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ABSTRACT

Food safety is a common concern at the household level, with important variations across different countries and
cultures. Nevertheless, identifying the factors that best explain similarities and differences in consumer awareness
pertaining to this topic is not straightforward. Starting from a questionnaire administered in seven countries from
four continents (Argentina, Brazil, Colombia, Ghana, India, Peru, and the United Kingdom), we present an analysis
of the answers related to food safety concerns, aimed at identifying possible explanatory factors. As classical
statistical approaches can be limited when dealing with complex datasets, we propose an analysis with machine
learning techniques, that can take into account both categorical and numerical values. With the questionnaire
as a base, we task a machine learning algorithm, Random Forest, with predicting consumers’ answers to the
target questions using information from all other answers. Once the algorithm is trained, it becomes possible to
obtain a ranking of the questions considered the most important for the prediction, with the top-ranked questions
likely representing explanatory factors. Top-ranked questions are then analyzed using a Random Forest regression
algorithm, to test possible correlations. The results show that the most significant explanatory variables of safety
concerns seem to be estimates of carbon footprints and calories associated with food products, and primarily with
beef and chicken meat. These results tend to indicate that people who are most concerned about food safety are
also those who are highly aware of environmental and nutritional impacts of food, hinting at differences in food
education as a possible underlying explanation for the data.

1. Introduction

To approach households’ habits and beliefs at the domestic level,

of data science offers emerging efficient analysis methods (Tao et al.,
2020; Vidal et al., 2015; Kurtz and Thomopoulos, 2021).
Literature has addressed perceptions of food risk by consumers at dif-

questionnaires and surveys have been an effective means of study.
Among the fields of study, practices and perceptions about food,
and more specifically food safety, have been well represented both
recently (Sollid et al., 2022; Wallace et al., 2022) and in earlier
decades (Cuperus et al., 1996; Medeiros et al., 2004), in various coun-
tries (Wilcock and Ball, 2014; Parikh et al., 2022; Ma et al., 2019;
EFSA, 2019).

The collection of large quantities of data and their analysis for scien-
tific research, social assessment, or business purposes, naturally moved
to the digital world (see e.g., Jin et al., 2020 for a recent review).
On the one hand, the ease of participation offered by internet and the
IoT (Internet of Things) boosted this type of studies, so that datasets
are increasingly being made available (Kurtz and Thomopoulos, 2021;
Salliou et al., 2019). On the other hand, the handling of the collected
data benefited from the progress of storage technologies, while the boom
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ferent geographic scales (Haas et al., 2021; Tucker et al., 2006; Van Kleef
et al., 2007). Most recent studies have focused on emerging topics re-
lated to food safety, such as the perceived safety of novel sources of
proteins (Jarchlo and King, 2022), or the impact of the COVID-19 pan-
demic on food safety perception (Sollid et al., 2022). High expectation
for healthy food has been confirmed as the number-one priority for
the general public (Thomopoulos et al., 2021). Within health expec-
tations, safety comes first, closely followed by nutritional values, espe-
cially in families with young children, as shown in Kurtz and Thomopou-
los (2021). The latter study also showed differential levels of concern
depending on the audience (families, health professionals, etc.). This
observation is further explored in the present work.

This paper is based on a survey on food-related habits and opinions,
carried out in 7 countries and 4 continents during March/April 2020.
In the analysis, we aim to explore the question: “What variables best
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separate individuals who express worries about food safety risks, from
those who do not?”. In a first step, we create two classes of responders,
by separating those who mark at least one item over a set threshold
of concern from the rest. We then train a Random Forest classifier to
separate the two classes, and we later analyze the variables that the
classifier deems more important for the classification procedure, in or-
der to find elements that might separate the two types of responders.
The questions identified as most relevant refer to responders’ guesses on
greenhouse gas emissions and caloric content of meat. In a second step,
we use a Random Forest regressor to predict the quantitative answers
to these two questions, and we then analyze again the other variables
ranked as most important by the regressor, to find possible explanations.
Section 2 presents the survey data used, their pre-processing, and the
analysis methods used for classification and regression. Section 3 pro-
vides and discusses the results obtained from the two-step method ap-
plied. Section 4 summarizes the outcomes and provides perspectives for
future works.

2. Materials and methods
2.1. The data collected

A survey, focused on how people cook and what they know about
the most common food items, was carried out at the international scale
(Reynolds et al., 2020; Armstrong et al., 2021). The results obtained
from identical questions asked in 7 different countries, namely Ar-
gentina, Brazil, Colombia, Ghana, India, Peru, and the United Kingdom,
are used as input data in this paper. The Qualtrics' platform was used
to ask everyday people to provide their opinions about images of food.
For each food, the questions asked cover cooking and preparation of
the food, food safety, food waste, how much energy is in the food, and
the environmental impacts of these foods. The total sample size is 3247,
and goes from a minimum of 204 (Ghana) to a maximum 539 (India) an-
swers per country. The list of questions asked in the survey is provided
in Appendix A?

2.2. Data pre-processing

Since food habits can differ greatly between countries, only com-
mon food products are considered. These common food products are:
Beef, Chicken, Chard, Beans, Rice, Green beans, Carrot, Tomato, and
Bread (roll). Most commonly used green leaves vary from one country
to another (chard, collard greens, etc.) but were considered as equiva-
lent. For India, the “Chapatti/Roti” item was considered as equivalent to
“Bread” for the other countries. Among questions concerning the socio-
professional status of respondents, participants were asked to input their
individual and household weekly income. As these data were provided
in the local currency, to avoid issues related to monetary conversion,
all information related to income was normalized with respect to other
participants from the same country.

As the analysis is focused on a specific question (Q24), all respon-
dents who did not specify an answer were filtered out, resulting in 3198
remaining samples.

2.3. Input and output variables

2.3.1. Classification step

The question on risk perception (Q24) is formulated as follows: “Ac-
cording to your best guess, please rate how safe to eat the foods listed
below are? i.e. how likely is it that eating them will damage your health
due to risks such as contamination, food poisoning, improper handling,

1 https://www.qualtrics.com/
2 The detailed data of the study is available on request, contacting Christian
Reynolds, Christian.Reynolds@city.ac.uk
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food fraud, mislabeling etc.”. The answer requires the respondent to as-
sign weights on a scale from 0 (low risk) to 10 (high risk), to 5 foods:
Beef, Chicken, Chard, Rice, and Beans.

The output variable in our study is the maximum value expressed
over the five foods. It is important to notice that risk perception as de-
scribed by the question in the survey is highly subjective, and it is thus
hard to evaluate the difference between a value of 1 or a value of 2, or
between a value of 7 and a value of 8. We thus decided to arbitrarily set
a threshold around the mid-value (5) and just split the respondents into
two classes:

¢ respondents for whom the output variable has a value below 5. This
class (class 0) corresponds to individuals who express a low level of
concern about food safety risk (1595 respondents);

¢ respondents for whom the output variable has a value of 5 and more.
This class (class 1) corresponds to individuals who express worries
about food safety risk (1603 respondents).

For framing the task as a classification problem, all the remaining
variables in the survey are used as input features.

2.3.2. Regression step

To obtain better insight into the interpretation of the classification
results, regressions are then performed. Their objective is to further an-
alyze the top-ranked variables of the classification results. The target
variables of the regressions performed, are transformations of the top 4
explanatory variables obtained in the classification step. The transfor-
mations computed are detailed in Section 3.3 below.

2.4. The analysis methods

Among tens of possible candidate classification algorithms, Random
Forest (RF) (Breiman, 2001) was selected as the reference for the ex-
periments, as: (i) it boasted one of the highest classification accuracies
in a 10-fold cross-validation; (ii) it is among the few classifiers that can
straightforwardly deal with both categorical and non-categorical fea-
tures; (iii) after being trained, an instance of RF can return a series of
values describing the relative importance of the features for the final
result. RF creates an ensemble of decision trees, training each one on a
random subset of the available data, thus reducing bias and delivering
more robust predictions. RF determines relative variable (feature) im-
portance as the (normalized) total reduction of the criterion brought by
that feature, a metric also known as the Gini importance (Breiman et al.,
1984). For all experiments reported in this work, the RF classifier has pa-
rameters selected after hyperparameter optimization (Pedregosa et al.,
2011), using a total of 300 decision trees.

Most classifiers, alongside their predictions, are also able to return a
ranking of the relative importance of the variables in the problem, with
the ones that best explain the variance in the results among the top.

The Python code used in the experiments is publicly available on a
GitHub repository.>

3. Results and discussion
3.1. Major explanatory variables of food risk perception

The RF classifier shows a mean accuracy on test of 0.70 in a 10-fold
cross-validation. After training the RF classifier, it is possible to sort the
features it used by their Gini importance, or in other words, their relative
contribution to the quality of the prediction. Fig. 1 shows the first 50
features, ranked by decreasing Gini importance.

We then fixed an arbitrary threshold of Gini importance to perform
a deeper analysis, finally considering only the 11 most important vari-
ables. The barplots displayed in Fig. 2 show, on the X-axis, the list of

3 https://github.com/albertotonda/intercontinental-ml-analysis
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Gini feature importance for the classification task
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Fig. 1. First 50 features, ranked by decreasing Gini importance.
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Fig. 2. Mean value and standard deviation for the 11 top-ranked variables, for class 0 (teal) and class 1 (orange).

Table 1
Most relevant explanatory questions identified.

1d Question

Q26.11 “According to your best guess, please estimate the carbon footprint (grams of CO2) embodied in the food portions that you typically eat — Beef or lamb”
Q26.1.206  “According to your best guess, please estimate the carbon footprint (grams of CO2) embodied in the food portions that you typically eat — Chicken”
Q25.11 “According to your best guess, please estimate the Calories (kcal) contained in the food portions that you typically eat — Beef or lamb”

Q25.1.31 “According to your best guess, please estimate the Calories (kcal) contained in the food portions that you typically eat — Chicken”

Q26.1 218  “According to your best guess, please estimate the carbon footprint (grams of CO2) embodied in the food portions that you typically eat — Rice”
Q25.1.32 “According to your best guess, please estimate the Calories (kcal) contained in the food portions that you typically eat — Green leaves”

Q25.1.43 “According to your best guess, please estimate the Calories (kcal) contained in the food portions that you typically eat — Rice”

Q25.1.44 “According to your best guess, please estimate the Calories (kcal) contained in the food portions that you typically eat — Beans”

Q21.31 “According to your best guess, please estimate how long (in minutes) it takes you to actively prepare the foods listed below before you to cook and eat — Beef”
Q22.11 “According to your best guess, please provide the typical method you used to cook the foods listed below when you eat them — Beef”

Q5.11 “What is the most common way you usually purchase the food items listed below? — Beef”

variables selected. The Y-axis provides the normalized mean value of
each variable for each of the two classes, with the corresponding stan-
dard deviation.

The results obtained for each country are detailed in Fig. 3.

The survey questions corresponding to these top-ranked variables
are detailed in Table 1, in the same order as in Figs. 2 and 3.

Fig. 4 displays the Receiver Operator Characteristics (ROC) curve
for the 10-fold cross-validation, with an Area Under the Curve (AUC) of
0.76.

3.2. Result interpretation

The results reveal that the variables which best explain people’s
concern about food risk are the perception of carbon footprint and
the perception of calorie content, for food in general (beef or lamb,
chicken, rice, green leaves, beans) and most importantly for meat prod-
ucts (beef or lamb, chicken) which represent the top 4 explanatory
variables.

The results presented in the paper are quite homogeneous among
the different participating countries. Some differences can be observed
though, on variables Q5.1_1 (way of purchasing beef) and Q22.1_1
(method to cook beef), which are following the top-ranked 4 ones. Vari-
able Q5.1_1 has a higher explanatory power for India and UK, the only
two countries that have more than 20% of answers “I do not purchase
this at all” for Q5.1_1 (21.9% for UK, 35.8% for India). This answer
seems to be associated with a higher concern about food risk. The same
observation applies for Q22.1_1: 18.4% of respondents answered “I do
not eat this food” in UK and 23.7% in India, which seems to be associ-
ated with a higher concern about food risk.

Considering that meat is known to play a key part in the ecolog-
ical impact of food (Godfray et al., 2018; Poore and Nemecek, 2018;
Vranken et al., 2014), the observation of these results raises the ques-
tion of whether the “food risk concern” variable is a marker of the level
of food education. Hence, we may hypothesize that the classification
results obtained express a correlation between several variables repre-
sentative of people’s awareness of food-related issues.
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Fig. 3. Results per country, top to bottom: Argentina, Brazil, Colombia, Ghana, India, Peru, and UK.

3.3. Result confirmation with regression analysis

In order to further explore the above hypothesis, we considered 4
new variables, derived from the top 4 explanatory variables of the clas-
sification step. For each of these variables expressing respondents’ esti-
mates of greenhouse gas emissions or calories, for beef or chicken, we
considered the difference, in absolute value, from the real greenhouse
gas emission / calorie value of the given food. In other words, the 4 new
variables measure how much the respondents are mistaken on their as-
sessment of greenhouse gas emissions and of caloric content, for beef
and chicken, respectively.

The analysis was carried out resorting to a Random Forest regressor
with 300 estimators (regression trees), selected for the same reasons
already detailed in Subection 2.4. The regressions were performed in
two configurations:

1 Including in the explanatory variables the questions on greenhouse
gas emissions (group of questions Q26) and calories (group of ques-
tions Q25), for other foods than the target one.

2 Excluding from the explanatory variables all the questions on green-
house gas emissions and calories.

The two configurations are designed to test the assumption that a
respondent with a good knowledge of GHG emissions or caloric content
would answer in a similar, satisfying way to all similar questions related
to different types of food; vice-versa, a respondent not knowledgeable
in this regard will likely make large mistakes for all these questions. A
machine learning algorithm could then pick up this similarity, and start
using the answers to the similar questions to predict the answer to the
target. Removing the similar questions from the input would then make
the predictions of the algorithm more difficult, or force it to use different
variables to build its approximation of the target.

The R2 tests obtained are reported in Table 2. From the results, we
can state that it is possible to predict how much a respondent is mistaken
about the greenhouse gas emissions and the calories of beef and chicken,
using her/his answers about greenhouse gas emissions and calories for
other foods. Interestingly, prediction performance strongly declines if
we remove these explanatory variables, which might indicate that other
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Results of the regression experiments for the different target variables, using a 10-fold cross-validation. Mean values and standard deviation of test R2
are reported for each experiment. For reference, an R2 of 1.0 implies perfect predictions, while an R2 of 0.0 (or lower) corresponds to a poor predictive

performance.

R2 of a 10-fold cross-validation (including Q25
and Q26 groups of ques- tions)

Regression target variable

R2 of a 10-fold cross-validation (without Q25
and Q26 groups of ques- tions)

Error on greenhouse gas emissions (beef), kg CO2
Error on green-house gas emissions (chicken), kg CO2
Error on caloric content (beef), kcal

Error on caloric content (chicken), kcal

0.8007 +/— 0.0385
0.8281 +/- 0.0331
0.7443 +/- 0.0395
0.7506 +/— 0.0266

0.2139 +/- 0.0330
0.2241 +/- 0.0371
0.2080 +/- 0.0359
0.2200 +/- 0.0449

ROC for a 10-fold cross-validation

0.8

0.6

’ ROC fold 0 (AUC = 0.80)

0.4 ; ROC fold 1 (AUC = 0.72)
7 ROC fold 2 (AUC = 0.77)
> ROC fold 3 (AUC = 0.72)
. ROC fold 4 (AUC = 0.77)
. ROC fold 5 (AUC = 0.78)
02 »* ROC fold 6 (AUC = 0.78)
, ROC fold 7 (AUC = 0.74)
, ROC fold 8 (AUC = 0.73)
ROC fold 9 (AUC = 0.77)
~~ Chance
—— Mean ROC (AUC = 0.76  0.03)
+1std. dev.

True Positive Rate (Positive label: 1.0)

0.0

0.0 0.2 0.4 0.6 08 1.0
False Positive Rate (Positive label: 1.0)

Fig. 4. Receiver operator characteristics (ROC) curve for a 10-fold cross-
validation.

variables in the survey do not correlate well with the regression target
variable of this scenario.

This observation tends to confirm the existence of a correlation be-
tween a group of variables representative of the level of food education.

4. Conclusions

Based on a survey on food-related habits and opinions, carried out
in 7 countries and 4 continents, this paper investigated the factors that
explain people’s concern about food safety. To do so, a machine learning
approach was proposed in two stages.

In the first stage, classification was used to find out the variables
that best separate people who worry most about food safety, from those
who do not. Estimates of meat carbon footprint and of meat calories
revealed to be the salient explanatory variables of food safety concern.
In the second stage, the hypothesis of a correlation between variables
which are markers of people’s awareness of food issues, was tested
and confirmed using regressions. These regressions were performed
on transformations of the top-ranked variables obtained in the first
stage.

From the analysis of the regression results, a correlation seems to
emerge between answers related to green house gas emissions and
caloric content of different types of food, possibly identifying groups
of respondents with good or scarce food education. Interestingly, no
other question in the survey seems to be strongly correlated, hinting that
food education might be largely independent from factors such as rela-
tive income. This result, if confirmed, suggests that improving citizens’
food education might be crucial to enhance citizens’ awareness about
food safety related issues, and commitment to food policies, whether
they are linked to health, environmental, ethical or social aspects. Cor-
relation between several food-related concerns, observed in this paper,
has also been pointed out in previous studies (Kurtz and Thomopoulos,

2021), independently from the general level of education which may
be unrelated to the food sector. Those results are thus in line with the
present study.

Nevertheless, it is also important to highlight the limitations of the
analysis: the machine learning algorithms used in the analysis can only
find correlations between the variables in the survey, so there might
be some external, unknown factors, explaining the differences between
respondents. Furthermore, during the analysis, personal and family in-
come have been normalized with respect to other respondents in the
same country, providing just a rough approximation of reality, ignor-
ing factors such as selection bias among respondents, or country-level
income distribution. It is also worth mentioning that the questions re-
lated to income presented a considerable number of outliers, probably
because some respondents might have just refused to provide precise
data: for example, the median value of personal income reported by re-
spondents from Colombia is zero. All these factors might contribute to
hiding a potential correlation between wealth and food education. Yet,
previous studies (Yang et al., 1998; Pooler et al., 2021) do not either
necessarily highlight such a correlation between income and relevant
food choices.

Last but not least, the regression results did not reveal any corre-
lation between good-level food education —most likely represented by
quality answers related to greenhouse gas emissions and caloric content
of different foods— and expression of responsibility for the impacts of
one’s food choices (represented by questions Q3.2 and Q3.3 in particu-
lar). This observation, in line with Thomopoulos et al. (2021), consoli-
dates the idea that the emergence of changes in dietary habits is subject
to resistances that should not be neglected, to come to effective daily
developments.

Ethics statement

The study is based on a non-interventional study (a survey). All par-
ticipants were fully informed why the research was being conducted,
how their data would be used and if there were any risks associated.
Participants gave informed consent via the statement:

“By ticking the button below I consent to the following:

I confirm that I have read and understood the information for the
above study. I have had the opportunity to consider the information,
ask questions and have had these answered satisfactorily.

I understand that my participation is voluntary and that I am free
to leave the study at any time, without giving any reason. I understand
that I can withdraw my data within 6 weeks of taking part in the study.

I understand that any information given by me may be used in fu-
ture reports, academic articles, publications or presentations by the re-
searcher/s, but I will not be identifiable.

I understand that my name/my organisation’s name will not appear
in any reports, articles or presentation without my consent.

I understand that data will be kept according to University guidelines
for a minimum of 10 years after the end of the study.

I agree to take part in the above study.” where an affirmative reply
was required to enter the survey. They were able to withdraw from the
survey at any time without giving a reason.
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Table A.3
Complete set of questions in the survey.
Id Text Type
Q1.2 By ticking the button below I consent to the Yes/No answer
following
Q2.1 In which country do you currently re-side? Single choice answer
Q2.2 Please enter your age (in years) Numerical in-put
Q2.3 What is your gender? Single choice answer

Q2.4 Q2.4 1 (Height)
Q2.4 2 (Weight)
Q2.5

Q2.6
Q2.7

Q2.8 Q2.8 1 (Adults aged 16 and over) Q2.8 2 (Children between 18 months and 16
years old) Q2.8 3 (Children between 0 and 18 months)

Q2.9 Q2.9 1 (Individual) Q2.9 2 (House- hold)

Q3.1

Q3.1 6 TEXT (Com-ment)

Q3.2 Q3.2 1 (My health) Q3.2 2 (The environment) Q3.2 3 (Animal welfare) Q3.2 4
(The welfare of other hu-mans)

Q3.3 Q3.3 1 (I do not limit my meat intake) Q3.3 2 (Religious reasons) Q3.3_3
(Environmental con- cerns) Q3.3_4 (An- imal welfare con- cerns) Q3.3_5 (I do not enjoy
the taste) Q3.3 6 (Concerns for my health) Q3.3 7 (It is expensive) Q3.3 8 (Other) Q3.3 8
TEXT (Comment)

Q3.4

Q4.1 Q4.1 1 (My-self) Q4.1 2 (Partner) Q4.1 3 (Parents) Q4.1 4 (Children) Q4.1 5 (Other
family member)

Q4.1 6 (Friends)

Q4.1 7 (Household staff or domestic helper) Q4.1 8 (Other) Q4.1 9 (No one cooks in my
household) Q4.1 8 TEXT (Comment)

Q4.2 Q4.2 1 (You) Q4.2 2 (Other house- hold members)

Q4.3 Q4.3 6 TEXT (Com-ment)

Q4.4 (from Q4.4 1 to Q4.4 27)

Q4.5

Q4.6 (from Q4.6 1 to Q4.6 17)

Q4.7 (from Q4.7 1 to Q4.7 13)

Q4.8 (from Q4.8 1 To Q4.8 13)
Q4.8 13 TEXT (Comment)

Q4.9

Q4.10 (from Q4.10 1 to Q4.10 13)

Q4.11 (from Q4.11 1 to Q4.11 4)

Please enter your height (in cm), and weight (in
kg), if you do not know, please leave blank.
Which of the following best describes the area you
live in?

What is your employment status

What is the size of your household?

What is the size of your household?

What is your individual and total household
weekly income?
How would you describe your dietary pattern?

To what extent do you agree or dis-agree with the
following statements: “I am concerned about how
the food I eat affects . . . ”

Do you limit your meat intake for any of the
following reasons? (you may select more than one
response)

On average, how often do you eat fast-food?
(including Burgers, French fries, Potato chips)
Who does the cooking in your house-hold? (Please
select all that apply)

How often do you and other members of your
household cook or prepare food?
What is your main reason for cooking?

Please indicate which of these equipment you
have in your kitchen. (Please select all that apply)
When cooking at home, what kind of
foods/ingredients do you use to pre- pare meals?
When you prepare meals at home, which cooking
techniques do you use? Please choose as many
options as you use

Which of the following cooking techniques do you
feel confident about using? Please choose as many
options that apply.

Where did you learn to cook? Who taught you to
cook? Please choose as many options that apply.
What age did you start to learn to cook?

How often do you engage in the following
activities?

How often do you use these items in your cooking?

Numerical in-puts
Single choice answer

Single choice answer
Single choice answer
Numerical in-puts

Numerical in-puts

Single choice Answer
with comment

Array (5 point
choice)

Multiple choice with
comment

Single choice answer

Multiple choice with
comment

Array (4 point
choice)

Single choice answer
with comment
Multiple choice
answer

Single choice answer

Array (7 point
choice)

Array (5 point
choice)

Multiple choice with
comment

Single choice answer
Array (6 point
choice)

Array (5 point
choice)

(continued on next page)
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Id

Text

Type

Q4.13 (from Q4.13 1 to Q4.11 13)

Q5.1 Q5.1 1 (Beef)

Q5.1 2 (Chicken)

Q5.1 3 (Chard)

Q5.1 4 (Beans)

Q5.1 5 (Rice)

Q5.1 6 (Green beans) Q5.1 7 (Carrot)
Q5.1 8 (Tomato)

Q5.1 11 (Bread)

Q7.1

Q8.1

Q9.1

Q10.1

Q11.1

Q121

Q13.1

Q14.1

Q16.1

Q21.1 Q21.1 1 (Beef)
Q21.1 2 (Chicken)
Q21.1 3 (Chard)

Q21.1 4 (Beans)

Q21.1 5 (Rice)

Q21.1 6 (Green beans) Q21.1 7
(Carrot)

Q21.1 8 (Tomato)
Q21.1 11 (Bread)
Q21.2 Q21.2 1 (Beef)
Q21.2 89 (Chicken)
Q21.2 90 (Chard)
Q21.2 91 (Beans)
Q21.2 92 (Rice)

Q21.2 93 (Green beans)
Q21.2 94 (Carrot)
Q21.2 95 (Tomato)
Q21.2 98 (Bread)
Q21.3 Q21.3 1 (Beef)
Q21.3 89 (Chicken)
Q21.3 90 (Chard)
Q21.3 91 (Beans)
Q21.3 92 (Rice)

Q21.3 93 (Green beans)
Q21.3 94 (Carrot)
Q21.3 95 (Tomato)
Q21.3 98 (Bread)

Where do you (and your household) shop for
food? Please include all shop- ping, including your
main shopping, top-up shopping in between your
main shopping trips, meat and fish, fruit and
vegetables, and any other food shopping.

What is the most common way you usually
purchase the food items listed below?

Beef According to your best guess, please move
the slider to the picture of the food that is nearest
in size to your typical serving each food when you
eat it. If you do not eat or cook this food, please
move to the first image on the left of the slider (a
big cross).
Chicken According to your best guess, please
move the slider to the picture of the food that is
nearest in size to your typical serving each food
when you eat it. If you do not eat or cook this
food, please move to the first image on the left of
the slider (a big cross).

Chard (acelga) According to your best guess, please move the slider to the picture of the food that is

nearest in size to your typical serving each food when you eat it. If you do not eat or cook this food,

please move to the first image on the left of the slider (a big cross).

Beans,inliquid According to your best guess, please move the slider to the picture of the food that is near-

est in size to your typical serving each food when you eat it.Do not worry about the type/color of the

beans (black, brown, yellow etc.)., we are only wanting to know your typical serving size. If you do not

eat or cook this food, please move to the first image on the left of the slider (a big cross).

Rice According to your best guess, please move the slider to the picture of the food that is nearest in size

to your typical serving each food when you eat it. If you do not eat or cook this food, please move to the

first image on the left of the slider (a big cross).

GreenBeans According to your best guess, please move the slider to the picture of the food that is nearest

in size to your typical serving each food when you eat it. If you do not eat or cook this food, please move

to the first image on the left of the slider (a big cross).

Carrot According to your best guess, please move the slider to the picture of the food that is nearest in

size to your typical serving each food when you eat it. If you do not eat or cook this food, please move to

the first image on the left of the slider (a big cross).

Tomato According to your best guess, please move the slider to the picture of the food that is nearest in

size to your typical serving each food when you eat it. If you do not eat or cook this food, please move to

the first image on the left of the slider (a big cross).

Bread According to your best guess, please move the slider to the picture of the food that is nearest in size

to your typical serving each food when you eat it. If you do not eat or cook this food, please move to the

first image on the left of the slider (a big cross).

How often do you eat these foods?

How many portions of this food do you usually cook at one time? We will ask many people the same
question about these foods, so don’t worry if you aren’t absolutely sure. Just give us your best guess.

According to your best guess, please estimate how long (in minutes) it takes you to actively prepare the
foods listed below before you to cook and eat (i.e. chop, washing, mixing, weighing).

Multiple choice
answer

Array (10 point
choice)

Single choice answer

Single choice answer

Single choice answer

Single choice answer

Single choice answer

Single choice answer

Single choice answer

Single choice answer

Single choice answer

Array (6 point
choice)

Numerical in-puts
between 0 and 25

Numerical in-puts
between 0 and 60

(continued on next page)
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Id Text Type
Q22.1 Q22.1 1 (Beef) According to your best guess, please provide the typical method you used to cook the foods listed below Array (15 point
Q22.1 2 (Chicken) when you eat them. choice)

Q22.1 3 (Chard)

Q22.1 4 (Beans)

Q22.1 5 (Rice)

Q22.1 6 (Green beans) Q22.1 7
(Carrot)

Q22.1 8 (Tomato)

Q22.1 11 (Bread)

Q22.2 Q22.2 1 (Beef)

Q22.2 105 (Chicken)

Q22.2 106 (Chard)

Q22.2 107 (Beans)

Q22.2 108 (Rice)

Q22.2 109 (Green beans)
Q22.2 110 (Carrot)

Q22.2 111 (Tomato)

Q22.2 114 (Bread)

Q23.1 Q23.1 1 (Beef)

Q23.1 89 (Chicken)

Q23.1 90 (Chard)

Q23.1 91 (Beans)

Q23.1 92 (Rice)

Q23.1 93 (Green beans)
Q23.1 94 (Carrot)

Q23.1 95 (Tomato)

Q23.1 98 (Bread)

Q23.2 Q23.2 16 (Beef)

Q23.2 90 (Chicken)

Q23.2 91 (Chard)

Q23.2 92 (Beans)

Q23.2 93 (Rice)

Q23.2 94 (Green beans)
Q23.2 95 (Carrot)

Q23.2 96 (Tomato)

Q23.2 99 (Bread)

Q24.1 Q24.1 1 (Beef Or lamb)
Q24.1 31 (Chicken)

Q24.1 32 (Chard)

Q24.1 33 (Rice)

Q24.1 34 (Beans)

Q25.1 Q25.1 1 (Beef Or lamb)
Q25.1 31 (Chicken)

Q25.1 32 (Chard)

Q25.1 43 (Rice)

Q25.1 44 (Beans)

Q26.1 Q26.1 1 (Beef Or lamb)
Q26.1 206 (Chicken)

Q26.1 207 (Chard)

Q26.1 218 (Rice)

Q26.1 219 (Beans)

Q27.1 Q27.1 1 (We worried
whether our food would run out
before we got money to buy
more) Q27.1 2 (The food that we
bought didn’t last, and we didn’t
have money to buy more) Q27.1
3 (We couldn’t afford to eat
balanced meals)

According to your best guess, Please estimate how long (in minutes) it takes you to typically cook the
foods listed below using your typical cook- ing method. If eaten raw please select “0”.

Thinking about the last time you bought the following foods, approxi- mately what percentage of the
amount you bought ended up being uneaten and thrown away (please include all food that was not eaten
- e.g., put in a bin, compost bin, down the sink, given to animals etc.)

Thinking about the last time you cooked the following foods, approxi- mately what percentage of the
amount you cooked ended up being uneaten and thrown away (please include all food that was not eaten
- e.g., put in a bin, compost bin, down the sink, given to animals etc.)

According to your best guess, please srate how safe to eat the foods listed be- low are? i.e. how likely is it
that eat- ing them will damage your health due to risks such as contamination, food poisoning, improper
handling, food fraud, mislabeling etc.

According to your best guess, please estimate the Calories (kcal) contained in the food portions that you
typically eat (from your previous portion size answer).

According to your best guess, please estimate the carbon footprint (grams of CO2) embodied in the food
portions that you typically eat (from your pre- vious portion size answer).

Here are several statements that peo-
ple have made about their food sit- uation. For these statements, please select the box to match if the
state- ment was often true, sometimes true, or never true for your household in the last 12 months.

Numerical in-puts
between 0 and 120

Numerical in-puts
between 0 and 100

Numerical in-puts
between 0 and 100

Numerical in-puts
between 0 and 10

Numerical in-puts
between 0 and 1000

Numerical in-puts
between 0 and 8180

Array (4 point
choice)
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