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Abstract: Public knowledge about the differences in greenhouse gas emissions caused by the pro-
duction and transportation of different kinds of food are generally low. People with an interest in
choosing food with low greenhouse gas emissions must therefore either increase this “food carbon
literacy” or be provided with such information when they decide what food to buy. Research about
this specific kind of food literacy is, however, scarce, lacking both well-defined terminology and
interventions attempting to increase food carbon literacy. In this paper we provide a framework
for future research in the area by defining “food carbon literacy”, serving as a starting point for
categorizing, comparing, and generalizing future research findings. Drawing on previous work on
other kinds of literacies, we distinguish between (1) food carbon literacy, (2) food product carbon
literacy, (3) food handling carbon literacy, and (4) financial food carbon literacy. We have furthermore
developed and tested a digital behavior change intervention in the form of a digital grocery list
used on mobile phones. The list works as other digital grocery shopping lists, but also displays
the CO2e footprint of the food added to the list, thereby enabling the user to change products at
the planning stage and increase their food carbon literacy. It was tested on a group of 38 people
for a duration of 2 weeks. The goals of the pilot study were to investigate quantitatively whether
such a tool would increase food carbon literacy, and to investigate qualitatively how such a tool
could be used and designed. The results show a strong increase in food carbon literacy for food the
respondents had added to their grocery lists, but also for food that had not been added to their lists,
indicating a generalization of the knowledge. Finally, we provide implications for the design of such
systems, based on the qualitative evaluation.

Keywords: sustainable HCI; food carbon literacy; food literacy; carbon literacy; sustainability literacy;
environmental literacy; interaction design; behavior change; digital behavior change interventions;
climate change

1. Introduction

Climate change is an increasingly important topic, affecting most aspects of our daily
lives. According to the Intergovernmental Panel on Climate Change (IPCC), anthropogenic
greenhouse gas (GHG) emissions must start to decrease by the year 2025, at which point
rapid and deep GHG emission reductions are needed for humanity to limit global warming
to 1.5 ◦C or even to 2 ◦C [1]. One of the major contributors to GHG emissions is the
global food system, which accounts for around 30% of total emissions [2]. Although there
are several ways to reduce GHG emissions from the food system, such as reducing food
waste [3], reducing the use of fossil fuel in agriculture, and reducing emissions from the
transportation of food [4], one important possibility is to change what we actually choose
to eat, and to substitute a high-GHG emission diet and high-GHG emission products with
a low-GHG emission diet and low-GHG emission products [5–8]. The emissions reduced
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by switching to a low-GHG diet are often directly related to the energy used in producing
and transporting the food, and therefore such a change in diets would also benefit the
energy system as a whole [4]. Furthermore, changing diets or choosing different products
is also something that is within the control of the individual consumer, whereas changing
the global production system and transportation system for food is almost impossible for
the individual consumer.

The potential for reducing GHG emissions by switching to a low-GHG diet is sub-
stantial. In a systematic review, the conclusion was that by switching to more sustainable
diet patterns, reductions in greenhouse gas emissions from the food system could be as
high as 70–80%, with medians of about 20–30% [9]. Although many consumers have heard
general recommendations to reduce GHG emissions from food, such as “eat less meat”,
more specific knowledge about which specific products should be avoided is generally
low [10,11]. This includes differences between food categories such as exotic fruit and meat,
differences within food categories such as ruminants and chicken in the meat category, and
differences for specific products depending on how the food has been produced and trans-
ported, such as a non-organic avocado grown in Spain vs. an organic avocado grown in
Mexico [12]. Exemplifying these differences in a review about the environmental impact of
food, the median GHG emissions was 0.7 kg CO2e/kg of product for plant-based products
but the same for meat-based products was 22.4 kg CO2e/kg; the median for poultry meat
was 7.5 kg CO2e/kg, but for beef herd bovine meat it was 60.0 kg CO2e/kg, and finally
the 10th percentile of beef herd bovine meat was 40.4 kg CO2e/kg but the 90th percentile
was 209.9 kg CO2e/kg [12]. Thus, if consumers had more specific knowledge about what
to change in their diet, rather than general advice such as “eat less meat”, there is a high
potential of achieving higher reductions in GHG emissions while requiring fewer dietary
changes. In this study we will develop and evaluate a digital tool to increase this kind
of knowledge.

However, changing what one eats to a more low-GHG diet is not an easy task because
it involves changing deeply-rooted behaviors and practices. In this paper, we have used
a behavior change framework and method called “The Behavior Change Wheel” [13] (BCW,
described in the section “Theory and Previous Work”) to design an intervention aimed
at supporting people who want to switch to a more low-GHG diet. The intervention is
a digital grocery list that displays the estimated CO2e emissions of food products added to
the list, where the general goal is to increase food product carbon literacy, which is defined in
this paper. In this paper, we describe how we have designed the prototype using the BCW
framework and motivate how this can support the target behavior of buying and eating
food products with lower GHG emissions. This paper aims to:

1. Provide a definition and framework of different kinds of food literacy related to
greenhouse gas emissions

2. Quantitatively evaluate to what extent a digital grocery list displaying the estimated
CO2e emissions of food products leads to increased food product carbon literacy

3. Quantitatively evaluate whether possible knowledge gains are expanded beyond the
actual products exposed to the user via the digital grocery list

4. Qualitatively evaluate the system to provide “implications for design” for future
designs of similar systems.

2. Food Carbon Literacy

In this paper, we will provide a framework for food literacy related to greenhouse gas
emission and introduce the term “food carbon literacy”. We will define it based in part on
three other “literacies” used for related topics: food literacy, household energy literacy, and
carbon literacy.

The term “food literacy” is widely used but has different meanings. The most
widespread definition is provided by Vidgen, namely, “ . . . the scaffolding that empowers
individuals, households, communities or nations to protect diet quality through change
and strengthen dietary resilience over time. It is composed of a collection of inter-related



Sustainability 2022, 14, 12442 3 of 16

knowledge, skills, and behaviors required to plan, manage, select, prepare, and eat food
to meet needs and determine intake.” This is then simplified to mean “the tools needed
for a healthy lifelong relationship with food.” [14]. In a more comprehensive review of the
term, a total of 51 definitions of food literacy were found [15]. Out of six different themes,
one theme (food systems) also included an environmental aspect. However, none of the
definitions included specific mentions of climate or climate change.

In the energy field, “household energy literacy” has been used in several studies,
where van den Broek has identified four different kinds of household energy literacy [16]:

1. Device energy literacy is described in that it “ . . . reflects people’s knowledge of the
energy consumption of domestic appliances. This energy literacy therefore involves
a semi-objective evaluation of people’s ability to report the correct kWh for household
devices or estimate the energy use of a device relative to other devices.”

2. Action energy literacy is described as “ . . . focus[ing] on people’s perception of actions
to save energy in one’s home. Householders who have high levels of action energy
literacy know what type of energy saving behavior will result in the highest energy
saving output.”

3. Financial energy literacy is described as “ . . . the ability to judge the financial impact of
energy consumption with a focus on the financial savings of energy-saving investments.”

4. Finally, multifaceted energy literacy is described to be “ . . . made up of device energy
literacy, action energy literacy, financial energy literacy as well as more general knowl-
edge about energy compared to the previous types of energy literacy. It also includes
energy attitudes, values, and even energy-related behavior itself.”

The third kind of literacy we have been inspired by is carbon literacy, a term that has
emerged in recent years. Howell provides a definition as “ . . . an individual’s ability to
obtain, understand, and evaluate the relevant information necessary to make decisions
with an awareness of the likely consequences regarding greenhouse gas emissions.” [17]

2.1. Definition of Food Carbon Literacy

Based on these three literacies, we propose the term “food carbon literacy” as a new
kind of literacy and framework for categorizing, comparing, and generalizing future
research findings. It can be seen either as a sub-component of the broader term “food
literacy” or as a sub-component of the broader term “carbon literacy”. Based on the
definitions of the four different kinds of household energy literacy described above, we
propose the following definitions for “food carbon literacy”.

• Food carbon literacy is made up of the three subcomponents food product carbon literacy,
food handling carbon literacy, and financial food carbon literacy described below, as well as
more general knowledge about greenhouse gas emissions caused by the food system.
It also includes attitudes, values, and behaviors related to greenhouse gas emissions
related to the food system and food-related practices.

• Food product carbon literacy reflects people’s knowledge of the greenhouse gas emissions
of different food products in relation to other food products and in relation to non-
food related emissions. This literacy therefore involves a semi-objective evaluation of
people’s ability to report the correct GHG emissions for food products or estimate the
GHG emissions of food products relative to other food products and other non-food
related activities.

• Food handling carbon literacy reflects people’s knowledge of the greenhouse gas emis-
sions related to the handling of food products, such as transportation from the su-
permarket, cooking, storing, and food waste. Individuals who have high levels of
food handling carbon literacy know what type of GHG emissions will result from
different phases of food handling relative to other phases of food handling and to
other non-food related activities.

• Financial food carbon literacy is the ability to judge the financial impact of choosing food
which satisfies nutritional needs and has low GHG emissions, and the ability to choose
cheap and low-GHG emission food that satisfies nutritional needs.
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2.2. Combining Food Literacy and Food Carbon Literacy—Choice of Functional Unit

One problem discussed in research about food and sustainability is which functional
unit should be used [18], which has an impact on what is considered “good” and therefore
has an impact on food product carbon literacy. The most common functional unit found
in Life Cycle Assessments (LCA) studies for GHG emissions and food is “kg of product”
giving the measure “kg CO2e /kg product”, which is also used in this study. However, that
is problematic, because it does not take into account the nutritional content of the food, and
arguably the “function” of food is not the weight of the food but its properties in allowing
us to live a healthy life. The nutritional content of food is also a central part of food literacy.
For example, from a strict perspective of reducing CO2e emissions from food, the “optimal
diet” would be to only consume rapeseed oil, where extremely low levels of CO2e would
be emitted for the number of calories you need per day, but which would obviously be
an extremely unhealthy diet.

To exemplify this further, one of the problems is that some food products contain high
amounts of water (such as carrots, with 90% water content) whereas others contain little
water when bought, but water is added during cooking. For example, pasta is usually
bought in dry form with around 10% water content but increases in weight almost by
a factor of three when water is added when it is cooked, up to around 70% water content.
The CO2e emissions for pasta shown in various databases is in dry form, but a fairer CO2e
value would be to divide the value in the databases by 3 because that would make it
comparable to other similar products where water is already in the product when bought,
such as in fruit, vegetables, and potatoes. Cheese is another example, in that it usually has
a high GHG footprint when expressed as “kg CO2e/kg product”, but cheese is (somewhat
simplified) milk where water has been removed. Cheese could therefore be perceived as
much worse than it really is only defined by CO2e/kg of product.

Another functional unit that can be used is the caloric content of food, giving the
measure “kg CO2e/calorie”. This can arguably be a better unit of measure because we
usually eat a relatively constant number of calories per time unit. However, drawing this
to extreme values shows problems with this functional unit as well, where food products
with a very high caloric content such as palm oil will result in low (“good”) values, and
food with low caloric content such as fruit and vegetables will result in high (“bad”) values,
which is in opposition to current nutrient guidelines.

One way to get a more balanced nutritional score is to use a combined measure, such
as “nutrient rich food index” (NRF11.3) that combines scores for 11 healthy nutrients and
3 unhealthy nutrients, but these indices have other problems [18,19]. One problem is
whether some nutrients should be considered more important than others and, if so, how
this should be calculated. Another problem is that NRF11.3 can have zero or negative values
if there are high scores for unhealthy nutrients and low scores for healthy nutrients. This
means that the measure CO2e /NRF11.3 would approach infinity when the NRF11.3 score
approaches zero and turn to negative values when the NRF11.3 score is negative. Finally,
the availability of detailed nutritional data about food is limited, making the calculation of
such indices for food products difficult [20].

From an academic and scientific point of view, these discussions about functional
units to measure the “goodness” of food are very relevant [20], but from a literacy point
of view, they make matters quite complicated for the average, moderately-interested user.
The measure “kg CO2e/kg product” has the distinct advantage of being very easy to
comprehend, in that a user can immediately get an impression of the amounts of CO2e that
are the result of a food product. Our recommendation is therefore to continue to use the
measure “kg CO2e/kg product” despite its weaknesses, and to leave communication of the
nutritional value of food as a separate area of food literacy, for example by using separate
nutritional labels.
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3. Theory and Previous Work

Designing a digital behavior change intervention benefits from a structured approach
grounded in behavioral science [13]. However, as shown in a review on digital behavior
change interventions for more sustainable food consumption, this is rarely the case in this
area, where the designed systems often lack theoretical grounding or a clear discussion
of how or why they should be effective [21]. Therefore, in this study we have grounded
the design of the intervention and system using the framework of “The Behavior Change
Wheel” and the behavior change technique taxonomy v1.1. [13,22].

3.1. The Behavior Change Wheel and Behavior Change Technique Taxonomy

The behavior change wheel is a framework used both for designing and characterizing
behavior change interventions. It is based on a synthesis of 19 different behavior change
frameworks from different disciplines [13]. This framework outlines a multi-step method
for designing behavior change interventions. We have used a subset of the steps, starting
with defining the problem in behavioral terms, selecting, and specifying the target behavior, identi-
fying what needs to change, identifying behavior change techniques and finally identifying mode
of delivery. The behavior change techniques are categorized using The behavior change
technique taxonomy, which contains 16 clusters of behavior change techniques divided
into a total of 93 distinct behavior change techniques [22].

There are several reasons for using these frameworks. Michie [13] argues that from
a design perspective they give a firm theoretical grounding for how to rationally choose
the most appropriate approaches from a full range of options. As pointed out, this is often
not the case, and in research it is instead common for interventions to be based on common
sense models of behavior [13,23]. From the perspective of building new knowledge, it is
important to have a consistent and well-defined terminology when reporting results from
interventions, which makes it easier both to find studies of a particular kind of intervention
and to compare the effectiveness of different kinds of interventions under different kinds
of circumstances [13,23].

3.2. Previous Work on Digital Behavior Change Interventions for Food Carbon Literacy

Some earlier works have investigated how to use digital technologies to support con-
sumers in choosing food with lower greenhouse gas emissions. One approach has been to
make post-purchase calculations on greenhouse gas emissions from food purchases [19,24–26].
Data collection has either involved scanning barcodes of food product purchases [19,24], or
extracting purchase data from receipts [25], and then mapping these products in databases
of greenhouse gas emissions from food and presenting it to users in an app or on a web page.
Post-purchase feedback regarding organic food purchases have also been investigated,
where feedback was integrated into the supermarket chain’s customer database [27–29]
and presented via a web portal.

Although post-purchase feedback can offer good insights into personal food-related
emissions, the feedback comes after the purchases already have been made and it is not
possible to change the purchase in question. It would be better if the feedback could be
given when there is still time to change the purchases. Furthermore, post-purchase feedback
requires relatively high levels of interest to maintain for an extended period of time. Earlier
work in human–computer interaction (HCI) and sustainability has criticized this image of
the engaged, data-centric user [30], and it would be desirable to design solutions that are
better integrated into daily practices and become a natural part of everyday life.

One study looks at pre-purchase feedback, where a web plugin scans web-based
recipes for ingredients and calculates carbon emissions from these [31]. This is better than
post-purchase feedback because there are still possibilities of changing plans regarding
what to eat, but a problem in the study was that few users based their meals on online
recipes, thereby making the system less useful.
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However, to our knowledge there have been no studies exploring the possibility of
getting feedback while planning grocery purchases using a digital grocery list, which is
what we aim to do in this study, as discussed further in the next section.

4. System Design

The design of the intervention loosely followed the steps of the behavior change wheel
framework. The initial steps are to identify the problem in behavioral terms, selecting
the target behavior and identifying what needs to change. At the start of this project, we
decided that the problem expressed in behavioral terms is that we want consumers to buy
food with low-GHG emissions rather than food with high-GHG emissions. In order to do
this, we needed a suitable dataset of what constitutes low- and high-GHG emission food.

The dataset of GHG emissions from food we chose for use in this study was the
LCAFDB database [32], developed during an earlier project. In this database, our research
group has collected life cycle data about greenhouse gas emissions from various scientific
and grey sources. The reasons for choosing this database were that (1) it is completely free
to use and has an API we were used to working with; (2) it has a crowd-sourced synonym
function which allows several different names or spellings of products entered by users
to be mapped to the correct food in the database; and (3) the data was mainly collected in
a Swedish context which generally gives more accurate data than global averages would
have provided [20]. However, it also set some limits to what we could do. Using the
hierarchical categorization of food presented by Hedin in [20], the database only had data
on the ‘product-type level’ (i.e., “Spaghetti”) and not on the ‘product level’ (i.e. “Barilla
Spaghetti, 500 g”). This gave the limitation that the intervention could not be aimed
at choosing between products of the same product type with different GHG emissions
(i.e., “Barilla Spaghetti, 500 g” vs “Nestlé Penne, 500 g”), but choices instead had to be
made on the product-type level (i.e., “Pasta” vs “Rice”). This limitation will be discussed in
the discussion section of this paper.

Continuing the analysis, we decided that the target group of this intervention would
be people who already had an interest in reducing their greenhouse gas emissions from
food but lacked knowledge regarding which products were suitable to choose from. This
corresponds to a need to increase ‘psychological capability’ in the BCW framework. It was
decided that a suitable point of intervention would be the planning phase, corresponding
to the point at which a household plans what meals to cook and what food products are
needed to cook that food. As mentioned above, a previous study had investigated the
use of a plugin to a web browser that could calculate the emissions on a product level
of digital recipes published on the web [31]. However, one result from that study was
that few participants used digital recipes, and therefore were seldom exposed to the GHG
emissions caused by the recipe’s ingredients. Therefore, we decided to instead target the
grocery shopping lists many use where ingredients are added, and when it is still possible
to either choose a replacement ingredient for the recipe or choose another recipe altogether.
A grocery list was also suitable for the data we had available, since entries on a grocery list
are generally on the product-type level, as discussed above. Completing the BCW analysis
we defined which behavior change techniques the intervention would use and motivations
for these changes, as described in Table 1.

Table 1. Behavior change techniques used in the intervention.

BCT Taxonomy Category Explanation

1.4 Action planning
By using a digital grocery list, the user plans which food

products to buy in order to get low-GHG emissions at the same
time they are planning what to eat.
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Table 1. Cont.

BCT Taxonomy Category Explanation

2.7 Feedback on outcomes of behavior

The user gets instant feedback on the GHG emissions of the
products they are planning to buy, expressed either directly as
CO2e emissions or by some corresponding unit, such as “km of
driving a car” (see below). This instant feedback at the planning
stage provides the possibility to act and change products, which
in turn provides a learning opportunity, increasing food product

carbon literacy.

4.1 Instruction on how to perform the behavior

Repeated exposure to the GHG emissions of products can lead
to a learning experience, where food product carbon literacy is

increased. This enables the user to choose low-GHG food
products even without the list, and possibly to generalize

knowledge, such as knowledge on broader categories such as
“fruit”, “vegetables”, or “meat”.

5.2 Salience of consequences

Some food products, such as ruminant meat, will have a much
higher emission profile than most other products. This can
cause a surprise effect which results in a more memorable

experience, leading to increased food product carbon literacy.

5.3 Information about social and environmental consequences The GHG emissions shown are an indicator of the
environmental consequences.

7.1 Prompts/cues The automatic display of the GHG emissions is a prompt to
choose food products with lower emissions.

12.5 Adding (digital) objects to the environment
The digital grocery list replaces other grocery lists, thereby

facilitating exposure to information about the GHG emissions of
the food products

Design of the User Interface

The grocery list was developed as a web application adapted for mobile phones. After
logging into an account, the user was exposed to a view with three parts.

The first part was a search function, where the user could start writing the name of
a product to be added to the list. The search function listed all entries in the databases, where
the entered string was matched to all products in the database containing a corresponding
substring, thereby minimizing the risk of entering a string not matched to a product in the
database (e.g., “Apple” vs “Apples”). However, it was also possible to add products not
found in the database because all possible products are not in the database, and a grocery
list requires this possibility in order to be useful.

The second part was the main view, where all items on the list were shown along with
the corresponding GHG emission. Parts one and two are shown in Figure 1.

The third part was a unit converter, where the user could choose in what unit the
emissions were expressed. Earlier research discusses the problem that units such as kWh
or kg CO2e are very abstract to most people, and it could be better to express such units
as other more relatable activities or actions [33–35]. In this case, CO2e was the default
choice, but it was also possible to choose units such as number of km that could be driven
using a standard car or on the metro, hours of watching TV or using a laptop using a
standard energy mix, number of charges of mobile phones, or number of beers, as shown
in Figure 2.
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Figure 1. The main view of the grocery list.

Figure 2. The choice of comparison.

5. Materials and Methods

After developing the prototype, it was tested on actual users in a pilot study. The
criteria for participation in the study was to be the person in the household who managed
most of the household’s food purchases, to normally use a grocery list while buying
groceries, owning a smartphone, and agreeing to share their grocery lists for the purpose
of this study. The participants in the study were recruited from two groups. The first group
was comprised of participants in a Swedish Facebook group with a name translated as
“more environmentally-friendly everyday life”. The group had 15,500 members. A request
for participation in the study was posted, and 22 members applied to sign up, of which
13 met the requirements and 3 completed the study. The second group was comprised of
students from an engineering program who, as part of another course, were required to
participate in a number of research studies. Participation was voluntary and consent was
obtained, but if the students chose not to participate, they would have to participate in
another study or do an extra assignment. Of the 200 students participating in the course,
course management chose 36 students who matched the criteria for participation, all of
whom agreed to participate in the study.
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The participants started by answering a questionnaire where they estimated the carbon
footprint of a number of products. Participants were provided with values for the median,
maximum, and minimum values in the dataset in order to have some reference points as to
what reasonable values could be.

Next, during a period of two weeks, the participants used the digital grocery list to
plan their grocery purchases. After each purchase they submitted the items on the list
to researchers before deleting them, and also submitted a form indicating whether they
had changed any products on list due to their GHG emissions. After the test period, the
participants answered the same carbon footprint questionnaire that was used before the
study, and also answered in free text form about possible reasons for not changing items on
the list, as well as general experiences regarding the design of the system.

The analysis of the questionnaires was done using a similar method as Hedin and
Zapico [35] where the ‘correctness’ of an answer was determined by a quotient of the
correct answer and the respondent answer. An answer 10 times higher than the correct
value was seen as equally good/bad as an answer 10 times lower than the correct value. To
make the results comparable, the formula used to calculate the quotient if the respondent
answer was lower than the correct answer was

x =
respondent answer

correct answer

If the respondent answer was instead higher than the correct answer, the formula was

x =
correct answer

respondent answer

This resulted in values of x between 0 and 1, where the closer the value was to 1, the
more correct the answer was. The resulting distributions were tested for normality using
the Anderson–Darling normality test, and were found to be roughly normally distributed
and, therefore, paired t-tests could be used for analysis. Separate analyses were done for
food products to which the participant had been exposed, and to food products to which
the participant had not been exposed, in order to examine whether the participants had
generalized possible learning beyond the products they had been exposed to. Effect sizes
were calculated using Cohen’s D [36].

The question in the final questionnaire about possible reasons for not changing items
in the list was analyzed using inductive thematic analysis, broadly following the 6-step
method described by Browne and Clarke [37]. Two of the authors of this paper did an initial
thematical analysis, which was then discussed and agreed upon with the main author. It
should be noted that even though the number of occurrences for each theme is reported,
the purpose of such an analysis is not quantitative but qualitative, and therefore measures
such as inter-coder reliability are not relevant.

6. Results

A total of 27 of the 36 participants from the student group who started the test
completed all parts of it. Only 3 of the 13 participants from the Facebook group completed
it and provided valid data. Reasons for excluding the remaining participants included not
answering the questionnaires at all, not using the app, or providing answers that were
obviously not serious attempts to answer correctly.

The users reported a total of 103 lists. The average number of products types each
user was exposed to during the entire test period was 20.7, with a standard deviation of
11.1. A total of 820 individual products were added, distributed over 282 product types,
with “milk” being the most commonly-added product type, with 31 occurrences.
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6.1. Results from GHG Emission Questions, All Product types

The 30 participants who completed the study provided a total of 730 answers to the
questionnaires where GHG emissions from food product types were estimated. In the
pre-questionnaire, the median answers were incorrect by a factor of 3.4 (i.e., the value of x
in the calculation in the method chapter was 0.29). In the post-questionnaire, the results
had improved, and the median value of the answers was incorrect by a factor of 2.2 (i.e., the
value of x in the calculation in the methods chapter improved to 0.445). A two-tailed paired
t-test showed that the changes were statistically significant (p < 0.0001), and the change
was large, with an effect sized (calculated using Cohen’s D) of 1.087.

6.2. Results from GHG Emission Questions, Only Exposed Product types

When including only the answers for product types, the participants had been ex-
posed to (product types they had added to their lists), 143 answers remained. In the
pre-questionnaire the median answers for these were incorrect by a factor of 4 (i.e., the
value of x in the calculation in the method chapter was 0.25). In the post-questionnaire the
results had improved, and the median value for the answers was incorrect by a factor of
2.2 (i.e., the value of x in the calculation in the method chapter was 0.445). A two-tailed
paired t-test showed that the changes were statistically significant (p < 0.0001), and the
change was large, with an effect size (calculated using Cohen’s D) of 1.16. The effect size
was slightly higher here than when combining the calculations for all product types, as
could be expected.

6.3. Results from GHG Emission Questions, Only Non-exposed Product types

When including the answers for product types, the participants had not been exposed
to (product types they had not added to their lists), 617 answers remained. In the pre-
questionnaire the median answers for these were incorrect by a factor of 3.39 (i.e., the value
of x in the calculation in the method chapter was 0.295). In the post-questionnaire, the
results had improved and the median value for the answers was incorrect by a factor of
2.33 (i.e., the value of x in the calculation in the method chapter was 0.43). A two-tailed
paired t-test showed that the changes were statistically significant (p < 0.0001), and the
change was large, with an effect size (calculated using Cohen’s D) of 0.93. The effect size
was lower than when combining calculations for all products, as could be expected, but
was still an exceptionally high result.

6.4. Reasons for Not Replacing Product Types with Low-GHG Product Types

Only 6 of the participants reported replacing an item added to the list due to its high
GHG emissions. The final questionnaire provided an opportunity to describe reasons for
not replacing items. A total of 35 different reasons were provided, which after thematic
analysis were placed into the categories shown in Table 2. These are not meant to present
a complete or representative picture of all possible reasons, but rather to serve as starting
points for discussions.

Table 2. Reasons for not changing products.

Reason Number Example

Already-low GHG footprint 7

“I eat mostly vegetarian and feel that I already buy very few products
with a high carbon footprint"
“Nothing I was going to buy had such a high carbon footprint, so there
was no reason to replace anything”

Difficult to find suitable substitutes 6

“I did not know what to take instead.”
“Because I still needed that item and was not provided with
an alternative that I could take instead that has lower
carbon emissions”
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Table 2. Cont.

Reason Number Example

Lack of time 5

“The dinner recipe was ready, so it felt harder to decide on a new dish.
Maybe because I was hungry and wanted to come home for the day
when I shopped. Had I had time for myself, maybe I would have
acted differently.”
“Because you have sometimes planned to buy things to cook a special
dish, for example, and cannot find alternatives with a lower
carbon footprint.”
“I do not have the time in my everyday life to change my lifestyle. But I
have become a little more aware of how different products relate to
each other.”

Hard to determine if a footprint was high 4
“Mainly because I do not get a sense of how big my impact on the
environment actually is via a figure of the number of kg of emissions.”
“Had a hard time relating how much was ‘a lot’”

Problems with the app 3

“There was [also] no quantity stated on the goods, so if I bought, say
2 kg of chicken fillet, the same emissions were stated as if I were to buy
1 kg. Country of origin was also not something you could choose, and
thus I became a little less motivated to make good
choices, unfortunately”

Price 2 “I’m a student, I buy what’s cheap.”

Nutrition or diet reasons 1 “I am careful about what I eat nutritionally.”

Others 7

“For me, it was more thought provoking to see the carbon footprint of
different products, but not quite enough to make me give up the
product. However, I would think twice if I needed to buy the same
item again. Another reason was that I had already mentally decided to
buy these goods and therefore did not exchange them, but only took in
the information about the carbon footprint. It is difficult to break
a pattern.”

7. Discussion
7.1. The Statistical Results

The statistical analysis showed that there was a significant and large learning effect,
both for products the users had been exposed to, and for products they had not been
exposed to. The effect sizes of 1.087, 1.16, and 0.93 are all clearly above the 0.8 that Cohen in
his original paper considers to be a “large” effect [36]. In a learning context, Hattie suggests
that an effect size larger than 0.6 should be considered large when evaluating innovative
methods with the purpose of spreading knowledge [38].

What is especially interesting is the large effect size of 0.93 for the products the
participants never even saw in the system. One possible explanation to this is that the
knowledge gained of exposed products was generalized to more general knowledge for
similar products, an indication of increased food product carbon literacy.

It should be noted that this effect was measured directly after the study, and no long-
term follow-up was made. Previous studies in similar areas have shown that the effect
declines after a longer period of time, but that the effect does not disappear altogether [35].

7.2. Suggestions for Future Systems

Of the reasons for not changing products described in Table 2, a few are related to
food product carbon literacy and could be addressed in future systems.

The first of these reasons was the theme “difficult to find suitable substitutes”, which
is a something future systems could address. In a small follow-up project [39], this was
addressed and a prototype (shown in Figure 3) was developed. The results showed that
such a feature was appreciated, but also showed it is not always easy to determine what
a suitable substitute is, both due to personal preferences and because food products can
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serve different purposes in different contexts. For example, cucumbers can be a good
replacement for tomatoes if used on a sandwich, but useless if you want to cook tomato
soup. One idea could be to crowdsource this kind of data in a similar way as food synonyms
were crowdsourced in the LCAFDB database [32]. Another easier way to address this could
be to supply alternatives not between product categories (i.e. change pasta to potatoes), but
within a product level [20] (i.e. change “Barilla Spaghetti, 500 g” to “Nestlé Spaghetti, 500 g”).
Then, instead of showing a generic average value for Pasta, a range of values could be
shown (i.e., “0.2–0.8 kg CO2e /kg product”) where a user then could click on the range and
see all available options for Pasta. If integrated with product availability in supermarkets,
the system could also show which products are available in which supermarkets.

Figure 3. A follow-up prototype showing an environmentally better similar alternative (oatmeal
burger) compared to food in an inventory (angus beef burger).

Such a feature would also address a second theme—“lack of time”—from the thematic
analysis, where the problem was mainly a lack of time to come up with an alternative meal.
If alternatives within the same product category were offered, the same meal could still
be prepared. However, comparing products on a product level would currently not be
unproblematic since there are still a few LCAs on the product level, and furthermore there
is no fixed standard for how such an LCA should be done [6], providing opportunities
for unfair comparisons. However, this would also mean an incentive for the agricultural
sector to change production methods and to perform LCA analyses of their products, since
customers will have direct access to this data when choosing which products to buy.

A third theme in the thematic analysis was “hard to determine if a footprint was
high”. What constitutes a “high footprint” is not trivial. It could mean, for example,
“worse compared to the average of all products”, “worse compared to the average of what
I usually buy”, or “worse than what would be a sustainable diet”. It will also depend
on the use of functional units as discussed above, where a product might have a low
GHG footprint, but at the same time have low nutritional value, thereby making the
emissions less necessary than a product with a higher GHG footprint but much higher
nutritional values. One approach could be to have separate values for nutritional value
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and carbon emissions, and that these could either be combined into one ‘goodness value’
or be displayed separately as discussed above and in [19]. A “high footprint” could also be
relative to some completely different but more easily understood activity, such as kilometers
of driving a car. This feature existed in this prototype, but few used it.

A final theme worth considering is the “price” theme. Price is generally considered one
of the most important factors influencing what people choose to eat [40]. Including price in
an interface would make it easier to choose suitable low GHG products and would also
support increased financial food carbon literacy. Including prices in such a system would not
be easy, since prices can differ between different stores, and since these prices are generally
not openly available to a third-party app. However, it could be possible to include them in
an online store.

One problem related to the system design was that all emission values were based
on “per 1000 g of product”. This might give unrealistic expectations of the total footprint
of the products that were actually purchased. For example, “Prosciutto” has a very high
footprint per 1000 g of product but is usually bought in very small quantities resulting in
relatively low total footprints, whereas “milk” has a relatively low footprint per 1000 g of
product but is often bought in large quantities resulting in high total footprints. Adding the
possibility to add quantities to the list interface could amend that but would, at the same
time, add complexity to the use of the list, since at the planning stage one might not know
the actual amounts of the product you will actually buy. Also, adding quantities to the list
interface would be an extra step in the use of the list, which might reduce the usefulness of
the list from a user’s perspective.

7.3. A Holistic View of the Food System

The GHG emission values presented to the users are generally calculated using LCA.
However, there are critiques against using that method for calculating emissions from
food because it by necessity involves setting system boundaries, and effects outside these
boundaries are hard to assess. For example, eating less ruminant meat is an easy conclusion
to draw after using the digital grocery list, but if many people reduced their ruminant
meat consumption this would have consequences on completely different parts of the
food system, such as increased use of artificial fertilizers. Furthermore, just focusing on
one environmental aspect such as GHG emissions might have unwanted consequences on
other important environmental aspects such as biodiversity, water use, and land use. Like
many areas it is seldom as easy as a simple ‘this is good’ or ‘this is bad’. This, such as the
problems associated with functional units discussed above, is common knowledge among
sustainability and nutrition experts, and they can interpret the data presented in a system
such as this better than a lay person.

7.4. Limitations and Future Studies

The empirical parts of this study were carried out for a limited duration on a relatively
small set of respondents, most of whom were well-educated students living in Sweden.
Future studies should involve a broader range of participants from different contexts, and
longitudinal studies to measure long-term gains in food carbon literacy.

8. Conclusions

In this paper we have introduced a definition and framework around the concept
of “food carbon literacy”. Our intention is that this framework can be used to categorize,
compare, and generalize future studies within the area.

We have also presented the design of a digital grocery list for mobile phones showing
GHG emissions from the food products added to the list, with the goal of increasing food
carbon literacy, and evaluated its effect on food product carbon literacy.

We could see that the grocery lists led to a strong improvement on short-term food
product carbon literacy for users, meaning that they were significantly better at estimating
the carbon footprint of food products they had added to their lists during their trial.
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Furthermore, significant improvements were seen even for products the users had not
added to their lists, indicating that the knowledge had been generalized.

We have also identified problem areas of various severity regarding how such
an application can and should be implemented, where some, such as suggesting suitable
replacements for food with high GHG emissions, would improve the usefulness of the
system. Open access to more specific data about products such as detailed LCA analyses,
detailed nutritional values, and price would afford many useful functions to such a system,
and would also lead to better possibilities of deepening food carbon literacy.

Other problems discovered and discussed, such as which functional unit is best for
providing a valid view of the food products, and how take other environmental and health
aspects into account are of a more fundamental nature. However, since food carbon literacy
is one piece of the puzzle in educating consumers about sustainable eating, and since the
functionality described in this paper is relatively easy to integrate into other grocery list
apps or, for example, online stores, it is our hope that this paper will inspire researchers
and practitioners to engage in future work in this area.
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