceptions and motivation-related variables can also change through interaction with other consumers.

Spatial and temporal aspects are not assumed to play a role in the decision process, given the high spatial
density of food suppliers in the study area of the Netherlands, and the abstraction of details related to specific
products that would change convenience and preparation time (e.g. choosing ready-made food or prepared
ingredients). While there are likely spatiotemporal aspects to social network structures and dynamics, data on
this is not readily available and therefore this is not included.

Learning

The process of taste change, based on experience, could be conceptualized as a process of individual learning:
as consumers (repeatedly) buy a given diet, they increase their liking for it, which represents greater familiarity
with the taste (Aldridge et al.|2009;|Birch|1999; Pliner et al.[1993), as well as preparation considerations such as
learning new recipes. This more positive perception of a given diet increases their likelihood of buying it again.

Collective learning is not directly implemented in the model, apart from the potential for a social network to
shift toward a subset of diets about which they have developed and exchanged positive perceptions.

Individual sensing

Sensing is represented in the model by the consumers’ perceptions of different diets. These are the “criteria”
used in the multi-criteria algorithm for choosing a diet. They are initialized with price and survey data, and
include both objective criteria such as feasibility, which is a function of diet cost and consumer income, and
subjective criteria such as tastiness. These perceptions are heterogeneous across consumers, and health and
ethics perceptions can be erroneous. There is no cost for the cognition that is related to sensing; it is assumed
to be part of the cognitive demands of buying and eating food (e.g. budgeting, reading price tags and ingredient
labels, preparing and eating food) and interacting with social contacts. The sensing processes are not explicitly
modeled, apart from social influences on perceptions.

In addition, consumers can be conceptualized as ‘sensing’ the health and ethics perceptions and motivations
of their social contacts, at least enough to identify whether their motivations are similar. This process is not
explicitly modeled beyond the modeling of the interaction (see ‘interactions’ below), but it is assumed to occur
through the conversations and time spent with these contacts. The stochasticity in accepting influence on per-
ceptions is assumed to cover any error in assessing social contacts’ motivations (i.e. misjudgment of similarity).

Individual prediction

Consumers do not attempt to predict future conditions.

Interactions

Interactions between the consumers take place both directly, between social contacts, and indirectly, through
the influence of current contacts’ previous contacts. Two consumers have a higher probability of interacting
if they have a stronger link between them, are demographically similar, or both. The process of updating per-
ceptions and during interactions is modeled explicitly, but the details of the exchange (i.e. how the consumers
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sense one another’s motivations and perceptions) is not (see ‘sensing’ above). The communication is simply
represented through the updating of health and ethics perceptions of the contacts’ current diets.

The structure of the social network is initially imposed, but as links in the acquaintances network can change,
the structure becomes an emergent outcome of the simulation.

Collectives

The consumers belongto a social network (see ‘interactions’ above) that is dynamic and is modeled as influenc-
ingthe probability of interactions. The network is represented by links of differing strength between consumers.

Heterogeneity

The consumers are potentially heterogeneous across all variables (Table[1) and social network links. As con-
sumer variables are initialized based on distributions from empirical data, there is a possibility that consumers
may share some variable values (e.g. household size). Additionally, consumers who are household members
have the same household income and size.

Consumers follow the same overall strategy for diet selection, interaction, and changes to perceptions due to
this interaction. However, given the differences in state variables and parameters, the exact outcome of these
decisions will vary considerably across consumers. Additionally, the stochastic elements present in decision-
making and influence mean that even identical consumersin the same situation could make different decisions,
and consumers may influence each other differently.

Stochasticity

Stochasticity is present in the model at initialization, dietary decision-making, interaction, and updates to taste
preferences. First, at initialization, consumers are assigned a household size, income, motivations, and percep-
tions based on distributions and ranges from empirical data (see ‘initialization’ below). Therefore, the precise
motivation assigned for each attribute to a given consumer is not fixed. Throughout the simulation, interaction
itselfis also stochastic, both in terms of occurrence and outcomes: consumers have a probability of interacting
based on connection strength and demographic similarity, but there is no fixed threshold or other guarantee
that any two consumers will interact in a timestep (apart from consumers who are part of the same house-
hold). Moreover, the consumers each have a probability of accepting or distancing themselves from the other’s
perceptions, based on the similarity of their relevant motivations. Finally, there is a stochastic error term in
the updating of consumer’s taste preferences of a diet they have tried in that timestep, to represent different
experiences with cooking, context, and other aspects not modeled here that may influence taste.

Additionally, the satisfaction a consumer has with their current diet determines both the probability of a con-
sumer choosing to re-evaluate all possible diets, and the probability that they will choose that diet (again).
Therefore, while consumers have a high probability of acting in line with their preferences, there is a non-zero
probability that a consumer may buy a diet that does not fit with their preferences (due to factors not modeled
here, such as the presence of guests at meals, or spontaneity and unpredictability).

Observation

At each timestep, the current diet and perceptions of each consumer are recorded, along with the structure of
the social network.

The diets chosen by the consumers, and their perceptions, are the main emergent phenomena of interest. The
structure of the dynamic acquaintances network, which partially determines processes of social influence, is a
secondary emergent outcome that can influence this.

Implementation details

The model is implemented in NetLogo v6.2.1 and is available on COMSES.
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Initialization

The modelis initialized using food price, motivations, perceptions, and demographic data for the Netherlands
from 2012 - 2016 (see Appendix 1). Initial diet frequencies were not calibrated to data directly, but resulted
from the same choice submodel used throughout the simulation runs. Therefore, modeled frequencies could
be compared to data and used for validation. The social network connections are assigned stochastically, then
rewired to form a small-world network with the probability of a tie forming between agents based on demo-
graphic homophily. Household members and friends are connected at initialization and remain connected for
the duration of the simulation. Some acquaintances are connected, but these connections can increase or de-
crease in tie strength or cease to exist, or new acquaintance-level connections may form.

The behavioral rules of the model are not explicitly linked to the study area as they are based on general theo-
ries on human behavior, but using a case study area constrains the initial parameterization for easier analysis
and validation. Several data sources were used to parameterize the consumer attributes, diets, and social in-
teraction frequency to reflect the Dutch case study population (see Appendix 1). These included demographic
data on incomes and household sizes, dietary recall survey data and associated price information, consumer
surveys on motivations and perceptions, and the European Social Survey questions related to attitudes and
beliefs.

Input data

The model does not use input data after initialization - all processes occur endogenously.

Submodels

Evaluate satisfaction with current diet: At the beginning of each timestep, consumers evaluate their satis-
faction with their current diet d, considering their potentially changed perceptions from the previous timestep.
Their satisfaction is calculated as the utility of their current diet, which includes financial feasibility F and how
well their perceptions of it (P) match with their motivations M, or food-related values. These include (low) cost
C, taste T, health H, and ethical E dimensions ¢. The utility of a given diet d is calculated as:

(Xsecr.me MsPsa) + 1

U,=Fy 5

(1)

The normalization rescales the diet utility to within [0, 1]. This utility is then compared to their satisfaction
threshold to determine whether they will evaluate other diets or keep their current diet. While they may still
choose the same diet if they evaluate other options, they only have the possibility of changing their diets if they
are dissatisfied and therefore go through the evaluation process.

Evaluate diets and choose one: The probability of a consumer choosing a given diet is then calculated as the
normalized utility across all diets,
U,
2aUa

where the normalization rescales the utility of all diets to [0, 1] such that the probability of choosing any diet is
proportional to its utility, compared to other diets.

prob(Ug) = (2)

The financial feasibility of a diet is calculated assuming that all members of the household follow that diet:

B 0; &> 1S
Fd_{l; £ <IS )
where
¢ =HC;—-0.1(HCy(H - 1)) (4)

where H is household size (including the consumer making the calculation), C, is the cost of the diet, I is
weekly household income (the sum of the adult household members’ income), and S is the maximum per-
centage of income they are willing to spend on food (set as equal for all modeled household members). The
discounted cost &; based on household size reflects the economy of scale for households with more than one
person (Huishoudelijke uitgaven|2022). The final purchase price of the food for the household for the week is
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then the sum of the weekly diet prices for the adults in the household, plus their mean weekly diet price times
the number of children. Consumers who perceive all diets as financially infeasible are assigned the least expen-
sive diet by default.

Identify and interact with contacts: At each timestep, consumers can interact with one another, which pro-
vides both interaction partners with information about the others’ perceptions, motivations, and diet choices.
The probability of any two consumers interacting is a function of the social network size (total strength of all
links) of the contacting consumer, the strength of the connection between them L, or if this is zero, their demo-
graphic similarity Q,

L;;
- [ >
Sk Lin? B 0

5 Li,j =0 (5)

ij
Dy Lix’

Qiji 2ZarjLix =0

prob(interact) =

Here, the similarity is calculated across household income and size using a loss function modified from |Beck-

man et al.[(1996),
L—1 H,-H;
Qi,j=(1—|1 DL -

max — Imin Hmax - Hmin

D (6)

This rescales the household income and size, such that similarity is bounded to [0, 1].

Consumers test each of their social contacts (except household members) in order of link strength, or similarity
if not directly connected, to identify those with whom they will interact in each timestep. This is done using a
random number compared to the probability calculated above. They can only interact with a maximum number
of other consumers each timestep (determined by a model parameter, see Table[7). Household members then
interact each timestep by default.

Update perceptions: During interactions, consumers update their taste perceptions based on their experi-
ences, and their health and ethics perceptions of the diets their social contacts follow based on interactions. As
the cost perception of each diet is based on its actual cost discounted for that household size &, (see Equation
B), as well as consumer income I, and willingness to spend S, all of which are fixed, the cost perception does
not change. Itis calculated as:

P, = max(=1,min(], —2%’ +1)) (7)
Of potential influences on taste, such as context, emotion, and exposure (Capaldi|1992;/Capaldi & Van den Bos
1991), only the latter is explicitly modeled here. Therefore, it is assumed that consumers only incorporate their
own experience in their taste perception, with more frequently consumed diets being preferred. Here, taste is
conceptualized as representing the overall flavor profile of a given diet, rather than the individual foods within
it, so preferences are not changed by consuming a similar diet (e.g., consuming a vegetarian diet does not also
make a vegan one more liked, as the vegetarian could be particularly fond of eggs and therefore not find an
otherwise similar diet to be as tasty).

At the end of each timestep ¢, consumers therefore update their perception of taste Py of each diet d as the
following,

1_P’I‘,d,z—l . = 1

Prg,-1 + o5 C
Prg, = { L+ge (8)

Pra,a+1 . _
-1+ Trg-le kD> c=0

where c is a binary variable indicating whether the diet was consumed in that timestep, & is a parameter de-
termining how much a diet increases in likeability when consumed or decreases when not consumed, 7 is how
many times the diet was consumed, ¢ is a parameter determining the gradient of change from the previous
value, and € is a stochastic error term, allowing for consumers to have a better or worse experience with con-
suming that diet.

In contrast, consumers can update their health and ethics perception based on social information from other
consumers. The probability that a consumer will accept influence on these perceptions from another consumer
is proportional to the similarity in their motivations, and the strength of their social connection, if applicable.
Specifically, the probability that consumer i would accept influence from consumer j about the health percep-
tion h of j’s current diet d is:

Lij+|Mpy; — Myl

: ©)

prob(accept) =
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with the same formula for ethics, except comparing ethics motivations. If the consumer does not accept the
influence, the probability that they will reject it (distancing themselves from it), is:
—Lj—|Mp; — My ||

2

2
prob(reject) = (10)

Consumers who neither accept or reject the influence ignore it and their perceptions remain unchanged. This
assumes that if a link between them and the contacted consumer is not strong enough, the motivational differ-
ence is not large enough, or both, consumers can simply not care.

If consumer i chooses to accept the influence, they update their perception as:

Py i = max(=1,min(1, Py q; + As {(Pria; — Pra:))) (11)

Alternatively, if consumer i rejects the influence, they update their perception to diverge from that of ;:

Py i = max(=1,min(1, Py q; — As i{(Pria; — Pra:)) (12)

In each interaction, i and j update separately but synchronously, so their updates do not affect each other, and
it is possible for them to influence each other in opposite directions.

Update social connections: At each timestep, consumers can create new social connections (links) with other
consumers with whom they have interacted, if these were not already part of their social network. These new
social connections then become part of their acquaintances network - the networks of household members
and friends are assumed fixed. The link strength L between two consumers i and j at time ¢ is updated as:

1-L;j; .

L"'![_1+ A, X = l
Lij: = { lei,jvz—l IW;A: 0 (13)

1 +y~ 1 e*A(I*v) ’

where xis a binary variable indicating whether the consumers interacted in this timestep, y is parameter deter-
mining the gradient of link strength change from the previous value, A is the rate of link strength increase (with
interaction) or decrease (without interaction), and v is the number of interactions between the consumers. For
simplicity, A is assumed the same across all consumers.

What are the model parameters, their dimensions and reference values?

Table 7: Global parameters.

Variable Description Symbol | Data type and | Baseline value Range for sensi-
range tivity analysis
No. of con- | The popula- N Integer [1, un- | 250 [125,375]
sumers tion size in the bounded)
simulation run
Initial rewiring | The probability p(r) Integer [0, 1] 0.5 [0.25,0.75]
probability of rewiring when

setting up the
network initially

Initial mean | The average | u(dr) Integer [0, un- | 5 [2,11]
‘friends’ network | number of bounded)
node degree friends a

consumer is

connected to

initially
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Initial mean | The total num- u(d) Integer [1, 200] 50 [25, 75]
node degree ber of close

friends and

acquaintances

a consumer is

connected to

initially
Mean household | Mean link | w(Ly) Numeric (0, 1] 0.925 [0.879,0.971]
network link | strength among
strength social contacts

in the same

household
SD of household | Standard de- | o(Lgp) Numeric (0, 1] 0.025 [0.024, 0.026]
network link | viation of link
strength strength among

household

contacts
Mean ‘friends’ | Mean link | w(Lp) Numeric (0, 1] 0.825 [0.784, 0.866]
network link | strength among
strength friends in the

network
SD of ‘friends’ | Standard de- | o(Lp) Numeric (0, 1] 0.025 [0.024, 0.026]
network link | viation of link
strength strength among

friends
Mean ‘acquain- | Mean link | u(Ly) Numeric (0, 1] 0.350 [0.175,0.525]
tances’ network | strength among
link strength acquaintances in

the network
SD of ‘acquain- | Standard de- | o(Ly) Numeric (0, 1] 0.05 [0.025,0.075]
tances’ link | viation of link
strength strength among

acquaintances
Max. number of | Maximum num- Xnax Integer [0, No. of | 10 [5, 15]
contacts per step | ber of contacts consumers]

a consumer can

make in each

timestep
Social informa- | Multiplier of so- a Numeric [0, 1] 0.025 [0.001,0.1]
tion adherence | cial information
scaling factor adherence input

data
Mean satisfac- | Mean of con- w(T) Numeric [0, 1] 0.50 [0.25,0.75]
tion threshold sumer satisfac-

tion thresholds

across the popu-

lation
SD of satisfaction | Standard devia- o(T) Numeric [0, 1] 0.05 [0.025, 0.075]

threshold

tion of consumer
satisfaction
thresholds
across the popu-
lation
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Mean max. % of | Mean of the u(s) Numeric [0.1, | 0.16 [0.08, 0.24]
income spent on | percent of in- 0.2]
food come consumers
consider feasible
maximum to
spend on food
SD of max % of | Standard devia- a(S) Numeric [0.01, | 0.01 [0.005, 0.015]
income spent on | tion of percent 0.05]
food of income con-
sidered feasible
maximum
Taste perception | Rate of taste per- k Numeric [0,1] 0.01 [0.005, 0.015]

change rate

ception change

with exposure

Taste perception Numeric (0, Inf) 50 N/A 2

change gradient

Gradient of ¢
taste perception
change from
previous value

Taste perception | Stochastic  er- E Numeric [0, 1] 0.001 [0.0005, 0.0015]
change error ror applied to
taste perception
change when a

diet is consumed

Link strength | Rate of link v Numeric [0, 1] 0.001
change rate strength change

with interaction

[0.0005, 0.0015]

Gradient of link A N/A3
strength change

from  previous

Link strength Numeric (0, Inf) 50

change gradient

value

How were submodels designed or chosen, and how were they parameterized and then tested?

Given the multiple, interacting sources of influence on perceptions and diets in the model, the submodels were
designed to facilitate testing of each separately before the full model was run. This clarified that the basic
food choice submodels were operating as intended, then identified how social influence and network struc-
ture changes influenced food choice, and each other. It also allowed for the establishment of a reasonable set
of baseline parameters that generated expected behavior for each submodel individually and together.

First, food choice alone (with no social influence or network changes) was tested, by setting the maximum
number of social contacts to 0 and removing the code for the default interaction between household members.
The sensitivity of outcomes to both parameters and structural changes to the submodel was then tested: first,
by only including price and taste motivations and perceptions, then including health in the utility function, and
finally also including ethics.

Next, a one-factor-at-a-time (OFAT) sensitivity analysis was performed for the parameters defining the mean
and standard deviation of maximum percent of income that consumers were willing to spend on food, and the
rate of taste perception change (and related error term) based on exposure. As social influence and network
structural change were not included, parameters for initial rewiring probability, and average number of other
consumers in each ‘“friends’ and ‘acquaintances’ networks were set to 0 for faster network set up.

Testing social influence occurred in two stages: first, without network structural changes (i.e. all three network
layers were fixed), then with network structural changes in the ‘acquaintances’ social networks. An OFAT sensi-
tivity analysis was performed for the parameters of population size, initial rewiring probability during network
formation, average number of other consumersin each ‘friends’ and ‘acquaintances’ networks, means and stan-
dard deviations of link strength for each social network, and maximum number of social contacts per timestep
(for runs without structural change), as well as link change rate (for runs with structural change). Runs with
baseline parameters were also performed for the three conditions of (1) without influence, (2) with influence
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and without structural change, and (3) with influence and structural change, to compare the influence of the
submodels themselves.

Validation

In addition to unit testing to ensure that the model code produced the expected behavior (Appendix 1), model
outcomes were validated at both the population level and the connection between individual and population
levels, using model runs with baseline parameters and all submodels included. First, the frequencies of each
diet across the modeled population were compared to empirical diet frequency data from the Netherlands
across the same time period as diet price parameterization data (2012-2016). The frequency of diet changes
and the duration of each diet followed of individual consumers were also calculated. This showed the stability
of the consumer-level outcomes, and how this related to the overall population-level diet frequencies.

Sensitivity analysis

Determining parameter ranges for sensitivity analysis

For the sensitivity analysis, baseline values for global parameters were sourced from data where possible, or
were estimated from initial testing of the model. For the sensitivity analysis, the maximum and minimum values
for most variables were set at 50% higher and lower than this ‘baseline’ value, respectively. For variables such
as mean and standard deviation link strength of family, friends, and acquaintances networks, where using a
range of + 50% would considerably exceed the bounds of the variable (i.e., [0, 1]), the range was + 5%.

Diet calibration

Using the baseline parameters, but without social interaction or network structural change, the mean frequen-
cies of each diet during the first 10 timesteps across 10 replicates were calculated. These were compared to
observed distributions of diets in the Dutch population around the years of the data used for initialization (Ap-
pendix 1).

Model stability

To test whether the model reached a quasi-stable state within a run or across a parameterization, 50 runs were
performed with baseline parameters and both social interaction and network structural change submodels in-
cluded. The coefficient of variation (ratio of standard deviation to mean) for each outcome variable was cal-
culated across the runs at each timestep, to determine the necessary number of replicates to account for the
stochasticity in the model, following|Lorscheid et al.| (2012). A final value of ten replicates was identified as
sufficient to cover the stochasticity in the baseline parameterization (Appendix 1).

One-factor-at-a-time sensitivity analysis

A one-factor-at-a-time (OFAT) sensitivity analysis was performed to identify first-order relationships, following
ten Broeke et al. (2016). Here, all parameters were set at their baseline except the one being tested, which
was set at 10 values spanning its entire range. The parameters were tested within the testing of the submodel
to which they belonged (see ‘Submodel testing’ above). Ten replicates for each parameterization were used
throughout for simplicity, despite decreased levels of stochasticity in runs not including all submodels.

Sensitivity of model to input data

Using the full model (with social interaction and network structural change) with the baseline parameterization,
runs were performed to test the effect of changing the price of one diet at a time by -10%, -5%, 5%, and 10%.
This is considerably higher than the variability during the period from which price data was obtained, and more
in line with more recent price increases which have been shown to change dietary patterns somewhat (e.g.,
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Statistics Netherlands|2022;|Rtl Nieuws|2021), allowing this exploration to be a preliminary scenario analysis as
well as an extension to the sensitivity analysis.

Results

Overall, the model demonstrated that cost and taste were major drivers of dietary choice, but that changing the
prices of individual diets by up to 10%, as done here, did not considerably affect the frequency of diets within
the population. Social influence did affect health and ethics perceptions, but it had a limited effect on observed
dietary frequencies due to the lesser role of health and ethics perceptions in determining dietary choice in the
model. Model outcomes were robust to changes in model structure and parameterization.

Factors determining dietary choice

Figure 2] shows the frequency of different diets over time, for model runs where consumers evaluated their
dietary options with a utility function including either cost and taste; cost, taste, and health; or cost, taste,
health, and ethics. For the utility functions including health or health and ethics, the proportion of omnivores
decreases, while the proportion of plant-based diets increases slightly. However, the overall pattern is simi-
lar across utility functions. The overall frequency of diets stabilizes after approximately the first month (4 - 5
timesteps).

Cost, taste | Cost, taste |

Al diets | Pescatarian, vegetarian, vegan |

0
o

5{0%00009%069040099900960040000000040, 904000000 P0,

00000°00090090000¢0$000099000¢9990009009%0094%¢
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o
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Figure 2: Diet frequency (% of population) over time for three different utility functions. The dietary at-
tributes considered in each utility function are listed in the bar above the respective time series for that function.
No social influence was included in these runs. Points and error bars show medians and interquartile ranges
(IQRs) respectively across 10 replicates (IQRs not visible for larger scale including all diet frequencies).

While diet frequencies were stable at the population level, individual consumers varied in the duration with
which they followed a given diet, and the frequency with which they changed diets. Many consumers changed
diets infrequently, maintaining a single diet for long time periods, but also briefly trying one or two other diets
(Appendix 3). Consumers following flexitarian diets were the most stable in their choice, followed by vegetarians
and omnivores, and the most frequent dietary changes occurred from flexitarian to vegetarian (Appendix 3).

Consumers with low incomes or willingness to spend on food, large household sizes, or both, who perceived
all diets as financially infeasible, defaulted to the least expensive diet (see Submodels), which was flexitarian
(Appendix 1). These consumers had similar medians of motivations for all four diet attributes of cost, taste,
ethics, and health (Figure[3). Their ethics perceptions of the diet they were assigned by default, however, were
slightly lower than their taste and health perceptions, with a slightly higher interquartile range (IQR), indicating
that some consumers could have perceived the diet to have similar levels of ethics and health, while others
found it less ethical.
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Figure 3: Median and interquartile range (IQR) of motivations and perceptions of financially constrained
consumers. Subplot headers show the diet attribute linked to the consumer motivation or perception. Shown
are medians across 10 replicates at month 36. IQR error bars not visible at this scale). Motivations ranged from
[0, 1] and perceptions from [-1, 1], such that higher positive values for median motivations or perceptions indi-
cate that these consumers typically weighed this attribute strongly in decision-making or perceived their diet
positively in this attribute, respectively. Lower or negative median values for perceptions indicated that con-
sumers perceived their diet less favorably in this attribute. The IQR illustrates heterogeneity in motivations and
perceptions across these diet attributes among consumers.

To test the sensitivity of the model to input data on the costs of the diets, runs were also performed where the
price of a single diet was increased or decreased, while other diets’ prices remained constant (see Methods).

Diets were largely stable to changes in price, with flexitarian and vegetarian diets becoming slightly more popu-
lar when their prices were decreased (Figure[4). Omnivore, pescatarian, and vegan diets did not show changes
in popularity with price change. As the baseline price of these diets was higher than others, decreasing the
price by up to 10% was not enough to make them attractive to consumers based on cost alone, and not many
consumers perceived their other attributes favorably enough to be willing to pay even the reduced cost.
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Figure 4: Frequency of diets across changes in price. Row headers show which diet’s price is changed and
by how much. Points show median frequencies across 10 replicates at month 36 (error bars showing IQR of
frequency not always visible), horizontal lines show median frequency at baseline prices, with shading around
lines to show the interquartile range of frequency at baseline prices.

The impact of social networks on dietary perceptions and choices

Across all levels of model complexity, flexitarian and omnivore diets were the most popular, followed by veg-
etarian, with very few vegans and pescatarians. There was a similar pattern to the utility function comparison
(Figure[5) of increase in frequency of flexitarian diets over time, and slight decrease in frequency of all other
diets (Appendix 3), in line with observations (Sijtsema et al.|2021).
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Figure 5: Diet frequency. Shown are data for month 36 of the full model (including both social interaction
and network structural change) at baseline parameterization. Distribution shows values across 10 replicates.
The category ‘Feasibility restricted’ refers to consumers with budgets, based on income, household size, and
willingness-to-pay, that does not allow them to afford any of the diet choices, such that they default to the least
expensive option.

As each submodel was added, a One Factor at a Time (OFAT) sensitivity analysis was also performed for model
parameters relevant to that submodel (see Methods). No clear patterns were identified for different parameter
levels, apart from linear increases in the frequency of each diet with linear increases in population size and the
amount consumers were willing to spend on food (Appendix 2).

The homophily of perceptions for household members, friends, and acquaintances networks is shown in Figure
@ Household networks showed more similarity (lower interquartile range) for all perceptions, likely due to
more frequent interaction among members of these networks. Ethics and health perceptions were also similar
across networks. In contrast, the heterogeneity of cost perceptions was higher across all networks, possibly
due to lack of social influence on this attribute, as well as the tendency for the difference in this perception to
be much higher between diets that one could afford compared to those that they considered infeasible. Taste
perceptions were quite similar across networks, despite lack of social influence on this perception, due to all
consumers following the same process of habituating to a repeatedly chosen diet.

JASSS, 27(1) 4, 2024 http://jasss.soc.surrey.ac.uk/27/1/4.html Doi: 10.18564/jasss.5020



1.25 1

1.00 1

0751 Network

- Household

- Friends

- Acguaintances
0.50 1

Interquartile range of perception

0.25 o

Say e
&4.- ‘
0.001
Cost Taste Ethics Health
Perception

Figure 6: Homophily of perceptions across networks. Shown are distributions of interquartile ranges (IQRs)
across 10 replicates at month 36 of the full model (including both social interaction and network structural
change) at baseline parameterization. Points plotted over distributions show original values for that network.

3.10 The perceptions and motivations across consumers sharing the same diet was also explored (Figure . Here,
omnivores and flexitarians had higher cost and taste motivations, while vegetarians and vegans, and to a lesser
extent, pescatarians, had higher ethics motivations and perceptions. Increasing model complexity through
adding network structural change did not change the overall pattern of homophily among network members
or consumers following the same diet (Appendix 3).
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show original values for that diet attribute. A plot showing distributions of IQRs is included in Appendix 3.

Discussion

Our study aims to understand how differentindividual factors and social influences contribute to dietary choice,
particularly any potential misalignment between motivations and diet choice, and to capture key sensitivities
to model structural assumptions and first-order parameter effects. In the following, main findings, model limi-
tations, and implications for policy and future work will be discussed.

Dietary choice

The first analysis tested the frequency of diets across the population under different utility functions: one with
consumers only considering cost and taste, one with consumers considering cost, taste, and health, and a third
with consumers considering cost, taste, ethics, and health (Figure. The observed distribution of diets in the
Dutch population (van Rossum et al.|2016) more closely resembles the distributions under the first two util-
ity functions, with a high prevalence of omnivores and flexitarians, and far fewer pescatarians and plant-based
consumers. The model here assumed that consumers who could not afford any of the diets, given theirincome,
household size, and maximum willingness to spend on food, followed the least expensive diet by default, which
was flexitarian (see Appendix 1 for steps in diet cost calculations). While increasing granularity of diet options
and prices may create less expensive omnivore options that would allow more consumers to opt for this choice
even when financially constrained, the high and increasing prevalence of flexitarians in the modeled population
may be accurate for the Netherlands (Dagevos|2014;|Verain et al.|2022), especially when a broad definition of
flexitarian is assumed. The similarity in overall pattern across utility functions suggests that cost and taste are
predominantly driving dietary frequencies. Furthermore, the decreased accuracy of the model when health,
and even more so ethics, are included as motivations, is in line with previous work that suggests these are sec-
ondary considerations, which are seen as important but longer-term and therefore occurring on a higher level
of conceptualization, while short- and medium-term food choices are driven by moreimmediate considerations
of affordability and taste (Hoek et al.[2019).
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The stability of the distribution of diets over time in the population demonstrates how diets quickly become
habitual (van’t Riet et al.[2011), especially those with a high, positive taste perception due to familiarity. For
consumers who repeatedly chose the same diet, their taste perception of that diet would increase, eventually
outweighing the consideration of other perceptions such as health or ethics. In the current food system, many
productinnovations such as ‘plant-based meat’ are attempting to capture this familiar taste in more sustainable
products, to facilitate consumers transitioning to more plant-based diets (Herrero et al.[2020).

Social influence

While social influence does affect perceptions of individual consumers in the model, these perception changes
did not translate as clearly to population-level outcomes such as overall diet frequencies: simulations without
social influence showed qualitatively similar results to those with social influence, including those with both
social influence and network structural change. While the population size could have limited the effect of so-
cial influence, increasing population size in the OFAT analysis did not qualitatively change outcomes (Appendix
2), nor did any other parameter values explored in the sensitivity analysis. Instead, social influence was likely
less influential at the population scale as it was modeled as only affecting health and ethics perceptions. Given
the proportionally higher taste perception for consumers who had followed their current diet for longer, and
the fixed cost perception, it would be unlikely that social influence would be enough by itself to cause a con-
sumer to change to another diet, at least over the shorter timescales explored here. Previous work has mostly
found an effect of social influence on immediate food choices, such as when eating a meal together (Cruwys
et al.|2015). For personal choices such as long-term dietary pattern, social pressure and short-term normative
influence in individual relationships may have less effect than longer-term influence, wider societal pressure,
unidirectional group influence, and informational influence (Abrams & Hogg||1990; |Spears|[2021), such as the
growing awareness and media coverage of climate change and dietary impacts on it.

Limitations

Three key limitations should be considered when assessing the results.

First, the current model is only intended for short-term explorations (e.g. three years, as done here), as it fo-
cuses on the immediate potential for dietary change, given the urgency of transitioning to sustainable food
systems. All sociodemographic and economic variables are therefore assumed fixed, including the cost of each
diet, household size and structure, and income. The utility function also does not include phenomena such
as discounting to account for different weightings of aspects such as health or ethics in the future, or societal-
level accumulation of more accurate information on health, environmental, and social impacts of diets. Social
influence may also have stronger effects over longer timescales, especially when intergenerational value shifts
and heterogeneous effects of inter- and intra-generational influence are considered. Finally, structural factors
underlying price dynamics, such as demand feedbacks, would be more relevant to include as endogenous over
longer timescales, and linked to changing social norms and networks as explored here. While we argue that the
assumptions made are reasonable for the short-term explorations done here, future work with scenarios over
longer timescales would require modifying these design aspects.

In addition to different effects over time, there may be heterogeneity in the magnitude and mechanism of so-
cial influence across subpopulations, particularly if different network structures are assumed, or if both social
and non-social sources of information are included. While the current model focuses only on the role of per-
sonal factors and more generalized social processes in dietary decisions, future work is planned to explore the
effects of additional types and sources of dietary information (e.g., Banyte et al.2022), and heterogeneous so-
cial influences. As the model here represents perceptual errors through stochastic aspects, further work could
also include the effects of perceptual errors and misinformation through social and non-social channels more
explicitly, and introduction of greater uncertainty around perceptions of diets that a consumer has not yet tried.

Finally, the current model exploration only incorporated first order effects and interactions, through a One-
Factor-at-a-Time (OFAT) sensitivity analysis. As the work presented here isintended as aninitial exploration and
understanding of model dynamics, and the model’s robustness to parameter changes suggests that any higher-
order interactions are likely also limited, this could be explored through a more global sensitivity analysis in
further work.
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Implications for modeling and understanding diet-related values

In the model presented here, consumers’ motivations represent personal values attached to food attributes,
such as perceived cost and ethical properties. These motivations were fixed, to represent the largely stable as-
pect of individuals’ values over time (Schwartz|1994), especially at the relatively shorter timescales explored
here. However, their behavior could still change, and the routes by which this change could occur suggest key
areas for policy interventions to facilitate transitions to sustainable and healthy diets. Often, a lack of behav-
ioral change is discussed as being driven by an ‘attitude-behavior gap’ (Hoek et al.[2019), which refers to the
dissonance between positive attitudes about protecting the environment or living a healthy lifestyle and actual
consumption patterns. This is usually attributed to the effect of conflicting values (e.g., hedonistic-taste - ver-
sus altruistic-environmental protection), or habit, the latter of which is captured in the model presented here
through the satisficing behavior of consumers. However, this model also highlights three potential cognitive,
contextual, and motivational causes for this gap in any given consumer.

First, perceptions of diet impacts and attributes (such as environmental impact or healthiness) can be inac-
curate. This can cause a consumer to behave in a way that they perceive as consistent with their values, but
not consistent when viewed from the outside. For example, consumers in the model who chose omnivore or
flexitarian diets typically had lower ethical motivations than consumers who chose vegetarian or vegan diets
(Figure[7), with pescatarians showing a wider range of ethics motivations. These consumers typically still per-
ceived their diets as approximately neutral (omnivore) or positive (flexitarian, pescatarian). This is consistent
with that of the general Dutch population, where there is a limited understanding of the environmental impact
of meat (Geurts et al.2017). While flexitarian and pescatarian diets can be made healthier and more sustainable
by limiting animal protein (Sijtsema et al.[2021), it is still inaccurate to perceive them as similar in sustainability
to more plant-based diets (Springmann et al.[2016;|Willett et al.[2019).

On a more contextual level, constraints such as cost can prevent consumers from making choices in line with
their values. The consumers in the model who were financially limited to the least expensive diet typically
perceived their diets as less ethical than healthy, despite having similar motivations for ethics and health, sug-
gesting they may have chosen another diet that they considered more ethical (but equally healthy) if cost were
not a concern. Moreover, when prices of flexitarian and vegetarian diets decreased, the popularity of these di-
ets increased. While the increase was not large, this indicates that alleviating cost constraints does facilitate
consumers choosing diets in line with their motivations. While other aspects of food environment and con-
sumption, such as accessibility, and time and knowledge required for preparation, were not modeled here,
these can also be considerable barriers to change. Policy aimed at making switching to a sustainable diet as
feasible as possible across a range of aspects will thus increase the likelihood that individuals are able to make
this change (Trudel|2019).

Finally, values can be brought into conflict with each other by perceptions or constraints: while the four moti-
vations considered here are not intrinsically conflicting, how products are priced or perceived can mean that
an option that is sustainable is not perceived as healthy, or is not considered affordable, as discussed above.
For example, the consumers who chose vegan diets had lower perceptions of health for their diet, suggesting
that they considered this to be a trade-off against how highly they perceived the diet’s ethics (Aschemann-Witzel
2015). Vegans and vegetarians also had lower taste motivations (Figure[7), which may have helped them choose
a diet that they initially would not have considered as being as palatable as other options. In contrast, con-
sumers who maintained their choice of a given diet developed a high perception of its tastiness and decreased
in their perception of the tastiness of other diets, such that they would choose it repeatedly over another diet
which may have otherwise been a better match for their ethical or health motivations. Therefore, the model
illustrates how the attitude-behavior gap can arise from conflicts in the perceived attributes of the diets, such
as ethics and health. This contrasts with how the attitude-behavior gap is typically portrayed as resulting from
intrinsically conflicting motivations, but with relatively accurate perceptions underlying them.

Implications for transitioning to sustainable diets

Totransition to healthy and sustainable diets, the model presented here demonstrated that there will need to be
a considerable shift in perceptions, such as increased awareness of those around the negative environmental
impacts of meat (Springmann et al.[2018a; |Willett et al.|2019) and health benefits of plant-based diets (Bies-
broek et al.2018;|Springmann et al.|2016). This shift will need to occur in a large enough part of the population
to create higher, more consistent social influence, and will also need to be coupled with price changes to make
sustainable and healthy diets broadly affordable and perceived as such, and unhealthy consumption patterns
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less so. While dynamics such as demand feedbacks entail that perception changes and price changes are some-
what linked, as discussed above, the price changes may need to be introduced first through policy changes to
accelerate this transition. This could be accomplished through so-called ‘true pricing, whereby negative exter-
nalities areincluded in the price of products to represent environmental and social costs of their production and
consumption (Hendriks et al.[2021), thus incentivizing uptake of sustainable production practices and supply
chains. In the long run, such increased uptake likely also leads to a reduction in prices of healthy and sustain-
able food through learning and economies of scale and scope, thus ensuring that these diets are affordable for
all consumers.

Combined with the three causes of attitude-behavior gaps outlined above, the necessary shifts in perceptions
and pricing highlight a key role for policy in facilitating transition. First, there needs to be more widespread,
impactful, and trusted information to better align perceptions with reality when it comes to healthy, sustain-
able diets, and potential negative impacts of not following these. Secondly, product innovations and pricing
structures should be implemented to create tasty, affordable, accessible options that fall within healthy and
sustainable dietary patterns, and new norms should be encouraged that highlight these, such as making them
the default in food service. Future work with the model is planned to explore the impacts of non-social in-
formation and price signals, both individually and in combination, to better inform these policy suggestions.
Together, the combination of information-based and pricing strategies could help overcome the mispercep-
tions, constraints, and underlying causes of conflicting values, which have been demonstrated here to limit the
consumption of more sustainable diets.

Conclusions

This work presents and analyzes a model of consumers choosing broad dietary patterns, based on a combina-
tion of personal constraints, motivations, and perceptions of each diet, with the latter also influenced by their
social network. The model was developed to investigate the role of personal and social influences on dietary
choices, and to elucidate reasons for and possible mechanisms to overcome the identified ‘attitude-behavioral
gap’ for consumers with positive attitudes toward sustainability, and actual diets that do not reflect this. The
analysis demonstrated that including only cost and taste motivations in evaluating diets best matched the ob-
served dietary frequencies in the Netherlands, with cost also constraining which diets were even considered,
and taste perception changes representing the habitual aspect of consumption choices. In contrast, social in-
fluence, which affected only health and ethics perceptions, was not as influential on diet choice, at least over
thetimescales explored here. Overall, the model highlighted three possible causes for an individual consumer’s
attitude-behavioral gap: inaccurate perceptions, feasibility constraints, or perceptions which bring motivations
into conflict. This illustrates the potential role of policy to overcome misperceptions and create pricing struc-
tures to close the attitude-behavioral gap and facilitate transitions to sustainable and healthy diets.
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Appendices

The file containing Appendix 1, 2 and 3 can be found here: https://epress.ac.uk/JASSS/workspace/202
2.64.2/4/Appendix.pdf

Notes

IFor household members and friends (see Table@, this is a parameter

2These parameters were fixed at values that maintained a smooth rate of change in taste perception and link
strength, respectively, between updates (i.e. the first update would be similar in magnitude to future updates).

3These parameters were fixed at values that maintained a smooth rate of change in taste perception and link
strength, respectively, between updates (i.e. the first update would be similar in magnitude to future updates).
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