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Abstract

Lifestyle change is considered an important demand-side measure for climate change
mitigation. To understand the relationships of low-carbon lifestyles with the global
environmental and socioeconomic dynamics, and the main drivers of such lifestyles, there is a
growing need for modelling studies that combine societal transformation with the integrated
assessment of climate, environment and economy. This paper presents an exemplary modeling
study that extends an integrated assessment model with psycho-social mechanisms to explore
societal dynamics. Based on the findings of this modelling study, the paper then discusses the
potential contribution of system dynamics modelling to investigate the societal dynamics and
drivers of low-carbon lifestyles.

1. Introduction

Lifestyle change is considered an important demand-side measure for climate change
mitigation. Lowering energy demand with climate-friendly lifestyle choices could be the key to
achieving 1.5°C pathways®. Similarly, shifting towards plant-based diets and reducing food
waste can considerably lower the agriculture and land-use emissions, and contribute to keeping
the global food system within planetary boundaries? * . Building upon this growing scientific
evidence, recent IPCC reports have underlined the importance of lifestyle change to reduce
anthropogenic emissions, increase the carbon sink in land and reach the 1.5°C target® ®.
Lifestyle change can also contribute to the achievement of multiple sustainable development
goals (SDGs). For instance, a low energy demand also implies global decent living standards
and decreased poverty (#1), low air pollution and better human health (#3), responsible
consumption and production (#12), and less ocean acidification (#14)*. Moreover, lifestyle
change, e.g. sustainable diets, reduces the intensity of trade-offs between the SDGs on hunger,
sustainable agricultural production and biodiversity’.

The mitigation potential of lifestyle change is assessed either with a top-down perspective in
quantitative scenario studies that mostly use integrated assessment models of energy, economy
and environment. This model-based approach to understand lifestyle change is facing multiple
challenges. Existing top-down scenario studies are based on stylized assumptions for demand,
which do not necessarily imply a feasible rate of societal change and may not lead to a realistic
mitigation potential of lifestyle change. For instance, a recent study” shows that if the world’s
average diet is flexitarian by 2050, meaning that the average red meat consumption is equivalent
to one serving per week and constituting 0.5% of daily calories, agricultural GHG emissions
would be reduced by around 50%. Currently, 1.8% of daily calories are obtained from red meat
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in the world’s average diet®. The difference is small, but it would require billions of consumers
to change their diets. Therefore, stylized demand assumptions do not necessarily imply a
feasible rate of societal change and may not lead to a realistic mitigation potential of lifestyle
change.

Furthermore, in the existing integrated models, human systems are not explicitly modeled. For
instance, the feedback between physical systems (e.g. climate) and human systems (e.g.
emission response) is not considered. A recent study® shows that the uncertainty posed by
human emission behavior in relation to physical systems is similar in magnitude to the physical
uncertainty of global temperature change. To navigate this wide uncertainty range posed by
human behavior, a wider variety of scenarios is needed, considering the behavioral factors and
the feedbacks between the human and physical systems.

Overcoming these challenges requires bridging the bottom-up empirical studies on the drivers of
lifestyle change with top-down integrated assessments. Dynamic simulation modelling can
facilitate this linkage by synthesizing the available empirical data and theoretical
conceptualization, by scaling up and generalizing the context-specific lifestyle change, and by
generating feasible and plausible scenarios of societal change towards low-carbon lifestyles.

As a prominent dynamic simulation methodology, system dynamics can especially be useful
due to its strength and explanatory capacity in studying macro feedback structures of social,
environmental and economic dynamics. The feedback perspective of system dynamics can help
to capture the feedback loops as the sources of nonlinearity related to individual and social
behavior not only within human systems, but also between the human and natural systems.
Furthermore, the top-down modelling approach in system dynamics represents the social and
demographic heterogeneity in population compartments. This segmentation approach coincides
with the structure of big data and the effect of digitalization on decision-making. In other words,
with increasing digital footprint of individuals and corporate or governmental mining of this big
data, demographic and social profiling is becoming the basis of socioeconomic decision-
making. In an age where digitalization creates distinct population segmentation and provides
large-scale data for modelling studies, the heterogeneity of societal change towards low-carbon
lifestyles can adequately be captured by compartmental system dynamics models.

The objective of this paper is to demonstrate how system dynamics modelling can be used to
investigate the societal dynamics and key drivers of transition towards low-carbon lifestyles.
For this purpose, we employ a recently published case study on dietary change®. Based on this
case study, we describe a system dynamics model of behavioral change towards sustainable
diets based on individual and societal factors. We echo the findings of this case study to
demonstrate how such a model can be used to explore population dynamics and to identify the
key drivers of societal change even in the absence of large scale data.

In the remainder of this paper, Section 2 introduces the case of dietary changes, describes the
conceptual basis of the model, and explains the computational methods used to identify the key
drivers. Section 3 presents the simulation and analysis results, while Section 4 discusses the
generalizability of this modelling approach for other lifestyle domains and its limitations.



The 39th International Conference of the System Dynamics Society, 25-30 July 2021

2. Methods

2.1 Dietary change

The food system is responsible for 24% of global annual greenhouse gas emissions (together
with land use)*, with crop and livestock production being the dominant sources of these
emissions. The food system also causes vast environmental degradation in terms of freshwater
use, deforestation, biodiversity loss and ocean acidification!? 13, Several studies, such as the
recent EAT-Lancet report on planetary diets'4, have demonstrated that sustainable and plant-
based diets may substantially mitigate these adverse effects* ’, while contributing to public
health as well®> 15, Therefore, lifestyle change in the nutrition domain, i.e. shifts towards plant-
based diets, has a high potential to tackle multiple challenges.

2.2 Modelling dietary change dynamics?

This study investigates the factors that steer diet changes towards low meat consumption by
linking a model of human behavior to an existing integrated assessment model. In particular, we
extended the FeliX model® " 18 with population segmentation for dietary choices, and we
modelled the shifts between these segments based on main psychological theories that are used
to explain individuals’ environmental actions.

To conceptualize diet shift dynamics we considered two main feedback mechanisms (Fig. 1)
based on two complementary theories of psychology. According to the Theory of Planned
Behavior®®, behavioral intentions are formed by perceived behavioral control or self-efficacy,
subjective social norms, and attitude, which basically refers to whether the suggested behavior
is evaluated positively or not. Diet change due to social norms forms a positive feedback loop,
since a higher number of vegetarians shifts the norm, which further stimulates diet change
behavior. According to the Protection Motivation Theory?, actions are determined by threat
appraisal, an individual assessment of the severity of a threat, and coping appraisal — the extent
to which an individual can, and is willing to, cope with the threat. This theory has been used to
model emission behavior® by linking threat appraisal to climate events.

In the context of diet change, combined with the global food system represented in the FeliX
model, threat appraisal of climate change risk forms a negative feedback loop, where the diet
shift to vegetarianism leads to lower emissions, fewer climate events, and a lower threat. Public
risk perception is argued to depend on various factors such as social values, media coverage,
self-interest and the direct observation of risk, rather than purely quantitative risk metrics?.
Following previous modelling studies®, we assume that climate events observed and retained in
public memory represent the perceived climate risk, since they refer to direct public experiences
and media coverage.

Health risks attributed to high red meat consumption is another important concern that
motivates people to change their diets?2. The health benefits of sustainable diets have been
widely discussed® 232425 and a healthy and sustainable diet is quantitatively defined based on
an integrated framework that combines health effects and the planetary boundaries of the food

! This section is published earlier in Eker et al. (2019).
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system!“, Sustainable diets, such as a flexitarian diet with one serving of red meat per week, are

concluded to have the potential to reduce deaths by 10.8-11.6 million per year**. Following this,
we included health risk in the model as a driver of diet change behavior. We modelled perceived
health risk endogenously in relation to average red meat consumption.

The model is formalized with a public segmentation and innovation diffusion approach? ?’. The
population is divided into two — meat-based diet followers and vegetarians. The flows, that is,
diet switches between the two groups are modelled according to income change, since
increasing income leads to higher meat consumption, especially in developing countries?, and
the behavioral factors outlined in Fig. 1. Population heterogeneity is taken into account in terms
of age, gender, and education level. The global food demand resulting from these population
dynamics is reflected on the land use and climate modules of the FeliX model. Following
Beckage et al.°, randomly generated climate events driven by global temperature change are
used to compute the perceived climate threat. (See Appendix I for a detailed model
description.)
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Fig. 1. Conceptual framework of the diet change model. The figure illustrates the behavioral framework underlying
the diet change model. The arrows represent a causal relation between two factors, and the polarity of an arrow
indicates whether the relation is positive or negative. Diet change behavior (action) is determined by behavioral
intention, as well as by self-efficacy, response efficacy, and response cost. Intentions are formed by subjective norms
—an individual’s perceptions of the social norms and attitude towards diet change — whether it is perceived as good or
bad. While social norms are affected by the spread of the behavior, thus forming the positive social transmission
loop, attitudes are driven by the perceived threat of climate events, forming the negative willingness to change loop.
Perceived health risk attributed to red meat consumption is another factor that affects attitude towards diet change.

Each population segment is associated with a reference diet composition to consider demand
changes for different food categories. To add variety to diet compositions beyond a reference
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meat-based and a reference vegetarian diet, we consider four diet composition scenarios where
each population segment (meat-eaters and vegetarians) was associated with a different diet type
shown in Table 1. For instance, Scenario 3 assumes that all meat-eating population will be
flexitarian by 2050; and all vegetarian population will actually be vegan by 2050. Behavioral
factors such as self-efficacy or response efficacy can play different roles in these diet
composition scenarios. For instance, self-efficacy for switching from meat-eating to a
vegetarian diet may differ from switching to a vegan diet. However, to our knowledge, there is
currently no information and data on these differences in the literature. Therefore, we quantify
the behavioral factors equally in these four diet composition scenarios, yet consider potential
differences among the four scenarios in the uncertainty analysis.

Table 1. Diet composition scenarios. The table shows the diet composition associated with the two population
segments in four diet composition scenarios. In scenarios 1, 2, and 3 the diet composition is assumed to change
gradually from the reference diet type in 2020 to the given diet type in 2050. The numbers in parentheses refer to the
percentage of daily calories taken from animal products in each diet type.

Scenario Meat-eater’s diet Vegetarians’ diet

Reference lacto-ovo vegetarian diet

Sc0_Reference Reference meat-based diet (17.2%) (9%)

Healthy eating guidelines by 2050

Scl_Healthy+Ref (14%)

Reference lacto-ovo vegetarian diet

Sc2_Healthy+Vegan Healthy eating guidelines by 2050 Vegan diet by 2050 (0%)

Sc3_Flexitarian+Vegan | Flexitarian by 2050 (11.7%) Vegan diet by 2050

2.3 Global Sensitivity Analysis and Sobol indices

Data availability for the extent and drivers of lifestyle change, or dietary change in particular,
especially on a global scale is highly limited. Therefore, although the model is quantified
according to empirical studies (See Appendix I), most psycho-social parameters are highly
uncertain. To deal with these uncertainties, we use the model to generate a scenario ensemble
that covers the implications of these uncertainties and to identify the factors that create the
largest variance, hence most important for the dietary change dynamics. For this purpose, we
employ Global Sensitivity Analysis (GSA)?* %, which is a multivariate sensitivity analysis
method for evaluating the impact of uncertain inputs of complex environmental models.

GSA calculates the importance of each input in interaction with all other inputs. This makes it
suitable for complex models that include a large number of highly uncertain inputs and their
nonlinear relationships. As a computationally-intense GSA technique, variance-based Sobol
indices represent the contribution of each uncertain model parameter to the output variance®.
This study uses Sobol indices to identify the most influential uncertain inputs, because they
indicate the sensitivity caused by a parameter regardless of the initial parameterization of the
model.

GSA applications distinguish between the first-order and total Sobol indices®. The fraction of
the total variance attributed only to an individual input factor X; is the first order Sobol
sensitivity index (S1,), whereas the fraction of variance attributed to an input factor and its
interactions with all other factors is the total Sobol sensitivity index (St,). Therefore, Sy
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provides an isolated measure of sensitivity to the input factor X;, and St gives an account of the
sensitivity to a parameter’s overall role in the output. Equation 1 denotes Si;, where V[Y] is the
unconditional variance of model variable Y and V; is the variance of the conditional mean of Y
when the parameter X; is fixed within its range. Similarly, Equation 2 denotes S, where V- is
the variance of the conditional mean of Y when all factors except X; are fixed.
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Sobol indices are calculated using the Python SALib library®? which implements a sampling
design generated to compute the unconditional variance of the output based on Monte Carlo
simulations®. This sampling method requires N=n(2p+2) experiments, where n is the number
of simulations and p is the number of uncertain inputs. For our model with 36 parameters, we
reported the results of N=185,000 experiments.

3. Results

3.1 Reference simulations

The model is simulated with the reference calibration of psycho-social parameters (Appendix 1)
for the four diet composition scenarios listed in Table 1. Figure 2 and 3 show the results for the
fraction of vegetarian diet followers, i.e. the fraction of vegetarian population segment, and the
total global GHG emissions of the agriculture and land use sector, respectively. In all diet
composition scenarios, the fraction of vegetarians decline from 2000 until around 2040, to
approximately 17%. This decline is attributed to the effect of increasing income especially in
developing countries. After 2040, the vegetarian population fraction increases only in the
reference diet composition scenario, where the average meat consumption is highest. This is due
to the increasing effect of health and climate risk which also triggers the reinforcing social
transmission loop. In the other diet composition scenarios with relatively low average meat
consumption, such positive effects on dietary shifts are not observed, therefore the vegetarian
population remains relatively stable at 16%.

Figure 3 shows the reference simulation results for the total GHG emissions from the agriculture
and land use for the four diet composition scenarios. As described earlier, Scenario 1, 2, and 3
assume a transition between 2020 and 2050 from the reference diet consumption of the meat-
eater and vegetarian population segments to the given diet compositions, such as flexitarian or
vegan. In ScO with reference diet compositions, emissions keep increasing until ~2065 and up to
~16 GtonCOzeq (from the historical value of 10.2 GtonCOzeq in 2010). They decrease
afterwards, attributed to dietary shifts in the population (Figure 2). In Sc 1 and 2, where the
meat eaters (around 83% of the population) follow healthy-eating guidelines and vegetarians
(around 17% of the population) follow the average vegetarian and vegan diet, respectively,
emission dynamics are relatively stable around 12 GtonCOeq. Still, they demonstrate a decline
until 2045 due to the diet composition transition, and slightly increase and decrease again in the
following decades due to population increase, then switch to vegetarianism. The largest
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reduction in the emissions is observed in Sc 3, where the larger fraction of population (meat-
eaters) follow a flexitarian diet, and vegetarians follow a vegan diet.

Percentage of vegetarian diet followers
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Figure 2: Reference simulation results for the percentage of vegetarian diet followers. The figure shows the
simulation results for the 4 diet composition scenarios listed in Table 1 in the period 2000-2100. The fraction of
vegetarian diet followers in the global population declines in all diet composition scenarios until around 2035. The grey
line shows the model output for ScO with the reference diet composition. The black line and the overlapping dark red
line show Scl and Sc2, respectively, corresponding to the combination of health eating guidelines for meat-eaters to
the reference vegetarian and vegan diets for the vegetarian population. The blue line refers to Sc3, which is the
combination of flexitarian and vegan diets for meat-eater and vegetarian population segments.
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Figure 3: Reference simulation results for the total agricultural and land use emissions. The figure shows the
simulation results for the 4 diet composition scenarios listed in Table 1 in the period 2000-2100. The grey line shows
the model output for ScO with the reference diet composition. The black line and the dark red line show Sc1 and Sc2,
respectively, corresponding to the combination of health eating guidelines for meat-eaters to the reference vegetarian
and vegan diets for the vegetarian population. The blue line refers to Sc3, which is the combination of flexitarian and
vegan diets for meat-eater and vegetarian population segments.
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3.2 Environmental impact of diet change?

To account for the uncertainty in behavioral parameters, we simulate the model 10,000 times,
each with a unique combination of the parameter values sampled from their uncertainty ranges
(Appendix I1). The dynamic simulation results show a wide range for the Percentage of
Vegetarians in the total population especially towards 2100. It is however mostly around 20%
(Fig. 4a). Both the reference simulation and the uncertainty space demonstrate a higher
percentage of vegetarians in the reference diet composition scenario compared to the other diet
composition scenarios. This result can be attributed to climate and health risk, which are higher
in the reference diet composition scenario and stimulate more shifts to vegetarianism. GHG
emissions from agriculture and land use also show a wide range of dynamics (Fig. 4b). In the
reference diet composition scenario (Scenario 0), the emissions vary between 10 and 15
GtonCO2eq in 2100. This implies that, despite increasing population and food demand, the
emissions can be brought back to current values (10.2 GtonCOzeq in 2010) by 2100, even with
the current average compositions of meat-based and vegetarian diets, if a significant shift to
vegetarianism occurs. Still, more significant emission savings are obtained in the low-meat diet
composition scenarios.

These findings also show that diet composition has a bigger impact on the food system’s
environmental footprint compared to the extent of diet shifts triggered by behavioral factors.
Even if up to 40% of the global population turns vegetarian, the environmental benefits of diet
change may not be fully observed as long as the remaining meat-eaters consume the current
averages. Therefore, instead of drastic shifts by a small group, population-wide changes are
required, even though the extent of such changes is not maximal.
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Figure 4: Dynamic simulation results for (a) the percentage of vegetarian diet followers in the total population, (b)
total agricultural and land use emissions. The bold colored lines show the reference simulation results for each diet
composition scenario, while the shaded area around them depict the uncertainty space generated by the behavioral
parameters with + 50% uncertainty around their reference values. The violin plots on the right-hand side of each plot
show the density distribution of simulation results in 2200 with the 25™, 50, and 75™ percentiles marked. While the
range of percentage vegetarian population is quite wide, the median value is below 20% in every diet composition
scenario. Emissions from the agriculture and land use sector also show a wide variety with respect to the spread of
vegetarianism and diet composition scenarios. Although there are a few cases where the increasing pattern of emissions

2 This section is based on Eker et al. (2019).
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is ceased even in the reference diet composition scenario, the highest reduction potential is in the third diet composition
scenario.

3.3 Drivers of diet change behavior3

We use two complementary approaches to investigate the factors that could drive a widespread
diet change. The first approach answers the question “Which behavioral factors cause the
highest sensitivity in the vegetarian percentage of the global population?”, whereas the second
one addresses, “Which factors are associated with a high spread of vegetarians in the global
population?”

First, we identify the model parameters that contribute most to the variance in model outcome in
each diet composition scenario based on a Global Sensitivity Analysis and Sobol indices.
According to the results for the reference diet composition scenario (Fig. 5), the parameter x0
social norm of the young population (ages 15-44) contributes most to the variance of model
output. This parameter is the inflection point of the logistic function that defines the relationship
between the descriptive social norm (percentage of vegetarians in each demographic group) and
the diet change behavior (Figure A.2). In other words, it represents the spread of vegetarian diet
where the slope of the logistic function that define the social norm effect is steepest, and
consequently the feedback effect is strongest. This finding demonstrates that diet change
behavior is influenced most by a high public responsiveness to initial changes in the vegetarian
population. The difference between the first-order (S1) and total (ST) Sobol indices of x0 social
norm indicates that its interaction with other model parameters causes more variation in the
output. This can be attributed to the amplifying effect of social norms once the diet change
attitude is set with health and climate risk perception.

The second most influential parameter is the self-efficacy multiplier of the females. Self-efficacy
plays a dual role in diet change both on intention and action, and the self-efficacy of females is
assumed to be higher than that of males. Therefore, this finding emphasizes the dual and
conclusive role of self-efficacy once the attitude is set according to risk and social norms. The
parameter in the third rank is normal fraction intended to change diet. This parameter represents
the base fraction of meat-eaters who intend to switch to a vegetarian diet, without the effects of
social norm, risk perception, self-efficacy, and response-efficacy. Both these parameters
contribute more to the variance in interaction with other factors (ST).

The following parameters in the Sobol sensitivity ranking relate to how quickly the young
population responds to health risks (x0 health risk attitude), the extent of responses by the
young population to social norms (L social norm), and the response efficacy of secondary
education graduates. In the socio-psychological modelling framework we use, the young
population is already more inclined to diet change due to a higher susceptibility to social norms
and a higher responsiveness to health risks. Therefore, the high sensitivity of the model to the
parameters representing youth emphasizes the potential of using low hanging fruit as leverage
points for diet change. Regarding the response efficacy, secondary education graduates
constitute the largest demographic group according to educational attainment level. Therefore, a
high sensitivity to this parameter highlights the importance of assuring this large demographic

3 This section is adapted from Eker et al. (2019).
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group about the positive impact of diet change. The factors related to climate risk perception (L
and x0 risk attitude) are ranked after response efficacy in terms of their contribution to variance.

Sobol Sensitivity Indices for Scenario 0
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Fig. 5. Sobol sensitivity indices for the Percentage of Vegetarians in 2050 and 2100 for the reference diet
composition scenario. The figure shows the first-order (S1) and total (ST) Sobol indices of the model inputs, that is,
the contribution to the variance of Percentage of Vegetarians in the model output. The higher the Sobol index, the
larger the variance caused by an input. The model inputs with less than 1% contribution (Sobol index smaller than
0.01) are not displayed in this figure. First order Sobol indices (S1) refer to the individual contribution of a parameter
to the output variance, whereas total Sobol indices (ST) refer to the contribution of a parameter to the output variance
in interaction with all others. The difference between S1 and ST indicates the importance of parameter interactions.
The whiskers show the 95% confidence interval. The parameter ‘x0 social norm [“20-24”]" that defines the rapidness
of the young population’s response to social norms is the most influential, followed by female self-efficacy. The
parameters in high ranks do not differ between 2050 and 2100. The definitions of the parameters can be found in
Appendix Il.
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When the sensitivity indices are calculated in 2100, the top factors remain the same. However,
the sensitivity indices of these top parameters, especially x0 social norm, decline and those of
lower rank parameters, such as the ones related to climate risk perception (L risk attitude) and
social norms among the middle-aged population (L social norm [45-49]), increase. Hence,
contributions to the model output uncertainty from low-ranking factors do increase in the long-
term. Furthermore, the difference between S1 and ST is tapered in the long-term when the diet
shifts approach saturation (Fig. 4a), implying that parameter interactions are not as significant as
before when compared to individual contributions to variance.
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4. Conclusion and Discussion

This paper has demonstrated how system dynamics modelling can assist exploring the pathways
of societal change towards low-carbon lifestyles. The modeling results showed that significant
benefits for climate change mitigation would require substantial and widespread diet shifts.
Such substantial shifts, for instance more than 40% vegetarian population, are observed in a few
simulation cases with optimistic assumptions. Acknowledging the uncertainty in model
parameterization due to lack of data, this study also identified the factors that contribute to the
variance of diet shifts most. Within the specified modelling framework, social norms and self-
efficacy create the highest sensitivity in diet shift behavior, while the parameters that represent
health and climate risk perception are relatively less influential.

The results emphasized the importance of taking demographic heterogeneity into account, since
the young population’s response (ages 15-44) to social norms and self-efficacy of females are
found to be particularly important to steer dietary shifts. In the climate change debate, it has
been scientifically acknowledged that people’s beliefs and actions are formed by the values of
their peer group, not by scientific facts® 3> %, Combined with our findings, this phenomenon
emphasizes the importance and relevance of group dynamics instead of individual actions.
Moreover, recent research suggests that collective-efficacy, which is the belief that one’s group
is capable of achieving change and which is not included in our model, may be a more
important predictor of pro-environmental actions®” %, This implies that system dynamics
modeling, which addresses group dynamics by representing population heterogeneity with a
compartmental approach, is highly suitable and can be very useful to investigate societal
dynamics of lifestyle change.

The finding on the importance of social norms highlights the strong effect of feedbacks. Social
norms create a reinforcing feedback loop that accelerates the adoption of low-carbon lifestyles
as the social transmission loop in Figure 1 shows. Therefore, taking a feedback perspective in

modelling societal dynamics is of utmost importance and this perspective can be facilitated by
system dynamics which is a fundamentally feedback-oriented approach.

The scope of the model presented in this paper is limited to income, social norms, climate and
health risk perception, as well as other psychological factors such as self-efficacy and response
efficacy as the drivers of diet change behavior. Demographic heterogeneity is taken into account
in terms of gender, age, and education level. However, there are several other factors and
different dimensions of heterogeneity. For instance, social and cultural values transmitted by
social interactions?! affects public risk perception. Furthermore, cultural values and traditions
strongly affect eating habits, especially lowering meat consumption®“°, System dynamics
modelling is an inherently interdisciplinary approach that allows representing such “soft”
factors related to values and norms, in addition to easily measurable variables. Therefore, it can
be useful in capturing social and cultural dimension of lifestyle change.

The modelling framework described in this paper integrates prominent theories from
psychology on pro-environmental behavior and from management science on innovation
diffusion. It also exemplifies how demographic heterogeneity can be addressed to model
lifestyle changes. Therefore, the model is generalizable and transferrable to other lifestyle
change domains such as mobility and residential energy consumption. Considering the growing
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call in the research community to explicitly include human behavior in integrated assessment
models* 4243 this study presents an example in the nutrition domain that can easily be adopted
for different lifestyle change domains and that can be connected with integrated assessment
models.

Appendix I: Diet change model*

Psychological framework for diet change

The diet shifts extension to the FeliX Model was based on two complementary theories of
psychology (Fig. 1): The Theory of Planned Behavior (TPB)?® and the Protection Motivation
Theory (PMT)2* 44, Both theories were used extensively to explain how people cope with
personal threats?*, in particular healthy eating behaviors* % and environmental actions to deal
with climate change® 47484950, The TPB and PMT are similar since they are both based on
individual factors, yet they differ, especially since PMT has a specific risk focus*®. We
considered these two theories complementary in this study since they capture different
dimensions of diet change behavior at the individual and social level.

The TPB distinguishes between behavioral intention and actual behavior. This distinction is
important in the pro-environmental behavior context, since intentions often do not yield the
desired impact on environmental factors such as energy use and carbon footprint°2,
Behavioral intentions are formed by perceived behavioral control, or self-efficacy, which refers
to the difficulty of performing a behavior as perceived by the individual; subjective norms,
which refers to individuals’ perception of how widely the behavior is accepted or followed in
society; and attitude towards the behavior, which refers to whether the suggested behavior is
evaluated positively or not.

According to the PMT, actions are determined by people’s threat appraisal and coping appraisal.
Threat appraisal is an individual assessment of the probability and severity of a threat, whereas
coping appraisal refers to the extent to which an individual can and is willing to cope with the
threat. Therefore, the coping appraisal is driven by self-efficacy, response efficacy, i.e. the
belief whether the action will make an impact or not, and response cost, which is the cost of
action in terms of time, finances, effort, etc.

Several empirical studies support the frameworks of the TPB and PMT for environmental
actions and for diet change. For instance, people’s eating behavior is heavily influenced by
social norms, while information about the eating behaviors of similar others or desired groups
has the most powerful influence®. In-group norms and goals determine the environmental
appraisals and actions of individuals in this group®*. Regarding threat appraisal, the perceived
threat of climate events, either to self or others such as impoverished nations, is significant
enough to alter the meat consumption of individuals®. Self-efficacy and response efficacy are
even more significant to influence meat consumption behavior, while response cost has no
substantial effect®. Environmental self-identity is a key indicator of meat consumption,
although the most important factor is income for other environmental impacts such as energy

* From Eker et al. (2019)
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use or carbon footprint®. Supporting the threat appraisal effect, citizens with more experience of
disasters have a greater willingness to pay for climate change mitigation®®.

Demographic factors also play an important role in diet change. Moser and Kleinhtickelkotten 5!
found that gender is the most influential factor on meat consumption, as women have a stronger
environmental self-identity and consume significantly less meat than men. Allé and Loureiro
state that women are more egalitarian than men, and hence more willing to adopt climate change
mitigation actions. Therefore, we aggregated such gender differences in intrinsic, identity-
driven motivation in the self-efficacy multiplier in the model, which represents an individual’s
belief that she can easily take action. Age is an important factor that affects the social
transmission mechanism. As younger people are more susceptible to peer influence®" 8, the
effect of norms on their behavior is higher than the effect on older people.

Model specification

Average consumption
of animal calories per
capita

/* N

Food
demand
Animal calories in Animal calories in
meat-based diet vegetarian diet
+
Agricultural
and land use
emissions Gross World
Product
+ / —
Global Meat-based L+ )+/
temperature Diet Followers | shift from Vegetarians
change vegetarianism to
l Q meat-eating
. -
' . Total
Occurence of Willingness to population
climate events change Response efficacy Shift f"f’m ,
- ———» meat-eating to -/
multiplier . /
vegetarianism
[ v Descriptive
* Climate b Self-efficacy — + social norm
Co=—X—p= eventsin Education multiplier
Perception of memory
climate events + Fraction intended to
Q+ v’ Gender change diet
Forgetting climate . 4
events Perceived .
climate risk |

\ Subjective norm
\\ multiplier
Normal fraction
intended to change
diet

+

B Attitude multiplier
for diet change
+

—_— .
Average red meat + Perceived
consumption health risk

— Age

Figure A. 1: Stock-flow diagram of the dietary change model

The psychological framework was adjusted to a population-level mechanism with a public
segmentation and innovation diffusion approach?: 2%° The two main population segments are
Meat-based Diet Followers, in other words, those who are potential adopters of a vegetarian
diet, and Vegetarians. Figure A.1 visualizes the model structure with these two population
segments, the flows between them, and the drivers of these flows. These two population
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segments are formulated as stock variables accumulating over time. The rate of Shift from
vegetarianism to meat-eating, i.e. the flow from vegetarians to meat-eaters is a fraction of the
Vegetarians, where this fraction is dependent on the Gross World Product (GWP) per capita.
This mechanism represents the global increase in meat consumption, especially in developing
countries, as the income level rises. The function fincomemeat IS Calibrated according to the
historical relation between GWP and meat consumption.

shift from vegetarianismto meat eating = Vegetarians = f, ... - (GWP per Capita) (1)

The shift from meat-eating to a vegetarian diet (Equation 2) represents ‘behavior’ and depends
on the intention as well as response efficacy and self-efficacy (Equation 3). While response
efficacy and self-efficacy are assumed to be exogenous, response cost is excluded from the
model due to its negligible role in diet change®. The behavioral intention, namely Fraction
intended to change diet, is formulated as the multiplication of two factors that represent the
attitude and subjective norms (Equation 4). The multiplicative formulation represents the
amplifying effect of social norms, and the limited scale of attitude-dependent diet change
without a high social norm effect. The Subjective norm multiplier is formulated as a logistic
function of the Descriptive social norm (X«orm), Which is the fraction of Vegetarians in the total
population. This logistic function (Equation 5) captures the phenomenon that the impact of
norms on individuals is relatively low when the ratio of vegetarians in the total population is
low, yet it increases rapidly in response to an increasing ratio of vegetarians and then stabilizes
even though the vegetarian ratio is very high. L, k, and x0 represent the maximum value,
steepness and inflection point of this logistic curve, respectively. Different parameterizations of
this function form (Figure A.2) represent the age effect on the adoption of social norms.

Subjective norm multiplier

4.0 1 —— childhood (0-15)
354 Youth (15-44)

: —— Middle age (45-69)
3.0 — 0OId age (70-100+)
2.5
2.0
1.5
1.0 A
0.5
0.0

0.0 0.5 1.0 1.5 2.0 2.5 3.0

Descriptive norm
(Percentage of vegetarians(t) / Percentage of vegetarians(2010))

Figure A. 2: Subjective norm multiplier as a function of the descriptive norm (ratio of the percentage of
vegetarians to its 2010 value). Age differences are taken into account with the assumption that young people are
more responsive to social norms compared to children and older people

The Attitude multiplier for diet change is the average of climate and health risk multipliers
(Equation 6). Each of these risk-induced attitude multipliers are also formulated as a logistic
function. The Climate risk multiplier is a function of the number of climate events in public

14
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memory, with the assumption that a low number of climate events in the memory do not lead to
a high pro-vegetarianism attitude, yet this attitude increases rapidly as the number of such
events increases. This function form between risk and attitude is shown to create the highest
sensitivity in global temperature change in the context of emission behavior®; hence it was
chosen in this study. Equation 7 denotes the formulation of the climate risk multiplier with the
parameters L, k and x0, which represent the maximum value, steepness and inflection point of
the curve respectively. The variable input of this function, Xcimate, is the ratio of climate events in
memory to its value in 2010 (Equation 8). This normalization with respect to the 2010 values is
to have a common reference point for the calibration of social norm, climate risk, and health risk
effects on diet shift.

Shift frommeat eating tovegetarianism = Meat based diet followers * Shift fraction of meat eaters 2)
Shift fraction of meat eaters = Fractionintended to change diet *
Self efficacy multiplier * (3)
Response efficacy multiplier
Fraction intended to change diet = Normal fractionintended to change diet *
Subjective norm multiplier * 4)
Attitude multiplier for diet change
Lnorm (5)

1 + e knorm*(*norm(©)=x0norm)

Attitude multiplier for diet change = (Climate risk multiplier + Health risk multiplier)/2  (6)

Subjective norm multiplier =

L,
Climate risk multiplier (t) = climate
p ( ) 1+ e_kcllmale*(Xcllma(e(t)_xodlmale) (7)

_ Climateeventsinmemory (t)
~ Climateeventsin memory (2010) (8)

Xclimate (t)

Similarly, the Health risk multiplier is a logistic function of perceived health risk (Equation 9).
Risk perception that triggers healthy eating behavior is most related to the objective health
parameters individuals experience®, such as blood sugar- and cholesterol levels. At the
population level, the annual number of deaths attributed to red meat consumption is considered
a proxy for perceived health risk (Equation 10). Moreover, death rates related to red meat also
trigger a more widespread communication, reinforcing its role as a proxy for the perceived
health risk. In the model, the number of deaths attributed to high red meat consumption was
formulated endogenously as a function of the cumulative red meat consumption of the meat-
based diet followers, not the entire population. The choice to consider cumulative red meat
consumption instead of annual consumption was to include the effects of long-term
consumption. This function was calibrated in a linear form for the age cohorts between 25 and
44, and in a logistic form for the other cohorts, following the data patterns in the period 1990-
2017 reported by the Global Burden of Disease Study®:.

Lhealth 9
1+ e_kheal(h *(Xhealm (t)~XOheartn ) ( )

Health risk multiplier (t) =

_ Deathsrelated tored meat(t)
" Deathsrelated to red meat (2010)

Xhealth (t )

(10)
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Further explanation of model specification can be found in Supplementary Methods of Eker et
a. (2019), which particularly explain
¢ how demographic heterogeneity is included in the model,
e compositions of different diet types and how the global food demand is calculated based
on them,
e how extreme climate events and the public memory of them is modelled.

Parameterization and validation

This model of diet shift mechanisms heavily depends on the global number of vegetarians and
meat-based diet followers, as well as on socio-psychological parameters that cannot be
quantified straightforwardly. However, data availability about the global vegetarian population
or similar demographic factors is considerably limited. The literature, if available, provides
quantitative measures on an ordinal scale for the socio-psychological parameters, yet they do
not precisely correspond to the model definitions. For instance, the relative contribution of self-
efficacy, response-efficacy, and risk perception to diet change behavior can be inferred*® ¢,
However, for the social norm, climate risk, and health risk multipliers, only the function forms®
and the difference between age and education groups could be qualitatively estimated.

Therefore, we quantified the model in three complementary ways: (i) Initialization based on the
estimate that there were approximately 1.5 billion (21.5%) vegetarians in the world in 2010
(ii) calibration of behavioral parameters according to the historical consumption of various food
categories, and according to a reference simulation with an increasing vegetarian population due
to increasing awareness in the western world, and (iii) empirical studies that indicate the relative
values of the psychological parameters (e.g., the self-efficacy of women and men). In other
words, we found the parameter values that minimize the difference between the historical data
and model values of food consumption in step (ii). In step (iii), we checked if the relative
calibrated values coincide with the qualitative information in the literature and re-iterated the
calibration if not.

The parameter values obtained from the calibration procedure, however, are still highly
uncertain, because they are calibrated according to variables that they are not directly linked to,
and because multiple sets of parameter combinations could match the historical data. This is the
reason for following an uncertainty-focused approach in this study rather than providing best-
estimate projections, for using the model to explore various assumptions and for identifying the
most influential of these uncertain parameters.

The approaches to and perspectives on validation differ across different modelling fields®2. In
this study, we used a combination of validation approaches from management science®, and
employed a historical data comparison for the food and land use sector, as well as expert
reviews about psychological mechanisms. In particular, we compared the model output to
historical data on Agricultural Land, Forest Land and Food Supply, which are directly affected
by the food demand induced by diet shifts. We also cross-validate the model with the output of
an established land use model, the Global Biosphere Management Model (GLOBIOM)®.
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Appendix Il: The reference values of the model inputs and their
uncertainty ranges used in sensitivity simulations

Uncertainties Description eReferenc Min | Max
Response efficacy 08 04 12
multiplier[noEd] The parameter that represents the effect of ' ' '
Response efficacy response efficacy as a relative/fractional 09 0.45 135
multiplier[primary] multiplier on the diet shift. It is dependent on ) ) )
Response efficacy the education level, therefore specified for 1 05 15
multiplier[secondary] the four education segments of the ' '
Response efficacy population.
multiplier[tertiary] 1.2 0.6 18
. L The parameter that represents the effect of
Self efficacy multiplier[male] self efficacy as a relative multiplier on the 08 04 12
diet shift. It is dependent on gender, i.e.
Self efficacy multiplier[female] | higher for females, hence specified for the 1.2 0.6 1.8
two demographic groups.
L risk attitude The parameters that define the function 2 1 3
- - between the perceived proportional climate
K risk attitude risk (x) and attitude towards diet change 3 15 45
. . (Supplementary Figure 3). The function
X0 risk attitude Lo 1 0.5 15
formulation is ———-.
1+e 0
L social norm["10-14"] 2.8 1.4 4.2
k social norm["10-14"] 5 2.5 7.5
X0 social norm["10-14"] The parameters that define the function 116 058 174
between the percentage of vegetarians with
L social norm["'20-24"] respect to its 2010 value (x) and the social 4 2 6
K social norm[*20-24"] norm mul_tlpller (Supp_lem_entary Figure 2). 6 3 9
- . - The function formulation is ———=—=. The
X0 social norm{"20-24] influence of social norms depends on age, 1.27 0.635 | 1.905
L social norm["45-49"] therefore this function is defined for 4 age 2 1 3
. W AE_AQ" groups, being childhood, youth, middle age
k social norm("45-49°] and old age. The population cohort “10-14” 2 ! 3
X0 social norm["45-49"] is for the childhood group, “20-24” is for the 1 0.5 15
. van.aa" youth, “45-49” is for middle age, and “80-
L social norm["80-84"] 847 is for the old age. 1.9 0.95 2.85
k social norm["80-84"] 1 0.5 15
X0 social norm["'80-84"] 1.22 0.61 1.83
L A reference value for the fraction of meat-
Normal ffa"“"” intended to based diet followers who intend to change 0.003 0.001 0.0045
change diet N 5
their diet.
Time to forget climate events The average duratl_on (years) climate events 2 1 3
remain in the public memory.
Climate Risk Perception
Delay[noEd] 10 5 o
Climate Risk Perception The average number of years it takes to
. ) 4 8 4 12
Delay[primary] perceive the observed climate events as
Climate Risk Perception future risks. This perception depends on the 5 95 75
Delay[secondary] education level. ‘ '
Climate Risk Perception
Delay[tertiary] 3 15 45
L health risk attitude["25-29"] The parameters that define the function 2.5 7.5
- : . . between the health risk with respect to its
L health risk attitude["45-49"] 2010 value (x) and the health risk multiplier 4 2 6
L health risk attitude["80-84"] (Supplementary Figure 4). The function 25 1.25 3.75
k health risk attitude["25-29"] | formulation is ———=. Health risk is a 6 3 9
K health risk attitude["45-4g~] | Factor only for the ages above 25. The 35 175 | 525
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: - nan.QA" population cohort “25-29” is for the youth
k health risk attitude[""80-84"] (25-44), “45-49" is for middle age (45-69), 2 1 3
X0 health risk attitude["25-29"] | and “80-84” is for the old age (70-100+). 1 0.5 1.5
X0 health risk attitude["45-49"] 15 0.75 2.25
X0 health risk attitude["'80-84"] 1 0.5 15
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