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Abstract

Human nutrition and dietary habits shape our health, daily life, societies, the environment,
and life on earth in general. However, it remains challenging to understand and attempt to
change dietary behaviors using traditional methods due to measurement and causal identifi-
cation challenges.

In this thesis, we contribute computational and causal approaches leveraging large-scale
passively sensed digital traces to shed new light on our dietary behaviors and derive novel
scientific insights. We study dietary behaviors in two types of contexts: campus-wide and
worldwide. Based on digital traces capturing behaviors of tens of thousands of people on
campus and millions of internet users, we develop observational study designs that enable
the isolation of causal effects of implicit behavioral interventions, including forming social
ties, being exposed to the food choice of others, and stay-at-home interventions. The thesis is
organized into three parts.

The first part presents studies based on situated on-campus food purchase logs. In the first
study, we show how, when a person acquires a new eating partner on campus, the healthiness
of their food choice shifts significantly in the direction of their new eating partner’s dietary
patterns. In the second study, we identify purchasing mimicry, i.e., copying the food choices
of others in the purchasing queue, as a specific behavioral mechanism for how similarities in
dietary behaviors between individuals occur on campus.

The second part of the thesis leverages online information-seeking traces (Google search
query logs). Studying worldwide dietary behaviors, we identify and describe global shifts in
dietary interests during the first wave of the COVID-19 pandemic, larger and longer-lasting
than the typical changes during the end-of-year holidays in Western countries.

In the third part, we critically investigate the limits to how much computational approaches
can reveal about dietary behaviors in the general population. We contribute a framework
for reasoning about biases of digital traces and present a case study of food consumption in
Switzerland. The bias estimates derived in the case study imply that researchers should aim to
establish evidence of validity before relying on social media and tracking apps—two frequently
used digital traces—as proxies for true food consumption in the general population.
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Abstract (Italian)

Lalimentazione e le abitudini alimentari modellano la nostra salute, la vita quotidiana, le
societa, 'ambiente e la vita sulla terra in generale. Tuttavia, rimane difficile comprendere e
modificare i comportamenti alimentari utilizzando metodi tradizionali a causa delle sfide di
misurazione e identificazione.

In questa tesi, utilizzando approcci computazionali e causali e sfruttando tracce digitali otte-
nute passivamente su larga scala, contribuiamo a gettare nuova luce sui nostri comportamenti
alimentari. In particolare, studiamo i comportamenti alimentari in due tipi di contesti: a
livello di campus ed a livello globale. Usando tracce digitali che catturano i comportamenti di
decine di migliaia di persone nel campus e milioni di utenti su Internet, sviluppiamo studi
osservazionali per isolare gli effetti causali di interventi impliciti come la formazione di legami
sociali, 'esposizione alla scelta alimentare di altre persone e le restrizioni di mobilita.

La tesi € organizzata in tre parti. La prima parte presenta due studi basati sui logs di acquisto
nei ristoranti del campus. Nel primo studio, mostriamo come, quando un soggetto inizia a
frequentare una nuova persona durante i pasti, la sua scelta alimentare si sposta in modo
significativo nella direzione delle abitudini del suo nuovo partner. Nel secondo studio, identi-
fichiamo il mimetismo d’acquisto. Esso rappresenta la copia delle scelte alimentari degli altri,
identificato come il meccanismo che causa queste somiglianze nei comportamenti.

La seconda parte della tesi si concentra sulle tracce digitali relative alla ricerca di informazioni
online (log delle query di ricerca di Google). Studiando i comportamenti alimentari a livello
globale, identifichiamo e descriviamo i cambiamenti negli interessi alimentari durante la
prima fase della pandemia di COVID-19. Questi cambiamenti risultano pilt marcati e duraturi
anche rispetto all'impennata tipicamente osservabile durante le festivita di fine anno nei paesi
occidentali.

Nella terza parte, indaghiamo criticamente le limitazioni di questi approcci computazionali
applicati ai comportamenti alimentari nella popolazione generale. Forniamo un quadro per
ragionare sui bias delle tracce digitali e presentiamo un caso di studio sul consumo di cibo in
Svizzera. Questo studio rivela che i ricercatori dovrebbero ambire a analizzare la validita dei
dati nel contesto del proprio studio prima di fare affidamento sui social media e sulle app di
tracciamento—due tracce digitali utilizzate di frequente—per misurare il vero consumo di
cibo nella popolazione generale.



Acknowledgements

Le nuove scoperte scientifiche e progressi metodologici qui presentati contribuiscono alle
conoscenze esistenti sui comportamenti dietetici umani e informano la progettazione di futuri
sistemi alimentari, politiche e interventi comportamentali.

Parole chiave: data science, comportamenti umani, inferenza causale, dieta, salute, sostenibili-
ta, campus, COVID-19, validity, search logs, registri delle transazioni



Contents

Acknowledgements
Abstract (English)
Abstract (Italian)
List of Figures

List of Tables

I Introduction and background

1 Introduction
1.1 Motivation . . . . . . . . . e e e e
1.2 Contributions and thesisoverview . . . . . ... ... ... ... .. ... .....

2 Background
2.1 Digital trace data as a passive sensor for diets and nutrition . . . . ... ... ..
2.2 Biasesofdigitaltracedata . . . . ... ... ... ... ... o .
2.3 Campus-wide context: Dietary behaviors on-campus . .. ............
2.4 Worldwide context: Population-level information seeking behaviors. . . . . . .

II Studying campus-wide dietary behaviors with purchase traces

3 Food consumption on campus: Dataset and opportunities
3.1 Introduction . . .. .. ... . ...
3.2 Dataset . . . ... e
3.3 Research opportunities leveraging purchaselogs . ... ..............
34 DIsCuSSiOn . . . ... .. e

4 Social tie formation and food consumption on campus
4.1 Introduction . . . . . . . . . e e e
4.2 Materialsandmethods . . . . . ... ... . ... L
4.3 Results . . . . . e e

iii

xiii

14
14
15
17
21

23

25
25
27
36
40

43
43
45
53



Contents

4.4 DISCUSSION . . . v v v vt e e e e e e e e e e e e e e e e e e 61
5 Purchasing mimicry in food consumption on campus 65
5.1 Introduction . . . . . . . . . . . . . . e 65
5.2 Materialsandmethods . . . . .. ... ... ... .. ... ... 69
5.3 Results . . . ... ... e 74
5.4 DISCUSSION . . . . v v i i i e e e e e e e e 82

III Studying worldwide dietary behaviors with information seeking traces 85

6 COVID-19-induced shifts in dietary interests 87
6.1 Introduction . . . . . . . . . . . i e e e e e 87
6.2 Materialsandmethods . . . .. ... ... ... .. L L 89
6.3 Results . . ... .. .. . e e e e 95
6.4 DISCUSSION . . . . . . . . e e 106

IV Validity of studying dietary behaviors with digital traces 110

7 Validity of dietary digital traces 112
7.1 Introduction . . . . . . . .. e e e e e e 112
7.2 Materialsandmethods . . . . . ... ... ... . L L o 115
7.3 Results . . . .. e e e 122
7.4 DISCUSSION . . . . . . . o e e e 128

V Discussion and conclusion 137

8 Discussion 139
8.1 Summaryofcontributions. . . . . ... ... . L L L o 139
8.2 Significance . . .. .. ... 141
8.3 Advantages and limitations of studying diets locally vs. globally . ... .. ... 142
8.4 Futureopportunities . . . . . . . . . . ... e 144
8.5 Connections with further thesiswork . . ... ... ... .. ... ......... 149

9 Conclusion 152

A Purchasing mimicry in food consumption on campus 154
A.1 Supplementary information and robustnesschecks. . . . .. ... ... ... .. 154
A2 SupplementaryanalySes . . . . . . . . ... e 154

B COVID-19-induced shifts in dietary interests 159
B.1 Supplementary information and robustnesschecks. . . . ... ... ... .... 159
B.2 Supplementaryanalyses . . . .. ... ... ... ... 160

viii



Contents

Bibliography

Curriculum Vitae

209

210

ix



1.1

List of Figures

Ahypothetical causaldiagram. . . .. ... ..... ... ... ... .. ...

1.2 Outline of the thesis contributions and the corresponding chapters. . . . . . . .
3.1 Sustainability challenge participants. . . ... .. ... ... ... ... ...... 28
3.2 Theyearly heartbeatof thecampus. . . . ... ........ ... ... ...... 29
3.3 The daily heartbeatofthecampus. . . . . ... ... ... ... ...... 30
3.4 ShOP CO-OCCUITENCES. . . v v v v vt i e et e e e e e e e e e e e e e e e e e e e 31
3.5 Fooditem CO-OCCUITENCES. . . . . . . v v v v v ettt e et e e e e e e e 31
3.6 The supply and demand for vegetarianmeals. . . . . ... ... ... ....... 32
3.7 Vegetarian meals across subpopulations. . . . ... ... ... ... ... .. ... 32
3.8 Beers, energy drinks, and vending machine purchases across subpopulations. . 33
3.9 Sustainability challenge subpopulation vs. entire population. . . . . .. ... .. 34
3.10 Exam period vs. lectures. . . . .. ... .. ... ... 36
3.11 Lecturesvs. breaks. . . . . . ... ... 37
4.1 Distribution of purchases across item categories, across a campus. . . . . . . . 45
4.2 Annual distribution of food purchases and annual distribution of detected onsets
ofsocialties. . . . . . . . . . . e 46
4.3 Studydesigndiagrams. . . . . ... ... ... 48
4.4 The matched incident user study design with active comparators. . . .. .. .. 49
4.5 Daily fraction of purchases annotated as potentially unhealthy, tracked over five

4.6

FEAIS. . v v v i i i i e e e e e e e e e e e e 50
Distribution (before matching) of propensity to start eating with a healthy-eating
partner and the importance of most indicative features for predicting treatment

assignment. . . . . .. .. L e e e e e e e 52
4.7 Histogram of the number of high confidence indicators of eating together and

histogram of the partner’s pre-treatment healthiness score. . . . ... ... ... 53
4.8 Linearregression effectestimates. . . . ... .. ... ... .. .. .. ....... 54
4.9 Sensitivityanalysis. . . . . ... L L e 57
4.10 Dose-response relationship. . .. ... ... .. ... ... . o .. 58

4.11 Post-treatment increase in healthiness score, stratified by pre-treatment healthi-

nessscore offocalperson ... .. ... ... ... ... .. ... ... .. ..., 59



List of Figures

4.12 Estimated difference-in-differences effects of co-eating onset with healthy- vs.

unhealthy-eatingpartner. . . .. ... ... ... ... .. .. .. .. ... 60
5.1 Studydesign. . . . ... ... ... e e 68
5.2 Directed acyclic graphs (DAGs) encoding the assumptions about the causal
relationship between variables. . . . . ... ... ... ... ... ... ... ..., 71
5.3 Daily histogram and the estimated risk differences. . . . . . ... ... ... ... 75
5.4 The estimated risk differences, depending on the estimated status. . . ... .. 76
5.5 Separately for lunch, breakfast, and afternoon or evening snack, the estimated
riskdifferences. . . ... ... L 78
5.6 DO0OSE-TESPONSE. . . . . . . . i it e e e e e e e e e e e e 80
5.7 Sensitivityanalysis. . . . . . .. ... L L 81
6.1 Global shiftsin dietaryinterests. . . ... ... ... ... .. ... ... ...... 94
6.2 Studydesign. . .. ... .. .. e 95
6.3 Temporal evolution of dietary interests. . . . . ... ... ... .. .. ....... 97
6.4 Spearman rank correlation coefficient between mobility decrease and interest
VOIUIME. . . . . . e 100
6.5 The short-term effect of mobility decrease on interest in accessing food. . . .. 101
6.6 The short-term effect of the shock of mobility decrease on interest in categories
offoodentities. . .. ... ... .. .. e 103
6.7 Number of weeks until food interest goes backtonormal. . . ... ... ... .. 105
7.1 Perceived tastiness of tweeted food vs. actually consumed and tracked food. . . 113
7.2 Example images in food type “pizza”. . . ... ... ... ... o L. 119
7.3 Estimation of image rank with simulated sampling ofduels. . . . . . .. ... .. 120

7.4 Comparison of food type frequency among Twitter food vs. MyFoodRepo food. 122
7.5 Histogram of crowdsourced participants’ preferences. . . ... ... .. ... .. 123
7.6 Relative rank (with respect to estimated latent scores) of median tweeted food

among consumed and trackedfoods. . . . ... ... ... ... . 0 L. 125
7.7 Correlation matrix between estimated qualities among 2,400 competing images. 126
7.8 Percentile comparisons: for percentiles among Twitter food, the corresponding

percentile among MyFoodRepofood. . . .. .. ... ... ... ... .. ... .. 127
7.9 Tllustration of the biases between the true food consumption, tracked food, and

tweetedfood. . . . . ... . 131
8.1 Outline of the further thesis contributions. . . . . . ... ... .. ......... 149

A.1 The estimated risk difference across the matched situations depending on the
individuals’ status, age,andgender. . . . . ... ... ... . ... . .. 157
A.2 Separately for lunch, breakfast, and afternoon or evening snack, the estimated
risk ratio for the different food item additions. . . . . .. .. ... ... ... ... 158
A.3 The histogram of the social tie strength and the risk ratio estimate within the
subset of matched situations. . . . . . ... ... ... . L L L. 158



List of Figures

Xii

B.1 Mobilityin 18 studied countries. . . . .. ... ... ... ... ... .. ... ... 165
B.2 Pearson’s correlation coefficient between mobility and interest volume . . . . . 166
B.3 Short-term effects estimated with alinearmodel. . . . . . ... ... ... .... 167
B.4 Short-term effects estimated with a constantmodel. . . . ... ... ....... 168
B.5 Example of the quadraticmodel fit. . . ... ..................... 169
B.6 Example of thelinearmodelfit.. . . . ... ... ... ... ... .......... 170
B.7 Example of the constantmodelfit. . . . . ... ...... ... ... ...... 171
B.8 Estimating the impact of the bandwidth on the fitted coefficients for constant,
linear, quadratic, and cubicmodel. . . . ... ... ... o0 o L L. 172
B.9 Short-term effects on the share of interest, estimated with a quadratic model. . 173
B.10 Short-term effects across food categories, grouped by country. . .. ... .. .. 174
B.11 Short-term effects estimated with a quadratic model, in the second wave. ... 175
B.12 Long-term effect of mobility decrease on food interests. . . . ... ... ... .. 176



List of Tables

4.1
4.2

5.1
5.2
5.3

7.1

Al
A2
A3

B.1
B.3
B.4
B.5

Pre-treatment covariatebalance. . . . . .. .. ... ... .. . L L L. 53
Contingency table counting number of pairs of matched focal persons in each

condition. . . . . . . .. e 55
Summary of food additionitems. . . . . .. ... ... .. o oL L 70
Contingencytable. . . . ... ... . . . . ... e 73
Matched contingencytable. . . . . . ... ... ... .. ... ... 75

Tags most distinctive of MyFoodRepo food and tags most distinctive of Twitter

food. . . .. 129
Gender co-eatingmatrix. . . . .. ... .. ... e 156
Status co-eating MmatrixX. . . . . . . . . v i ittt it e e e 156
Ageco-eatingmatrixX. . . . . . . .. ... e e e e 156
Summary of the 28 food entity categories. . ... .................. 161
Entity-level Spearman rank correlation between interest and mobility. . . . . . 163
Main quadratic model: fitted coefficient alpha and R? statistic. . . . .. ... .. 164
The impactof modelorder. . . . ... ... ... ... .. ... ... ... ..... 165

Xiii



Introduction and background







|§ Introduction

1.1 Motivation

The importance of human dietary behaviors can hardly be overstated. Our diets shape our
health and well-being, the fabric of our culture and societies, as well as life on earth in general.
Ahealthy diet is essential for our health [93, 131], and eating healthy protects us against chronic
non-communicable diseases, such as heart disease, diabetes, or cancer. A good diet also allows
people with chronic illnesses to manage their condition and avoid complications [265].

At the same time, food plays a central role in our daily activities, socialization, and social life.
According to recent estimates, Americans aged fifteen or older daily spend, on average, an
hour consuming foods and beverages as their primary activity [160]. Meal preparation is an
expression of beauty and creativity. Across cultures, sharing a meal expresses hospitality and
welcome. Beyond daily activities, throughout history and across various civilizations, food
shapes and disrupts the fabric of society. For instance, there is a widely held assumption that,
during the Neolithic Age, the surplus of food triggered the First Agricultural Revolution [71],
i.e., a transition from a lifestyle of hunting and gathering to one of agriculture and settlement,
which, in turn, provided the basis for the rise of the first civilizations. A similar transforma-
tive effect is linked to the introduction of the potato in Europe, which promoted economic
development and population growth that eventually fueled the Industrial Revolution of the
19th-century [239].

Food is equally prominent in culture, art, and religion. In all major world religions, offering
food is a common ritual. In the Old Testament, the concept of gaining consciousness is de-
scribed through the act of biting food. In the New Testament, bread and wine are associated
with the body and blood [228]. Throughout history, Western European and American paintings
prominently featured meals—in particular, the foods that were aspirational to the commis-
sioners, aesthetically pleasing, or that encoded important aspects of the cultural, religious, or
political context. For instance, since antiquity, lobsters, crayfish, and crabs have appeared on
the table in banquet paintings, symbolizing rebirth and resurrection [387].
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Finally, beyond ourselves and the societies we build, the food we consume shapes life on earth
in a most general sense. Ever since the Industrial Revolution, the human diet has implied a
pervasive and ever-growing environmental degradation. Today, around 50% of our planet’s ice-
and desert-free land is used for agriculture, and half of all agriculturally used land is dedicated
to animals [292]. If this trend persists, the comfort zone for humanity and ecosystems to thrive
will have to be compromised [47]. Worldwide food consumption, a major driver of climate
change, is responsible for around 26% of all human-made greenhouse gas emissions, with
meat (and beef in particular) being the biggest driver [279].

To summarize, human nutrition and dietary habits shape our health, daily life, our societies,
and the environment. In this context, understanding behaviors related to food has been
undertaken through the lenses of various disciplines, including humanities, social sciences,
natural sciences, medicine, and, most recently, computer science. However, despite the
broad recognition of the crucial role of human dietary behaviors, it remains challenging to
understand and attempt to change them. In what follows, we highlight three major sets of
challenges related to measurement, identification, and feasibility of interventions.

First, measurement challenges relate to the fact that, traditionally, measurement—i.e., col-
lecting data about human dietary behaviors in terms of who consumes what, when, and
where—has been expensive and rare [315]. In this respect, conventional data collection meth-
ods available to researchers typically rely on surveying and self-reporting, both expensive and
prone to biases [220].

Second, identification challenges stem from the fact that the most important questions about
human dietary behaviors are inherently causal. Understanding causal relationships is crucial
to making good decisions. For example, how does the consumption of red meat influence
our hypertension risk? An analysis attempting to address this question might compare the
prevalence of hypertension among groups with varying levels of red meat consumption.
However, while it may be valuable to measure and describe the correlation between the
two phenomena—i.e., red meat consumption and hypertension—it would remain unclear
how much of the difference in the prevalence of hypertension can be attributed to red meat
consumption specifically, as opposed to other associated dietary behaviors, such as a general
preference for processed food [212], as illustrated in Figure 1.1. A person might ask: “If
I cut down my weekly red meat intake by a specific amount, how much will my disease
risk decrease?” or “Should I quit the occasional weekend steak, or not?” The causal and
counterfactual nature of these questions is revealed through the usage of phrases“ifI...",
“should1...” [271].

Indeed, nutrition is a topic elusive for a good research design [181]. Along with the difficulties
of accurately assessing what people eat, it is equally complicated to tease apart true causal
pathways. How can we pick out the effect of one food from the preparation method and
all the other foods people eat? How do we separate the impact of the food from the factors
that determine food choice? The gold standard way to estimate such effects is randomized
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Red meat
consumption —— > Hypertension

frequency /

Preference for
processed food

Figure 1.1: A hypothetical causal diagram capturing the relationship between red meat con-
sumption frequency, hypertension, and preference for processed food. High red meat con-
sumption frequency may cause hypertension, while a preference for processed food in general
may cause both high red meat consumption frequency and hypertension.

controlled experimentation, which assigns a treatment to some people and not to others.
However, in most dietary behaviors, randomization is neither feasible nor ethical [299]. One
cannot intervene and change people’s consumption, at least not for prolonged periods of time.
For instance, it would be unethical to prescribe to a group of people to consume unhealthy
food. Additionally, nutrition research has faced a reproducibility and accuracy crisis [340]. For
example, associations with cancer risk have been reported for most common food ingredients,
with numerous studies describing implausibly large effects [322].

Third, feasibility challenges relate to the practicality of modifying human dietary behaviors.
Since food behaviors are deeply personal, it is difficult to intervene and change people’s
habits. Food is simultaneously an expression of culture and a means of celebration or personal
comfort. Hence, it hits a special nerve when we are told we should change what and how
we should eat. Modifying our dietary behavioral patterns is challenging, even when the
change is meant to fight climate change or protect our health, or that of our loved ones [397].
Unfortunately, such a modification is even more challenging when it has to occur on a cross-
cultural scale [247]. Despite the reports on small-scale examples of successful interventions,
relevant large-scale evidence remains scarce. Overall, the problem of healthy and sustainable
dietary behaviors is linked to a wide variety of factors, including culture, habits, access to
affordable and nutritious food, values, social status, economics, and all aspects of agricultural
systems [47].

Yet, despite the challenges outlined above, we are now at a crossroads, facing new opportuni-
ties that might allow us to understand better human behaviors related to food. The central
premise of this thesis is that novel computational approaches powered by digital traces and
the new causal science can offer an un-tapped potential to understand and causally explain
human dietary behaviors. This premise is underpinned by several considerations.

First, digitalization has led to major improvements in measurement and the types of data
that can be collected. Digitalization has enabled a transition from a world where behavioral
data is rare and expensive to a world where behavioral data is abundant. In today’s digital

5
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age, the behaviors of billions of individuals are recorded and stored for further analysis, as
part of regular operations of digital products and services. Such data, typically a byproduct of
digital platforms, is therefore referred to as digital traces. Since these digital traces are “big”,
it has become possible to study rare events, detect small effects, and uncover heterogeneity
among subpopulations. Digital data is “always-on”, and data streams are constantly flowing.
The data is also continuously collected, thus enabling research on unexpected events and
the generation of real-time measurements without delays. Another important characteristic
of digital data that distinguishes it from traditional data is that the former is often “passively
collected” or “nonreactive”, meaning that the act of data collection does not impact or interfere
with people’s behaviors [315].

Second, recent causal science advances have equipped us with paradigms that enable identi-
fication and reasoning about causes and effects. Today, it has become possible to extract sci-
entific insights from data not created for scientific research purposes. Causal revolution [271]
allowed formalizing the notions of causality, encoding variables, expressing relationships,
identifying relevant factors, estimating causal effects, and reasoning about the counterfactuals.
Observational studies relying on such causal approaches allow us to approximate experiments
we cannot conduct. This progress in causal approaches has been fueled by contributions from
various fields, including but not limited to computer science, statistics, and econometrics.
Quasi-experimental methods and structural models have led to a credibility revolution in
economics and policy-making [20]. Neyman-Rubin’s causal model [305], also known as the
potential outcomes framework, is widely adopted in economics, political science, and legal
studies [206]. Computer science has contributed the language of causal diagrams, which serve
as a bias analysis tool allowing identification and enabling precise communication [271]. Such
causal approaches provide a rigorous foundation for researchers to make causal estimates
from non-experimental digital traces, climbing up the ladders of causality from describing
associations to considering interventions and counterfactuals.

Third, considering the challenges that our societies are facing, urgent action is needed to
promote sustainability, avert the climate crisis, and improve the health of our growing pop-
ulations. There is a need to provide better causal explanations of human dietary behaviors
and to ensure feasibility of dietary interventions. To that end, United Nations sustainable
development goals [223] provide a potential framework to guide the policies and interventions
such that they are feasible and globally coordinated. Two of the seventeen goals are closely
related to dietary behaviors, namely, “to take urgent action to combat climate change and
its impacts” (Goal 13) and “to ensure healthy lives and promote well-being for all at all ages”
(Goal 3). The former goal, as mentioned above, concerns environmental and sustainability
challenges. The latter goal is linked to the world’s prevalent diseases, such as heart disease
and diabetes, both of which are, to a large extent, associated with dietary habits.

The fusion of the three factors—availability of large-scale passively sensed behavioral traces,
the advances in causal science, and the urgency to act to ensure sustainability and health—sets
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the stage for the contributions of this thesis. In the next section, we summarize the main
contributions and outline the structure of the thesis.

1.2 Contributions and thesis overview

To better understand and causally explain human dietary behaviors, we design and conduct
observational studies leveraging large-scale passively sensed datasets that capture behaviors
of a large number of persons for prolonged periods. We demonstrate how we can develop
study designs that enable the identification of causal effects of interest and how in doing so,
we enrich and refine existing knowledge about human dietary behaviors.

The thesis is organized into five parts. Part I contains the Introduction and the Background.
The main contributions of the thesis are presented in Parts II, III, and IV, while Part V contains
the Discussion and the Conclusion.

Parts II and III present scientific findings derived by monitoring dietary behaviors in two
distinct types of contexts. In Part II, we study dietary behaviors with millions of food purchase
logs, collected in a situated campus-wide context. In Part I1I, we study dietary behaviors with
information seeking logs, worldwide, studying behaviors of millions of internet users. To derive
meaningful insights from passively sensed behavioral traces, we adopt a causal inference

Part II: Studying campus-wide dietary behaviors with purchase traces

Digital traces Methods
Food consumption on campus: Dataset and opportunities (Chapter 3) »
Shaping the Nutritional Environment via Dietary Behavior Analysis of Food Sales Logs: On-campus _D?SC”P"Ve
Case Studies, Opportunities, and a Call to Action. purchase logs statistical analyses
Kristina Gligori¢, Robin Zbinden, Arnaud Chiolero, Emre Kiciman, Ryen White, Eric Horvitz, and Robert West.
Working paper.
Social tie formation and food consumption on campus (Chapter 4) On-campus Observational study:

Formation of Social Ties Influences Food Choice: A Campus-Wide Longitudinal Study. Matched incident

purchase logs

Kristina Gligori¢, Ryen White, Emre Kiciman, Eric Horvitz, Arnaud Chiolero, and Robert West. user design
ACM Cc on Computt C ive Work and Social Computing (CSCW), 2021.
Purchasing mimicry in food consumption on campus (Chapter 5) _

Food Purchasing Mimicry in an On-Campus Nutritional Environment. On-campus Observational s.tudy:
Kristina Gligori¢, Arnaud Chiolero, Emre Kiciman, Ryen White, Eric Horvitz, and Robert West. purchase logs Matched design
Working paper.

Part 1ll: Studying worldwide dietary behaviors with information seeking traces
COVID-19-induced shifts in dietary interests (Chapter 6) information/sesking|logs: Observational study:

Regression

Population-Scale Dietary Interests During the COVID-19 Pandemic. Google search queries . b .
discontinuity design

Kristina Gligori¢, Arnaud Chiolero, Emre Kiciman, Ryen White, and Robert West.
Nature Communications, 13(1073), 2022.

Part IV: Validity of studying dietary behaviors with digital traces

Validity of dietary digital traces (Chapter 7) Social media images + Experimental study:

Biased Bytes: On the Validity of Estimating Food Consumption from Digital Traces. Food tracking images i=stimationiitom

Kristina Gligoric, Irena Dordevic, and Robert West. pairwise comparisons
M C on Comput C ive Work and Social Computing (CSCW), 2022.

Figure 1.2: Outline of the main thesis contributions and the corresponding chapters. For each
chapter, we summarize the leveraged digital trace data and the main methods.
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approach that aims to minimize the impact of biasing factors, while being transparent about
the assumptions and the limitations. The variety of studied contexts (ranging from local to
global) and leveraged traces (including purchase logs, search logs, and social media posts)
demonstrates the generalizability of the proposed approaches and highlights the breadth and
depth of the scientific insights that can be derived.

Specifically, in Part II, we present studies modeling dietary behaviors with anonymized food
purchase transaction logs made over an 8-year period on the EPFL university campus. Study-
ing diets in campus environments has broad implications for the campus community and
the general population. In Switzerland alone, over a million people eat in cafeterias in school
or at work every day, making these establishments key players for healthy nutrition and a
focus of Swiss policy-makers [288]. Chapter 3 introduces the dataset and identifies research
opportunities. Since social norms have received considerable attention from researchers
due to their influence on diets and the potential for interventions, in Chapters 4 and 5, we
isolate the causal effect of implicit naturally-occurring social interventions—social tie for-
mation and food choices of others we eat with. In the studies monitoring behaviors in an
on-campus setting, special focus is placed on isolating the causal effects by controlling for
confounding factors, such as, for instance, habits before the tie formation (cf. Chapter 4) and
the environmental factors (cf. Chapter 5) which can lead to biases if unaccounted for.

In Part ITI, we turn to a different kind of digital trace data—aggregated information seeking
logs. Leveraging anonymized traces recorded as part of everyday web browsing, we can scale
up the computational approaches beyond the campus environment, from campus-wide to
worldwide. We study dietary behaviors globally, across a dozen of countries. Focusing on the
disruption of COVID-19-induced mobility restrictions, we isolate the effect of the population-
wide interventions on dietary interests, as revealed via Google search volumes (Chapter 6).
As in Part I, specific focus is placed on isolating the causal effects of the interventions by
controlling for confounding factors such as seasonal fluctuations and trends (cf. Chapter 6)
which can skew the estimates if left unaccounted. We develop a rigorous study design relying
on regression discontinuity that isolates the impact of COVID-19-induced shocks. The derived
scientific insights we contribute in this study have immediate implications and can inform
policy-making, the design of food systems, and behavioral interventions.

Nonetheless, there is no such a thing as a free lunch—digital traces are not without their
limitations. Unlike directly collected “designed data”, e.g., data collected via surveys, digital
traces are not collected for scientific research purposes. Hence, digital traces are admittedly
imperfect. Most notably, they tend to be incomplete, inaccessible, non-representative, drifting
in time, algorithmically confounded, error-prone, and sensitive [214, 315]. Therefore, in Part IV,
we take a step back and rigorously investigate the bounds to how much digital traces can tell
us about the actual phenomenon of interest: true offline behaviors of the general population
and their determinants. To that end, we contribute a novel crowdsourcing framework for
estimating biases and perform a case study of food consumption in Switzerland (Chapter 7).



1.2 Contributions and thesis overview

The outline of the thesis contributions with the original publication serving as the basis for
each chapter is depicted in Figure 1.2. The remainder of the thesis is structured as follows. In
Chapter 2, we present the background and set the scope for the contributions. Chapters 3-7
describe the contributions. We end with a discussion (Chapter 8) and a conclusion (Chapter 9).
Next, we summarize each chapter’s main scientific contributions and novelties.

1.2.1 Studying campus-wide dietary behaviors with purchase traces (Part II)
Food consumption on campus: Dataset and opportunities (Chapter 3)

Adapted from:

Shaping the Nutritional Environment via Dietary Behavior Analysis of Food Sales Logs: Case Studies,
Opportunities, and a Call to Action. Kristina Gligorié¢, Robin Zbinden, Arnaud Chiolero, Emre Kiciman,
Ryen White, Eric Horvitz, and Robert West. Working paper.

Modern campuses evolved to be complete ecosystems where people spend large fractions of
their time and consume foods regularly. Despite the implications of the foods consumed in
such situated contexts for health, performance, and the environment, it remains challenging
to provide good measurements of consumed food. We aim to bridge this gap by introducing a
dataset of passively sensed purchase traces made on the EPFL university campus as part of
regular operations.

In Chapter 3, we introduce the dataset, present descriptive statistical analyses, and identify
opportunities leveraging the introduced dataset. For instance, descriptive analyses reveal that,
on the studied campus, purchases reflecting potentially harmful dietary behaviors (alcohol,
energy drinks, and vending machines) are most prevalent among students, Ph.D. students,
younger subpopulations, and males. We find that the academic schedules drive food con-
sumption on-campus, both at the yearly level (lecture season vs. exam season) and at the daily
level (lectures vs. breaks).

The following two chapters address specific research questions related to social interactions
on campus in detail.

Social tie formation and food consumption on campus (Chapter 4)

Adapted from [151]:

Formation of Social Ties Influences Food Choice: A Campus-Wide Longitudinal Study. Kristina Gligoric,
Ryen White, Emre Kiciman, Eric Horvitz, Arnaud Chiolero, and Robert West. ACM Conference on Computer-
Supported Cooperative Work and Social Computing (CSCW), 2021 (Best Paper Honorable Mention Award).
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Social influence has long been theorized to be a key determinant of nutrition. However, it has
been difficult to quantify the postulated role of social influence on nutrition using traditional
methods such as surveys, due to the typically small scale and short duration of studies. To
overcome these limitations, in Chapter 4, we leverage logs of food purchases made on the
EPFL university campus. In a longitudinal observational study, we ask: How is a person’s food
choice affected by eating with someone else whose own food choice is healthy vs. unhealthy?

To estimate causal effects from the passively observed log data, we control confounds in a
matched quasi-experimental design: we identify focal users who at first do not have any
regular eating partners but then start eating with a fixed partner regularly, and we match
focal users into comparison pairs such that paired users are nearly identical with respect
to covariates measured before acquiring the partner, where the two focal users’ new eating
partners diverge in the healthiness of their respective food choice. We contribute to the rich
literature on social influences with the following scientific findings:

1. When a focal person acquires a new eating partner, the healthiness of the focal user’s
food choice shifts significantly in the direction of their new eating partner’s dietary pat-
terns. Focal persons acquiring a healthy-eating partner change their habits significantly
more in the direction of healthy foods than focal persons acquiring an unhealthy-eating
partner. We quantify the robustness of this finding in a sensitivity analysis, and we pro-
vide further evidence by observing a dose-response relationship between the difference
in exposures and the difference in effects.

2. Further identifying foods whose purchase frequency is impacted significantly by the
eating partner’s healthiness of food choice reveals that focal persons who start eating
with healthy-eating partners show an increase in the purchase of coffee and lunch meals,
items generally purchased in large numbers, with the strongest effect. On the other
hand, items purchased at higher rates by the matched counterparts loosely form a
cluster of potentially unhealthy items that should not be eaten in large quantities.

Beyond the main scientific findings, this contribution also demonstrates the utility of passively
sensed food purchase logs for deriving insights, with the potential of informing the design of
public health interventions and food offerings, especially on university campuses.

Purchasing mimicry in food consumption on campus (Chapter 5)

Adapted from:

Food Purchasing Mimicry in an On-Campus Nutritional Environment. Kristina Gligori¢, Arnaud Chiolero,
Emre Kictman, Ryen White, Eric Horvitz, and Robert West. Working paper.

The following chapter, Chapter 5, studies social influence on campus in more detail, at the
meal-level.
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We leverage the sequential queue nature of cafeterias and the fact that we can monitor many
persons in many situations. We consider a large number of situations where a dyad of partner
(early decision-maker, i.e., the person who goes first in the purchasing queue) and focal user
(late decision-maker, i.e., the person who goes second in the purchasing queue) are adjacent,
and both make a purchase. Identifying the partner’s impact on the focal user, we find evidence
in favor of a specific behavioral mechanism for how dietary similarities between individuals
occur—purchasing mimicry. We contribute the following scientific findings:

1. We find significant mimicry of partners’ purchases affecting all food types and diminish-
ing once the ordering of the purchasing queue is randomized.

2. Purchasing mimicryis present across age, gender, and status subpopulations on campus,
but strongest for students and youngest persons.

3. We find that the mimicry diminishes as the proximity in the purchasing queue (mea-
sured in seconds between transactions) decreases, thus exhibiting a dose-response
relationship where the smallest distances in the purchasing queue correspond to the
largest effect estimates.

The results of this study elucidate the behavioral mechanism of purchasing mimicry and have
further implications for understanding dietary behaviors among on-campus subpopulations.
Our findings imply that modifying the availability of supplementary food items sold on cam-
puses (such as fruits and desserts) can be leveraged to increase or reduce the intake of specific
foods and nutrients.

1.2.2 Studying worldwide dietary behaviors with information seeking traces
(Part III)

COVID-19-induced shifts in dietary interests (Chapter 6)

Adapted from [146]:

Population-Scale Dietary Interests During the COVID-19 Pandemic. Kristina Gligorié, Arnaud Chiolero,
Empre Kictman, Ryen White, and Robert West. Nature Communications, 13(1073), 2022.

Moving from a campus-wide to a worldwide context, in Chapter 6, we study diets with infor-
mation-seeking traces. Motivated by the fact that the SARS-CoV-2 virus has altered people’s
lives around the world, in Chapter 6, we study population-wide shifts in dietary interests in 18
countries in 2020, as revealed through time series of Google search volumes. Methodologically,
drawing meaningful conclusions from the longitudinal Google search volume time series is
challenging due to the presence of trends and seasonalities.

11
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We overcome these hurdles via quasi-experimental time-series analyses, isolating the effect
of the 2020 discontinuity in mobility patterns on food interests and going beyond simple
correlations by accounting for 2019 baseline trends.

Our main contributions are the following findings:

1. During the first wave of the COVID-19 pandemic, there was an overall surge in food
interest, larger and longer-lasting than the surge during typical end-of-year holidays in
Western countries.

2. The shock of decreased mobility manifested as a drastic increase in interest in con-
suming food at home and a corresponding decrease in consuming food outside of
home.

3. The increased food interest is not uniform across types of food. The largest (up to three-
fold) increases occurred for calorie-dense carbohydrate-based foods such as pastries,
bakery products, bread, and pies.

The identified shifts in interests, many of which persisted for months and some of which con-
tinued past our observation period, represent a potential danger for public health. Thus, the
observed shifts in dietary interests have the potential to globally affect food consumption and
health outcomes. This contribution can inform governmental and organizational decisions
regarding measures to mitigate the effects of the COVID-19 pandemic on diet and nutrition
worldwide.

1.2.3 Validity of studying dietary behaviors with digital traces (Part IV)
Validity of dietary digital traces (Chapter 7)

Adapted from [148]:

Biased Bytes: On the Validity of Estimating Food Consumption from Digital Traces. Kristina Gligoric,
Irena Dordevi¢, and Robert West. ACM Conference on Computer-Supported Cooperative Work and Social
Computing (CSCW), 2022.

Lastly, digital traces such as purchase logs and information-seeking logs studied in the previous
chapters lend themselves as potential proxies for food consumption. However, the validity of
such methods has not been established. It remains unclear to what extent digital traces reflect
real food consumption.

In Chapter 7, we aim to bridge this gap by quantifying the link between dietary behaviors
as captured via social media and via food-tracking applications, at a population scale. We
investigate the link between online and offline dietary behaviors by studying food images, as

12
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measured via two platforms: Twitter and MyFoodRepo food tracking app, in Switzerland. The
main contributions are the following:

1. A novel crowdsourcing framework for estimating biases.

2. A case study of food consumption in Switzerland applying the bias estimation frame-
work. Controlling for location, period, and food types, we contrast an extensive set of
tweeted food images with images of consumed and tracked food. We find that:

* Food type distributions among social media foods vs. among consumed and
tracked foods diverge; e.g., bread is 2.5 times more frequent among consumed and
tracked foods than on Twitter, whereas cake is 12 times more frequent on Twitter.

* Studying food types individually, Twitter still provides a biased view of food con-
sumption as measured via food tracking. Tweeted food is, on average, across food
types, perceived as more caloric, less healthy, less likely to have been consumed at
home, and tastier compared to actually consumed and tracked food. For example,
on average, across food types, a median-tasty Twitter dish is among the top 26%
tastiest MyFoodRepo dishes, and a median-caloric Twitter dish is among the top
34% most caloric MyFoodRepo dishes.

While social media traces can be a reasonable proxy of tracked consumption for certain
food types, we find that, overall, food shared on social media and consumed and tracked
food significantly diverge from each other. The fact that there is a divergence between food
consumption measured via the two platforms—food tracking and social media—implies that
at least one of the two is not a faithful representation of the true food consumption in the
general Swiss population. We conclude that researchers should thus be attentive and try to
establish evidence of validity before using digital traces as a proxy for true food consumption
in the general population.

Measuring biases in digital traces is the first step towards correcting them and drawing valid
conclusions despite their presence. Through a case study of the Twitter and MyFoodRepo
platforms in Switzerland, in Chapter 7, we contribute grounding and first insights regarding
the validity of dietary traces.

In the next chapter, we provide background and scope for the outlined contributions.

13
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In this chapter, we provide a broad background and set the scope for the contributions of
the thesis. We start by discussing related work monitoring dietary behaviors with digital
traces (Section 2.1), focusing on the opportunities and recent advancements. We then provide
background about the known limits of such approaches (Section 2.2) by reviewing related work
studying biases of digital traces. In the remainder of the chapter, we provide background for the
two contexts in which we study diets: campus-wide dietary behaviors and the corresponding
traces (Section 2.3), and worldwide information-seeking behaviors and the corresponding
traces (Section 2.4).

2.1 Digital trace data as a passive sensor for diets and nutrition

2.1.1 Estimating food consumption from passively-sensed digital traces

Analyzing nutrition behaviors via digital traces has been an active area of research. Previous
work leveraged various kinds of digital trace data including search engine logs [376, 392],
purchase logs [11, 12, 51, 101, 187, 200], online recipes [297, 314, 360, 362, 378, 379], reviewing
platforms and websites [65, 82, 163, 388], crowdsourcing platforms [105, 177], geo-location
signals [309], wastewater-based signals [103], and ubiquitous devices and wearables [5, 34].
Another active area of research has been focused on improving methods for monitoring food
consumption relying on mobile phones [77, 78] and wearable devices to recognize when eating
activities occur [356].

2.1.2 Estimating food consumption from social media digital traces

In particular, given the popularity and prevalence of food-related content, studying diets
through social media posts has been an active research area. Instagram [133, 261, 275, 332]
and Twitter [3, 88, 241, 242, 244, 395] have emerged as particularly promising platforms. Re-
searchers have studied specific dietary issues and harmful behaviors. In work with important
implications for the health and well-being of vulnerable populations, researchers studied re-
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ports of eating disorders [56, 57, 86, 268], dietary choices, nutritional challenges in food deserts
(places with poor access to healthy and affordable food) [88], and obesity patterns in online
behaviors [243]. Related work has also studied eating disorder support online communities,
quantifying and predicting disease severity and recovery [57, 86].

2.1.3 Leveraging user-generated food content for machine learning tasks and NLP

Researchers have been utilizing user-generated food content to train and develop machine
learning models. Current Al applications that use online food images include mining food
photos to perform segmentation [262], recognize food [17, 45, 313, 403], learn food and recipe
embeddings [316], and perform calorie [257] and nutrient estimation [128].

Previous work has also studied the language of food—the impact of the dish vocabulary [252]
and its historical origins and socio-cultural dimensions [126, 368]—through the language of
food advertisements [126], menus [364, 369], and reviews [196, 282].

Knowledge gaps and relation to thesis work. Re-purposing inadvertent and indirect proxies
and data sources for studying diets is a promising research direction. The contributions of this
thesis demonstrate the potential of various kinds of digital traces—including purchase logs,
search logs, and social media posts—for deriving novel insights about human behaviors.

2.2 Biases of digital trace data

While large-scale digital traces are promising for monitoring and modeling nutrition, little is
known about how these passively sensed behavioral signals can be used for understanding
the factors that govern food consumption. For instance, although social media has emerged
as arich data source, food shared or discussed on Instagram and Twitter might not be repre-
sentative of food that people actually consume. Researchers have compared population-scale
statistics extracted from tweet text with public health statistics regarding the prevalence of
obesity and diabetes [3, 243, 314]. However, the content of posted images and the foods
themselves have not been contrasted with actually consumed foods to date.

Similarly, while food shared on social media might not be representative of consumed food,
more distant proxies make it even harder to determine validity. For example, do recipe searches
on search engines correspond to eating the food? Does reading an online recipe imply that
the food was prepared and consumed? It is unknown to what extent such proxies imply
food consumption, and it is unclear whether studies of food consumption via such digital
traces truly measure the quantities intended to be measured. Moreover, if the food people
consume is systematically different from food shared online, models trained and evaluated on
online datasets might not generalize to real-world scenarios. In the next section, we provide
background regarding the biases linked to studying diets with digital traces.
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2.2.1 Construct validity

The goal of measurements using behavioral trace data is to extract meaning from raw data
that most often was not collected with the extraction of scientific insight in mind. Data-driven
research has thus been criticized for asking questions that appear to be opportunistically
answerable with the data at hand, overlooking different types of biases [156]. Lazer et al. [214]
argue that digital traces need to be linked to known constructs before we can use the data to
answer scientific questions. Thus, the key challenge of studying digital data is determining
whether measurements accurately capture the construct one would ideally want to examine.
For example, if one is measuring physical activity based on mobile phone location traces, how
consequential is the omission of stationary activities such as treadmill or yoga [214]? If one is
tracking influenza with Web search logs of symptoms, how consequential are searches from
persons not experiencing any symptoms [215]?

The mismatch between the theoretical understanding of a concept and its operationalization,
known as the issue of construct validity, can have harmful consequences [380]. In particular,
when data that allows for measurement (e.g., arrest records) does not properly match the
actual social construct that the measurement is intended to capture (e.g., a criminal act),
measurements can replicate, mask, or exacerbate existing social issues [76].

Related work has thus aimed to establish the validity of studying human behaviors with Web
and social media traces. Example studies include studying the validity of screening depres-
sion [202], location traces [176], inferring political approval [326], sentiment analysis [273], or
using Twitter’s APIs [254]. De Choudhury et al. [87] have studied seeking and sharing health
information online by comparing search engines and social media. Researchers have also
studied decisions around whether to post content online [2], political, racial, and gender
biases in Web systems [161, 207], and how Web systems influence offline user behavior [14].

2.2.2 Error frameworks

Further related work includes studies that issue calls to carefully scrutinize the use of social
media data against biases and provide practical implications to aid researchers in performing
their data-driven studies. Sen et al. [327] proposed a total error framework for digital traces of
human behavior on online platforms, Olteanu et al. [264] identified a variety of challenges in
the practices of social media use for research, and Hofman et al. [174] advocated for measuring
the extent to which causal estimates made in one domain transfer to another domain.

Knowledge gaps and relation to thesis work. Whereas related work [264, 306, 327] aims to
put the biases into a unified framework cutting through different domains, in Chapter 7, we
specifically establish the bounds to the validity of estimating food consumption from digital
traces.
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2.3 Campus-wide context: Dietary behaviors on-campus

Next, we provide a broad background regarding on-campus dietary behaviors and we position
our contributions described in Chapters 3-5 relative to gaps in the previous work.

2.3.1 Food consumption in campus environments

Arich body of work examined the determinants of food consumption in campus environments.
The dominant factors impacting consumption include price, value for money, healthfulness,
and taste [37, 304]. Factors that represent barriers to healthy eating are time constraints,
snacking, high-calorie foods, stress, high prices of healthy food, and easy access to junk
food. In contrast, enablers to healthy behavior are food knowledge and education, meal
planning, involvement in food preparation, and being physically active [338]. In another study
by Deliens et al. [94], beyond individual factors, individuals reported being influenced by
their social networks, physical environment (e.g., availability and accessibility, appeal and
prices of food products), and macro environment (including impacts of media and advertising).
Furthermore, the relationships between determinants and university students’ eating behavior
are moderated by university characteristics, such as residency, student societies, university
lifestyle, and exams [94, 95].

Previous work focused specifically on the role of the academic schedule and exams, demon-
strating how cafeteria snack purchases become less healthy with each passing week of the
semester, implying an increased demand for unhealthy foods as the college semester pro-
gresses, and in particular, at the very end of the semester [386]. Lastly, large-scale passively
sensed signals have been harnessed in university campus environments to measure deter-
minants of well-being [383] and performance [384], outside of nutrition [26, 227, 260, 324].
Recent studies point towards the feasibility and the potential of leveraging behavioral traces
for campus-centric applications [84, 253, 312, 350].

On-campus dietary interventions that aim to improve food availability, accessibility, prices,
and promotions through policies received considerable attention from researchers [96, 259,
303, 304]. Potentially effective interventions include reduced pricing and price manipula-
tion [351], increased availability [134, 209, 302] and variety of fresh, seasonal, local, and healthy
foods [175, 233, 396], optimized product placement of healthier items [393], positional in-
terventions [50, 135], and providing more nutrition information [114, 116, 232]. Nutrition
education is another potentially powerful tool in health campaigns to promote healthy eating
patterns on campus [401].

Related studies performed interventions that targeted dietary behaviors, for instance, by
altering product placement and naming to increase store sales of healthy foods [366, 367, 375].
Recent field experiments [23, 365] exploring the impact of renaming vegetarian dishes on
menus found that such linguistic nudges have the potential to encourage individual action.
Removing terms such as “meat-free”, which highlights the lack of meat in the dish, and
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replacing them with words such as “fieldgrown” or “garden” increased the proportion of
people choosing the target vegetarian dishes.

Knowledge gaps and relation to thesis work. Understanding all the determinants of food
consumption and intervention effectiveness is challenging since the key factors, such as
availability and attitudes, change over time, interact, and do not necessarily generalize across
different campuses. There is a need for unified frameworks to better monitor and understand
food consumption in campus environments worldwide.

2.3.2 Harmful dietary behaviors in campus environments

Next, we provide more background on the specific potentially harmful dietary behaviors
described in Chapter 3: energy drinks, alcohol, and vending machine food. Emerging evidence
has linked energy drink consumption with several negative health consequences, such as
risk-seeking behaviors, poor mental health, adverse cardiovascular effects, and metabolic,
renal, or dental conditions [328]. Nonetheless, previous work studying energy drink use in uni-
versity students [52, 343] found that energy drink consumption is a common practice among
university students. In particular, tailored health promotion strategies and interventions are
needed to address misconceptions about energy drinks and alcohol mixing.

Research has established elevated levels of alcohol consumption among young adults. Re-
search suggests that students today drink more, with increasing emphasis on binge drinking
and drunkenness than among earlier generations [85]. It remains what factors contribute to
alcohol consumption among university students, and unclear how to approach this issue [125].

Previous studies found that products sold in university vending machines tend to be nutrition-
ally poor [152]. Vending machines typically market and sell less healthy food and beverages to
university students. There is a need for healthier vending machines in a university setting [373],
especially given the strong correlation between the availability of vending machine items and
the corresponding purchases [152].

Knowledge gaps and relation to thesis work. However, despite the importance of these poten-
tially harmful dietary behaviors, precise and generalizable estimates are lacking. For instance,
how many energy drinks do students consume globally in university environments? What
is the effect of energy drink consumption on academic performance, and how do academic
schedules impact the consumption of energy drinks? In Chapter 3, we perform statistical
analyses of on-campus purchase logs to shine a light on such consequential behaviors and
reveal the axes along which they vary.

2.3.3 Social influence and diet on campus

Social influence on dietary habits is an active area of research [172, 334]. Food consumption is
influenced by eating with others [170], and the food choices of others, including people one
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does not know, have been observed to influence food choices, even when not consciously
recognized [67, 294]. Previous research aimed to understand the governing psychological
mechanisms, including the seeking of dish uniformity driven by the goal of regret minimization
or the seeking of dish variety driven by self-presentation [22, 89, 256].

Although the underlying mechanisms are not fully understood, uniformity seeking is observed
across a range of studies. For example, it is observed that the quantity dimension is used
to communicate gender identity, and the food-type dimension to ingratiate the co-eater’s
preferences by matching the other’s presumed choice, following gender-based stereotypes
about food [55]. Such social norms, including the influence of peers, have tremendous
potential for understanding dietary patterns and designing public health interventions [75,
250, 293, 295].

Alarge fraction of the transactions recorded in our dataset were made by students, i.e., adoles-
cents and young adults. Focusing on similar age groups, social influence in dietary habits has
been examined in the context of school children [35, 119, 269, 318] and adolescents [91, 92,
346], who are theorized to be most susceptible to social pressures. In particular, effects of peer
influence have been observed in children’s and adolescents’ diets and activity patterns [25,
317].

Systematic reviews of social network analyses of young people’s eating behaviors and body
weight reveal consistent evidence that school friends are significantly similar in terms of their
body mass index. Friends with the highest body mass index appear to be most similar [124].
Prior work further reveals that the family context is essential when implementing healthy eat-
ing interventions, as parents, not friends, are the most prominent influencers of adolescents’
healthy eating [197, 272].

Previous work has particularly been focused on unhealthy behaviors and their contagious
effects, observing that obesity [66], overeating [237], fast food [357], high-fat [117, 168], and
alcohol and snack consumption [267, 399] are contagious. In fact, the strongest evidence of
social influence in food choices has been found for unhealthy behaviors (e.g., snack foods) [38,
80]. Beyond food consumption, peer influence and social norms have been observed to play a
role in unhealthy weight-control behaviors among adolescent girls: self-induced vomiting,
laxatives, diet pills, and fasting were all shown to be contagious among adolescent girls [109].
Rich literature tackles the problem of unhealthy behaviors through interventions to promote
healthy dietary habits, and physical activity [121], losing weight [189], reducing the risk of
chronic illnesses [143], and reducing food waste [290].

The issue of social influences in diets is a controversial one as there is a heated debate about
whether unhealthy behaviors are indeed contagious, or whether the observed similarities
should instead be attributed to homophily, i.e., people’s tendency to form ties with others who
are similar to oneself, to begin with. Disentangling social influence from homophily poses a
fundamental challenge. Without strong assumptions about the structure of ties or the ability
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to measure confounding factors, homophily and contagion are generically confounded (i.e.,
the effect of social influence cannot be identified) [21, 329, 330].

Knowledge gaps and relation to thesis work. In Chapters 4 and 5, we monitor social influences
outside of experimental setups. Having access to a multi-year history of all transactions made
on a large campus allows us to observe behavioral changes for longer time periods and in a
more fine-grained way, by measuring a wide set of purchasing behaviors that occur in the
real world. Our work attempts to minimize the effect of confounding variables in previously
infeasible ways. Based on the rich transaction data, we measure a set of relevant confounding
variables and carefully control for them in our quasi-experimental setups.

2.3.4 Further implications and societal challenges linked to on-campus food con-
sumption

Lastly, beyond sustainability, health, and social influences, which are in the focus of this
thesis, on-campus food consumption reflects other challenges and circumstances faced
by individuals who are part of the campus community. We consider two other prominent
difficulties in the existing literature about food on-campus: economic factors and skills.

Food consumption in university environments cannot be considered in isolation from the
broader environmental factors of the society that the university is part of. The members of the
university communities face circumstances that the broader society faces, and these factors,
in turn, affect food consumption. Previous work has thus examined food insecurity among
students on campus [54, 258, 270]. Work aiming to understand food insecurity among college
students found that obtaining a degree, securing a better job, and improving their living
standards were priorities that outweighed hunger concerns among students [167]. University
students’ risk of food insecurity is partly attributed to inadequate income support and the
price of available options [179].

Similarly, food consumption is affected by social context and the level of cooking skills. In
a related study, university students’ food intake was characterized as particularly unhealthy
among students who left their parents’ homes and became responsible for their food [33].
The extent to which students successfully take on the role of self-catering depends on the
student’s competencies and skills acquired before independent living, living situation, and,
most importantly, the student’s ability to create dietary habits, including regular grocery
shopping and cooking [36]. Therefore, adequate food skills may improve diet quality [398].
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2.4 Worldwide context: Population-level information seeking be-
haviors

Finally, we provide a broad background for Chapter 6. We start by reviewing related work focus-
ing on the online information-seeking behaviors during COVID-19 and work that measured
changes in user behavior during the pandemic.

2.4.1 The COVID-19 infodemic

COVID-19 was the first event of its magnitude to take place in the era of social media and
user-generated content. The important role that online platforms have in today’s society
has prompted researchers to study patterns of virality, information seeking, and information
sharing in social media during the pandemic.

Kouzy et al. [205] studied the spread of COVID-19-related misinformation on Twitter by
analyzing a sample of tweets, collected in February 2020, with trending hashtags and keywords
related to the disease, finding a high prevalence of mis- or unverifiable information. Other
studies that followed have found similar and complementary results. Yang et al.[404] also
found a high prevalence of low-credibility information, which is disproportionally spread by
bots. Ahmed et al. [9] identified and analyzed the drivers behind one of the main COVID-
19-related conspiracies, which postulates the spread of the infection to be related to the 5G
standard for cellular networks. Analyzing data containing conspiracy-related hashtags, they
found that a handful of users were driving the conspiratory content and that many of those
using the hashtag were denouncing the conspiracy theory.

Knowledge gaps and relation to thesis work. Whereas these studies detected and measured
content that may impact behaviors and beliefs (e.g., conspiracy theories), in Chapter 6, we
focus on the inverse question: Can we uncover changes in behavior via digital traces? We argue
that both these directions are important to the overarching goal of understanding the social
dynamics of the spread of the virus [97], since to understand the impact of misinformation,
one must be capable of measuring people’s behaviors, needs, interests, and concerns.

2.4.2 The Web in times of COVID-19

Recent work has also more broadly characterized how COVID-19 has altered people’s online
behavior, and how digital traces can be used to understand the pandemic better. A first
and broader theme in this direction concerns how COVID-19 has increased Internet traffic.
Feldmann et al. [115] showed that, due to COVID-19-induced lockdowns, Internet traffic of
residential users increased by 15-20%. Traffic increases were observed in applications that
people use when at home, such as Web conferencing, VPN, gaming, and messaging. Results in
the same direction were also found in survey-based studies analyzing Internet time [74], and
by a smaller-scale study measuring the increase in the stress on a campus network [112].
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Second, and more related to the contributions of the thesis, are works leveraging digital traces
to understand the impact of COVID-19 on mental health, economy, society, and human
needs [1, 157, 363]. We highlight two recent papers based on search data. Lin et al. [219] used
Google search data on COVID-19-specific keywords to predict the speed of the spread of the
disease. They found, e.g., that searches for “wash hands” are correlated with a lower spreading
speed of the disease. Suh et al. [348] measured changes in human needs using Bing search
logs, finding that, for a variety of different “need categories”, there was an elevated increase
in search activity, and that subcategories related to the most basic needs received the largest
boost.

In further related studies, researchers used Wikipedia pageviews to monitor and forecast
diseases at a global scale [138, 171] and to study anxiety and information seeking about
infectious diseases, such as influenza [238], HIN1 [355], and Zika [359]. Our work extends
rich literature studying behavioral changes of web users during unexpected events, crises, and
catastrophes [132, 409].

Knowledge gaps and relation to thesis work. The outlined related work is complementary to
the contributions of this thesis presented in Chapter 6. Signals from multiple distinct digital
traces such as network usage, social media activity, and search logs may allow stakeholders to
paint a more comprehensive picture of how the pandemic has impacted society. Resonating
with existing work, our contributions investigate the integral role played by the Web in times
of crisis and its usefulness in understanding how these events impacted the behavior of its
users.
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8] Food consumption on campus:
Dataset and opportunities

3.1 Introduction

The concept of a modern campus evolved to be more than a collection of buildings and
grounds that belong to an institution. A modern campus is a complete eco-system. In
such a situated context, people spend significant parts of their time working, educating, or
being educated, but also socializing, learning, doing sports, or entertaining themselves. On
campuses, people also consume food, regularly and globally.

The food consumed on campuses has broad implications for the people on campus and the
general population. First, the food we eat impacts our health. In the specific case of university
campus environments, during on-campus time, young adults transition into adulthood [337],
which often results in poor dietary behaviors and weight gain [398]. Therefore, students are
at risk of establishing unhealthy habits during their first years in college [28, 127, 371] and
developing negative health consequences including diabetes, heart disease, and hyperten-
sion [4, 286]. Furthermore, in universities, through the impact on health, food consumption
is linked to academic performance [289]. A literature review of the food intake of university
students [33] found that university students tend to exhibit unhealthy eating behaviors, such
as a high intake of fast foods, snacks, and sweets. Prevalent and potentially harmful dietary
habits include consuming energy drinks, alcohol, and vending machine foods.

Second, the food consumed on campus impacts the environment through its carbon footprint
and generated waste [342, 361]. The food supply chain corresponds to over a quarter of all
the anthropogenic greenhouse gas emissions [278]. Reducing this quantity and taking urgent
action to combat climate change and its impacts to mitigate the effects of climate change is
a UN sustainable development goal [73]. Given the need to actively address the challenges
of climate change, university leaders have a growing interest in reducing their campuses’
environmental impact. Key actions and initiatives relate to energy, buildings, water, waste,
transportation, grounds, air and climate, and food [16].
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To be able to take action towards the goals of ensuring on-campus health and sustainability, it
is important to know, to begin with, what foods are consumed on campus and in what context.
How sustainable and healthy are the dietary behaviors on campus? How do they vary across
subpopulations? How are they affected by the regular campus operations?

However, answering these questions faces major challenges. Traditional population-level
methods such as surveys face limitations, such as under-reporting [43, 137] and cannot
capture temporal dynamics accurately. Hence, much about fundamental campus dietary
behaviors with implications for health and the environment—such as meat vs. meat-free meal
consumption and consumption of caffeinated or alcoholic drinks—remains unknown. New
measurement and monitoring methods are needed to overcome these challenges and collect
dynamic, fine-grained, and generalizable data about the diet of campus populations.

In this chapter, we introduce an anonymized dataset of passively collected logs of food pur-
chases made on the EPFL university campus and perform descriptive statistical analyses of
food-purchasing behaviors. In particular, we describe how passively sensed food purchase
logs typically collected as part of regular business operations can be used to monitor and
model on-campus food consumption.

The descriptive statistical analyses are motivated by existing knowledge about human dietary
behaviors, analyzing dimensions along which behaviors vary, such as time, space, and de-
mographics, and the known issues that campus food consumption faces, including ensuring
health and sustainability. In particular, we describe statistical analyses of transaction logs that
can help the stakeholders have a detailed understanding of food consumption on campus.
The dimensions along which we perform descriptive data analyses are outlined below.

Monitoring and modeling regularities in campus food consumption. What spatio-temporal
patterns and regularities characterize food purchasing behavior on the studied campus? We
describe temporal (Section 3.2.4), spatial (Section 3.2.4), food choice patterns and regularities
(Section 3.2.4), and how they vary across subpopulations.

Sustainability and health. How are the specific dietary behaviors with implications for health
and sustainability reflected in the passively sensed purchase data? Given the sustainability
issues and prevalence of potentially unhealthy behaviors, we describe behaviors important
for sustainability (vegetarian meals, Section 3.2.5) and health (energy drinks, alcohol, vending
machines Section 3.2.5). We describe the prevalence of specific dietary habits in subpopula-
tions since understanding heterogeneity is an important step toward modifying unhealthy
dietary habits.

Chapter outline. In this chapter, we introduce the purchase logs dataset and present de-
scriptive statistical analyses of the dataset (Section 3.2). We then formulate a concrete set
of research questions (Section 3.3) that illustrate the breadth of insights that can be sourced
from the purchase logs. We outline a research agenda showcasing research questions that
can be addressed through quantitative analyses, alongside a description of methodological
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challenges. We aim to make a case for re-purposing such data, which are often available by
default and can serve as a valuable source of information to harness in university campus
environments to measure nutrition. The following two chapters, Chapters 4 and 5, address
two specific research questions in detail by leveraging the introduced dataset.

The present chapter introduces a dataset collected on a university campus. However, the
insights, opportunities, and challenges refer to corporate, medical, industrial, and other, more
or less closed environments. The notion of campus used throughout refers to such different
types of environments.

3.2 Dataset

3.2.1 Anonymized purchase logs

We introduce an anonymized dataset of food purchases made on the EPFL university campus.
The data spans eight years, from 2010 to 2018, and contains about 38 million transactions, of
which about 18 million were made with a badge that allows linking to an anonymized person’s
ID. The data includes 38.7k users, who, on median, are observed for a time period spanning
578 days and make 188 transactions. The transaction data is passively collected—it is available
by default and not collected specifically for this research [26, 227, 260, 324].

Each transaction is attributed with the time it took place, information about the sale location
(shop, restaurant, vending machine, or café), the cash register where the transaction took
place, the purchased items, their quantity, and price. Items are associated with unstructured
textual descriptions (e.g., “coffee”, “croissant”, “Coca-Cola can”). The unstructured textual
descriptions were additionally mapped to categorical labels such as “sandwich” or “dessert”
by a research assistant who labeled the 500 most frequently purchased items, which account
for 95.4% of the total volume of item purchases observed in the dataset. In the data collection
and analysis process, we worked directly with campus food-providing administration and
transaction system managers who exported and anonymized the data, to understand the

information about the food items and restaurants encoded in the dataset.

On campus, transactions can be executed using cash, credit card, or rechargeable identifying
badge. Students, staff, and visitors receive an identifying badge which enables them to access
campus facilities and services and settle transactions directly with this card without using
cash or a credit card. In case the transaction was executed with the identifying badge, it is
additionally attributed with the ID of the person who has made the transaction. In this chapter,
the descriptive analyses are based on the period from 2012 to 2018 with menu data available
(31M transactions, 16.6M with person ID).
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Figure 3.1: Sustainability challenge participants: demographics. In (a), the histogram of
sustainability challenge participants’ status (on the left) and gender (on the right). In (b), the
histogram of sustainability challenge participants’ age by status.

3.2.2 Sustainability challenge participants and the demographic information

We also introduce a smaller-size enriched dataset gathered during a three-week campus-wide
sustainability challenge in November 2018, during which 1,031 consenting and volunteering
participants formed 278 teams to compete in taking sustainable actions (e.g., taking the stairs
instead of the elevator, or consuming a vegetarian meal). For this subset of individuals, we
leverage demographic information: gender (illustrated in Figure 3.1a: 584 females, 447 males),
status at the campus (illustrated in Figure 3.1a: 724 students, 280 staff members, 27 “other”),
and birth year (illustrated in Figure 3.1b: average 1991, median 1994, Q1 1988, Q3 1998).

The sustainability challenge participants are represented with a consistent ID in the transac-
tion logs. Therefore, we enrich the transaction logs with sustainability challenge participant
information. In total, 0.6M transactions are attributed with the gender, age, and status of the
person who executed it. When describing this subset of transactions, we will refer to them as
sustainability challenge participants’ purchases, to keep in mind that an analysis is based on a
subset of the full set of transactions.

3.2.3 Ethical considerations

Nutrition is a potentially sensitive personal behavior. To protect user privacy, the log data
used here was accessed exclusively by EPFL personnel involved in this project, and stored and
processed exclusively on EPFL servers. The data was obtained with approval from EPFLs Data
Protection Officer and was anonymized before it was made available to the researchers for
analysis. Finally, we note that our work leveraging purchase logs was conducted retroactively
on data that had been collected passively in order to support campus operations. Thus, our
analysis did not influence users in any way. In what follows, we present a set of descriptive
statistical analyses of the introduced dataset.
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Figure 3.2: The yearly heartbeat of the campus. Across the week of the year (on the x-axis), the
number of executed transactions (on the y-axis), across the years. Background color marks
the yearly academic schedule.

3.2.4 Descriptive analyses: Spatio-temporal and choice regularities in food pur-
chases

Temporal regularities: The heartbeat of the campus. Having introduced the dataset, we start
descriptive analyses by characterizing temporal regularities in on-campus food purchasing.

We first describe yearly regularities in food purchases. During a year, the academic calendar
dictates life on campus. There are three important periods ! in the academic calendar of the
studied campus:

1. The fall and spring semesters, when the lectures take place. We will refer to these
periods as semesters.

2. The winter and summer exam sessions, when the exams take place.

3. The winter and summer breaks, the holidays for students.

In Figure 3.2, we monitor the number of transactions peaks during the spring and fall semesters
when students are on campus and attending lectures. The number of transactions drops
during the exam sessions and reaches the minimum during the winter and summer breaks
when the students are away. Another drop occurs during the spring semester, for the week
of Easter break, which does not occur on the same date across years. Note that in 2017 and
2018, the number of transactions during the semester decreased (dashed lines), likely due to
opening of shops close to campus that do not support purchases with the identifying badge.

We next focus on the daily regularities (Figure 3.3). The rhythm of food purchases during the
course of a day is the following: the transactions peak in the morning (breakfast 7 -11.30h),

INote that there is also one additional week of Easter holidays during the spring semester, which occurs at
varying times over the years.
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Figure 3.3: The daily heartbeat of the campus. The histogram of the transactions by the time
of the day.

during the time of lunch (11.30 - 14.30), and the afternoon or evening snack time (14.30 -
20.30). Note that at each sharp hour, spikes in the purchasing volume occur.

Spatial regularities: Migration patterns between shops. Since human behaviors are known
to exhibit spatial regularity and predictability [81], after temporal, we describe spatial regu-
larities in the purchasing behaviors. We are interested in understanding the relationship and
regularities in visits to shops. To that end, we perform an association rule analysis. Across
all individuals, we monitor the transactions done by an individual during one week and the
shops where the transactions occurred in. We consider the list of the shops where a given
individual has executed transactions during a week. We then apply the Apriori algorithm [7],
an algorithm for the discovery of association rules between shops. Association rules describe
regularities between items in transaction data. For example, a rule {X} — {Y} found in the
transaction logs would indicate that if a person visited shop X, they are likely to also visit shop
Y during the same week. In Figure 3.4, the graph depicts the confidence of the association
rules found using the Apriori algorithm, defined as the percentage of all transactions satisfying
X that also satisfy Y.

This approach lets us monitor shop migration patterns (Figure 3.4). For instance, a thick arrow
from node Shop 10 to node Shop 4 means that there is a high probability that an individual
who went to Shop 10 also went to Shop 4 during the same week (shop names are anonymized).
Furthermore, we find that the distribution of the edges is linked to the geographic locations of
the shops. For instance, Shop 4 seems to be the central place in the graph as there are many
arrows with high confidence coming to it, and this cafeteria is indeed at the geographical
center of the campus. Moreover, Shop 8, Shop 11, Shop 1, Shop 9 (the campus bar) and Shop
2 are near-by cafeterias on the campus, frequently visited by students, and we observe that
they form a cluster in the shop co-occurrence graph. The remaining nodes are connected
in the co-occurrence graph and have close locations on campus, except Shop 10, which is a
disconnected cafeteria in this graph and not near other clusters of shops on the campus.
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the confidence of the rule.

Food-choice regularities: Co-purchasing patterns. Next, after spatial, we describe regularities
in food choice. We aim to describe the regularities in purchases of specific foods. To that end,
we perform association analysis, as explained above. We consider purchases composed of
food items belonging to different categories, i.e., for each purchase, a list of the food categories
a person has purchased.

In Figure 3.5, we show the lifts of the association rules found using the Apriori algorithm,
defined as the ratio of how frequently the rule appears in the dataset to that expected if X
and Y were independent. Note that the lift is a symmetric measure; therefore, the graph is
not directed. We obtain a graph where neighbor nodes are food categories that tend to be
purchased together, e.g., Salty Pastry and Pastry. Soup, fruit, and salad are often co-purchased.
Note that the Non-Food category contains only products linked to beer, such as glasses on
deposit at the on-campus bar, explaining its high lift with the beer category.

To summarize, we demonstrate that food-choice regularities such as the described co-purchas-
ing patterns can be discovered using association analysis on the anonymized purchase logs.
In what follows, we focus on characterizing specific behaviors important for sustainability and
health on campus.

3.2.5 Descriptive analyses: Specific dietary behaviors

In this subsection, we turn to describing specific dietary behaviors relevant for sustainability
and health on campus.

Food sustainability on campus: Vegetarian meals. We first analyze vegetarian meal purchases
since the consumption and production of meat, and red meat, in particular, has a negative
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Figure 3.6: The supply and demand for vegetarian meals. In (a), across years (on the x-
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Figure 3.7: Vegetarian meals across subpopulations. By status, age, and gender strata (on
the x-axis), vegetarian purchases (on the y-axis), as the fraction of purchased meals that
are vegetarian, among all purchased meals, averaged across individuals. Error-bars mark
bootstrapped 95% confidence intervals.
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Figure 3.8: Beers, energy drinks, and vending machine purchases across subpopulations. By
status, age, and gender strata (on the x-axis), the fraction of all transactions (on the y-axis)
that contain beer, energy drink, or a vending machine product, averaged across individuals.
Error-bars mark bootstrapped 95% confidence intervals. Note the varying y-axis.

impact on the environment [400]. We consider the frequency at which vegetarian meals are
purchased out of all purchased meals. We use a vegetarian tag which indicates if the product
is vegetarian or not.

We find that the supply of vegetarian meals was monotonically increasing from 5 in 2012
to 17 in 2018 (Figure 3.6a). Additionally, the demand for vegetarian meals increased too
(Figure 3.6b), i.e., it overall doubled within the studied period (fraction up from 4% in 2012
to 8% in 2018), and within the subpopulations by status. The biggest increase is observed
for Ph.D. students, reaching 18.7% in 2018. In other words, both the number of proposed
vegetarian menus and the purchases of vegetarian meals increased, across all statuses.

On average, across individuals, we find that 5.3% of purchased meals are vegetarian (9.9%
of meals are vegetarian among sustainability challenge subpopulation). In Figure 3.7, we
examine the fraction of purchased meals that are vegetarian separately across individuals
in the sustainability challenge dataset, by the status. Vegetarian meals are the most popular
among Ph.D. students (11.2%), followed by students (8.3%), staff (5.9%), and other statuses
(2.4%). Depending on age, vegetarian meals are the most popular among 21 to 30-year-olds,
and more popular among females, than among males (8.5% vs. 7.2%).
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Figure 3.9: Sustainability challenge subpopulation vs. entire population. Separately for
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vending machine product, averaged across individuals. Error-bars mark bootstrapped 95%
confidence intervals. Note the varying y-axis.

Potentially harmful dietary behaviors on campus. We next analyze purchases of products
with potentially harmful effects on health:

1. Beers: Beer is offered at the on-campus bar. The consumption of alcoholic beverages in
excessive amounts is not recommended [339].

2. Energy drinks: The consumption of energy drinks has been reported in association
with adverse health effects [325].

3. Vending machine items: Food products available in vending machines often have a
high amount of sugar, and vending machines tend to be nutritionally poor [152].

In Figure 3.8, we observe the fraction of transactions including such products, out of all
purchased products, across subpopulations of status, gender, and age. We focus separately on
all purchases and sustainability challenge participants’ purchases.

Regarding beers, we find that, on average, across individuals, 2.9% of transactions contain
a beer (4.1% among sustainability challenge subpopulation). Beer purchases are the most
prevalent among “other” statuses (e.g., interns and visitors), students, Ph.D. students, 21 to
30-year-olds, and males (3.7% males vs. 1.9% females).

On average, across individuals, 0.15% of transactions contain an energy drink (0.06% among
sustainability challenge subpopulation). Energy drinks are the most prevalent among students
and Ph.D. students, 26-30 year-olds, and males (0.1% males vs. 0.041% females).

Lastly, monitoring vending machine purchases, on average, across individuals, we find that
6.2% of transactions contain a vending machine item (4.2% among sustainability challenge
subpopulation). Vending machine items are the most prevalent among students and 21 to
25-year-olds.
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Overall, we find that purchases reflecting potentially harmful dietary behaviors are relatively
prevalent, especially vending machine purchases (overall, 6.2% or 1 in 16 transactions a person
makes contains a vending machine item). Students, Ph.D. students, younger subpopulations,
and males are the most susceptible to potentially harmful dietary behaviors.

Figure 3.9 illustrates purchases among sustainability challenge subpopulation vs. among the
entire population. Besides beer purchases which are more frequent among sustainability chal-
lenge participants (likely due to their student status), the sustainability challenge participants
tend to execute fewer potentially harmful transactions (fewer energy drinks and products at
vending machines and buy more vegetarian meals, both statistically significant with 95% CI).
The discrepancy between the general population and the sustainability challenge subpopula-
tion can be explained by both participants self-selecting to participate in the sustainability
challenge and participants improving their behaviors due to the participation.

3.2.6 Descriptive analyses: Impact of the academic schedule

Exam session. We described how the number of transactions varies during the year and we
observed that the purchasing volume variations coincide with the exam sessions (Figure 3.2).
Now, we turn to investigate the impact of the exam sessions on the type of purchased products.
Does purchasing behavior change during the exam sessions?

To answer this question, we compare the differences in purchases between semesters and
exam sessions. Monitoring weeks of the entire studied period, in Figure 3.10, we find that,
during the exam weeks, compared to semester weeks, there is a significant increase in the
relative frequency of purchases of energy drinks (+22.4%), coffee (+9.9%), and a decrease in
the relative purchasing frequency of beer (-20.0%), pizza (-15.3%), drinks (-6.0%), and fruit
(-5.0%). For instance, the fraction of purchased energy drinks, which has the greatest change
between exam weeks and semester weeks, peaks during the spring semester exams (peak
occurs on the 24th week of the year when 0.5% or 1 in 200 purchased items is an energy drink)
and during the fall semester exams (peak occurs on the last week of the year when 1% or 1 in
100 purchased items is an energy drink).

Overall, we conclude that the purchasing behavior shifts significantly during the exam session,
with notable increases in purchasing frequency of energy drinks and coffee, and a correspond-
ing decrease in the purchasing frequency of beers, pizzas, drinks, and fruit.

Hourly 15-minute break. In Figure 3.3, we observed the overall rhythm of food purchases
during the course of the day, with transaction volume peaking in the morning, during the time
of lunch, and in the afternoon. Additionally, we observed that spikes in purchasing volume
occur at each sharp hour. During the fall and spring semesters, each class begins after the
first quarter of each hour (e.g., at 8:15, 9:15, ...) and ends at the end of the hour (e.g., 9:00,
10:00, ...), with a break of 15 minutes between two classes. Next, we investigate the temporal
patterns within an hour.
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Figure 3.10: Exam period vs. lectures. For different food categories (on the y-axis), the
percentage change (on the x-axis) in the fraction of all purchases that contain the food item
during exam weeks, compared to lecture weeks. Error-bars mark bootstrapped 95% confidence
intervals obtained by resampling respective weeks. Stars mark food categories with percentage
change significantly different from zero.

The impact of the fifteen-minute break can be observed in Figure 3.11. We observe different
behavior depending on the individual’s status and whether the transactions are made during
the semesters or not. During the spring and fall semesters, students’ transactions peek at the
8th minute in the hour, during the 15-minute break, and consequently drop (Figure 3.11, top).
Transactions executed by the staff members do not exhibit such a pattern, as the hourly break
does not impact staff members, and staff members potentially target hours when students
do not crowd the shops. Ph.D. students are in between staff and students, as one would
expect. Furthermore, we find that 44% of the coffees purchased by students during the course
semesters are purchased during the 15-minute break.

These differences between staff members and students disappear during the exam sessions
and breaks when there are no fifteen-minute breaks (Figure 3.11, bottom), implying that
hourly patterns are indeed linked with the academic calendar since students tend to take
advantage of the 15-minute break to buy drink or food.

Based on these analyses, we conclude that, within an hour, the 15-minute break impacts food
consumption on campus, particularly among students, and during the semesters.

3.3 Research opportunities leveraging purchase logs

Based on the insights from the descriptive statistical analyses, we now derive a set of five
specific research questions that can be addressed solely with anonymized passively sensed
purchase logs, to illustrate the breadth and depth of potential contributions. For each ques-
tion, we outline the associated methodological challenges. The identified opportunities may
serve as a call to action for researchers and stakeholders aiming to leverage passively sensed
behavioral traces globally, across institutions and campuses. The following two chapters,
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Chapters 4 and 5, address in detail a specific question outlined below, by leveraging the
introduced dataset.

Impact of food availability

Motivation. Our descriptive analyses reveal that vending machine purchases are relatively
frequent (on average, across individuals, 6.2% of transactions contain a vending machine
item, cf. Section 3.2.5). One hypothesis is that vending machine usage relates to the (lack of)
availability of other, healthier food sources. It is necessary to understand the factors driving
vending machine purchases and further investigate how vending machines can be placed
and stocked for an optimal trade-off between availability and healthy behavior. Similarly, we
observed that both the number of proposed vegetarian menus and the purchases of vegetarian
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meals increased (Section 3.2.5). However, it remains unclear whether the supply is driving the
demand or the other way around. Specifically, the question emerges:

RQ: To what extent is food choice determined by the availability of options?

Challenges. Food availability is correlated with biasing factors that impact purchasing be-
haviors, such as trends and seasonalities, the academic schedule, and the period during the
year. For instance, in summer, fewer foods are available since students are on a break, but
food consumption patterns also change due to temperature changes. To isolate the effect of
availability, it might be necessary to exploit haphazard situations such as vending machines
breaking and being removed due to chance, or shops haphazardly running out of vegetarian
meals (i.e., natural experiments). Furthermore, it is necessary to account for how food is
offered (in a vending machine, over the counter, in separate queues per meal option, or in
a single queue). Understanding the impacts of food availability and offer on purchases will
allow designing food offer and shop layouts that encourage healthy diets and managing waste.

The price of laziness

Motivation. Related to the question of availability is the question of geographical distance
to options. Studying the spatial patterns and analyzing co-occurrence patterns between
shops, we found evidence that, within the same week, people tend to visit nearby shops
(Figure 3.4). Choosing the closest shop can be a potentially dangerous habit if the close-by
cafeteria happens to serve unhealthy food. How readily do users sacrifice healthy options for
geographic distance? And vice versa, how far away do unhealthy options need to be moved
before people shift to nearby healthy options? We ask:

RQ: To what extent is food choice determined by geographical proximity to options? How
much work would people be willing to put in to reach healthier options?

Challenges. To answer these questions, an open challenge is inferring the default location of
individuals. Since individuals are anonymized, it is challenging to link their physical location
(e.g., office number or most frequently visited lecture hall locations) with the locations where
transactions are executed. Inference of the location solely based on the transaction logs might
be feasible but require careful evaluation.

Unaffiliated providers on campus or in its vicinity

Motivation. When options on campus do not meet their needs, people might turn to off-
campus options. Studying the temporal patterns, we observed a period when the number of
transactions during the semester decreased, likely due to opening shops close to campus that
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do not support purchases with the identifying badge (Section 3.2.4), where the food purchases
partially spilled over. This insight begs the question:

RQ: How does the opening of unaffiliated premises near campus
affect on-campus meal consumption?

Challenges. Answering this question is challenging since data from unaffiliated providers
on campus or in its vicinity is typically unavailable. The estimation, therefore, needs to be
performed solely based on the incomplete on-campus purchase logs by carefully contrasting
otherwise comparable periods with the modified availability of nearby shops.

Prediction of harmful dietary patterns

Motivation. We found that transactions containing alcoholic drinks and energy drinks are
prevalent. On average, across individuals, 9% of transactions contain a beer, and 0.15% of
transactions contain an energy drink (rising to 1% during the exam session, cf. Section 3.2.5).
It remains unclear what mechanisms drive unhealthy alcohol drinking and energy drink
consumption. Identifying the onset of such habits would enable prompt mitigation of adverse
effects on well-being and health. Specifically, we ask:

RQ: Can the onset of on-campus alcohol drinking
and energy drink consumption be predicted?

Challenges. Identifying the moments of increased risk of starting potentially harmful dietary
habits requires careful crafting of contextualized indicators, such as academic timetables,
social interactions, and analysis of purchasing routine forming and breaking, which may not
generalize across subpopulations, and across campuses.

Social interactions

Motivation. Finally, the descriptive analyses revealed important differences between persons
depending on status on campus, age, and gender. Overall, purchases reflecting potentially
harmful dietary behaviors are most prevalent among students, Ph.D. students, younger sub-
populations, and males (Section 3.2.5). However, beyond individual’s features, social relations
play an important role in dietary behavior as individuals on campus interact and share meals,
beverages, and snacks. It remains unclear:

RQ: How does eating with others impact on-campus food choice?

Challenges. Measuring how dietary behaviors are affected by the behaviors of others is
challenging due to numerous confounding factors and the interplay between selection biases
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and social influences [330]. Identification of the inter-personal influences and determining
whether social relations have heterogeneous effects on healthy vs. unhealthy foods requires
careful causal analyses. The following two chapters, Chapters 4 and 5, address two specific
questions related to social interactions by leveraging the introduced dataset.

3.4 Discussion

3.4.1 Summary of the descriptive analyses and their implications

The food offered and consumed on university campuses can significantly impact the environ-
ment and health, motivation, and academic performance of students and staff. In this chapter,
we introduce a novel purchase dataset collected via identifying badges and present descriptive
statistical analyses of food consumption on-campus. In what follows, we summarize the
descriptive statistical analyses and discuss their implications for policies and decision-making
aiming to improve the food offer and consumption on-campus.

Regularities and co-occurrences. Descriptive statistical analyses reveal regularities in how
persons on-campus transition between cafeterias during a week (Figure 3.4) and how food
items belonging to different food categories are combined (Figure 3.5). Since the transitions
between cafeterias are governed by geographical proximity (Section 3.2.4), our analyses imply
that the decisions about offering at cafeterias should not be taken in isolation, but should
account for such spatial migration patterns. Similarly (cf. Section 3.2.4), the offer should take
into account the frequent item pairings because it is not enough to consider foods in isolation
(e.g., a sandwich can have good nutritional properties, but if often purchased together with a
beverage with high sugar content, promoting it might not be optimal).

Sustainability. Characterizing specific dietary behaviors related to sustainability and focusing
on meat consumption on campus (Section 3.2.5), we observe an increase in both the supply
and the demand of vegetarian meals between 2012 and 2018 across all statuses (students,
Ph.D. students, employees in Figure 3.6b). However, there are important differences between
subpopulations, with vegetarian meals being, on average, most popular among Ph.D. students,
people between 21 and 30 years of age, and females (Figure 3.7). Our findings highlight the
key importance of sustainability campaigns geared toward the right subpopulations and
individuals who do not already purchase vegetarian meals frequently. For sustainability
interventions, it could be most effective to target staff, males, and the oldest and the youngest
subpopulations on the studied campus.

Health. In Section 3.2.5, characterizing sales of products with potentially harmful effects on
health, we observe that students tend to consume more unhealthy products compared to Ph.D.
students and employees (Figure 3.8). Gender also plays a role, with females purchasing fewer
unhealthy products than men (Figure 3.8). Similarly, these insights could help stakeholders
design interventions targeted toward the right subsets of individuals. Health interventions on
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the studied campus could be most effective if targeting males, younger subpopulations, and
students.

The heartbeat of the campus. We find that academic schedules drive food consumption on
campus, both at the yearly level (lecture season vs. exam season) and the daily level (lectures
vs. breaks). On the yearly level, exam sessions are associated with surges in the consumption of
coffee and energy drinks (Figure 3.10). On a daily level, the 15-minute break between lectures
drives food consumption, particularly among students and during lecture weeks. For example,
44% of the coffees purchased by students during lecture weeks are purchased during the
15-minute break. These regularities in both yearly and daily academic schedules should be
taken into account in efforts to promote sustainable and healthy habits by modifying offerings
of items such as energy drinks or coffee. Furthermore, the insights regarding the daily patterns
and variations are potentially useful for optimizing logistics and staffing decisions. The fact
that staff visit less during the break (Figure 3.11) indicates that there might be overcrowding.
Analyses of purchase logs can detect these issues and inform measures taken to improve the
experiences around food on campus for everyone.

Exam session. Exams are associated with increases in purchases of potentially unhealthy
products, likely due to stress and performance desires. A possible approach towards reducing
energy drink consumption could be, for instance, to explore offering fewer energy drinks and,
instead, consider proposing potentially healthier alternative energizing products to students,
such as tea. By capturing nearly all on-campus food consumption, the purchase log analysis
approach complements survey-based methodologies, which likely under-report [43, 137]
stigmatized consumption of unhealthy items. For policymakers, it should be a priority to
mitigate the adverse effects of the exams. Making exam sessions a better experience for
students by encouraging socialization and organizing social events might be a promising
direction, as there is evidence that socialization is reduced during exams since beer and pizza
purchases decrease, cf. Figure 3.10. These insights highlight the need to do more to promote
student well-being as stress and anxiety levels are elevated among university and college
students [158, 383].

To summarize, the descriptive statistical analyses of transaction logs imply that such ap-
proaches leveraging passively sensed anonymized data should be an essential component
in efforts to monitor the evolution of food consumption on campus while being aware of
complex spatio-temporal variations and differences between subpopulations. The analyses
that rely solely on passively sensed purchase logs have an untapped potential to support
stakeholders in their efforts to understand the evolution of food consumption on campus. We
end the chapter by considering the limitations of the introduced dataset that should be kept
in mind when interpreting the findings.
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3.4.2 Dataset limitations

Passively sensed digital traces analyzed here make new kinds of analyses feasible and have
advantages compared to the traditional methods. However, the presented analyses are not
without their limitations. Digital traces are not collected for scientific research purposes,
creating methodological challenges [214, 315]. Therefore, there is a trade-off between the
advantages of digital traces and the associated challenges. In what follows, we highlight some
of the most prominent limitations of analyses of food consumption relying on passively sensed
purchase logs.

Incompleteness. The unstructured food item labels and information derived from them are
incomplete. Additionally, cash transactions cannot be mapped to individuals. Similarly, the
vegetarian tag was deduced from the name and type of the product and is, therefore, not
necessarily always correct.

Construct validity. The log data does not directly capture food consumption but provides
indirect proxies via purchasing. It is not guaranteed that the purchased items were consumed.
Conversely, other items that were not purchased might have been consumed on campus (e.g.,
a soda brought from home). Individuals can borrow badges from others to make a transaction
for someone else or pay with cash. In other words, we study purchasing as visible in the
transaction logs, which might not perfectly mirror the actual complete food consumption on
campus.

External validity. Future work should determine to what extent behaviors measured on
campus reflect other settings off-campus, e.g., food consumption. People who primarily eat
home-cooked food might present a skewed representation of their diet in the studied cafeteria
purchase logs, and the fact that individuals might consume food prepared at home introduces
unobserved variables into our analyses.

Representativeness. The participants of the sustainability challenge are a biased subset of all
the individuals from the overall dataset (due to self-selection). Therefore, differences between
persons based on demographics might not generalize to all individuals.

Causality. Beyond the descriptive statistical analyses, more careful controls are necessary
to identify the true role of demographics since gender, age, and status are correlated. A
potential approach may involve matching on the demographic covariates while keeping other
characteristics fixed, which is not possible here, given the small number of individuals. While
we describe the purchasing changes coinciding with the exam session at the population level,
more careful controls are necessary to identify the causal impact of the exam on purchasing
habits of individuals.
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Social tie formation and
food consumption on campus

4.1 Introduction

In the previous chapter introducing the purchase logs dataset, one of the identified knowledge
gaps (cf. Section 3.3) relates to the question of social interactions. How does eating with
others impact on-campus food choice? In designing interventions and policies that promote
healthier diets, such situational food norms, including social influences, play a prominent
role, as they are theorized to have a powerful effect on food intake [75, 170, 172, 250, 334].

However, despite the postulated importance of social factors, measuring how dietary behaviors
are affected by the behaviors of others remains challenging. On the one hand, experimental
studies to date have been limited to observing people in small-scale scenarios with a short
duration [294, 295]. On the other hand, observational studies have relied on survey-based
methods [66], employing questionnaires [399] and personal food journals [77, 78], which are
costly to organize and prone to biases [46].

Furthermore, making causal inferences regarding the influence of social ties on food intake
faces the challenge of numerous confounding factors. Although similarities in diet and eating
behaviors among persons connected via social links (e.g., friends, family, and peers) have
been observed in a number of experimental and survey-based studies [119, 162, 227, 269,
318, 346], it is not clear whether the similarity in the consumption patterns arises from social
influence, or if confounding factors, such as self-selection in tie formation (homophily) and
environmental influences, can explain the similarity [21, 204, 329, 330]. In real-world settings,
it remains challenging to measure and disentangle properties that are relevant in the context
of food consumption, such as attributes of the individuals and of the environment (e.g., food
options available in different locations and settings). Researchers have only recently been
addressing this gap by studying social media and other digital traces of human behavior in the
context of food consumption [3, 56, 268].

In order to shed new light on the influence of social factors on food choice, we harness the
novel data source: logs of 38 million on-campus food purchases introduced in the previous
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chapter. The large scale and long duration of the data enable studies with greater statistical
power, compared to prior setups, and allows for reducing the influence of confounding factors,
and thus for identifying the causal effect of social influence, by carefully selecting a suitable
subset of individuals whose food choice behaviors are monitored throughout the individuals’
long-term transaction histories.

Based on this dataset, we design a longitudinal observational study to address the question of
how a person’s food choice is affected by eating with someone else whose own food choice
is healthy vs. unhealthy. To estimate causal effects from the passively observed log data, we
control confounds in a matched quasi-experimental design, where we identify focal users
who at first do not have any regular eating partners but then start eating with a fixed partner
regularly, and we match focal users into comparison pairs such that paired focal users are
nearly identical with respect to covariates measured before acquiring the eating partner, but
the two focal users’ new eating partners diverge in the healthiness of their respective food
choice.

4.1.1 Research questions

Specifically, in this chapter we seek to answer the following questions:

RQ1 How is the overall healthiness of a focal person’s food choice affected by the healthiness
of an eating partner’s food choice? Does the focal person’s food choice change, and if so,
in what direction?

RQ2 How is a focal person’s choice of specific food categories affected by the healthiness of an
eating partner’s food choice? Does the distribution over food categories change, and if
so, what items are purchased more, and what items less?

4.1.2 Summary of main findings

Regarding question 1, we observe that, when a focal person acquires a new eating partner,
the healthiness of the focal user’s food choice shifts significantly in the direction of their new
eating partner’s dietary patterns. In a difference-in-differences analysis of 415 comparison
pairs of focal persons (identified among a total of around 39,000 persons in eight years’ worth
of log data), which carefully controls for a number of confounding covariates, we find clear
evidence of social influence: focal persons acquiring a healthy-eating partner change their
habits significantly more in the direction of healthy foods than focal persons acquiring an
unhealthy-eating partner. We quantify the robustness of this finding in a sensitivity analysis,
and we provide further evidence by observing a dose-response relationship between the
difference in exposures and the difference in effects.

Regarding question 2, we observe that focal persons who start eating with healthy-eating part-
ners show an increase in the purchase of coffee and lunch meals, items generally purchased in
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Figure 4.1: Distribution of purchases across item categories, across a campus. Most purchased
items are coffee and lunch meals.

large numbers, with the strongest effect. On the other hand, items purchased at higher rates
by the matched counterparts, who start eating with unhealthy-eating partners, loosely form a
cluster of potentially unhealthy items that should not be eaten in large quantities (soft drinks,
drinks from vending machines, condiments, pizza, kebabs, and crépes).

4.1.3 Implications

Students and staff consume large amounts of food on campuses, daily and globally. The
present chapter shows the value of employing novel methods relying on population-scale
digital traces to measure social influence on food choice behaviors in this context. The derived
insights have the potential to support interventions aimed at encouraging more healthy and
sustainable dietary habits in university environments and beyond.

4.2 Materials and methods

4.2.1 Transactionlogdata

In this chapter, we leverage the anonymized dataset of food purchases introduced in the
previous chapter (cf. Section 3.2.1). To summarize, the data spans eight years, from 2010 to
2018, and contains about 38 million transactions, of which about 18 million were made with a
badge that allows linking to an anonymized person’s ID. Each transaction is labeled with the
time it took place, information about the sales location, the cash register where the transaction
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Figure 4.2: Left: Annual distribution of food purchases. The trends mirror the university
schedule: the number of transactions drops at the end of the spring semester (around week
25), and increases again at the start of the fall semester (around week 40). A similar pattern
is observed before the beginning of the spring semester (around week 10). Right: Annual
distribution of detected onsets of social ties. The ties emerge disproportionally often when
classes start at the beginning of the fall semester (by a factor of 3.5 times, compared to a
baseline sampled at random from the distribution of purchases).

took place, and the purchase items. The distribution of purchases across categories is shown
in Figure 4.1. Purchases are not evenly spread over the course of the year, but, as expected, are
higher during semesters, and lower during the breaks between semesters (Figure 4.2, left). In
this chapter, we also leverage the smaller-size enriched transactional dataset gathered during
a campus-wide sustainability challenge (introduced in Section 3.2.2). The enriched dataset
was not used for the analyses, but only for assessing the accuracy of our heuristic method for
inferring frequent eating peers (described next).

4.2.2 Inference of co-eating onset from proximity in transaction logs

To measure the effect of the emergence of new social ties, we first infer frequently co-eating
persons based on the proximity in the transaction logs. Frequently co-eating persons are likely
to share a social tie, i.e., they are persons likely to be friends, colleagues, or classmates who
often eat together. Previous work has shown that such social ties can be reliably inferred from
geospatial proximity [79].

To infer frequent eating peers, we monitor a sequence of transactions made on the same day
with the badge in the queue of a fixed cash registry, in a given shop. We identify situations
when two individuals are adjacent in the queue and make a transaction within one minute
between each other, with no one in between them. We use a lower threshold of 10 such high-
confidence proximity indicators to infer a likely social tie. The first appearance of proximity in
the logs is then considered to be the onset of co-eating. We observe a spike in tie formation
coinciding with the start of classes in the fall (Figure 4.2, right).

Furthermore, we evaluate the precision of our heuristic by comparing the inferred co-eaters
with ground-truth team membership information from the sustainability challenge. We
observe that team membership in the sustainability challenge, a ground-truth indicator of a
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social tie, is correlated with sharing an inferred tie based on the transaction logs: out of all the
pairs of individuals from the sub-population taking part in the sustainability challenge who
are detected as frequent eating partners, 72% are also members of the same team.

4.2.3 Inference of nutritional properties from transaction logs

We infer a set of summary nutritional properties from raw transaction logs by relying on a set
of pre-established criteria. We derive healthiness labels based on food-pyramid recommen-
dations [381]. Products that should be consumed in the least amounts possible, i.e., items
at the top of the Swiss food pyramid (with high amounts of saturated fats, salt, added sugars,
refined grains, and highly processed foods) were considered as “unhealthy” (e.g., sodas, chips,
candies, and chocolate bars). Other products that are not at the top of the Swiss food pyramid
are considered to be “healthy” (including non-sweetened beverages, fruits, vegetables, whole
grains, meat, fish, and nuts). When insufficient information was available from the name of
the product, “unclassifiable” was selected.

Two professional epidemiologists specialized in nutrition independently assessed each food
item and categorized them into healthy vs. unhealthy vs. unclassifiable. The reviewers had
access to the unstructured textual description of the item (e.g., “coffee”, “croissant”, “Coca-
Cola can”). The reviewers did not have access to any other meta-information about the items.
Disagreements were resolved by a third reviewer. Labels are used to create a healthiness score
of a set of purchases by averaging individual product scores, coded numerically as 1 for healthy

(25% of items), —1 for unhealthy (46% of items), and 0 for unclassifiable (29% of items).

4.2.4 Matched incident user design with active comparators

Recall that we are interested in determining whether and how eating with others impacts the
nature of food consumption. As depicted in Figure 4.3(a), a naive approach to answering those
questions would be a cross-sectional design: at any given absolute point in time, some people
are regularly eating with their peers (indicated with green) while others do not (indicated with
gray). Starting from a certain absolute point in time f, by identifying persons with different
habits, one could compare what is consumed by the persons who do not have a regular eating
partner with what is consumed by the persons eating with a regular eating partner. One could
also compare the food consumed by persons who are eating regularly with partners who have
different habits.

The problem with this setup is that those persons who do not eat with others might have done
so in the past (e.g., Person 1 in Figure 4.3(a)). Those who do eat with others might have been
doing it for a long time or might have just initiated. Also, some people stop eating with others,
whereas other people continue. It could be that those who stop do so because they prefer the
diet they seek when eating alone (i.e., selection bias). Additionally, people who eat with others
might differ in fundamental ways from those who do not.
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Figure 4.3: Study design diagrams. We illustrate three potential observational study designs to
estimate the effect of eating with other persons on food choices, (a) cross-sectional design, (b)
incident user design, and (c) incident user design with active comparators. At different points
in time, a person either does not have a regular eating partner (marked in gray), or she does
(marked in green, red, or blue). A cross-sectional design observes food consumption at the
start of the monitored period, a fixed time #;, which is the same across all participants. Incident
user design isolates the effect of the onset of co-eating with another person on subsequent
food consumption. In incident user design, time is tracked relative to the moment of onset fy,
which may be different across participants. The active comparator design additionally allows
for comparisons of the effect of onset among persons who all start to eat with someone, but
their partners have different characteristics (marked in red and blue). The present chapter
is based on an incident user design with active comparators (presented in more detail in
Figure 4.4).

For these two reasons, looking at everyone at the same moment in a cross-sectional way can
be problematic. To overcome these challenges, we can turn to an incident user design (Fig-
ure 4.3(b)), which restricts the population to those people who newly initiate the treatment—
starting to eat together with another person. We are interested in the causal effect on food
consumption of initiating eating with a peer. Among people who had no regular eating part-
ners in the past, what is the causal effect of starting to eat with a peer? In this way we isolate the
causal effect of initiation. We restrict the observed population so that none of the persons have
a history of eating with someone. Note how Person 1 in Figure 4.3(b) starts eating together
with a regular partner, but then after a while no longer has a regular eating partner. This is not
an issue because we are interested in the effect of the onset.

As opposed to the cross-sectional design, where time is absolute, the incident user design
offers the flexibility of tracking time relative to an onset #, that may be different for different
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Figure 4.4: The matched incident user design with active comparators on which the present
study is based. We identify comparison pairs of focal persons 1 and 2, who are indistin-
guishable in the pre-treatment period and have no regular eating partners, until the moment
of co-eating onset, when they each acquire a regular eating partner. Focal person 1 starts
regularly eating with a healthy-eating partner, while focal person 2 starts regularly eating
with an unhealthy-eating partner. The comparison pair of focal users is then observed in the
pre-treatment period (no regular eating partner) and post-treatment period (regular eating
partner). The effect of the co-eating onset is estimated using a difference-in-differences analy-
sis.

participants. Although this design allows us to compare different treatments, the problem
with this setup, which persists from the above-described cross-sectional design, is that, if the
comparison group is “no treatment” (i.e., no initiation of co-eating), it is not apparent when
the follow-up should start for the “no treatment” group. Additionally, selection bias remains
and is not accounted for, as people who do not initiate might in other fundamental ways differ
from those who do initiate.

Our study design addresses these challenges by implementing a variant of incident user design,
incident user design with active comparators (Figure 4.3(c)). Here, before initiation, no user
included in the study had a regular eating partner (i.e., was treatment-free). We compare
the effect of initiating to eat with partners who have different habits among persons who all
initiate to eat with someone (illustrated with blue and red in Figure 4.3(c)). Active comparator
designs tend to involve significantly less confounding [191, 224, 406], as people who eat with
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Figure 4.5: Daily fraction of purchases annotated as potentially unhealthy, tracked over five
years. A seasonal pattern emerges. Drops in the daily fraction of unhealthy purchases coincide
with between-semester breaks.

different kinds of others are more alike among themselves than when compared to people
who do not have regular eating partners.

Our study design is illustrated in more detail in Figure 4.4. We identify persons (referred to
as focal persons) who had no regular eating partners and, at a moment f, specific to that
focal person, initiate eating with someone (referred to as eating partner). Here, as defined
in Section 4.2.2, a person qualifies as a focal person’s potential eating partner if the two were
observed making subsequent purchases in the same queue within one minute of one another
on at least ten occasions in the entire dataset, and the onset of co-eating is defined as the first
one of these occasions. We then isolate pre-treatment and post-treatment periods of the focal
person’s food purchases comprising all transactions made six months before the first purchase
together (moment #) and six months after, respectively. We ensure that the focal person does
not initiate eating with anyone else in the pre- and post-treatment six months. The length of
the pre-treatment period is chosen so that it is feasible to expect that an individual will be
present on campus given the typical stay in the logs (the total observed 12 months of pre- and
post-treatment correspond to one school year).

Some persons initiate co-eating with a person who has a positive healthiness score in the
aligned pre-treatment period. In contrast, some initiate co-eating with a partner who has a
negative score. These are the two groups that we seek to compare (we refer to the two types of
partners as healthy-eating partner and unhealthy-eating partner).

For a focal person who starts to eat together with a partner who has a healthy dietary pattern,
an active comparator (or counterpart), will be another focal person who starts to eat together
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with a partner who has an unhealthy dietary pattern. The potential counterparts start to
eat with their partner in the same month as the other counterpart. This is done in order to
control for temporal confounds that might arise from a seasonal variation of food popularity:
as seen in Figure 4.5, unhealthy foods are especially popular at certain times of the year.
The healthiness of the partner’s dietary pattern is determined according to its numeric value
(greater or less than zero), and not relative to the focal person.

Comparing incident users with active comparators is an important step toward reducing
the impact of biases. However, in the assignment of the type of treatment, there can still be
confounding. For example, it might be the case that only people who already have healthy
habits start eating together with a partner who has healthy habits, due to a preference for
similar others. The influence of the partners would then be indistinguishable from the impact
of selection biases caused by homophily.

Hence, we turn to a matched incident user design with active comparators. We introduce an
improvement over the previously discussed setup, where the incident users are matched to
the potential active comparators while additionally controlling for pre-treatment covariates.
Our goal here is to balance potential confounding variables within pairs, to be able to observe
how the onset of co-eating with partners with different dieting patterns is associated with
subsequent changes in the focal person’s dieting pattern. We achieve this by performing a
propensity-score-based causal analysis. We approximate randomized treatment assignment
by modeling the propensity to experience the assigned intervention, relying on a number of
pre-treatment covariates describing the focal persons’ eating profiles. Due to the balancing
property of propensity scores [300], matching on propensities results in similar covariate
distributions between groups that differ in their assigned interventions.

The covariates capture important dimensions of the pre-treatment dietary pattern of the focal
person: where the food is purchased (what is the shop where the person most frequently buys
food), when the food is purchased (what is the fraction of items occurring during lunchtime),
what types of items are purchased (what fraction of purchased items are meals, and what is
their estimated healthiness), and how often the person purchases food on campus (number of
transactions). We measure these confounding covariates up to time ¢;.

We use a random forest model that predicts the type of treatment based on pre-treatment
covariates of the focal person (area under the ROC curve: 0.87). This implies that past pur-
chases allow us to accurately predict whether the tie will be formed with a healthy- or an
unhealthy-eating partner, and that confounding is a real problem that needs to be addressed.
The distribution of the propensity to start eating with a partner who has a high healthiness
score is presented in Figure 4.6a. We also examine the feature importances in predicting the
treatment assigned, i.e., the initiation of eating with a partner who has a healthy or unhealthy
eating pattern (Figure 4.6b). We observe that the focal person’s pre-treatment healthiness
score is in fact the most important predictor of the type of partner the focal person will start to
eat with, pointing at homophily.
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Figure 4.6: (a) Distribution (before matching) of propensity to start eating with a healthy-
eating partner. (b) Importance of most indicative features for predicting treatment assignment,
i.e., initiation of eating with a healthy- vs. unhealthy-eating partner (shop names anonymized).
Most important feature: pre-treatment healthiness score of focal person’s purchases, which
indicates homophily.

Focal persons in the two sets are then matched while ensuring that two potential matches
have propensity scores (likelihoods of receiving the treatment) within a caliper of 0.1. The size
of the caliper was chosen so that balance in covariates is achieved. Moreover, an exact match
on the sign of the mean pre-treatment healthiness score and the most frequented shop is
required to achieve tight control. We then create matched pairs based on possible candidates
by performing maximum weight matching on the weighted bipartite graph, where nodes are
focal persons, and the weights use similarity based on the Mahalanobis distance in covariates.
We maximize the total similarity to find a maximal matching.

The result is a set of matched pairs of focal persons, indistinguishable up to the moment of
initiation, who initiated co-eating with partners with different dietary patterns in the same
month. This approach yielded 415 matched pairs of 830 focal persons who started to eat with
different partners. We require at least ten high confidence indicators of eating together with
the partner (Figure 4.7a). Partners’ distribution of pre-treatment healthiness scores is shown
in Figure 4.7b.

Our matched analysis then moves on to comparing focal people who initiate co-eating with
a person with a healthy dieting pattern, to their counterparts who have the same dieting
patterns up to the moment of initiation, but initiate co-eating with a partner who has an
unhealthy dieting pattern. The post-treatment patterns are then compared across treatments
within the matched population.

Before moving on to the analysis of the outcomes, we ensure that the matched persons are
comparable by measuring the balance of their pre-treatment covariates (Table 4.1). We use
the standardized mean difference (SMD) across covariates in the two groups to measure the
balance. We observe that matching greatly reduces the SMD, as the largest SMD across covari-
ates (the one of the pre-treatment healthiness score of the focal person) changes from 0.301
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Figure 4.7: (a) Histogram of the number of high confidence indicators of eating together
with their respective partners, for matched focal persons. (b) Histogram of the partner’s
pre-treatment healthiness score, across matched persons. Orange bars correspond to healthy-
eating partners, blue bars to unhealthy-eating partners. A margin of 0.1 is ensured to differen-
tiate the treatments.

before matching, to 0.023 after matching. Groups are considered balanced if all covariates
have SMD lower than 0.2 [203], a criterion that is satisfied here.

4.3 Results

Recall our research question: we want to understand how a person’s food choices are affected
by the healthiness of a co-eating partner’s food choices. Do people’s choices change and, if so,
in what direction (i.e., towards more or less healthy)?

4.3.1 Regression analysis of pooled data

First, we aim to determine if there are any significant differences between the outcomes of
the matched focal persons. Is the pre-treatment healthiness of the partner predictive of post-
treatment healthiness of the focal person? We start by performing a regression estimation of
the effect of the partner’s pre-treatment healthiness score on the focal person’s post-treatment
score.

Table 4.1: Pre-treatment covariate balance. To ensure that matched persons are comparable,
we evaluate the balance of their pre-treatment covariates, via the standardized mean difference
(SMD) across covariates in the two matched groups.

Pre-treatment covariate SMD before matching \ SMD after matching
Preferred shop (i.e., where the largest fraction of exact match required
pre-treatment transactions is made)

Pre-treatment percentage of lunchtime transactions 0.109 0.045
Pre-treatment percentage of meal transactions 0.207 0.075
Pre-treatment mean healthiness score 0.301 0.023
Pre-treatment mean weekly number of transactions 0.071 0.023
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Figure 4.8: Linear regression effect estimates. The effect of the focal person’s pre-treatment
covariates, the partner’s pre-treatment healthiness score, and the number of detected high-
confidence indicators of eating together on the focal person’s post-treatment healthiness of
purchased items. The effects are estimated with linear regression (R? = 0.194); 95% confidence
intervals are approximated as two standard errors. Significant coefficients (p < 0.05) are
marked with an asterisk (*). The focal person’s own healthiness score and their eating partner’s
healthiness score are the only two statistically significant factors associated with the focal
person’s post-treatment healthiness score.

We fit a model where the focal person’s post-treatment healthiness score is the dependent
variable. We include the focal person’s pre-treatment healthiness score, the partner’s pre-
treatment healthiness score, the number of high-confidence indicators of eating together,
and the focal person’s pre-treatment covariates as the independent variables. The focal
person’s pre-treatment covariates (number of transactions, percentage of transactions that are
meals, percentage of lunchtime transactions, and the pre-treatment healthiness score) are
already controlled for by matching, but they are included in the model to account for possible
residual confounding. The predictors and the outcome are standardized, so the coefficients
are interpreted as increases in the healthiness score per standard deviation of the predictor.

In Figure 4.8, fitting the linear regression, we measure a significant positive effect of 0.13
(95% CI [0.07, 0.19]) of the partner’s pre-treatment healthiness score. The focal person’s own
pre-treatment healthiness is the strongest predictor of post-treatment healthiness (coefficient
0.43, 95% CI [0.36, 0.49]). This is the first indicator that the pre-treatment score of the partner
is associated with the focal person’s patterns.

4.3.2 Contingency-table analysis

Next, to obtain fine-grained insights about patterns taking place at the pair level, we analyze
the outcomes with a contingency table. We binarize the outcome to look for either an increase
or no increase post-treatment, compared to pre-treatment. Four possibilities exist for any
matched pair: both increased, only one or the other increased, and none increased. The
contingency table is presented as Table 4.2. The table counts the frequency of the four
possible results. Using a chi-squared test, we reject the null hypothesis of no treatment
effect (p =0.00017).
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Table 4.2: Contingency table counting number of pairs of matched focal persons in each
condition. Post-treatment healthiness score is compared to pre-treatment score to determine
if there was an increase; in columns, for focal persons who start to eat with healthy-eating
partners, and in rows, for their matched counterparts, i.e., focal persons who start to eat with
unhealthy-eating partners.

Focal person with a
healthy-eating partner
Increase No increase | Total pairs

Focal person with an Increase 126 67 193
unhealthy-eating partner  No increase 103 119 222
Total pairs 229 186 415

It is particularly informative to observe the discordant pairs (off-diagonal entries in the contin-
gency table) among the matched pairs. Such pairs correspond to situations when the outcome
(increase or no increase) differs in the matched pair. The intuition is the following: if there is
no effect, the two types of discordant entries should be balanced. However, we observe that in
103 pairs, the focal person with a positive intervention increased, and the focal person with
a negative intervention did not. The reversed situation, in comparison, occurs in 67 pairs.
We test the null hypothesis of no effect in a paired randomized experiment using McNemar’s
test [210], which relies directly on the evidence that comes from the discordant pairs (their
number and the ratio between them). Here, too, we reject the null hypothesis of no treatment
effect (p = 0.007).

4.3.3 Difference-in-differences analysis

We move on to further exploit the matched setup in order to estimate the difference-in-
differences [217] effect for pairs of matched focal persons. The idea is to first calculate the
difference between post-treatment and pre-treatment healthiness scores for each focal person
separately. Then, we can calculate the difference in treatment effects between two matched
focal persons in each pair. Averaging the differences in differences across all pairs yields the
overall treatment effect.

Regression model. In practice, following the standard approach, we estimate the difference-
in-differences effect via a regression model. Here, each focal user adds two data points (one
pre-treatment, one post-treatment), each of which specifies, as predictors, the type of partner
with whom the focal user started to eat as a treatment (healthy-eating or unhealthy-eating)
and the time period (pre- or post-treatment); and, as the outcome, the healthiness score of
the focal user’s food choice during the respective period. Each matched pair thus contributes
four data points, and the modeled dataset consists of 4-415 = 1,660 data points. Formally, the
model takes the following form:

Vit = a+ B-healthy_treatment; +y-treated, +6- (healthy_treatment;-treated,) +error;;, (4.1)
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where the dependent variable y;; is the focal user i’s healthiness score in period ¢, and the
independent variables indicate whether i’s partner has a positive or negative pre-treatment
healthiness score (healthy_treatment; = 1 or 0, respectively) and whether the respective data
point captures the pre- or post-treatment period (treated; = 1 or 0, respectively). The coeffi-
cient 6 of the interaction term, then, is the difference-in-differences effect of starting to eat
with a healthy- vs. unhealthy-eating partner.

Results. Calculating the average difference-in-differences effect with a linear regression across
all matched focal persons, we observe a larger post-treatment increase in focal persons with
healthy-eating partners compared to the post-treatment increase in matched counterparts,
5 =0.051 (95% CI [0.021,0.076], R?> = 0.07). This means that, accounting for possible temporal
drifts between post-treatment and pre-treatment that are not associated with the initiation,
focal persons starting to eat with a healthy-eating partner significantly diverge from their
matched counterparts starting to eat with an unhealthy-eating partner. Quantitatively, the
effect size of § = 0.051 means that, compared to matched counterparts who start eating with
an unhealthy-eating partner, focal persons who start eating with a healthy-eating partner
increase their healthiness score by an additional 5.1% of the full range spanning from a neutral
healthiness score (i.e., 0) to the maximum healthiness score (i.e., 1).

Similarly, to estimate the effect of social tie formation on the absolute number of healthy and
of unhealthy purchased items, we repeat the regression analysis described in Equation 4.1, but
now with different dependent variables that capture the total number of healthy and the total
number of unhealthy items purchased by focal user i in period t. We observe that the focal
persons who start to eat with a partner with a healthy pattern purchase an additional 5.71
(95% CI [3.21,8.21], R? = 0.17) healthy items, and an additional —1.13 (95% CI [-3.04,0.78],
R2=0.12) unhealthy items in the six months following the tie formation, compared to their
matched counterparts.

Sensitivity analysis. The above finding relies on the assumption that there are no unobserved
variables that create the differences between the matched focal persons that could explain
away the measured effect. Sensitivity analysis is a way of quantifying how the results of
our calculations would change if the assumptions were violated to a limited extent. If the
conclusions of the study would change little, then the study is insensitive to a violation of the
assumptions, up to the specified limited extent. In contrast, if the conclusions would change
substantially, then the study is sensitive to a violation of the assumption.

The key assumption made in our analysis is that the treatment assignment is not biased, or in
other words, that after balancing the pre-treatment covariates, the co-eating initiation with a
healthy-eating vs. an unhealthy-eating partner is randomized (i.e., it is effectively decided by a
coin flip). We measure by how much that assumption needs to be violated in order to alter
our conclusion that there is a significant difference-in-differences effect on the healthiness
of purchased items among the matched focal persons. Specifically, sensitivity analysis lets
us answer the following question: if there is a violation of randomized treatment assignment
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Figure 4.9: Sensitivity analysis. For the sensitivity I' = 1.17, the amplification (A, A) is plotted
(see text for explanation). Horizontal and vertical dashed lines indicate T, i.e., the asymptotic
value of A for A — oo, and vice versa.

(i.e., a deviation from a fair 50/50 coin flip), how large would it need to be in order to alter the
conclusion that the null hypothesis of no difference between focal persons can be rejected?
This notion is quantified by the sensitivity I', which specifies the ratio by which the treatment
odds of two matched persons would need to differ in order to result in a p-value above the
significance threshold. We always have I" = 1, with larger values of I" corresponding to more
robust conclusions.

For the chosen p = 0.05, we measure a sensitivity of I' = 1.17, which implies that, within
matched pairs, an individual’s probability of being the treated one could take on any value
between 1/(1+1I)=0.46 and I'/ (1 + I') = 0.54 without changing our decision of rejecting the
null hypothesis of no effect. In other words, if the assignment of the treatment after matching
were not approximating the ideal 0.5, but a third variable made some people more likely to
initiate eating with a healthy-eating or an unhealthy-eating partner, the randomized treatment
assignment would have to be violated by deviating from the fair 0.5 by at least four percentage
points.

Additionally, we conduct an amplification of the sensitivity analysis [301]. Amplification is
particularly relevant when the concern is not about a violation of the randomized treatment
assignment, but rather about the potential existence of a specific unobserved covariate. It then
becomes useful to consider possible combinations of A and A, two parameters describing the
unobserved covariate, that would result in the measured I'. The strength of the relationship
between the unobserved covariate and the difference in outcomes within the matched pair is
defined by A, whereas A defines the strength of the relationship between the unobserved co-
variate and the difference in probability of being assigned a treatment. With these definitions,
the sensitivity I" can be expressed in terms of A and A, asT' = (AA+ 1)/ (A + A).
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Figure 4.10: Dose-response relationship. (a) Histogram of pre-treatment differences in healthi-
ness scores between partners of paired focal users. (b) Difference-in-differences effect between
focal persons in matched pairs, stratified by the pre-treatment differences in healthiness scores
between the partners they were exposed to.

The result of sensitivity analysis amplification is presented in Figure 4.9. For combinations of
A and A in the orange area, significant effects would be detected (leading to p < 0.05), whereas
for the combinations in the blue area, no significant effects would be detected (leading to
p > 0.05). An infinite number of (A, A) combinations fall on the border; e.g., (A, A) = (2.0,1.6)
corresponds to an unobserved covariate that doubles the odds of treatment and multiplies the
odds of a positive pair difference in the outcomes by 1.6.

Overall, we conclude that the study design is insensitive to small biases [299].

4.3.4 Dose-response relationship

Next, we analyze the dose-response relationship in our matched setup. Similar focal persons
initiate eating with differing partners. We observe systematic changes in the dieting patterns
of the focal persons after the tie formation. But do more drastic difference-in-differences
effects occur when the differences between partners are more drastic? In the case of a true
causal effect, one would expect a dose-response effect where focal persons diverge more
post-treatment if their partners diverged more pre-treatment.

Although large differences in the pre-treatment scores between matched focal persons’ part-
ners are rare (Figure 4.10a), Figure 4.10b shows evidence of a dose-response relationship: the
difference-in-differences effect is stronger when the partners are more different (i.e., the more
extreme difference in partners leads to more extreme effect estimates). If there were other
confounding factors that could explain the observed difference-in-differences effects, and
those factors had nothing to do with the onset of eating together, we would not expect to find
a dose-response relationship. The observed dose-response relationship thus further supports
the conclusion of a causal effect.
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Figure 4.11: Post-treatment increase in healthiness score, stratified by pre-treatment health-
iness score of focal person (with 95% bootstrapped confidence intervals). The difference is
shown separately for focal persons who start eating with a person with a positive (orange)
vs. negative (blue) healthiness score. The difference is monitored in the first 3, 6, and 12
post-treatment months (left, center, and right panel, respectively).

4.3.5 Stratification by pre-treatment healthiness

Additionally, we would like to understand for whom the treatment is effective. Are there
changes across the board with respect to the initial healthiness, or only for specific sub-
populations? For whom is the intervention most efficient? We again monitor the differences
between post- and pre-treatment healthiness scores, but now stratified into quartiles by pre-
treatment healthiness score of the focal person (Figure 4.11). Moreover, we repeat this analysis
for post-treatment observation periods of varying length (3, 6, and 12 post-treatment months).
In the aligned, post-intervention period, persons who start eating with partners with healthy
dieting patterns are characterized with consistently higher healthiness scores compared to
the matched counterparts, across strata of the focal person’s pre-treatment healthiness score.
Note that the fact that the slopes are decreasing may be a simple regression to the mean. The
key observation is that, within each stratum, when comparing the outcomes in orange and
blue, people who initiate eating with a healthy-eating partner (orange) see a greater post- vs.
pre-treatment difference compared to people who initiate eating with an unhealthy-eating
partner (blue).

4.3.6 Analysis of affected food-item categories

Finally, we set out to understand the influence of new co-eating partners on the rates at which
categories of food items are subsequently purchased. Since we observed that the behaviors
are modified, we now ask: what items are eaten more, and which less? What foods being
purchased and eaten in group settings on campus have the largest influence on others?

To estimate category-specific difference-in-differences effects, we repeat the regression analy-
sis described in Equation 4.1, but now with a different dependent variable y.;;, which captures
the number of items from food category ¢ purchased by focal user i in period ¢. By fitting a
separate regression for each food category ¢, we obtain category-specific effects 6.
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Figure 4.12: Estimated difference-in-differences effects of co-eating onset with healthy- vs.
unhealthy-eating partner on the frequency of purchased food categories (with 95% confidence
intervals approximated as plus/minus two standard errors). Categories with a significant effect
are marked in orange (positive) and blue (negative), whereas categories with no significant
effect are marked in gray.

The estimated effects 0., together with 95% confidence intervals, are presented in Figure 4.12.
We observe that the focal persons initiating to eat with a healthy-eating partner purchase
more coffee, lunch meals, coffee from vending machines, soup, fruit, dessert, tea, salad,
and wraps, compared to their matched counterparts, who purchase more soft drinks, drinks
from vending machines, water, condiments, pizza, kebabs, and crépes. The values on the
x-axis can be interpreted as the number of purchased items by which the matched focal
persons diverge in the post-treatment period. For example, in the six months following
tie formation, people who start eating with healthy-eating partners purchase, on average,
around two additional meals and around four additional coffees, compared to the matched
counterparts. The matched counterparts who start eating with unhealthy-eating partners, by
contrast, on average purchase around one additional soft drink in the six months following tie
formation.

Coffees and lunch meals are the items that see the largest increase after tie formation with a
healthy-eating partner. These items are in general purchased in large numbers (Figure 4.2).
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Conversely, items with the strongest effect among the matched counterparts, with the excep-
tion of water, loosely form a cluster of potentially unhealthy items that should not be eaten in
large quantities. The remaining items with a significant positive effect, soups, fruits, desserts,
tea, salad buffet, and wraps are overall less indicative of an unhealthy dietary pattern.

4.4 Discussion

We report on a longitudinal observational study of the effect of the formation of social ties on
food choice, leveraging a novel source of data: logs of millions of food purchases made over an
eight-year period on a major university campus. To estimate causal effects from the passively
observed log data, we control confounds in a matched quasi-experimental design: we identify
focal persons who start regularly eating with a fixed partner and match focal persons into pairs
such that paired focal persons are nearly identical with respect to covariates measured before
acquiring the partner, but the new eating partners diverge with respect to the healthiness of
their respective food choice behaviors (before tie formation with the focal person).

4.4.1 Summary of main findings

We observe that the people who acquire a healthy-eating partner change their habits signif-
icantly more toward healthy foods than those acquiring an unhealthy-eating partner. We
further identify foods whose purchase frequency is impacted significantly by the partner’s
healthiness of food choice: coffees and lunch meals are the items that see the largest increase
on behalf of those who initiate eating with a healthy-eating partner, whereas the matched
counterparts, with the exception of water, increase purchases of items that loosely form a
cluster of potentially unhealthy items that should not be consumed in large quantities: soft
drinks, drinks from vending machines, condiments, pizza, kebabs, and crépes.

4.4.2 Implications

Our findings show that digital traces can be used as a valuable tool for monitoring dietary
habits, and can provide valuable insights into the effects of social ties on dietary choices.
This chapter establishes the feasibility of relying on transactional logs in order to monitor
food consumption and derive meaningful insights about behavioral patterns taking place at a
population scale. Such digital traces can complement small-scale field experiments, making it
possible to observe large populations over long time periods.

By relying on a novel transactional dataset and using carefully designed quasi-experimental
methodology, we confirm theories of social influence on food choice postulating that social
influence plays a prominent role and has a powerful effect on food intake [75, 170, 172, 250,
334]. Conforming to the behavior of others is adaptive, and individuals find it rewarding [172].
Hence, dietary choices are expected to converge with those of our close social connections.
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Additionally, eating norms are known to reduce the intake of unhealthy foods [293] in specific
contexts. For example, exposure to social eating norms is known to result in a reduction in
the weight of consumed high-energy snack foods [293]. The fact that persons exposed to a
partner eating healthy foods eat fewer items that should not be eaten in large quantities (soft
drinks, drinks from vending machines, condiments, pizza, kebabs, and crépes) compared to
the counterparts indicates the presence of such positive influence of others.

Finally, we contribute to the rich literature about social influences in eating by demonstrating
that, beyond studying social modeling in specific situations [370], the naturally or experi-
mentally occurring event of tie formation is an important dimension to consider in order to
understand the mechanisms of social influence and their potential for influence and interven-
tions.

The most imminent utility of measuring the impact of social tie formation on food choice
relying on large-scale passively sensed transaction signals lies in its potential to inform public
health interventions on campuses. Designing large-scale nutritional interventions is challeng-
ing and logistically complicated. Additionally, it is difficult to predict their impact through
experimentation due to ethical concerns stemming from the danger of eliciting undesirable
effects. This work shows how observational insights based on passively sensed data can be
used to evaluate the impact of potential interventions by estimating the impact of similar
interventions that occur naturally, without external experimentation.

For instance, in order to incentivize healthy eating habits, university or corporate stakeholders
might consider launching programs with disclosure and consent that help students or staff
connect onsite with “lunch buddies” and incentivize consumption of meals in a company.
Such programs leveraging peer-led nutritional interventions [405] would need to take into
consideration self-selective disclosure and consent as confounding factors. First, by relying
on passively sensed observational data and evaluating the impact of similar interventions, it
would be possible to anticipate the impact on the involved individuals ahead of implementing
any interventions in the real world. Second, it would be possible to optimize the pairing of
people, by estimating on whom the effect of tie formation with others could be strongest.
Finally, being informed about what products are most likely to be purchased in modified
quantities after tie formation, the stakeholders could optimize the offering of products.

The question of whether the estimated impact of such naturally occurring interventions is
identical to the true causal effect, and whether it is expected to mirror the impact of intentional
externally induced interventions, remains. In what follows, we discuss the assumptions that
would need to hold, and the limitations that should be considered.

4.4.3 Limitations and causal assumptions

Limitations. This study is subject to certain limitations, some of which suggest promising
directions for future work. Inherent to observational studies, we recognize the inability to
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infer true causality. Controlling for all the possible confounds is fundamentally infeasible.
Still, we make a step towards understanding the effects of a certain “treatment” on food con-
sumption by developing a quasi-experimental design based on propensity-score matching
and difference-in-differences methods, whereby we seek to minimize biases due to observed
confounding variables, enriched with a quantification of the danger of unobserved confound-
ing variables via sensitivity analysis. Our work, therefore, provides insights based on passively
sensed behavioral signals that go far beyond simpler correlational analyses.

We note that the inference of social ties might be imperfect. However, the fact that a large
fraction of ties forms precisely at the beginning of the academic year (with the fall semester),
when students are exposed to new fellow students (Figure 4.2), and the fact that there is a
correlation with ground-truth team membership points towards reliability. In addition, we
note that we might potentially be detecting the onset of co-eating with a delay (i.e., it actually
occurs earlier than detected) if peers eat together as part of a larger group and are not directly
adjacent in the queue, or if they use cash for the transaction. That said, we note that any
potential delay in estimating the onset would lead to more conservative estimates of the effect
of partnering up, as potential changes in the patterns would be counted as purchases before
the tie formed.

Causal assumptions. We discuss what assumptions are necessary for our study design to let
us isolate the causal effect of social-tie formation on food consumption. In particular, we
consider the assumptions of the potential-outcomes framework [305] and the extent to which
they can be assumed to hold in the present work.

Stable unit treatment value. Units are assumed not to interfere with each other. In other
words, the treatment assignment of one unit does not affect the outcome of another unit, i.e.,
there is no “spillover” or “contagion.” Recall that we require initiation with no more than one
peer during the monitored pre- and post-treatment periods. While this restriction ensures
that there are no spillovers, our study is unable to capture complex network interactions
occurring in on-campus settings. Future work should therefore generalize beyond the studied
setup by identifying time-varying treatments and dynamic treatment regimes using g-formula
methods [354, 407].

Consistency. The potential outcome under a treatment is assumed to be equal to the observed
outcome when the actual treatment is received. In other words, the counterfactual outcome
for treated units is the observed outcome for controls. While our study design attempts to
compare people who are similar up to the moment of receiving the treatment by modeling the
propensity to be treated, the assumption that the outcome of the matched person would be
exactly the outcome of the treated person is untestable.

Positivity. The probability of every treatment for every set of covariates is assumed to be
non-zero. In our study, it is reasonable to assume there are no people who could never possibly
receive a given treatment.
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Ignorability. Finally, the ignorability assumption refers to the absence of unmeasured con-
founding. By performing a sensitivity analysis, we have attempted to assess the possible
impact of unobserved biases if the ignorable treatment assignment assumption is violated.
This analysis leads us to conclude that our findings are insensitive to small biases.

Construct validity. We also consider the issue of the construct validity of our study design,
i.e., the degree to which the obtained indirect measurements (transaction logs of food con-
sumption) are reflecting the true phenomenon that is intended to be measured (actual food
consumption). It is reasonable to assume that students and staff indeed consume the food
that they purchase. However, one cannot eliminate the possibility of persons borrowing the
card, or paying for items consumed by other people. Conversely, people on campus may
consume food not recorded in the purchase logs (e.g., food purchased using cash, or food
prepared at home or in off-campus restaurants). Future work should determine the extent to
which the assumption that purchasing implies consumption, and vice versa, holds.

External validity. Future work should also determine external validity, that is, to what extent
behaviors measured on campus reflect other settings off campus, e.g., food consumption—
and the complex interplay with food consumption of their social ties at home—in families
or in restaurants. People who primarily eat home-cooked food might present a skewed
representation of their diet in the studied cafeteria purchase logs, and the fact that individuals
might consume food prepared at home introduces unobserved variables into our analyses.
For example, people who do not have regular eating partners in extended periods might eat
alone because they prefer to eat a peculiar type of food that they cook at home and that is not
served on campus, or measured via purchase logs.

4.4.4 Future work

This study opens the door for future research directions and potential follow-up studies of the
mechanisms of social influence beyond those described, such as the role of the campus-wide
sustainability challenge (cf. Section 4.2.1), and if eating with a healthy-eating partner is corre-
lated with other behavioral changes (e.g., switching cafeterias). Future work should further
understand the measured behavioral changes by understanding the underlying mechanisms
and the social contexts in which the foods are consumed in modified quantities (e.g., social-
izing by meeting for a cup of coffee versus consuming a meal together). Future work should
demonstrate whether modified habits are retained in those individuals who return later to
eating alone for long stretches, or, if habits are not retained, how the individual regresses to
the state they were in before the tie formation, and if so, what is the rate of the decay back.
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5] Purchasing mimicry in food
consumption on campus

5.1 Introduction

As described in the previous chapter, on-campus, formation of social ties is associated with
changes in dietary behaviors. Outside of the campus environment, existing body of work
has consistently observed similarities between connected persons in social networks, e.g.,
friends [124] and family [197, 272], in a number of experimental and survey-based studies [119,
162, 227, 269, 318, 346]. Food consumption has been found to be influenced by eating with
others [170, 172, 218, 334], and the food choices of others, including people one does not know,
have been observed to influence food choices [67, 294].

However, although such similarities in food consumption driven by social factors have been
consistently observed, much less is known about the precise governing mechanisms. Nu-
merous postulated mechanisms about how others influence our food consumption exist,
including the processes of information gathering, self-presentation, minimizing regret, social
desirability through appropriateness, and integration concerns [293].

Such mechanisms can result in both dish variety seeking and dish uniformity seeking [22,
89, 256]. Uniformity seeking was tested across a range of studies, for instance, in the form of
uniformity by matching the other’s food choice [55]. Conversely, variety seeking [285, 331]
has also been observed since individuals make choices that diverge from those of others to
communicate the desired identity effectively [32].

In particular, a potentially prominent postulated mechanism of interpersonal influence on
eating behavior might be behavioral mimicry, which occurs when a person copies the behavior
of another. For instance, individuals automatically mimic the gestures and hand movements
of others, as an unconscious attempt to make the other individual like them since mimicry
eases social interactions [58, 60].

It has been shown that viewing another individual performing an action activates an immedi-
ate reaction in an individual’s motor system [169, 182]. Behavioral mimicry is also consistent
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with the least effort principle when making choices—sometimes, simply doing what others do
is the easiest choice [412]. Since eating is often habitual, i.e., automatically driven by external
cues, unconscious behavioral mimicry may be a key interpersonal influence mechanism when
eating with others. Previous studies have shown evidence of mimicry in behaviors linked to
food consumption—people tend to adjust their intake directly to their eating companions by
eating more when others eat more and less when others eat less [59, 353].

5.1.1 Research question

In order to understand dietary behaviors and design behavioral interventions in university
environments, it is necessary to understand the answers to these questions. Identifying the role
of purchasing mimicry in social norms is the first necessary step toward determining whether
and to which extent purchasing mimicry can be exploited for behavioral interventions.

Specifically, in this chapter we ask:

RQ How prominent is food purchasing mimicry in campus environments? What foods are
the most associated with purchasing mimicry, and what subpopulations are the most
affected?

Despite the postulated importance of social factors, identifying and measuring mimicry in food
consumption remains challenging. On the one hand, experimental studies monitor behaviors
in artificial settings where people are aware they are being observed [349], which involves
participation effect challenges, referred to as the Hawthorne effect [236, 358]. Furthermore,
experimental studies to date have been limited to observing people in small-scale scenarios
with a short duration, often in a laboratory setting [294, 295]. Most notably, such studies rely
on confederate design, testing whether pairing a participant with an actor (i.e., a confederate)
influences the amount and type [30, 294] of food eaten by the participant and their biting
pattern [333], i.e., whether individuals take a bite of their meal in congruence with their
eating companion rather than eating at their own pace [169]. More naturalistic experimental
settings attempt to increase the validity of the findings by instructing participants to perform
an unrelated activity while food is provided and consumption patterns recorded [168].

On the other hand, observational studies face limitations due to the presence of confounding
factors and biases. In real-world settings, it remains challenging to measure and disentangle
properties that are relevant in the context of food consumption, such as attributes of the
individuals and the environment (e.g., food options available in different locations and set-
tings). Another challenge is homophily, people’s tendency to form ties with others similar to
themselves to begin with [21, 90, 204, 218, 329, 330].

At present, characterizations of food purchasing mimicry originate from different experimental
conditions. “Higher resolution” data and design paradigms are needed to identify behavioral
mimicry and how it varies across foods and subpopulations. Researchers have only recently
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been addressing gaps in the knowledge about human dietary behaviors by studying digital
traces in the context of food consumption [315]. Such large-scale passively sensed signals
have the potential to be harnessed in university campus environments to measure factors of
well-being related to nutrition [151] and beyond [26, 227, 260, 324, 350].

The present chapter addresses the challenges of understanding the role of mimicry by lever-
aging the dataset of cafeteria records made on the EPFL university campus that captures the
order of decision-making, allowing us to measure whether early decision-makers influence
late decision-makers.

We test for evidence of purchasing mimicry, aim to identify the effect and understand the
factors guiding it. In particular, we aim to determine the extent to which individuals on
campus are influenced by others when deciding what to buy. What type of foods and what
types of individuals (age, gender, status on campus) are most affected? What are the dyad
characteristics associated with purchasing mimicry (e.g., is the effect stronger among the
individuals with the same or differing attributes)?

Based on the transactional data, we design an observational study to identify the mimicry in
food purchases. We leverage the sequential queue nature of cafeterias and the fact that with
passively sensed data, we can monitor many persons in many situations. We consider a large
number of situations where a dyad of partner (early decision-maker, i.e., the person who goes
first in the purchasing queue) and focal user (late decision-maker, i.e., the person who goes
second in the purchasing queue) are adjacent, and both make a purchase. We identify 0.5M
such adjacent purchases, which we refer to as situations (Figure 5.1).

The large number of situations, rich data about the environmental context, and information
about historical patterns of the individuals let us measure with high granularity and scale.
We identify comparable situations and perform causal analyses. In particular, we devise a
matching-based methodology to identify the effect of early decision-makers on late decison-
makers, while minimizing the impact of biasing factors.

5.1.2 Summary of the main findings

Analyzing purchasing behaviors, we find significant mimicry of partners’ purchases affecting
all food types. We find that the partner’s influence on the focal person diminishes once the
ordering of the queue is randomized (cf. Section 5.3.1). The observed effect is robust across
subpopulations and affects all genders and statuses, while it is the strongest for students and
younger persons (cf. Section 5.3.2).

Our analyses of purchase logs provide novel insights into purchasing mimicry. First, the novel
dataset, its scale, and a large number of studied situations make it possible to study mimicry
with greater statistical power compared to previous research.
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Figure 5.1: Study design. We identify situations where two individuals make purchases within
five minutes of each other, with no one in between, adjacent in the purchasing queue. The first
person to make the transaction in the queue is referred to as the partner, and the second person
as the focal person. We are interested in identifying the impact that the purchasing behavior of
the partner has on the focal person, i.e., in particular, purchasing a dessert in the illustration.
To that end, the situations are matched, such that the situations are comparable (i.e., they
occur in the same shop, time of day, same partner identity, same availability, and popularity
of the dessert), but in treated situations, the partner purchases a dessert. In contrast, in the
control situations, the partner does not purchase it. Our study then contrasts the focal person’s
probability of purchasing the dessert, given that the partner purchased (treated situations) or
not (control situations).

Second, we perform careful causal analyses. Given the available information about individuals,
who can be consistently tracked across many situations, and about the environment, such
as the popularity and availability of different foods at shops in time, we can minimize the
impact of numerous important confounding factors and isolate the mimicry in purchases.
We carefully select suitable situations where the purchase decisions are monitored, aiming to
disentangle homophily and influence. Additionally, we consider unobservable biases through
sensitivity analysis.

Third, having access to a multi-year history of all transactions made on a large campus allows
us to measure a wide set of purchasing behaviors that occur in the real world, as opposed to
the artificial setting of lab-based studies.

In the next section, the study design and the estimation framework are described in detail.
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5.2 Materials and methods

5.2.1 Sequential choices

In this chapter, we leverage the anonymized dataset of food purchases introduced in Chapter 3,
Section 3.2.1. In order to identify purchasing mimicry, we monitor a sequence of transactions
made with the badge in the queue of a cash registry, in a given shop. We identify situations
when two individuals are adjacent in the queue and make a transaction within five minutes of
each other, with no one between them (we investigate the impact of the delay in the purchasing
queue in Section 5.3.3). We monitor two individuals making a purchase sequentially in a
purchasing queue with the badge, as illustrated in Figure 5.1. A unit of analysis is an instance of
two persons having a meal together, operationalized as two individuals executing transactions
consecutively in the same shop. Henceforth, for brevity, we refer to such an instance of two
adjacent purchases as a situation.

Co-eating matrices (Appendix A, Tables A.1, A.3, and A.2) outline the dyad frequency among
the subset of the studied situations with demographic data available. The tables illustrate
a preference for eating with others of the same gender, age, and status. We also note that
the order female-male is more common than the order male-female. Similarly, the order
staff-student is more common than the order student-staff, likely reflecting social norms of
politeness and giving way to others depending on their gender and seniority.

There are three daily three peaks of transactions. The studied situations occur during the
time of breakfast (before 11:00am), lunch (11:00am-14.30pm), or afternoon (after 14:30pm).
During the three periods, persons purchase an anchor—a meal during lunch or a beverage
(coffee or tea) during breakfast or afternoon (Figure 5.3a). In addition to the anchor food item,
individuals might purchase an additional item (such as a dessert or a condiment), referred to
as an addition.

In our main analyses, we study the effect of purchasing mimicry of the frequent food item
additions (e.g., a dessert or a fruit). The additions were selected to include all food items
where among the situations with the anchor, in at least 1% of situations, the partner buys the
addition (Table 5.1) (i.e., at least 1% of the situations is treated). In total, there are three types
of additions frequently purchased together with a beverage during breakfast and afternoon
hours (fruit, dessert, and pastry), and seven types of additions frequently purchased together
with a meal during lunch hours (condiment, salad, pastry, dessert, soup, soft drink, and fruit).

Overall, we analyze 509,220 identified adjacent purchase instances that took place in the
twelve major shops. The studied adjacent purchase instances are executed by 5,504 unique
unordered pairs of individuals. The instances are selected such that the two individuals make
at least ten transactions together adjacent in the purchasing queues, in order to be able to
monitor the same pairs repeatedly.
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Table 5.1: Food addition items. For the three meals, the studied food addition items, the
frequency with which the addition is purchased by the partner within the studied situations
(i.e., treatment frequency), and the number of matched treated-control situations where the
addition is purchased vs. not.

Time of day Food additionitem Treatmentfreq. # matched situations
Breakfast/morning snack time  Dessert 8.77% 1004
Fruit 3.62% 1226
Pastry 7.85% 16898
Lunch time Condiment 1.49% 5590
Dessert 1.21% 3954
Fruit 8.49% 22424
Pastry 1.93% 7400
Salad 1.51% 5286
Soft drink 2.8% 8970
Soup 7.79% 18956
Afternoon/evening snack time  Dessert 6.39% 1288
Fruit 2.7% 466
Pastry 16.54% 3524

5.2.2 Causal assumptions and Directed Acyclic Graph (DAG)

Given a partner a and a focal person b, let Y,(#) be the partner’s choice (set of purchased
items within the transaction) and Y} (#) be the focal person’s choice (set of purchased items
within the transaction). We observe a person b (focal person), choosing items to purchase
in situation t, Y;(#). The focal person’s choice Yy (f) is governed by the focal person’s eating
profile Xj,. Additionally, we consider common environmental factors in the specific situation
t, P(1), that can influence the choices of both observed individuals. Common environmental
factors are operationalized as the location, the time of day, popularity, and availability of the
item at the shop on the given day.

Furthermore, positioned in front in the queue, before person b, there is a frequent peer,
person a (partner), choosing items to buy. Similarly, the partner’s eating profile X, impacts
their choice Y,(#). Focal person b can be influenced by person a (partner) in their food choice
Y, (#), corresponding to the causal path of food purchasing mimicry between Y, (t) and Y} ().
Due to the theoretical importance of “matching” the social norm and uniformity seeking
through behavioral mimicry, we are interested in the causal path of purchasing mimicry, i.e.,
estimating the causal effect of the treatment (Y,(#)) on the outcome (Y} (1)).

However, the peer’s choice can influence the observed person’s choice through other biasing
paths. In the presence of homophily, the social tie between persons a and b, S, 3, is influenced
by the traits of each individual X, and X}, since more similar people tend to be closer friends
given homophily, and in turn, influences the observed behavior Y, (¢) through homophilic
biasing paths, for closer friendship might make mimicry stronger. Eating profiles composed
of habits and preferences are unchanging and independent of individual choices ¢. Social tie
strength is a property of the network and is independent of the timing of individual choices t.
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Figure 5.2: Directed acyclic graphs (DAGs) encoding the assumptions about the causal relation-
ship between variables. X, and X}, are partner’s and focal person’s eating profile respectively;
Sap is the social tie strength; Y, (¢) and Y} (¢) are partner’s and focal person’s sets of purchased
items at time # respectively, and P(¢) are common environmental factors at time ¢. The purple
arrow marks the causal path of purchasing mimicry. In (a), the assumed DAG. In (b), (c), and
(d), the variations of the assumed causal relationships where the Assumption 1 is violated
such that the traits of the individuals can influence the observed purchasing behavior through
factors not related to friendship strength S, .

In other words, we make the following assumptions:

Assumption 1. The traits of partner X, can influence the observed behavior of the focal person
Yy (1) only through S, ;, (we investigate this assumption further in Appendix A by considering
alternative DAGs).

Assumption 2. We assume that Y,(t) influences Yy (t) through the ordering in the queue, while
Yy () is not influenced by Y,(?), i.e., no coordination before making the decision (we investigate
this assumption further in Appendix A).

Assumption 3. There are no other unobservable biases (we investigate this assumption further
in Section 5.3.4 via sensitivity analysis).
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The causal graph reflecting these assumptions is presented in Figure 5.2a. The illustrated
graph is the standard DAG assumed in the literature in order to identify the causal effect of
social influence under the presence of homophily in a pairwise setup when examining the
causes behind why a person manifested a behavior at a given time [221, 330]. The DAG is
equivalent to the causal graph allowing for latent variables to influence both manifest network
ties and manifest behaviors when the behaviors are time-independent, e.g., the choices are
independent of each other, and there are no other unobservable biases.

According to backdoor criterion [153], the minimal sufficient adjustment set of variables for
estimating the total effect of Y,(#) on Y} (¥) is {X,, P(¢)}. Therefore, in our main analyses, we
match on partner’s identity to control for X, and common environmental factors to control
for P(t). In Section A.2.1 we consider how our estimation framework and the subsequent
estimates vary as Assumption 1 is violated and additional controls are necessary.

5.2.3 Matched estimation framework

The setup. To estimate the total effect of the partner’s purchase on the focal person’s purchase
(Y, (1) on Yy (1)), we perform matched estimation. In Section 5.2.2, given the assumed relation-
ship between variables, the sufficient adjustment set of variables is the identity of the partner
and the common environmental factors. Common environmental factors are operationalized
by measuring the important dimensions of the dietary context: where the food is purchased
(shop), when the food is purchased (time), the availability, and the popularity of the food, that
day, in that shop as the fraction of all transactions that contained the food item.

Matching. We do matching of situations in order to find the pairs of comparable situations
where in one situation the partner buys the addition i (i € Y,(t)), whereas in the other the
partner does not buy the addition i (i ¢ Y,(¢#)). Within the pair of comparable situations, we
ensure that the partner is the same person and that the situations took place at the same shop
and during the same time of the day (breakfast time vs. lunch time vs. afternoon snack time).
Additionally, we require that within the pair of comparable situations, the item was available
in both situations and equally popular (up to 10% caliper) and that both the focal person and
the partner purchase the anchor item (meal or a beverage). The size of the popularity caliper
was chosen to achieve the balance in covariates, before analyzing the outcomes.

Covariate balance. For all the covariates except food item popularity, an exact match is
required. For popularity, we ensured that after matching SM D < 0.2 (before matching SMD =
1.23, after matching SMD = 0.08). Groups are considered balanced if all covariates have
SMD < 0.2, a criterion satisfied here [203].

Outcome analysis. The matched study design is illustrated in Figure 5.1. After matching, we
analyze 96986 comparable situations, matched into 48493 pairs of situations. The distributions
of matched situations across additions are outlined in Table 5.1. The result is a set of matched
pairs of comparable situations, indistinguishable in the observed attributes, except that in
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one, the partner buys the additional food item, whereas, in the other, the partner does not buy
it. By monitoring different items, we apply our framework to measure the effect of different
interventions in different subpopulations. To quantify the effect of an intervention partner
“buying item”, our main analysis compares the purchases of the focal person in the matched
situations.

Given a food item i, Y,(¢) partner’s choice (set of purchased items within the transaction)
and Y () focal person’s choice (set of purchased items within the transaction), we measure
risk difference (RD;) and risk ratio (RR;), calculated based on the 2x2 contingency matrix
illustrated in Table 5.2. The two outcome statistics are defined as:

RD; = p(ie Yyp(t)|i € Yo(t) — p(i € Yp(0)li € Yyu(1)), (5.1)
and

_ PUEYp()]i€ Ya(D))
" plieYy(Dlig Ya(t)

(5.2)

The risk difference and risk ratio describe the absolute and the relative difference in the
observed risk of events between treated and control situations. For a focal individual, they
describe the absolute and the relative increase in the probability of purchasing the item when
the partner buys the item vs. when the partner does not buy the item. Within the comparable
situations, we resample situations to obtain the 95% bootstrapped confidence intervals.

Moreover, we consider a randomized baseline. In each situation, instead of the partner,
we choose a random person from the purchasing queue (during the same day, at the same
shop and same line). The objective of the randomized baseline is to understand similarities
stemming from the contextual factors and not directly caused by the actual ordering of the
queue and the partner’s choice. The estimation, as previously described, is then performed on
such randomized situations.

Table 5.2: Contingency table counting the number of situations in each condition depending
on whether or not the partner purchased the item (rows), and whether or not the focal person
purchased the item (columns).

Focal purchased Total
No Yes situations
Partner No 40230 (41.48%) 8263 (8.52%) 48493 (50%)

purchased Yes 33332 (34.37%) 15161 (15.63%) 48493 (50%)
Total situations 73562 (75.85%) 23424 (24.15%) ‘ 96986 (100%)
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5.2.4 Amplified asking

To make heterogeneous estimates depending on status at the campus (beyond the subpopu-
lation of participants in the sustainability challenge), we rely on the paradigm of amplified
asking to, first, build a model that can predict status in the sup-population where the status
information is available, and then, second, amplify the entire dataset with the estimated class
belonging, by making out-of-sample predictions over the whole population [315]. We train the
classifier based on the features that capture temporal patterns typical of personnel and staff.
For instance, students make summer and winter breaks, while staff might still be on campus.
Similarly, students might make transactions in the later hours.

We use the total number of transactions, the number of years at the campus, and the distri-
bution of transactions across months, weekdays, and hours in the day. The classifier uses
a random forest model and achieves on a 20% held-out test set precision with respect to
students 88.33%, with respect to personnel 78.26%, and recall with respect to students of
90.60%, and with respect to personnel 76.60%. Note that status estimation does not rely on the
variables linked with the studied phenomena (purchased items) but merely on the temporal
distribution reflecting when the individuals are present on the campus.

5.3 Results

The study design is illustrated in Figure 5.1. To summarize, individuals make their purchases
at the registry with identifying badges. We identify situations (Npefore matching = 509220) when
individuals make purchases within five minutes of each other, with no one in between. As a
reminder, we study scenarios where two individuals make a transaction while adjacent in the
queue. We are interested in identifying the impact that the purchasing behavior of the partner
(early decision-maker) has on the focal person (late decision-maker). We identify the change
in the probability that the focal person will buy a food item when the partner buys the item
vs. when the partner does not buy the item. We study dyads where the partner and the focal
person are observed together at least ten times.

We perform matching of situations such that the situations are comparable (cf. Methods), but,
in treated situations, the partner purchases a food item of interest. In contrast, in the control
situations, the partner does not purchase the food item of interest. Matching is informed by the
assumed causal graph. ! Situations occur during breakfast (until 11h, 17.4% situations), lunch
(11h - 14.30h, 72% situations), afternoon/evening snack (after 14.30h, 10.6%), as illustrated
in Figure 5.3a. We ensure that the matched situations are comparable by requiring that the
partner and focal person both purchase an anchor item (a meal during lunchtime or a hot
beverage during the morning or afternoon/evening), and monitor the purchasing of one of
the 13 food items frequently purchased with the anchor, selected based on frequency among
the situations (Table 5.1, Methods).

11n the Appendix A, we examine the robustness of our estimates as the causal assumptions are violated.

74



5.3 Results

Lunch Breakfast
(11:00-14.30) (06:00-11:00)
) - Randomized
Condiment {==-==-}ge========-""==-=o Pastry {----- B queues
Soup {=====fg=====cce e Fruit{-----, ety |
25000 P *
g 20000 Fruit {----- hg=====" s Dessert |----- BT
§ % -01 00 01 02 03
= 15000 = .
o ° Dessert 1=~~~ I oo Afternoon/evening snack
5 S (14.30-20:00)
& 10000 w N
1 L [ | Y < PP [ S S . S
£ Salad # Pastry {-===gkr========"tTcecuaqg
2 s000
Pastry {----- o oo L
04
6:00 8:00  10:00  12:00  14:00  16:00  18:00  20:00
Hour in the day Soft drink {-----f---- A Dessert {---=zks =F=---==m=m-mood
E:ii;fasr o i;fgg -01 00 01 02 03 -01 00 01 02 03
) . Risk difference (RD) Risk difference (RD)
Afternoon / evening -
snack Anchor: meal f co "
@ (b)
o :
2 Vegetarian meal |______I_ PO -
2 vs. meat meal
5
2
2  Coffee vs. tea{----- I - Randomized |
< * queues
-0.1 0.0 0.1 0.2 0.3
Risk difference (RD)
(©

Figure 5.3: In (a), the histogram of situations during a day, on the x-axis, the hours in the
day, and on the y-axis, the number of situations. The three peaks correspond to breakfast,
lunchtime, and afternoon or evening snack time (shaded regions). In (b), separately for lunch,
breakfast, and afternoon or evening snack, the estimated risk difference (on the x-axis), for the
different food item additions (on the y-axis). In (c), the estimated risk difference (on the x-axis),
for the anchor type (on the y-axis), type of meal, vegetarian vs. not, and type of beverage,
coffee vs. tea. The error bars mark 95% bootstrapped CI. Risk difference estimates are colored
(blue for lunch where the anchor is the meal, orange for breakfast and afternoon or evening
snack where the anchor is a beverage). The randomized baseline is presented in black.

After matching, within the matched sets of comparable situations (Ngfrer marching = 96986
into Ngfrer marching!2 pairs of situations, where one of the 13 food items is bought or not,
Table 5.1), we contrast the focal person’s probability of purchasing the food item of interest,
given that the partner purchased the item (treated condition) or not (control condition). The
discrepancy between the two probabilities is expressed in absolute terms (risk difference) and
relative terms (risk ratio). In what follows, we analyze the matched situations.

Table 5.3: Contingency table counting the number of pairs of matched situations in each
condition (treated and control). In columns, situations where the partner purchased the item,
and in rows, matched situations where the partner did not purchase the item.

—Partner purchased (control) Total pairs
—Focal purchased Focal purchased of situations
Partner —Focal purchased 28111 (57.97%) 5221 (10.77%) | 33332 (68.74%)
purchased (treated) Focal purchased 12119 (24.99%) 3042 (6.27%) | 15161 (31.26%)
Total pairs of situations 40230 (82.96%) 8263 (17.04%) ‘ 48493 (100%)
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Figure 5.4: The estimated risk difference across the matched situations (on the x-axis), depend-
ing on the individuals’ estimated status (on the y-axis). The error bars mark 95% bootstrapped
CL Risk difference estimates are presented in blue, and the randomized baseline is presented
in black. In (a), for partner’s status, in (b), for focal person’s status, in (c) for the four combina-
tions of the focal-partner status.

5.3.1 Significant mimicry within dyads affects all food types

Paired analyses. As a first look into the matched situations, we test for evidence of purchasing
mimicry and aim to identify the effect pooled across food items. The contingency table
(Table 5.3) counts the frequency of the four possible outcomes, comparing matched pairs of
situations where in one case partner buys, and in the other case, the partner does not buy
the additional item. Note that the most frequent outcome is that in both matched situations,
regardless of the partner, both focal users do not buy the addition. The least likely is that in
both situations, regardless of the partner, both focal users buy (since purchasing probabilities
are in general low, cf. Table 5.1).

In particular, the discordant instances among the matched situations are informative, i.e.,
the off-diagonal entries in the contingency table, which correspond to matched situations
where the two focal persons’ purchases differ. If there were no partner effects, the two types
of discordant entries would be balanced. However, we observe that more frequently, focal
persons mirror their partners vs. do the opposite (2.3 times more likely). In 25% of pairs
of situations, focal persons purchase when partners do, and focal persons do not purchase
when partners do not. In contrast, the opposite scenario (focal persons doing the opposite of
their partners) is rarer as it occurs in 11% of pairs of situations. The disbalance between the
discordant instances is the first evidence of mimicry. Based on the contingency table, we reject
the null hypothesis of no treatment effect (chi-squared test of no treatment effect p < 107'2).
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Risk analyses. Next, pooling the matched situations across the different items, we quantify
risk difference (RD) and risk ratio (RR), cf. Methods. Henceforth, the risk-based effect estimate
is the main method of analysis. Overall, across all matched situations (13 additions), we
measure the risk difference of 14.22% [13.73%, 14.74%] and the risk ratio of 1.83 [1.79, 1.88],
implying a change in the focal person’s probability of purchasing the food item, depending
on the partner’s choice. In comparison, in the case of the randomized baseline where the
purchasing order in the queue is randomized, we measure a risk difference of 1.07% [0.69%,
1.45%] and a risk ratio of 1.07 [1.05, 1.1]. In other words, the partner’s influence on the focal
person diminishes once the ordering of the queue is randomized.

Risk analyses across food items. Since effect modification is expected given varying times of
day, separately for the different times of day and across the thirteen additions (seven lunch
additions and three breakfast and afternoon/evening snack additions), we quantify the risk
differences. We find that all the risk differences are greater than zero with 95% CI (Figure 5.3b).
The random baseline is much smaller for all additions, consistent within the time of day and
among additions.

Risk difference for lunch additions varies between 10.06% [8.65%, 11.42%)] for soft drink and
23.94% [22.11%, 25.76%] for condiment. Risk difference for breakfast additions ranges between
5.78% [3.39%, 8.37%] for dessert, 7.34% for fruit [4.73%, 9.95%], and 9.74% for pastry [8.25%,
11.18%]. Note that pastry is a separate category from dessert since it can be savory. For
afternoon or evening snack, risk differences are 7.61% for dessert [4.35%, 11.02%], 8.58% fruit
[3.85%, 14.16%], and 21.06% for pastry [18.22%, 23.89%)].

Risk analyses across anchors. Although the main analyses focus on food addition items, we
also analyze the mimicry of the anchor itself (Figure 5.3c). The meal anchor can be vegetarian
or meat-based, whereas the beverage anchor can be coffee or tea. While the main analyses
focus on the purchasing mimicry of the additions, matching comparable situations meal
(vegetarian meal vs. meat meal) and comparable situations beverage (coffee vs. tea), we
observe significant risk difference for meal type (32% [31.39%, 33.21%]) and beverage type
(11.65% [9.72%, 13.52%]). Estimates corresponding to the randomized baseline in case of meal
type (4.14% [3.30%, 4.95%]) and beverage type (0.10% [-0.02%, 0.01%]) are again much lower.
We note that mimicry is stronger for the meal-type anchor since purchasing vegetarian food
is a behavior related to health and sustainability and, therefore, potentially more likely to be
impacted by social norms.

To summarize, among the matched pairs of situations, we find significant mimicry of partners’
purchases affecting all food types. The partner’s influence on the focal person diminishes
once the ordering of the queue is randomized.
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Figure 5.5: Separately for lunch, breakfast, and afternoon or evening snack, the estimated risk
difference (on the x-axis), for the different food item additions (on the y-axis). The error bars
mark 95% bootstrapped CI. Risk difference estimates are colored in pink for student-student
dyads and in green for non-student-student dyads. Randomized baselines are presented in a
lighter color.

5.3.2 Mimicry is strongest among students and the youngest subpopulations

Estimated status. We next measure the effect among subsets of matched situations based on
the estimated status of the partner and the estimated status of the focal person in Figure 5.4.
We find that the effect is stronger when partner is a student (risk difference 16.78% [16.10%,
17.46%]) vs. staff (10.25% [9.39%, 11.12%]; Figure 5.4a). Similarly, the effect is stronger
when the focal person is student (17.0% [16.30%, 17.73%]) vs. staff member (10.01% [9.16%,
10.91%]; Figure 5.4b). Examining the four configurations of status within the partner-focal
dyad (Figure 5.4c), we find that student-student is the condition with the largest risk difference
(17.89% [17.11%, 18.60%]). In contrast, the staff-staff condition is the one with the smallest
risk difference (9.66% [8.60%, 10.68%]).

The observation regarding students vs. staff differences holds across the different foods. In
Figure 5.5, we measure the risk difference separately among estimated student-student dyads
vs. all non-student-student dyads, where students can be focal or partner users, but not both.
We find that across the three times of day and the different food items, the effect is consistently
greater among the student-student dyads, implying that the difference depending on the
status cannot be explained by any discrepancies in the preferred food items between students
and staff.
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Demographics: Status, age, and gender. We next investigate the effect across all the matched
situations within the subpopulation with demographic data (Appendix A, Figure A.1). First,
among the subpopulations with ground status (as opposed to inferred), in Figure A.1a and
Figure A.1b), we consistently find that the effect is stronger both then partner is student
(10.73% [5.67% , 15.59% 1) vs. staff member (5.68% [1.85% , 9.38% 1), and when the focal
person focal is a student (14.15% [9.56% , 19.11% ]) vs. a staff member (7.22% [2.44% , 11.38%
1). Note that the differences are not statistically significant, likely due to the smaller sample
size.

Second, we investigate the role of age, in Figure A.1c and Figure A.1d. Given the birthdate and
the time of the transaction, we calculate the age at the time of the transaction, and we bin
the age into terciles. We find that the effect is the strongest when both partner and the focal
person are in the youngest group (<= 22 years old at the transaction time). Monitoring the
partner’s age, we find that the effect monotonically decreases along the age bins (<=22 years
old: 12.04% vs. 23-32 years old: 8.11% vs. >32 years old: 4.98%). Similarly, monitoring the
focal person’s age, we find that the effect monotonically decreases along the age bins (<=22
years old: 17.72% vs. 23-32 years old: 13.18% vs. >32 years old: 4.04%).

Third, regarding gender (Figure A.1e and Figure A.1f), we find a significant effect among all
subpopulations, with a risk difference greater than zero when the partner is either male or
female and when the focal person is either male or female. However, we observe no differences
depending on the gender of the partner and the gender of the focal person.

To summarize, the purchasing mimicry effect is not restricted to particular subpopulations,
as it is robust across subpopulations and affects all genders and statuses. However, it is the
strongest for students. One of the driving mechanisms is age, as copying is the strongest
among younger persons.

5.3.3 Mimicry diminishes as the proximity in the purchasing queue decreases

We next investigate the presence of a dose-response relationship. We measure the risk dif-
ference and risk ratio among subsets of matched situations with the different delays in the
purchasing queue between the focal person and partner. In case of a true causal effect, one
would expect a dose-response effect where the focal person’s purchasing probabilities in the
matched situations diverge more when the proximity is stronger, as they would correspond to
instances where the focal person is more likely to have seen the choice of the partner.

As the distance (measured in seconds) between the adjacent persons in the purchasing queue
increases (distribution illustrated in Figure 5.6a), the effect estimate decreases too (Figure 5.6b
and Figure 5.6c). We measure a significant anti-correlation between the delay in the purchasing
queue and risk difference (8 = —0.002, two-sided p = 8.71 x 10™°) and between the delay in
the purchasing queue and risk ratio (8 = —0.03, two-sided p = 2.24 x 1075). Overall, a larger
effect is observed for smaller distances in the queue.
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Figure 5.6: Dose-response. In (a), the histogram of the temporal delay between the partner’s
and focal person’s transactions among the studied situations. On the x-axis, the delay, and
on the y-axis, the frequency. In (b), the risk difference estimate within the subset of matched
situations (on the y-axis), with the given delay in the purchasing queue (on the x-axis). In (c),
the risk ratio estimate within the subset of matched situations (on the y-axis), with the given
delay in the purchasing queue (on the x-axis). The shaded areas mark 95% bootstrapped CI.
The gray dashed line represents the least square linear fit. Note the truncated x-axis. Situations
with a delay of up to five minutes are considered. However, they are rare, as visible in (a).

If other factors were causing the purchasing similarity, for instance, a third-party present in the
shop and convincing individuals to purchase a food item or not, and such factors had nothing
to do with the ordering and the distance in the purchasing queue, we would not expect to see
a dose-response relationship. The observed dose-response relationship supports the evidence
of a causal effect.

Furthermore, we investigated an alternative hypothesis (cf. Appendix A, Section A.2.3) where
the observed similarities between adjacent persons in the purchasing queue are driven by
the fact that the two persons coordinated to go for a meal together and agreed on the food
choice before lining up in the purchasing queue. Since we identify pairs where the null
hypothesis of no effect of the order can is rejected, we argue that it does not appear plausible
that pre-purchase coordination can entirely explain the measured effect in all pairs.

5.3.4 Sensitivity analysis

Finally, our findings rely on the Assumption 3 that there are no unobserved variables creating
differences between the matched situations that could explain the measured purchasing
similarity between partners and focal persons. We perform sensitivity analysis to quantify how
the estimates made here would change if this assumption were violated to a limited extent.
How strong would the unobserved biases need to be to explain the difference in outcomes
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Figure 5.7: Sensitivity analysis. In (a) breakfast, in (b), afternoon snack, and in (c) lunch
additions. For the measured sensitivity I', the amplification (A, A) is plotted. Horizontal and
vertical dashed lines indicate I', i.e., the asymptotic value of A for A — oo, and vice versa.

between the two sets of matched situations? Specifically, we measure, if there is a violation
of the randomized treatment assignment among the matched situations (the choice of the
partner), how large would it need to be in order to alter the conclusion that the null hypothesis
of no differences depending on focal person’s choice can be rejected? As in the previous
chapter, this quantity is quantified with I, specifying the ratio by which the treatment odds
in two matched situations would need to differ to result in a p-value above the significance
threshold (larger values of I' correspond to more robust conclusions).

Figure 5.7 summarizes the sensitivity analyses. For p = 0.05, we measure the sensitivities
ranging between 1.43 (purchasing a pastry with a breakfast beverage) and 7.22 (purchasing a
condiment with lunch). Additionally, we perform and illustrate (Figure 5.7) an amplification of
the sensitivity analysis [301] where I" is expressed in terms of A and A, as I'= (AA+ 1)/ (A + A).
A is defined as the strength of the relationship between the unobserved covariate and the
difference in outcomes within the matched pair, whereas A is defined as the strength of the
relationship between the unobserved covariate and the difference in the probability of being
assigned a treatment.

For combinations of A and A in the orange area, significant effects would be detected (leading
to p < 0.05). In contrast, no significant effects would be detected for the combinations in the
blue area (leading to p > 0.05). An infinite number of (A, A) combinations fall on the border.
For instance, in the case of purchasing fruit during breakfast, (A, A) = (5.0,9.8) corresponds
to an unobserved covariate that increases the odds of treatment five-fold and multiplies the
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odds of a positive pair difference in the outcomes by 9.8. Such amplification is relevant when
the concern is not about the violation of randomized treatment assignment but about the
presence of specific unobserved covariates with assumed A or A. Overall, we conclude that
the study design is insensitive to moderate biases [299].

5.4 Discussion

To promote healthy and sustainable dietary choices in campus environments, stakeholders
and commercial food providers need insights regarding food purchasing behaviors on campus.
To that end, population-scale transaction data can be leveraged to measure, understand, and
enhance purchasing behaviors.

Since social norms have long been suspected to play a crucial role in the design of such
interventions, in this chapter, our goal is to identify and characterize purchasing mimicry,
theorized as the driving mechanism behind the social influences between individuals on
campus. The results presented in this chapter document the prominent role of purchasing
mimicry and highlight the need for taking it into account when designing how the foods are
offered on university campuses and beyond.

5.4.1 Summary of main findings

First, we find significant mimicry of partners’ purchases affecting all food types. The partner’s
influence on the focal person diminishes once the ordering of the queue is randomized (cf.
Section 5.3.1). Second, we find that the effect is not restricted to particular subgroups, as it is
robust across subpopulations as it affects all genders and statuses. However, it is the strongest
for students. One of the driving mechanisms is age, as copying the preceding person’s food
choice is the strongest among younger persons (cf. Section 5.3.2). Finally, we find that the
mimicry diminishes as the proximity in the purchasing queue decreases, thus exhibiting a
dose-response relationship (cf. Section 5.3.3).

5.4.2 Policy implications

We find evidence in favor of a specific behavioral mechanism for how dietary similarities
between individuals occur. The evidence is based on a large-scale observational study mon-
itoring many individuals for a long time in a natural setting. The behavioral mechanism of
purchasing mimicry has implications for policies and interventions. Our findings imply that
supplementary food items can be leveraged to increase or reduce the intake of specific foods
and nutrients via food additions, not only meals [134]. The fact that we observe discrepancies
between sub-population implies that policymakers should take these differences into account
when designing the offering and offering interventions (students vs. staff). Efficiently targeting
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subpopulations to achieve targeted effects resonates with previous work finding that policies
aiming to encourage healthy eating need to be optimized for specific subpopulations [15].

Furthermore, our results indicate that behavioral interventions aiming to change diets should
consider leveraging mimicry-based strategies when designing the dietary interventions. On
the one hand, mimicry can be desirable when the offering is nutritious. On the other hand,
mimicry can be undesirable when consuming the affected food items is not recommended.
We find that mimicry is strong across the board for likely healthy items (such as fruit and salad)
and potentially less healthy items (such as condiments, desserts, and soft drinks).

Therefore, concretely, to promote purchasing highly nutritious foods in on-campus environ-
ments, the additions to meals and beverages are a good place to intervene and ensure the
availability of fresh, nutritious, and sustainable options, since their purchasing frequency is
further boosted by mimicry. Previous work has found that such food availability interven-
tions are effective in university environments [134]. Such desirable purchases can be further
incentivized in sequential isles to boost purchases through the mechanisms of social norms.

Similarly, to reduce purchasing of calorie-dense, low nutrient foods, the additions are a good
opportunity for intervening via point-of-purchase intervention strategies [96], since they are
particularly affected by mimicry (strongest effect are measured for condiments, cf. Figure 5.3).
Given the goal of reducing individuals influencing each other’s purchasing behavior, future
work should determine the effectiveness of interventions that aim to reduce the interactions,
e.g., by enabling pre-ordering a meal through an application vs. deciding on the spot, since it
is known that impulse buying is mediated by temporal proximity and making decisions in the
proximity of others [331].

Such interventions to the offer should be explored in conjunction with manipulating food
position (proximity or order) [50] since changing the order in which food items are presented
at cafeteria counters has been proposed as a potentially effective way of altering food con-
sumption [135].

Finally, our findings demonstrate that digital traces can provide valuable insights into the
determinants of dietary choices. Digital traces can complement small-scale field experiments,
making it possible to observe large populations over long periods. By studying behaviors as
they occur naturally in a large population, our findings confirm and refine knowledge mostly
derived from small-scale experimental studies. The approach leveraging passively-sensed
purchase logs makes it possible to anticipate the impact of interventions before implementing
them and identify the right subpopulations to target.

For instance, social influence in dietary habits has previously been examined in the context
of school children [35, 119, 269, 318] and adolescents [91, 92, 346], who are theorized to be
most susceptible to social pressures to diets and activity patterns [25, 317]. Although previous
experimental studies found relationship type, gender, and age group not to be significant
predictors of eating mimicry [30], a recurrent issue previous studies face is the small sample
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size. Our findings relying on observations with a greater statistical power confirm the role of
age since we find the effect to be the strongest in the youngest subpopulations and students.

5.4.3 Limitations
We now highlight potential limitations that put the bounds on the validity of our study.

Measurement errors. We note we study purchasing situations as they are visible in the
transaction logs, which might not perfectly mirror the actual complete food consumption
[264, 327]. A further source of measurement error is that the status estimation is imperfect.
Individuals with demographic information are not a representative subpopulation of the
complete campus population because they self-selected to participate in the sustainability
challenge.

Further biases stem from the fact that purchasing behavior and choice mimicry might be
driven by other unobserved factors, e.g., purchasing power, personal relationships, overall
health and wellbeing, or calorie need. We perform sensitivity analyses to contextualize such
unobservable factors by establishing how strong they would need to be to fully explain the
observed effects. Lastly, our analyses monitor dyads, and future work should study more
complex group dynamics beyond dyads that might occur in purchasing queues.

Population errors. Our study examines the behavior of those who eat in close temporal prox-
imity to others and might therefore be different from those who only visit shops on less busy
occasions and might not exhibit the mimicry patterns described here. Consequently, we only
make claims regarding the studied purchase instances and the monitored individuals. Future
work should determine the extent to which these results generalize beyond the university
campus environment to the general population and standard settings where people make food
choices while exposed to the choice of others (such as supermarkets, coffee shops, bakeries,
food courts, and food trucks).

5.4.4 Future work

Future work should design and deploy on-site interventions to test the potential of behavioral
nudges exploiting mimicry to promote healthy and sustainable eating on campuses. Lastly,
it is important to note that behavioral mimicry is pervasive in human interactions beyond
dietary behaviors. Moderators of mimicry include various motivational, social, emotional,
and personality factors that lead to more or less mimicry in a given situation [59, 353]. Future
work should focus on further understanding what factors drive the differences between the
individuals depending on their age and status on campus.
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COVID-19-induced shifts
in dietary interests

6.1 Introduction

We now shift from studying diets in a campus-wide context to worldwide analyses focusing
on the effect of COVID-19 on dietary behaviors. The coronavirus disease 2019 (COVID-19)
pandemic has led to the implementation of unprecedented non-pharmaceutical interven-
tions, including case isolation, social and physical distancing measures, business and school
closures, travel restrictions, and full-scale national lockdowns [123]. For instance, in mid-May
2020, more than one third of the global population was under lockdown [222]. These interven-
tions have caused important shifts in people’s lives, which in turn created challenges that did
not originate directly in the virus itself, but in the social, economic, and psychological impli-
cations of the population-scale measures taken to prevent the spread of the virus [42, 307],
transforming education [112], exercise habits [74], mental health [352], online behaviors [115,
150], labor markets [157], transport, and mobility [42, 102], to name a few. Identifying how the
pandemic has broadly impacted human needs and interests [311, 348] is therefore critical.

A thorough understanding of changes in food-related interests is particularly pressing, as
changes in diet can have important ramifications for health, and dietary monitoring can help
improve the well-being of populations. Diets are suspected to have become less balanced
during the COVID-19 pandemic [188], and changes in diet and physical activity during the
pandemic are known to increase the risk of cardiovascular disease [234] and are suspected to
be associated with negative mood during lockdowns [185]. The implemented interventions
disparately impact population segments within a country, depending on people’s demograph-
ics, health, and habits [18, 186, 249]. Therefore, the pandemic can negatively impact the
diet especially of those populations and individuals who are already most vulnerable [194],
such as those affected by malnutrition [165, 266], eating disorders [165, 296], addictions [72],
or obesity [29, 276]. Furthermore, in general, diet and nutrition are prominent factors in
maintaining overall health and are important for developing a healthy immune response,
which affects the speed of recovery and the probability of developing severe symptoms [183].
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Public health and nutrition researchers and stakeholders have therefore issued a number of
warnings about the potential nutritional public health issues that might emerge as a conse-
quence, such as alcohol misuse [72] or weight-gain and obesity [186, 199]. There are concerns
about the long-term implications of stress and boredom associated with lockdowns, as well as
emotional eating [49, 255, 410], potentially linked with alcohol misuse and weight gain [72,
199]. However, it is not clear which aspects of the many potential adverse impacts of confine-
ment on diets are most pressing, and on which of the many potential public health issues to
focus first.

Beyond health, the question of COVID-19-induced shifts in dietary interests is also of economic
importance [335]. It is necessary to understand emerging consumer needs, subsequent market
readjustments [83, 166], and supply chain issues [155] that impact global access to food
and food security [99, 208]. Many emerging customer behaviors are of interest to retailers
and business owners during lockdowns, such as stockpiling, more frequent cooking, online
purchasing, and changes in shopping locations [31, 62, 249, 298, 321, 382].

Early on in the course of the pandemic, anecdotal reports about changes in dietary habits
during lockdowns emerged, e.g., about increased interest in baking [341, 394]. Existing re-
search has studied the impact of COVID-19 stay-at-home orders on health behaviors and
physical and mental health [231], finding initial evidence of increased sedentary behaviors and
reduced physical activity [18, 190, 347, 390], less eating out, increased cooking and baking from
scratch [122, 139, 283], and generally increased consumption of [27, 141], and interest in [211],
food. Overall, food consumption and meal patterns were mostly found to be more unhealthy
during confinement [139, 413], with the exception of a decrease in alcohol consumption [18,
413].

Current evidence, however, relies primarily on surveys and does not leverage passively col-
lected large-scale observational data [62, 98, 100, 320]. It remains challenging to quantify
shifts in food interests globally and holistically, across different types of food, and fundamental
questions about food interests during the pandemic remain unanswered.

6.1.1 Research questions

The present chapter aims to bridge this gap by asking the following guiding question:
RQ How did dietary interests shift during COVID-19-induced mobility restrictions in 2020?
To address this question, we quantify people’s change of interest in foods when they spend

more time at home and how long these shifts in interests persist as mobility reverts to normal.

The fact that—unlike most previous events that directly impacted so many lives worldwide—
the COVID-19 pandemic unfolded in a time of widespread Internet access allows us to conduct
a population-wide infodemiology [111] study by relying on passively sensed digital trace data.
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Specifically, we use time series capturing the popularity of Google search queries related to
1,432 foods (e.g., “bread”, “pizza”), as well as ways of accessing food (e.g., “recipe”, “restaurant’,
illustrated in Figure 6.1), obtained in aggregated form via the publicly available Google Trends
tool, to analyze changes in food-related interests across 18 countries. Google is the world’s
largest Web search engine, and Google Trends search volumes have been shown to be a power-
ful population-scale sensor for numerous human behaviors, including unemployment [64],
trading decisions [281], and voting [345]. We thus add to a rich literature that, well before
COVID-19, has begun to analyze health and nutrition behaviors using digital trace data [15,
154], such as search engine logs [376, 392], purchase logs [12, 51], online recipes [297], review-
ing platforms [65], social media such as Twitter [3, 88, 241, 395] or Instagram [261, 332], and
geo-location signals [309].

6.1.2 Summary of main findings

Methodologically, drawing meaningful conclusions from the longitudinal Google search vol-
ume time series is challenging due to the presence of trends and seasonalities. We overcome
these hurdles via quasi-experimental time series analyses (outlined in Figure 6.2), isolating the
effect of the 2020 discontinuity in mobility patterns on food interests and going beyond simple
correlations by accounting for 2019 baseline trends. This study design lets us identify the
immediate, short-term increases in interest in all food types, which is found to be stronger and
longer-lasting than those that coincide with end-of-year holidays (Figure 6.3a). The increased
food interest is not uniform across types of food. The most prominent increases, in absolute
and relative terms, occur for calorie-dense carbohydrate-based foods such as pastries and
bread.

6.1.3 Implications

The identified shifts in interests, many of which persisted for months and some of which
continued past our observation period (Figure B.12), represent a potential danger for public
health and should be taken into account to inform decisions made by stakeholders in efforts
to mitigate the effects of the COVID-19 pandemic on diets worldwide.

6.2 Materials and methods

6.2.1 Search interest time series

Our analyses rely on a curated and calibrated set of interest time series collected from Google
Trends, an important tool for researchers [64, 142] that makes aggregate statistics about the
popularity of search queries in the Google search engine publicly available. We collect time
series of search interest in entities related to foods or ways of accessing foods. Search queries
may be specified as plain text (e.g., “Cookie”) or as entity identifiers (e.g., “/m/021mn”) from
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the Freebase knowledge base [41]. We use Freebase identifiers to conduct a multilingual study
of interest since they allow for grouping various surface forms relating to the same topic. For

instance, the entity “Cookie” (“/m/021mn”) captures “cookies”, “cookie”, “Cookie”, or “cookie
jar”, etc., while the entity “Recipe” (“/m/0p57p”) captures all recipe queries across languages.

Google Trends provides time series of search interest for the specified input queries. Since
search interest is not returned in terms of absolute search volume, but normalized by time and
location and rounded to integer precision, we use Google Trends Anchor Bank (G-TAB) [391]
to calibrate the time series. The benefit of calibration is that the interest is expressed on the
same scale, and the combined interest in a set of entities can be estimated by adding up the
interest in individual entities.

We collect interest data for two types of Freebase food entities: (1) entities related to the ways

” «

how people access food (such as “recipe”, “restaurant”), and (2) specific food entities (such as

IS

“cookie”, “pizza”).

1. Food-access mode entities: we curate entities that reflect ways of accessing food, starting
from seed entities (recipe, take-out, restaurant, picnic), and inspecting related entities.
Food-access mode entities are aggregated into four groups. Entities can be related to
consuming food at home or outside of the home; orthogonally, entities can be related to
consuming food prepared by persons within the household or food prepared by a third
party (see Table B.3 for details about individual entities). We refer to the four groups of
entities related to food:

(a) prepared within the household, consumed at home: recipe, cooking, baking,
grocery store, supermarket

(b) prepared by third party, consumed at home: food delivery, take-out, drive-in
(c) prepared within the household, consumed outside: picnic, barbecue, lunchbox

(d) prepared by third party, consumed outside: restaurant, cafeteria, cafe, diner, food
festival

2. Foods entities: we start from ids of food entities from Freebase. These are entities of type
“food”, “dish”, “beverage”, or “ingredient”. Food entities are aggregated into categories.
Category creation: we enrich Freebase entities with Wikidata knowledgebase [377]
properties using the Wikidata query API. For each Freebase entity id, we query Wikidata
with the Freebase id to get its “instance of” or “subclass of” properties. We derive a
taxonomy of 28 categories based on “subclass of” and “instance of” relations. To ensure
that the food classes are general and representative, we keep all classes with at least ten
entities. Note that not all entities have a “subclass of” or “instance of” field available in
Wikidata and therefore cannot be automatically categorized. To achieve higher coverage,
we manually annotate a set of popular entities. We monitor global time series of all food
entities in 2019-2020. We select the top entities that covered 95.7% of global food search
volume and annotate all such entities that do not already have a category derived based
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on Wikidata. This process resulted in a set of N=1432 entities, categorized either based
on Wikidata or manually. Categories are presented in Table B.1. An author who is a
professional epidemiologist specialized in nutrition assessed and refined the entities
and the corresponding categorization.

6.2.2 Search interest data collection

Overall, we collected time series for 1,432 food entities and 16 food access mode entities in 18
countries, spanning from January 1, 2019, to December 31, 2020, at weekly granularity. The
time series were collected and calibrated with the Google Trends Anchor Bank library. The full
list of 1,432 food entities and 16 food-access mode entities is available in our data repository.
The 1,432 food entities are categorized into 28 food categories, and the 16 food-access mode
entities are categorized into four groups. After data collection, we obtain country-specific time
series for 28 food categories, and four aggregate food-access mode by adding up time series of
respective individual entities.

The countries were pre-selected with the goal of achieving global coverage across continents,
studying countries with a large number of Internet users [184], and including countries with
varying severity of mobility restrictions. Additionally, we collected global time series of interest
in the “recipe” and “restaurant” entities, spanning from the beginning of 2019 until the end of
2020, at weekly granularity, in all countries and territories (Figure 6.1).

6.2.3 Mobility time series and COVID-19-induced mobility decreases

To capture variation in the mobility of the populations in the 18 studied countries, we use
mobility reports [13] published by Google, which capture population-wide movement patterns
based on cellphone location signals. We use country-wise mobility data from February to the
end of December 2020. The mobility reports specify, for each day, by what percentage the time
spent in residential areas differed from a pre-pandemic baseline period in early 2020.

We chose to rely on mobility data and not the official start of lockdown dates. The problem with
employing the official start of lockdown date in statistical analyses is that it is not guaranteed
that they would impact movement patterns across different countries homogeneously (e.g., it
could be that for some of the countries people stayed more at home even before the lockdown
was enacted). Similarly, the official lockdown date might vary within a country.

We automatically detect changes in the mobility time series caused by both government-
mandated lockdowns as well as self-motivated social distancing measures [291]. We refer to
these points as mobility changepoints. We use mobility changepoints as heuristic dates for
when people started or stopped spending substantially more time in their homes. Unlike
choosing one of the official dates of lockdown implementation or relaxation, this leads to a
meaningful onset of decreased mobility across different countries.
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Figure B.1 depicts three important mobility changepoints dates that occur at different mo-
ments throughout 2020 in the studied countries:

1. The first sharp mobility decrease occurring in March and April 2020 when people started
to spend substantially more time at home.

2. The mobility increase occurred as people stopped spending substantially more time at
home.

3. The second mobility decrease occurred between October and December 2020 (occurred
in some of the studied countries), when people started spending substantially more
time at home during the second wave of the pandemic.

We detect the three changepoints for each country independently by smoothing and thresh-
olding: we consider the weekly rolling average mobility. We monitor the percentage of time
spent at home. The first date when time spent at home increased by 10% is the start of reduced
mobility in the first wave. We repeat the same to detect the onset of the second wave. In
this way, the period when percentage of time spent at home consistently stays above 10%
compared to pre-pandemic baseline (defined as pre-pandemic mobility levels by Google)
is a period of decreased mobility, in the first, or in the second wave. Note that the period
of decreased mobility is very short in Sweden, the country with no government-mandated
mobility restrictions. Sweden is still included in our analyses as a contrasting case.

The three changepoint dates are marked in Figure B.1 in the 18 studied countries. The first
mobility decrease, and the second mobility decrease (in case it occurs) serve as cutoff dates in
our modeling approach. The date of the mobility increase serves to limit the possible duration
of the studied period with decreased mobility.

6.2.4 Modeling approach

To estimate the potential effects of the sudden mobility changes on food interest time series,
we devise a regression discontinuity design (RDD) with a local regression in time. Additionally,
we incorporate a fake discontinuity separating before vs. after the cutoff date in 2019, the year
before the pandemic, to account for seasonal trends. The model of a given interest time series
in a given country is given by the following regression discontinuity design (RDD) in quadratic
form:

logy:r =a’ +p8 -t oy
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where T is the year (2019 or 2020); ¢ is the week in the year relative to the week in which
the discontinuity occurred in 2020 (but not in 2019), for ¢ € [—tmin, fmax]; fmin = 10; y;7 is the
calibrated (see above) search interest volume in week ¢ of year T of an entity (or set of entities)
in the respective country; i; is a binary variable equal to 1 if £ > 0 and 0 otherwise; and jris 1in
2020 and 0 in 2019. This way, for all weeks where i; = jr =1, a unit is “treated”, otherwise it is
not. Logarithmic outcomes are used in order to make the model multiplicative. The outcome
is modeled as a separate quadratic function of time before and after the discontinuity in order
to capture nonlinear temporal patterns. By comparing observations lying closely on either
side of the temporal threshold, we estimate the treatment effect while minimizing potential
bias from unobservable confounders.

The interaction coefficients a, B,y model the effect of the discontinuity, controlling for baseline
trends in 2019. The short-term increase in interest is captured by the fitted coefficient a, which
estimates the short-term effect of the mobility decrease on search interest. The approach is
outlined in Figure 6.2.

With this model, we measure the time-dependent trends because the model is expressive
enough (i.e., quadratic terms capture the temporal evolution, see illustrations in Figure B.5).
We also provide the main results with constant and linear models in Appendix B. Bandwidth
choices are made in the following way: tyin = 10, since it is the maximum number of weeks in
2020 before the cutoff, f,,x = 30, since it is the maximum number of weeks we can have so
that across all the studied countries, the second mobility decrease shock is not included. We
also investigated the impact of the choice of the bandwidth (see Appendix B).

In our analyses, we fit a model of this general form (Equation 6.1) to interest time series,
separately for each studied entity or groups of entities, in each of the studied countries. We
use the modeling approach to investigate three key quantities illustrated with the example of
interest in pastries and bakery products in Brazil, and Australia in Figure 6.2:

1. Short-term increase in interest, captured by the fitted coefficient @. The model is
multiplicative due to the logarithm. After fitting the model (Equation 6.1) with OLS, the
relative increase over the baseline is then calculated by converting a back to the linear
scale, via e® — 1; the 95% CIs (approximated with two standard errors) are also converted
back to linear scale.

2. Time it takes for the interest to revert to normal. We measure how many weeks after
the mobility decrease (within the #,,x = 30 weeks) the modeled interest in 2020 is no
longer significantly different from the counterfactual prediction based on 2019 (based
on non-overlapping 95% ClIs).

3. Long-term increase in interest. In case the interest did not go back to normal within
the 30 weeks after the mobility decrease, we measure how elevated the interest remains
at the end of the modeled period, 30 weeks after mobility decrease, compared to the
interest in the same week in 2019.
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Figure 6.1: Global shifts in dietary interests. In (a), search interest in the concept of “recipe”
across countries, in 2020 vs. 2019. In (b), search interest in the concept of “restaurant” across
countries, in 2020 vs. 2019. In (a) and (b), color marks average relative change in interest in
52 weeks of 2020 in a country, compared to corresponding weeks of 2019. Countries with
not enough search data are marked in gray. In (c), average relative change in interest in 52
weeks of 2020 in a country, compared to corresponding weeks of 2019. Points mark average
relative change (across n = 52 weeks), illustrated on maps in (a) and (b). Error bars mark 95%
confidence intervals. During 2020, compared to 2019, there was a global increase in interest in

recipes, and a global decrease in interest in restaurants.
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6.3 Results

Before describing the results, as a reminder, we briefly summarize the data to be analyzed.
In total, we curated a set of 1,432 entities related to specific foods (e.g., “bread”, “pizza”)
grouped in 28 food categories (details in Section 6.2, Figure 6.2), which covered 95.7% of the
global food search volume in 2019 and 2020. Table B.1 summarizes the descriptions of food
categories and contains examples of popular foods in each category. We also curated a set of
16 different entities related to ways of accessing food (e.g., “recipe”, “restaurant”), grouped in
four categories: entities can be related to consuming food at home or outside of the home,
and orthogonally, entities can be related to consuming food prepared by persons from within

the household or food prepared by a third party (Table B.3).

As afirst glimpse into the food entities and fluctuating interests, we estimate interest in recipes
and restaurants, globally across 129 countries with enough search data available to estimate

/ Search interest time series in 18 countries \ Model for measuring effect of mobility decrease on dietary interests
Example: Pastry and bakery products Example: Home cooking Example: Pastry and bakery products

Australia Australia Australia

VNN S

Brazil

Short-term
46 effect of

+ Brazil

3
1S .
(WL } = decreased <
| .
Wﬂl\\w RN N M\\‘J 2 44{ mobility:
3 4.l +682% O S
, - 5 (Fig. 6) . o ‘ Long-term effect of
Foods Food access modes £ 40 o . p’.;-‘—'—".—.“-‘jg;_\‘“¢ d"eacsre;je(i‘mo%lg;
(1432 entities in 28 categories) (16 entities in 4 categories) 3.8 ® oo U . 90 P E o g
.
36l .
f Mobility time series in 18 countries \ Brazil
5.8 — 2019
2020
Australia Australia Short-term

effect of
decreased
mobility:

|
i )‘\‘\"?\N\ gL | }\-\
J B LA B LA L S +148.2%
e ! 521 (Fig. 6)
Brazil Brazil 50 e
Ay Changepoint b Ly | A
/ Ty J‘Juﬁm\‘lﬁ% ol 48 =1

T v [ | | | detection
VW bty

Time until back to normal:
26 weeks (Fig. 7)

Search volume (logs)

Fraction of time spent at home

g
i

-10 0 10 20 30

Sharp mobility decrease
m i iy
10 weeks before 30 weeks after
€ > NG
Sharp mobility decrease Mobility increase

Figure 6.2: Study design. We start from interest time series in 18 countries, capturing search
interest in food entities and in entities about ways of accessing food. In order to measure the
effect of the changes in mobility time series on interest, we first detect mobility changepoints
(the abrupt mobility decrease and the eventual mobility increase) via changepoint detection.
On the right, we illustrate the modeling approach on an the example of interest in pastry and
bakery products in Australia and Brazil, where on the x-axis is the week relative to the week of
the mobility decrease, and on the y-axis is search interest. The modeling approach measures
the effect of the shock of mobility decrease on dietary interests, controlling for pre-pandemic
trends. With this model, we measure three key quantities: the short-term effect of decreased
mobility, the time until interest reverts back to normal, and the long-term effect of increased
mobility.

A

95



Chapter 6. COVID-19-induced shifts in dietary interests

weekly interest volumes. Figure 6.1 illustrates the emerging shifts: a global increase in interest
in recipes (Figure 6.1a), and a global decrease in interest in restaurants (Figure 6.1b) during
the weeks of 2020, compared to the corresponding weeks of 2019.

We collected search interest time series in 18 countries. The studied countries were selected to
achieve geographic diversity and comprise countries with a large number of Internet users
across continents: Brazil, Canada, Mexico, United States, France, Germany, Italy, Spain, United
Kingdom, India, Indonesia, Japan, Egypt, Kenya, Nigeria, and Australia. Additionally, to
achieve a varying severity of lockdowns, Sweden and Denmark were added as contrasting
cases, due to particularly lenient COVID-19-induced restrictions [159]. The interest time series
were collected from the Google Trends platform [64, 142] and calibrated with Google Trends
Anchor Bank [391] (so time series for different search queries can be aggregated via summation
and compared with one another). Although absolute search volume—the number of issued
queries—cannot be inferred, calibration can infer absolute search volume up to a constant
multiplicative factor. This way, ratios of absolute search volumes can be validly estimated
when working with calibrated Google Trends time series. The interest time series in the same
regions in 2019 serve as baselines.

Note that, although different languages are spoken in the 18 studied countries, search queries
did not need to be translated, as Google Trends allows language-independent entity descrip-
tors from the Freebase knowledge base [41] as input. For instance, given as input the Freebase
entity descriptor for “bread” (/m/09728), Google Trends will return the search interest for all
queries related to the concept “bread” across languages.

6.3.1 Overall surge in food interest larger than during end-of-year holidays

We examine how the total interest in food entities evolved in 2019 and 2020 (Figure 6.3a). We
monitor interest in all food entities, normalized by the 2019 mean and standard deviation
(z-scores). We refer to this quantity as the surplus of interest. Normalizing food interest allows
us to quantify the surplus of food interest in a week relative to the Christmas week of 2019. In
a given week, the surplus relative to the Christmas week is measured as the ratio between the
z-score in the observed week and the z-score in the Christmas week.

First, note the peaks of food interest during the end-of-year holiday season in both 2019 and
2020. Second, note the increase in overall interest in food entities coinciding with the reduced
mobility due to COVID-19 occurring in March 2020. These rises of food interest are larger in
amplitude compared to the rises of interest during end-of-year holidays, and they last longer.
For example, in the US, the surplus (compared to the 2019 mean) of food interest at its peak
during the first wave of the COVID-19 pandemic equals the surplus of interest during the
Christmas week of 2019, as well as that of the surplus of interest during the Thanksgiving week
of 2019. In total, the surplus of food interest in the first six months of 2020 in the US is 9.0
times higher than the surplus of interest during the Christmas week of 2019, and 8.9 times
higher than the surplus of interest during the Thanksgiving week of 2019.

96



6.3 Results

10
— 0
Australia (AU) —~
Brazil (BR)
Canada (CA)
Denmark (DK) —
Egypt (EG)
France (FR) e
Germany (DE) -]
India (IN)
Indonesia (ID) —— e
Italy (IT) ——
Japan (JP)
Kenya (KE)
Mexico (MX) 7]
Nigeria (NG)
Spain (ES)
Sweden (SE)
United Kingdom (GB) e
United States (US) A ot
E§ 3 &8 3 3 2 8 8 3 I 2 0 8%
g 8 3 £ 8 2 & & 8 4 5 & o0
o o o o o o o o o o o o o o
2 3 2 8 S B8 3 & 8 8 8 & 8 8
~N ~N ~N o~ o~ ~ ~ o~ o~ ~N ~N ~N ~N ~
(a)
Australia Brazil Canada Denmark Egypt France
30
20
w g W
0 A L Antbroash, M\.l 2 L v, . MJ b AL N A s
It A\ \¥)g V. v O
-10
Germany India Indonesia Italy Japan Kenya
30
20
w [\\
0 A Dausuio Py A Md ﬁégﬁﬁg'J Za . " ( Ty
AR [ h
-10
Mexico Nigeria Spain Sweden United Kingdom  United States
30
20
10 b
TV A A D Lol
0 W.WM TSI M 5
-10

06
21
04
17
14
27
27
06
21
17
01
14
27
27
06
21
04
17
01
14
27
27

o1
04
08-
11
03.
06-
09.
11
03.
06-
09.
o1
04-
08-
11
03.
06-
09.
12

2019-01-06
2019-04-21
2020-09-27
2020-12-27
2019-01-06
2019-04-21
2020-03-01
2020-06-14
2020-09-27
2020-12-27
2020-06-14

2019
2019
2019
2019
2020
2020
2020
2020
2019
2019
2019
2019
2020
2020
2020
2020
2019
2019
2019
2019
2020
2020
2020
2020

Prepared within the household, consumed at home Prepared by the third party, consumed at home

(recipe, cooking, baking, grocery store, supermarket) (food delivery, take-out, drive-in)

Prepared within the household, consumed outside Prepared by the third party, consumed outside

(picnic, barbecue, lunchbox) (restaurant, careteria, cafe, diner, food festival)
(b)

Figure 6.3: Temporal evolution of dietary interests. In (a), total interest in food entities (z-
scores), 2019-2020. Dashed line marks 10 standard deviations above the 2019 mean. In (b),
interest in ways of accessing food (z-scores), 2019-2020.
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We next compare the surplus of food interest at its peak during the first wave of the COVID-19
pandemic with the surplus of interest during the Christmas week of 2019 across countries. We
exclude countries with a non-Christian majority (India, Indonesia, Japan, Egypt, and Nigeria),
where there are no prominent increases in food interest during Christmas week (Figure 6.3a).
When comparing to Christmas holidays, the surplus of food interest at its peak during the first
wave of the COVID-19 pandemic is on average 1.9 times higher than the surplus of interest
during Christmas week, while the total surplus of interest in the first six months of 2020 is on
average 18.8 higher than the surplus of food interest in the Christmas week of 2019.

The increases in food interest are drastic in India, Indonesia, and Nigeria, too, with food
interest at the peak of mobility restrictions surpassing 10 pre-pandemic standard deviations.
Note that Sweden, Denmark, and Japan, the countries with the mildest government-mandated
mobility restrictions [44, 159, 263, 402], contrary to all other studied countries, had no notable
overall increase in food interest in 2020 (Figure 6.3a).

Next, similarly, in Figure 6.3b, we examine the temporal evolution of the interest in the four
modes of accessing food reflecting whether they relate to consuming food at home or outside
of home, and orthogonally, whether they are related to consuming food prepared by persons
within the household or food prepared by a third party. In all countries, in 2020, there was a
decrease in interest in food prepared by third parties and consumed outside (in red) and an
increase in interest in food prepared within the household and consumed at home (in blue)
coinciding with the onset of the first wave of the COVID-19 pandemic in the first half of 2020.

Compared to the end-of-year holidays, the surplus of interest in food prepared within the
household and consumed at home (recipes, cooking, baking, grocery stores, and supermar-
kets) was at the peak 1.7 times higher than the surplus during the Christmas week of 2019, on
average across countries (excluding countries with a non-Christian majority; cf. above). In the
first six months of 2020, it was in total 13.7 times higher than the surplus of interest during
the Christmas week of 2019. The increases in interest in recipes, cooking, baking, grocery
stores, and supermarkets relative to the 2019 mean were large in India as well, surpassing 10
pre-pandemic standard deviations at the peak. Additionally, we note large increases in interest
in food prepared by third parties and consumed at home (in green). In the US, Brazil, Japan,
and Denmark, this interest increased by more than 30 pre-pandemic standard deviations at
the peak.

6.3.2 Changes in food interests are strongly associated with mobility

Next, we combine search interest time series with mobility data published by Google (de-
scribed in Section 6.2) which captures the relative increase in time people spend indoors
compared to a pre-pandemic baseline. We find that interest in different ways of accessing
foods and interest in specific foods are strongly correlated with mobility during the COVID-19
crisis (Figures 6.4a and 6.4b).
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Across weeks in 2020, from February to the end of December 2020 (the period for which mo-
bility data is available), we calculate the country-specific Spearman rank correlation between
mobility time series and food interest time series. Here, in order to adjust for seasonal trends,
the food interest for a given week of 2020 is expressed as the relative increase compared to the
corresponding week of 2019.

We observe strong and significant associations between food interests and mobility. Interest
in recipes (Figure 6.4b) is positively correlated with spending more time at home (p < 0.05
in all countries except Japan; Spearman’s rank correlation coefficient ranging between 0.36
in Egypt and 0.95 in Mexico), and takeout is significantly and positively correlated in 13 out
of the 18 studied countries (Spearman’s rank correlation coefficient ranging between 0.34
in Indonesia and 0.82 in Australia). Interest in restaurants, on the other hand, is negatively
correlated with spending more time at home, significantly in all studied countries (Spearman’s
rank correlation coefficient ranging between —0.40 in Kenya and —0.97 in Italy).

Regarding food categories (Figure 6.4a), despite some variation between countries, there are
notable food categories that have a significant positive correlation with spending more time at
home in most of the studied countries, such as desserts (ranging between 0.40 in Sweden and
0.84 in Brazil) and pastries and bakery products (ranging between 0.46 in Denmark and 0.88
in the UK).

The correlation between mobility and food interest normalized by the 2019 baseline is mea-
sured for individual entities (Table B.3). All entities related to consuming food at home are
correlated positively on average over countries, whereas all entities related to consuming food
outside of home are correlated negatively on average (except barbecue, likely due to the fact
that barbecue food can also be consumed at home). Among specific foods, the strongest posi-
tive correlation is found for pancake, baking powder, bread, baker’s yeast, cookie, chocolate
brownie, chicken meat, chocolate cake, biscuit, and pasta. The strongest negative (although
much smaller) correlation is found for foods such as tapas, Korean barbecue, sushi, and gelato,
typically eaten in social contexts taking place outside of home.

In the analyses so far, we have examined the response of the interest as the mobility changed
by measuring correlation. Next, given the abrupt nature of the change in mobility, we isolate
the effect of the shock of mobility decrease on food interest via a modeling approach.

6.3.3 More interest in home food, less interest in out-of-home food

As depicted in Figure 6.2, to isolate the shock of the mobility decrease occurring in all studied
countries in March 2020, we first automatically detect changes in the mobility time series
caused by government-mandated lockdowns or self-motivated social distancing measures
(Section 6.2). We refer to these points as mobility changepoints (Figure 1 B.1).

To measure the effect of decreased mobility on food interest time series, we employ a quasi-
experimental design that isolates the impact of the mobility decrease shock (the discontinuity),
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Figure 6.4: Spearman rank correlation coefficient between mobility decrease and interest
volume. In (a), correlation for categories of food entities, and in (b), for ways of accessing
food. For each group, n = 18 values represent correlation coefficients for the 18 studied
countries (calculated based on n = 46 samples corresponding to weeks of 2020). The boxplot
summarizes the values across 18 countries. Significant correlations (p < 0.05), according to
a two-sided t-test (with no correlation between interest and mobility as the null hypothesis)
are marked in blue, and non-significant correlations in orange. No adjustments for multiple
comparisons are made. Boxplots represent the 50th (center line), 25th and 75th percentile
(box limits). The whiskers extend to the minimum and maximum values but no further than

1.5 times IQR.
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Figure 6.5: The short-term effect of mobility decrease on interest in accessing food. In (a), the
short-term effect of the shock of mobility decrease on interest in accessing food, estimated
with our RDD-based model. For each group of entities (n = 4), and each country (n = 18),
the model (Equation 6.1) is fitted on n = 82 samples representing weekly interests. Bars
represent effect estimates (fitted coefficient a). Error bars mark 95% confidence intervals.
Purple marks significant positive (p < 0.05), yellow significant negative (p < 0.05), and grey
marks non-significant effects according to a two-sided t-test. Fitted coefficients and statistics
are presented in Table B.4. In (b), the relationship between the severity of the lockdown,
measured as the increase in the percentage of time spent at home at the peak of reduced
mobility (x-axis) and the estimated short-term effect on interest (y-axis), across four groups
of entities about ways of accessing food. For each way of accessing food (n = 4), Pearson
correlation coefficient is reported (calculated over n = 18 countries) and p-value according
to a two-sided t-test with no correlation between severity of lockdown and short-term effect
as the null hypothesis. The short-term effect of the shock of mobility decrease on interest
is estimated with our RDD-based model and presented with 95% confidence intervals. The
straight blue line is a least square fit. Red country codes mark countries that are considered
outliers. No adjustments for multiple comparisons are made.

controlling for patterns occurring in the same weeks of 2019 when COVID-19-induced mobility
restrictions did not occur (Figure 6.2).

We find that in 15 out of the 18 studied countries (Figure 6.5a), there was a significant short-
term increase in interest in food prepared within the household and consumed at home (e.g.,
recipes), with short-term boost in interest (&) ranging between +32.2% in Egypt and +179.8%
in India. In 14 countries, there was a significantly decreased interest in food prepared by third
parties and consumed outside of the home (e.g., restaurants), ranging between -32.1% in USA
and -81.7% in France. There were major increases in interest in food prepared by third parties
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and consumed at home (e.g., food delivery), with more than a +100% significant increase in
eight of the 18 studied countries.

We next analyze the relationship between the amplitude of the short-term changes in dietary
interest and the severity of lockdowns (Figure 6.5b), where the severity of a lockdown is
defined as the percentage change of the fraction of time spent at home (with respect to
the pre-pandemic baseline level) at the peak of reduced mobility [291]. The severity of a
lockdown varies between +10.1% in Sweden, the country with no government-mandated
mobility restrictions [44], and +31.6% in Italy, a country with severe lockdown measures [40].
All peaks of mobility decrease occurred between March and May 2020.

We find that the more drastic the lockdown severity, the more drastic the change in dietary
interests. Changes in interest in food-access modes have an association with the severity of the
lockdown: positive for food prepared within the household and consumed at home (R =0.71,
p = 0.001), and negative for consumption outside of the home, i.e., food prepared by third
parties and consumed outside (R = —0.56, p = 0.016) and food prepared by third parties and
consumed at home (R = -0.70, p = 0.004). Here, the UK, Kenya, and Nigeria were excluded
because they are clear outliers. When not excluding these three countries, we still observe a
negative, but non-significant correlation (R = —0.11, p = 0.676). The discrepancy between the
UK, Kenya, Nigeria and the other countries might be linked to COVID-19 policies allowing
congregation in open green spaces, including parks and beaches [192]. Note that Sweden, the
country with no government-mandated mobility restrictions [44], had no significant shift of
interests in ways of accessing food.

The fact that the effect of decreased mobility on the interest in recipes and similar entities
across countries rises linearly with the severity of lockdown adds to the evidence that interests
changed because mobility decreased. If there were other confounding factors that could
explain the changes in dietary interests, and those factors had nothing to do with the shock of
the mobility decrease, we would not expect to find such a clear dose-response relationship.
Instead, we would need to envisage a more complex effect of an unobserved factor that could
impact both the strength of the lockdown in a country and cause changes in the population’s
dietary interests, in ways that have nothing to do with spending more time at home.

Although significant increases in interest in food prepared by third parties and consumed
outside of the home also exist, they are not correlated with lockdown strength. Presumably
other factors are at play, such as the response of the market, availability of delivery companies,
or how quickly restaurants adapted to do deliveries.

6.3.4 Drastic increases in interest for calorie-dense, carbohydrate-based foods

Having established the link between the sudden decrease in mobility and the shifting interests
in ways of accessing food, we next examine how exactly the interest in specific types of food
varied (Figure 6.6). Is the observed increase in food interest uniform across all food types, with
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Figure 6.6: The short-term effect of the shock of mobility decrease on interest in categories of
food entities. The effect is estimated with our RDD-based model. For each category of entities
(n = 28), and each country (n = 18), the model (Equation 6.1) is fitted on n = 82 samples
representing weekly interests. Bars represent effect estimates (fitted coefficient ). Error bars
mark 95% confidence intervals. Purple marks significant positive (p < 0.05), yellow significant
negative (p < 0.05), and grey marks non-significant effects according to a two-sided t-test.
Fitted coefficients and statistics are presented in Table B.4. Food categories are sorted by
median effect across countries. No adjustments for multiple comparisons are made.

interest in all foods increasing proportionally, or does interest in certain foods increase more?
We apply the modeling approach (Figure 6.2) on time series capturing interest in the 28 food
categories in the 18 countries and measure the short-term effect of decreased mobility.

Overall, we find that there was a momentary increase of total food interest (gray bands in
Figure B.10), significant in all countries except Sweden and Japan, ranging between +24.6%
in Denmark and +99.4% in Spain. Similarly, there was an increase in interest in most of the
individual food categories (Figure 6.6). The biggest increases, however, occurred for calorie-
dense, processed, carbohydrate-based foods: pastry and bakery products, bread and flatbread,
and pie. These effects are significant in most of the countries. Especially strong cases (with
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increases of over 200%) include pastry and bakery products in Spain, France, Canada, and
Egypt; bread and flatbread in Spain, France, and Italy; and pie in Spain.

We observe smaller increases for other categories, including fresh produce (vegetable, fruit,
salad, herb), meat and fish dishes (chicken, pork, fish, beef, lamb dishes), and wine, beer,
liquor and cocktails, which saw an increase in some of the countries. These conclusions and
the relative ranking between categories are robust to specific modeling choices (Table B.5).

In the Appendix B (Figure B.9), we additionally provide an alternative analysis where the
outcome variable is the relative volume share (i.e., the fraction of the total weekly food interest
that is allocated to the respective search queries), rather than absolute volume as analyzed
above. This way, we control for the overall increased food interest. In terms of the share of
interest, the most prominent increases again occurred for pastry and bakery products (over
50% increase in share fraction in 11 of the 18 countries) and bread and flatbread (over 50%
increase in share faction in six of the 18 countries), whereas the share of interest in other food
categories remained robust or decreased slightly. The most prominent decreases in terms of
the share of interest occurred for soft drinks, alcoholic drinks, and sandwiches—beverages
and food presumably typically consumed in social contexts taking place outside of home.

Although most food categories saw increased interest in most countries, there are specific
foods where interest decreased as mobility decreased, such as tapas and energy drinks (Table
B.3).

We next measure the time it took for search interest to revert to normal, illustrated in Figure
6.2 for the example of Brazil. We measure how many weeks after the mobility decrease it takes
until the modeled interest in 2020 is no longer significantly different from the counterfactual
prediction based on 2019 (based on non-overlapping 95% confidence intervals). In addition
to being large in amplitude, we observe that the numerous shifts in interests lasted for months.
For instance, the shortest duration of increased interest in food prepared within the household
and consumed at home was 6 weeks (in Egypt; Figure 6.7a), and the shortest duration of
increased interest in specific food categories, nine weeks (wine, beer, and liquor in France,
pastry and bakery products in Denmark, and sandwiches in Sweden; Figure 6.7b). Most of the
changes in interest in specific groups of food entities are transient, and the interest returned
to normal within 30 weeks.

In cases where interest did not return to normal within the 30 weeks after the mobility decrease,
we measure (in Figure B.12) how elevated the interest remains at the end of the modeled
period, 30 weeks after the mobility decrease, compared to the interest in the same week in
2019 (illustrated in Figure 6.2 using the example of Australia). While most interests come back
to normal within 30 weeks, there are some notable exceptions of more permanent changes
(Figure B.12): the interest in food prepared by third parties and consumed at home (e.g., food
delivery) permanently increased in Italy, Canada, the US, Australia, Denmark, and Japan, while
the interest in food prepared within the household and consumed at home (e.g., recipes) also
remained elevated in Spain, the UK, the US, and Australia.
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Figure 6.7: Number of weeks until food interest goes back to normal. In (a), the number of
weeks for ways of accessing food, and in (b) for food categories. The number of weeks is
determined by measuring how many weeks after the mobility decrease, the modeled interest
in 2020 is no longer significantly different from the counterfactual prediction based on 2019
interest, based on non-overlapping 95% CI. Gray marks that there were no significant differ-
ences in 2020 compared to 2019, and white marks that the interests did not go back to normal
until the end of 2020.
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6.3.5 Second wave had less impact on food interests

Finally, we explore the effect of the “second wave” of the pandemic, which occurred between
October and December 2020 in the UK, Canada, Italy, US, France, and Spain. In Figure B.11a,
we observe much smaller effects in the second wave compared to the first wave of mobility
decrease. No significant increases in interest in food prepared within the household and
consumed at home (e.g., recipes) are observed. While mobility saw large changes in some
countries (Figure B.1), no drastic changes in food interests occurred.

Notable exception are France and Italy, where food prepared by third party and consumed at
home saw large increases in interest in the second wave. We observe significant decreases in
interest in restaurants in the UK, Italy, and France, but smaller effects compared to the first
wave. Finally, no notable surges in interests in bread, pastry, baking, and desserts as in the
first wave are observed in the second wave. The second wave brought on less drastic mobility
decreases and was less of a disruption. Additionally, as populations adapt and acquire new
skills, there might be less of a need for recipe searching over time.

6.4 Discussion

In order to formulate policies and allocate resources for mitigating the adverse nutritional
impacts of the COVID-19 pandemic, governments, organizations, non-governmental organiza-
tions, and other stakeholders need reliable and timely data regarding the circumstances faced
by affected populations. The results presented here document the impacts of confinement on
nutritional interests. As the pandemic continues to unfold, warnings about potential public
health issues emerge. In this study, we aim to point out prominent emerging behaviors by
quantifying initial developments and providing a broad grounding for future studies.

6.4.1 Implications

Implications for public health. From a public-health perspective, the emerging surge in food
interest during confinement is concerning. During the first wave of the COVID-19 pandemic,
there was an overall surge in food interest, stronger and longer-lasting compared to the end-
of-year holiday season of 2019 (Figure 6.3a). Since Christmas and Thanksgiving are known
to be disruptive to dietary habits and a hazard to balanced diets [180], and the effects of
confinement on food interests are comparable in amplitude and last longer, there is a pressing
need to understand them.

In addition to the overall volume, the nature of the food interest also changed. After the shock
of the mobility decrease, there was a large immediate increase in interest in consuming food
at home and a decrease in consuming food outside of home. In 12 of the 18 studied countries,
as mobility decreased, the interest in preparing and consuming food at home momentarily
increased by more than 50% (Figure 6.5a), and the interest in baking and pastries more than
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doubled (Figure 6.6). Since such modified interests persisted for a prolonged period (at least
nine weeks, Figure 6.7) and since frequent consumption of meals prepared away from home
is significantly associated with an increased risk of all-cause mortality [104], preparing more
meals at home is a potentially positive side of the shifts in interest and should be understood
further from a public-health perspective.

However, the sharply increased interest in potentially calorie-dense foods is worrisome. Over-
all, we find that the most drastic increases in interest are in carbohydrate-rich foods. These
surges are not matched by proportional increases in interest in fresh produce, meat meals,
vegetables, or fruit. Such shifts represent a danger of favoring processed and calorie-dense
foods, at times when physical activity is reduced. This is particularly concerning from a
population-scale well-being and mental-health point of view. These results call for developing
a deeper understanding of the exact mechanisms in how stress, boredom, and emotional
eating associated with the lockdown may have contributed to the observed effects [49, 255,
410]. It is also necessary to understand further how changes in product availability (e.g., a
shortage of fresh ingredients including milk, eggs, and flour [240] in many countries) and
changes in consumer behaviors (including the emergence of stockpiling [382]) are linked with
the increases in interest in carbohydrate-rich foods.

Implications for consumer behavior. Figure B.12 hints at permanent small increases in
interests in certain foods. While the interest in restaurants came back to normal in the studied
countries except India, Indonesia, and Mexico within 30 weeks after the shock of the mobility
decrease, interest in takeout remained increased in Italy, Canada, the US, Australia, Denmark,
and Japan, and interest in recipes in Spain, the UK, the US, and Australia also remained
increased. Future work should determine if these are new permanent habits brought on by
the pandemic, or if they will fall back to normal in the future. These findings are particularly
important to take into account in efforts to understand market readjustments.

Implications beyond COVID-19. Outside of the ongoing COVID-19 pandemic, spending more
time at home due to enforced lockdowns is a naturally occurring implicit dietary intervention
encouraging people to eat at home. By documenting the impacts on people’s interests and
measuring how lasting the effects are we learn something about the kinds of foods that people
become interested in when staying at home in general. This has implications for designing
interventions outside of COVID-19, and future work should compare effects on diet of staying
at home due to COVID-19 lockdown measures to the impacts of staying at home due to other,
more frequent external circumstances, such as extreme weather or air pollution.

6.4.2 Comparison to surveys

Our results confirm and refine what is known from survey-based research. A meta-analysis
[413] of 12 preliminary articles studying the impact of COVID-19 confinement on dietary
habits revealed a sharp rise of carbohydrate consumption, especially of foods with a high
glycemic index (e.g., homemade pizza, bread, cake, and pastries), as well as more frequent
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snacking. A high consumption of fruits and vegetables, as well as protein sources, particularly
pulses, was also recorded, although there was no clear peak of increase in the latter. A decrease
in alcohol intake and of fresh fish and seafood was further observed.

Whereas surveys are potentially a more accurate reflection of consumption, our findings,
which were derived from passively sensed data, provide a complementary view. Search
interest time series capture fine-grained temporal dynamics within the contrasted periods.
Additionally, search interest time series are not subject to the reporting biases of surveys. By
relying on them, we account for behavioral changes beyond subjective impressions. Finally,
search interest time series provide insights at a population scale.

Contrary to previous concerns about the danger of alcohol abuse during confinement [72]
triggered by stress, boredom, and emotional consumption, on a population level, we do
not observe important surges in interest in alcohol consistent with these concerns. In fact,
consistent with survey-based research [18, 413], we observe a significant negative correlation
between seasonality-adjusted interest in alcoholic drinks and mobility in some of the studied
countries (cocktails: —0.44 [p = 0.002] in Italy, —0.33 [p = 0.02] in Japan, —0.33 [p = 0.02] in
Spain; wine, beer, and liquor: —0.61 [p =6 x 107%] in France, —0.38 [p =0.009] in Japan, —0.34
[p =0.02] in Denmark), meaning that more interest in alcohol is associated with more time
spent outside of the home, not less. Additionally, the relative share of interest in alcoholic
drinks (Figure B.9) decreased since the increase in other foods was not mirrored by the increase
of interest in alcoholic drinks.

It is important to remember that these findings are based on aggregate population-level
interests, and that specific subpopulations of users might still be susceptible to alcohol misuse.
Future work should study search logs and alternative digital traces [11] of individual users
in a longitudinal user-level study to understand what pre-pandemic user characteristics are
predictive of behaviors emerging during confinement.

6.4.3 Limitations

When interpreting our results, several additional considerations should be kept in mind. First,
searching for a food is not tantamount to consuming the food. Users may search but not
consume, and vice versa. Also, search interest might not be an equally good sensor for real
behavior in different countries. Note, however, that several factors nonetheless render our
findings consequential. In other contexts, digital traces of nutritional behavior have been
shown to be valid proxies of actual behavior [3]. Additionally, even if traces are imperfect
proxies, major shifts in search interest have the potential to impact actual food consumption.
In that sense, search interest, one of the few global signals that are publicly accessible to
researchers and policymakers, can lead to consumption.

Second, while we make no claims of causal identification based on our statistical analyses,
our regression discontinuity-based design alleviates the effect of unobserved covariates by
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exploiting the sudden shock in mobility and accounting for seasonal variation. The observed
dose-response relationship (Figure 6.5b) supports this, as does the fact that search interest in
ways of accessing foods behaves as one would expect if those interests were causally affected
by mobility.

Third, the data collection capacities limited the number of studied countries such that interest
data could feasibly be collected. Our results may not be representative beyond the 18 countries
studied here. Still, given the globally shifting interests in ways of accessing food (Figure 6.1),
we believe the results from the countries studied here are indicative of shifts in interests in
neighboring countries.

Finally, beyond people’s shifting habits, interests, and emotional responses, other internal
and external factors brought by the pandemic, most notably food product availability, price,
and expected shelf life [240] or populations’ present level of cooking skill and willingness and
ability to learn to cook [287] can play a role, and should be kept in mind when interpreting the
observed shifts in dietary interests.

6.4.4 Future work and conclusions

In this chapter, we study and document the impacts of a single event (COVID-19 crisis), but we
observe similar impacts across culturally and geographically different countries. The observed
impacts are therefore general to a certain extent, applying to different kinds of populations, in
varying intensity depending on the intensity of the treatment.

When confined, people are interested in carbohydrates and calorie-dense foods (Figure 6.6),
likely due to changes in preferences [49, 410] on the one hand and due to changes in accessi-
bility and price of foods [240] on the other hand. These effects are consistent across countries,
which is a demonstration that they occur across cultures and economic conditions.

While this study quantified initial developments during the pandemic, future studies aiming
to understand the impacts of the pandemic and the related mobility restrictions on diet will
continue to be important for designing policies and programs to tackle adverse health impacts.
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g4 Validity of dietary digital traces

7.1 Introduction

In order to be able to improve diets, researchers and stakeholders need to know what foods
people consume, but monitoring diets at a population scale is challenging. Traditionally, nutri-
tional studies rely on survey-based methods [66] employing questionnaires [399] and personal
food journals [77, 78, 323], which are prone to biases, most notably social and cognitive biases,
such as false recall and social desirability bias [46]. Traditional methods are also costly to
organize. Researchers and practitioners might not have access to extensive surveying, and it
might be hard to collect reliable statistics—even though a large and ever-growing [280] portion
of the population has access to advanced technology including smartphones with Internet
access [39].

In light of the challenges of the traditional methods on the one hand, and the opportunities
afforded by widespread Internet access on the other hand, there is great promise in using
passively collected digital data to estimate food consumption. In Chapters 4-6 we presented
studies leveraging different types of digital trace data to study dietary behaviors. Such digital
datasets are unmatched in terms of scale and immediacy [244, 315], do not rely on self-reports,
and do not suffer from biases typical of traditional methods. Given this potential, researchers
have been developing and applying their expertise to studying diets via passively collected
digital data, whose tremendous potential for providing insights into food consumption has
been showcased numerous times [3, 69, 319].

The promises of digital trace data notwithstanding, important methodological questions
remain: Are researchers measuring what they aim to measure? Do digital traces reflect actual
food consumption? Do effects estimated from online signals hold in the offline world? Are
predictive models trained on online signals accurate in the offline world? In other words, the
validity of studying diets with digital data remains opaque.

Online data is not primarily collected with scientific studies in mind and is therefore some-
times referred to as “found data” [315]. Found data overcomes several of the biases typical
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Figure 7.1: Perceived tastiness of tweeted food (fop) vs. actually consumed and tracked food
(bottom) of type “pizza”. Histograms summarize tastiness scores estimated in our crowd-
sourcing framework. As illustrated, tweeted pizzas are perceived as considerably tastier than
actually consumed and tracked pizzas.

of traditional methods, but may introduce new biases that threaten validity in their own
ways [214, 264, 380]. Despite their potential, error-prone and unreliable data and methods
may do more harm than good if handled without the required caution [76]. As our communi-
ties increasingly rely on large-scale digital data-sources, methods that offer insights into the
validity of new measures thus become increasingly necessary [214].

7.1.1 Research questions

In this chapter, we focus on a specific digital trace data source—social media. Our overall
research question asks: Is social media a biased or a truthful mirror of actual food consumption,
as measured via food tracking? We focus on those dietary aspects in particular that researchers
frequently study with social media: food type [88], nutritional properties [3], and appearance
and subjective perception [243]. In order to establish a link between online and offline dietary
behaviors at a population scale, we study images of food that people consumed and tracked,
and contrast them with images of food posted on Twitter, addressing the following specific
research questions:

RQ1 Bias of food-type distribution: To what extent do food images posted on Twitter reflect
the types (beef, bread, burger, etc.) of actually consumed food, as measured via food
tracking?

RQ2 Biases within food types: For a given food type, to what extent do food images posted on
Twitter reflect the nutritional properties, tastiness, and appearance of actually consumed
and tracked food of that type?
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In order to address RQ1, we investigate whether food images posted on Twitter are a faithful
reflection of the types of actually consumed and tracked food or not. Specifically, we envision
the following potential outcomes:

a) “Foodimages posted on Twitter are a faithful reflection of the types of actually consumed
and tracked food, consistent with the demonstrated potential of Twitter to provide
insight into dietary choices [3].”

b) “Food images posted on Twitter are not a faithful reflection of the types of actually
consumed and tracked food, given a variety of challenges in the practices of social
media use for research [264].”

In order to address RQ2, we investigate whether or not food images posted on Twitter are a
faithful reflection of actually consumed and tracked food in terms of how healthy, caloric, and
tasty the food is. We investigate whether the two sources diverge, and if so, in what direction.
Specifically, the potential outcomes that one could envision are the following:

a) “Food images posted on Twitter are a faithful reflection of actually consumed and
tracked food in terms of how healthy, caloric, and tasty the food is, consistent with the
demonstrated potential of Twitter to provide insight into dietary choices [3].”

b) “Tweeted food is healthier, less caloric, and less tasty than consumed and tracked food.
Social media is increasingly used to promote trendy ingredients and recipes, and clean
and healthy eating [68]. Social media inspires and connects people interested in healthy
eating [245].”

¢) “Tweeted food is less healthy, more caloric, and tastier than consumed and tracked food,
consistent with a documented fetishization of food online. Users share appetizing pic-
tures of culinary experiences where exaggerated foods such as sugary desserts dominate
over more standard local cuisines [243].”

Contributions. To the best of our knowledge, ours is the first attempt to investigate the
link between online and offline dietary behaviors by studying food images, as measured via
two platforms: Twitter and MyFoodRepo! food tracking app. We design and apply a novel
crowdsourcing framework for estimating biases (Section 7.2), and we perform a case study of
food consumption in Switzerland (Section 7.3). Controlling for location, period and food types,
we contrast an extensive set of tweeted food images with images of consumed and tracked
food.

Thttps:/ /www.myfoodrepo.org/
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7.1.2 Summary of the main findings

We find that food type distributions among social media foods vs. among consumed and
tracked foods diverge (RQ1, Section 7.3.1). Controlling for the discrepant food-type distribu-
tions by studying food types individually (RQ2, Section 7.3.2), we find that Twitter still provides
a biased view of food consumption as measured via food tracking. Tweeted food is, on average
across food types, perceived as more caloric, less healthy, less likely to have been consumed at
home, and tastier (example in Figure 7.1), compared to actually consumed and tracked food.
For example, on average across food types, a median-tasty Twitter dish is among the top 26%
tastiest MyFoodRepo dishes, and a median-caloric Twitter dish is among the top 34% most
caloric MyFoodRepo dishes. While social media traces can be a reasonable proxy of tracked
consumption for certain foods types (Figure 7.6), we find that, overall, food shared on social
media and consumed and tracked food significantly diverge from each other (Figure 7.4 and
7.6, Table 7.1). The fact that there is a divergence between food consumption measured via
the two platforms—food tracking and social media—implies that at least one of the two is
not a faithful representation of the true food consumption in the general Swiss population.
Researchers should thus be attentive and try to establish evidence of validity before using
either social media or tracking apps as a proxy for the true food consumption in the general
population.

7.1.3 Implications

Measuring biases in digital traces is the first step toward correcting them and drawing valid
conclusions despite their presence [385]. Through a case study of the Twitter and MyFoodRepo
platforms in Switzerland, contrasting tweeted food images with consumed and tracked foods,
we provide grounding and first insights by controlling for location, period, and food types.
Our findings cannot be assumed to generalize globally, and future work should apply our
framework to other populations, other social media platforms and Web traces, and other food
tracking apps. Our study may serve the purpose of a “proof by counterexample”: we have
identified one common setting where there is a bias between two types of digital trace data.
Hence, we should assume that there can be bias in other populations, too. We conclude the
chapter with a discussion (Section 7.4) of how the methods and findings reported here can
inform researchers in their efforts to leverage digital traces for various applications, in the
context of food and beyond.

7.2 Materials and methods

7.2.1 Food tracked via MyFoodRepo

To get as close as possible to capturing true food consumption, we use a novel dataset of food
images collected via the MyFoodRepo mobile app [248]. By design, the food present in these
images was actually consumed, for the purpose of the application is to track users’ personal
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food consumption. Through the app, volunteer users from Switzerland provide images of their
complete daily food intake, mainly in the context of being enrolled in a digital cohort called
Food & You [110].2 MyFoodRepo captures all foods that individuals consume, in any context.

The images are publicly available as part of the Food Recognition Challenge.® The dataset has
been annotated such that the individual foods are mapped onto an ontology of food types.
Images were logged between 2017 and 2020. In our analyses, we study the training-set portion
of the dataset, comprising 24,120 images, along with their corresponding 39,328 food-type
annotations.

7.2.2 Food shared on Twitter

To answer the question of whether images shared on social media diverge from food consump-
tion as measured via food tracking, we aim to contrast images of consumed and tracked food
with images of food posted on social media. To this end, we curate a dataset of food images
shared on Twitter in Switzerland during the same period spanned by the images collected via
the food tracking app, this way controlling for location and time.

Since our goal is to investigate the validity of studying diets with social media, in our Twitter
data collection strategy, we aim, first, to follow data collection methods present in the existing
literature closely, to be able to make conclusions that can be relevant for researchers working
in this area, as opposed to inventing novel strategies that would be less relevant. Our data
collection pipeline is therefore similar to pipelines described in related work, extracting
nutritional information from social media posts with keywords (Chapter 2). Note that, since
we follow existing work, specific data collection decisions are not limitations per se. Instead,
the impact of data collection based on user-specified keywords is intended to be measured,
since this is how researchers usually collect Twitter posts to study food consumption.

Second, we aim to gather a complete dataset, i.e., to collect all food images posted on Twitter
by the relevant population in the relevant time frame. To this end, we use the full-archive
search endpoint, available to researchers via the Academic Research product track,? which
allows searching Twitter’s complete archive going back until March 2006.

Third, we aim to find images posted on Twitter that actually contain food, as we are interested
in studying the posted food itself, rather than only how it is described. To this end, we apply
automated and manual annotation of the collected images. With these three goals in mind,
we employ the following data collection pipeline.

Step 1: Twitter data collection. We start from the set of MyFoodRepo image annotations (e.g.,
“bread”, “banana”). We remove drinks and merge small types that are similar, obtaining 155
food types. We map each type to suitable handcrafted high-precision keywords, translate the

2https:/ /www.digitalepidemiologylab.org/projects/food-and-you
Shttps:/ /www.aicrowd.com/challenges/food-recognition- challenge
4https://developer.twitter.com/en/docs/ twitter- api/tweets/search/
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keywords from English to German, French, and Italian (the large Swiss national languages)
via Google Translate, and use the disjunction (“OR”) of keywords pooled across languages to
query Twitter’s full archive search API for the respective food type. We thus obtain all posts
that in the text contain at least one of the keywords related to the food, in one of the four
languages, in either singular or plural form (if relevant). For example, for the type “bread”, we
retrieve all English tweets containing “bread” or “breads”, French tweets containing “pain” or
“pains”, Italian tweets containing “pane” or “pani”, and German tweets containing “Brot” or
“Brote”. Additional restrictions ensure that tweets were posted between 2017 and 2020 (the
period when images of MyFoodRepo food were logged) from a location in Switzerland and
contain at least one image. This step yields 33,425 unique images.

Step 2: Automated annotation. We are interested in studying the foods themselves, so we make
sure that images indeed contain food. To that end, we perform detection of food in images
with the ResNet50 model trained on ImageNet [164] and finetuned for food-vs.-not-food
classification on the publicly available Food-5K food image dataset [336].

We obtain 98% recall and 96% precision on the task of detecting food images on the held
out 20% test set (using a threshold of p = 0.5). Inspection of the images revealed that the
images that do not contain food most frequently occur in food types where keywords have
homonymous meanings. Two food types with the largest fraction of images that do not contain
food are “date” (fruit “date” can have meaning “the day of a year”, or “a social appointment”)
and “apple” (“apple” can relate to the company, and not the fruit). After this step, we keep
7,723 tweets with images that contain food.

Step 3: Manual annotation. We manually inspect the images to verify that an image contains
the food that the user mentions in the tweet text, even if a small quantity. The visible food
item needs to be edible, e.g., a silver pendant of lemon shape or a carved and decorated
Halloween pumpkin does not qualify as such. Additionally, the image needs to contain a
prepared dish, and not all the ingredients laid out separately, nor an uncooked caught fish.
Finally, no explicit content can be present in the background for the image to be safe for
crowdsourced participants.

In the end, after this step, we retain 3,692 images of food along with their corresponding
4,481 food-type annotations. Due to the completeness of Twitter’s full archive search and the
manual inspection of collected images, at the end of this process, we obtain all tweets posted
from Switzerland between 2017 and 2020 with images that contain a food that is mentioned in
the tweet text.

Data summary. The two datasets we analyze contain 24,120 images of consumed and tracked
food and 3,692 images of tweeted food. Images are mapped on the food-type level and contain
foods that we can compare in order to address our research questions. See Figure 7.2 for
examples of images of type “pizza”.
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Having described the data, we continue by outlining our crowdsourcing framework for mea-
suring biases. We then describe how we implement this framework on Amazon Mechanical
Turk.

7.2.3 Crowdsourcing framework for estimating biases

Beyond food types, previous work has most notably used social media to estimate nutritional
properties of food [3], as well as its appearance and perception [243]. Based on these themes,
we operationalize four pertinent dimensions along which we contrast tweeted and consumed
and tracked food, capturing how (1) healthy, (2) tasty, (3) caloric, and (4) likely to have been
consumed at home the food is.

For each dimension, we aim to estimate a score for each image. Contrasting the scores of
tweeted vs. consumed and tracked food then allows us to assess biases. In principle, we could
obtain scores directly via human annotation by asking, e.g., “How tasty does this dish look,
on a scale from 1 to 10?” It is, however, challenging for humans to place items on an interval
scale that is consistent across individuals [8]. Based on the fact that judging between two
alternatives is generally easier and more intuitive for humans [61], we instead adopt a pairwise
paradigm, where we confront human raters with pairwise choices (e.g., “Which of these two
dishes looks tastier?”) and later infer latent scores from the pairwise preferences.

Consider a given dimension (we use tastiness for concreteness in the following exposition)
and a given food type. Then, for two images a and b showing food of the same type, we use
the notation “a > b” to express that a is preferred over b by a human rater. Note that human
preference is a random variable: different raters may have different preferences with respect to
a given pair. We assume, however, that certain images show inherently tastier dishes and are
thus more likely to be preferred. More formally, following the Bradley-Terry (BT) model [48],
we assume that each image i has a latent tastiness score s(i) and that the probability that a
rater will prefer image a over image b [image b over image a] in a pairwise comparison is
proportional to the score of a [score of b]:

s(a)

PI'((Z > b) = m

(7.1)
Given this setup, maximum likelihood estimation [235] can be used in order to infer the latent
scores that best explain the empirically observed pairwise preferences. Thus, although only
pairwise choices are made by humans, we can rank all images in a total order based on their
latent scores s. The BT model is appropriate for our purposes, as it has a well-understood
interpretation and is well-suited to model human preferences [61]. In practice, we fit a so-
called Plackett-Luce model [235], a generalization of BT that does not require comparisons for
all image pairs.
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Healthy
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Figure 7.2: Example images in food type “pizza”. In rows, overall top five (Rank 1st-5th) and
overall bottom five (Rank 96th-100th) images with respect to estimated rank. Twitter foods are
marked in blue and MyFoodRepo foods in orange.

7.2.4 Implementation on Amazon Mechanical Turk

In the remainder of this section, we describe how we implemented the above-described frame-
work on Amazon Mechanical Turk. To estimate the latent scores of images of MyFoodRepo
and of Twitter food in terms of the four dimensions, we selected 24 well-represented food
types (Figure 7.6). The types are selected such that each type has at least 50 tweeted, and
at least 50 consumed and tracked food images. The different food types are considered as
independent “tournaments”, so we obtained a separate ranking per type.

We first sampled the same number of tweeted food images and consumed and tracked food
images per type, to account for potentially different food-type frequencies. Recall that location
and period are already controlled in the data collection. We randomly sampled 100 images
from each type, 50 tweeted foods and 50 consumed and tracked foods, resulting in 2,400
competing images in total.

We then did random sampling of comparison pairs. From each set of images for a given food
type, we sampled K comparisons, at random taking one image of consumed and tracked
food and one image of tweeted food, constrained such that each image participates in the
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Figure 7.3: Estimation of image rank with simulated sampling of duels. We chose to perform
ten comparisons per image.

same number of comparisons. We chose the number of “duels” per food type based on rank
inference simulations, with the goal of ensuring that we can infer ranks accurately. For a
unique finite maximum likelihood estimate to exist, the comparison graph must be fully
connected, i.e. multiple comparisons are needed, but how many?

We assume 100 items divided into two groups with item quality sampled from the standard
normal distribution. We rank the items and then randomly sample comparisons between
items from the two groups. We decide the outcome of a duel based on the item quality,
increasing the number of sampled comparisons. We then estimate quality and rank with
a BT model (Equation 6.1). Figure 7.3 depicts how well the ranking can be recovered for
a different number of comparisons. As more comparisons are performed, estimated rank
(y-axis) correlates more strongly with ground truth rank (x-axis). We chose to perform ten
comparisons per image (K =500, Kendall’s tau 0.81). That is, at K = 500, each of the 50 images
is compared to 10 competitors and rank can be accurately inferred with Kendall’s tau 0.81.

In every rating task, a participant was shown a random pair of images containing food of the
same type (images in a pair were scaled to the same size and shown in randomized order),
and asked to give a preference label for each of the four dimensions (healthiness, tastiness,
caloric content, likelihood to be consumed at home). The pairwise comparison task had no
neutral option. Participants were required to choose one image. As the order within pairs was
randomized, this is a valid way of breaking ties, and recommended practice [274]. Additionally,
we asked participants to explain how they perceived both images by providing between one
and three free-form tags (e.g., “dull”, “greasy”). (Prior to data collection, we did not make

120



7.2 Materials and methods

hypotheses about specific biases as revealed by the tags, but rather explore them post-hoc in
order to gain insights about how people describe the appearance of tweeted vs. consumed
and tracked food.) In total, we collected 12,000 pairwise comparisons (500 duels for each of 24
types) for each of the four dimensions.

Participants. Since the tasks require reading and writing text in English, participants were
restricted to those residing in the United States, Canada, or the United Kingdom. To ensure
high-quality answers, we admitted only workers with approval rates greater than 99% and
with more than 1000 previously approved tasks. We collected the 12,000 pairwise preferences
through 24 batches with 500 assignments each, over the course of five days. The task was
performed by 595 distinct workers, who performed 20.2 pairwise comparisons, on average.
One crowdsourced participants rated one pairwise comparison.

Compensation. We targeted a pay rate of $9 per hour. Participants were paid $0.15 per pairwise
comparison. The mode of the time taken per comparison is 57 seconds, which corresponds to
an estimated hourly rate of $9.5 (U.S. federal minimum hourly wage in 2021 is $7.25 per hour,
for reference). Note that this is likely an underestimate of the hourly rate since crowd workers
often use scripts that make it possible to automatically accept a task they are interested in,
and hold it assigned while not actively working on it.

Instructions. To ensure reproducibility of our experiment, below we quote the instructions as
they were displayed to the participants:

Please take a look at the two images displayed below. Please focus
on the food itself, and not the other contents of the image.

Answer the questions about the pizza shown in the images by
entering either 1 for Image 1, or 2 for Image 2. Additionally, please
explain your preferences by adding at least one word or short
phrase to describe foods appearing in each image. Write a word or
a short phrase, and not full sentences.

1: Which image contains pizza that appears more tasty?
2: Which image contains pizza that appears more healthy?
3: Which image contains pizza that appears more caloric?
4: Which image contains pizza that appears more likely to have
been consumed at home?
5: Pizza shown in Image 1 is?
Add a word or a short phrase to describe food in Image 1
6: Pizza shown in Image 2 is?

Add a word or a short phrase to describe food in Image 2
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7.3 Results

7.3.1 Bias of food-type distribution

To address RQ1, we start by comparing MyFoodRepo food images with images of foods posted
on Twitter. We compare the prevalence of the 155 food types across the two sets (Figure 7.4).

First, we observe a significant positive correlation (Spearman’s rank correlation coefficient
p =0.49,p = 8.5x 10~ !!). The more frequent a food type is among consumed and tracked
foods, the more frequent it tends to be among tweeted foods. That said, although food
type frequencies are correlated, important deviations can be observed: For instance, bread
and butter are more likely to be observed in MyFoodRepo foods compared to Twitter foods,
i.e., these foods are underrepresented on Twitter. Bread is 2.5 times more frequent among
MyFoodRepo foods, while butter is 5.5 times more frequent among MyFoodRepo foods. On
the other hand, cake, soup, chocolate, raclette, burgers, etc., are more likely to be observed
among Twitter foods, compared to MyFoodRepo foods, i.e., these foods are overrepresented
on Twitter. Soup is 11.5 times, cake 12.0 times, burger 10.0 times, and raclette 9.5 times more
frequent among Twitter foods.
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Figure 7.4: Comparison of food type frequency among Twitter food (x-axis) vs. MyFoodRepo
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122



7.3 Results

0.4 -
—— Tasty

g —— Caloric
80'30- —— Healthy
e Consumed at home
S
—
©
Q 0.2 /
Y
o
c
©
T 0.1
©
—
[T

0.0

0?0 012 Ot4 0?6 0?8 1?0
Fraction of duels where Twitter food is selected

Figure 7.5: Histogram of crowdsourced participants’ preferences. On x-axis, fraction of duels
where Twitter food image is selected when compared to a MyFoodRepo food image. On y-axis,
fraction of workers with such preferences. Dashed vertical lines mark average fractions of
wins, across participants. Full vertical line marks 0.5.

7.3.2 Biases within food types

Duel outcomes. Controlling for the different food type distributions, we address RQ2, which
is concerned with biases within fixed food types. As an initial look into the duel outcomes,
across all duels, we first check the fraction where the Twitter image won. Together with the
fraction of duels where Twitter image won, we report p-values from two-sided binomial tests,
where the null hypothesis is that the outcome of comparisons is random, i.e., that the Twitter
image wins in 50% of duels. Across all duels, in 58.46% of duels Twitter image is chosen as
more caloric (p < 10779, in 45.96% as more healthy (p < 10719), in 38.08% as more likely to
have been consumed at home (p < 107149 and in 61.73% as more tasty (p < 107100y 5

Bias measurement: score estimations. Next, in order to compare images, as opposed to
the outcomes of duels, we fit the BT model (Equation 6.1) on the collected preferences and
estimate a score that represents the latent quality of each competing image concerning how
healthy;, tasty, caloric, and likely to have been consumed at home the food appears.

Consider a given dimension (we again use tastiness for concreteness). Let each MyFoodRepo
image i € {1,..., N)y} have an estimated tastiness score s(i) sampled from the distribution of
consumed and tracked foods by MyFoodRepo users, and each Twitter image j € {1,..., N1}
have an estimated tastiness score s(j) sampled from the distribution of foods posted on
Twitter. The tastiness bias b(T, M) between food consumption measured with Twitter and

5We also examined the macro-average duel outcomes, where we check preference of each crowd worker, and
average over the workers. There appears to be no rater bias where some workers overwhelmingly prefer one or the
other (Figure 7.5) as the estimates are consistent, and no notable outlier crowd workers emerge.
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food consumption measured with MyFoodRepo can be expressed as a difference in the average
tastiness scores measured via the respective data sources, T and M:

1 M 1 Ny
B(ILM)=T-M=—Y s(i)—— Y s(j). (7.2)
NTizzi NMjZ:l !

The measured bias® b(T, M) is 0.52 [0.46,0.56] for how tasty the food is, 0.39 [0.35,0.45] how
caloric, —0.18 [-0.23, -0.11] how healthy, and —0.58 [-0.63, —0.52] for how likely to have been
consumed at home the food is. These bias measurements indicate that, on average, food
posted on Twitter is perceived as significantly tastier, more caloric, less healthy, and less likely
to have been consumed at home compared to consumed and tracked foods.

Bias measurement: rank estimations. Once latent scores are estimated, images can also be
ranked, either jointly, or separately, among Twitter and MyFoodRepo food. Given its intuitive
interpretation, our main method of analysis is quantifying the shifts in distributions via ranks,
as depicted in Figure 7.1. For concreteness, it is helpful to consider an example before studying
images on a more aggregate level across food types. Figure 7.2 contains the top and bottom
portions of the joint rankings (one ranking for each of the four dimensions) for food type
“pizza”.

For each food type, we rank the two sets (MyFoodRepo food vs. Twitter food) separately and
determine which percentile of MyFoodRepo food each percentile of Twitter food corresponds
to. We focus on the median Twitter food image (also referred to as the “typical” Twitter
image), and compute the percentile rank of its score, relative to scores of MyFoodRepo food
images. The rank of the median Twitter image among MyFoodRepo food images is presented
in Figure 7.6, across 24 food types.

Bias in nutritional properties. We find that Twitter foods are perceived as more caloric, less
healthy and less likely to have been consumed at home. On average across food types, the
median-caloric Twitter food is among the top 34% most caloric MyFoodRepo foods. The
median-healthy Twitter food is among the bottom 42% most healthy MyFoodRepo foods. The
median Twitter food is among the bottom 27% most likely home-consumed MyFoodRepo
foods.

Examining food types separately, regarding how healthy the foods are estimated to be, we
find no significant differences in 15 out of the 24 types. In eight food types, tweeted food
is perceived as less healthy, and one food type (vegetables) is found to be more healthy on
Twitter. With respect to perceived caloric content, we find no significant differences in 12 out
of the 24 types. For 11 types, tweeted food is perceived as more caloric. Vegetables are again an
exception, found to be less caloric on Twitter compared to MyFoodRepo foods. We find that
in most of the types (16 out of the 24), tweeted foods are less likely to have been consumed at

6The corresponding 95% confidence intervals are obtained via bootstrap resampling of images.
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Figure 7.6: Relative rank (with respect to estimated latent scores) of median tweeted food
among consumed and tracked foods, where 100% corresponds to top score. Colored bars mark
estimates that significantly differ from median (i.e., 50% relative rank). Yellow marks ranks
higher, purple marks ranks lower than median, while gray marks non-significant differences.
Error bars mark bootstrapped 95% confidence intervals obtained via bootstrap resampling of
duels. Example: relative rank of median tweeted raclette with respect to tastiness is 90% (95%
CI [79%,96%]); i.e., median tasty tweeted raclette is ranked among top 10% [4%,21%] most
tasty consumed and tracked raclette images.

home. For eight food types, there are no significant differences in likelihood of having been

consumed at home.

Although there are food types with no biases in nutritional properties, we observe large bi-
ases for certain foods, where a median-healthy Twitter food is among the bottom 20% of
MyFoodRepo food images with respect to healthiness. For instance, median-healthy Twit-
ter cheese is among the bottom 14% (95% confidence interval [6%,24%]) on MyFoodRepo;
median-healthy Twitter chocolate, among the bottom 18% [10%,28%] on MyFoodRepo; and
median-healthy eggs, among the bottom 19% [11%,29%] on MyFoodRepo.

We also measure large biases for food types where a median-caloric Twitter food is among
the top 20% caloric MyFoodRepo food. For example, median-caloric chocolate is among the
top 6% [2%, 17%] on MyFoodRepo; median-caloric cheese, among the top 8% [4%, 16%] on
MyFoodRepo; median-caloric chicken, among the top 16% [8%,27%] on MyFoodRepo; and
median-caloric cake, among the top 18% [12%, 28%] on MyFoodRepo.

Bias in tastiness. Next, we find substantial bias in how tasty the foods are perceived to
be. There are more discrepancies in perceived tastiness compared to nutritional properties
(Figure 7.6). On average across food types, the median-tasty tweeted food is among top 26%
most tasty consumed and tracked foods. A median-tasty tweeted food is ranked significantly
higher than the median-tasty consumed and tracked food image in 20 out of the 24 types. In
four types, there are no significant differences regarding tastiness (mushrooms, potato, egg,

croissant).

We note that, for a number of foods, a median-tasty tweeted food is ranked as high as among
the top 20% of consumed and tracked food. The median-tasty Twitter raclette is among
the top 10% [4%,21%] on MyFoodRepo; the median-tasty soup, among top 10% [4%, 16%]
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on MyFoodRepo; the median-tasty cheese, among top 12% [4%,23%] on MyFoodRepo; the
median-tasty pizza, among top 14% [4%,26%] on MyFoodRepo; the median-tasty sauce,
among top 16% [18%,24%] on MyFoodRepo; and the median-tasty Twitter chocolate, among
top 18% [9%, 26%] on MyFoodRepo.

Correlations. Next, we inspect the correlation between tastiness and nutritional properties.
Recall that we obtained 2,400 images (100 images for each of the 24 types), with four estimated
quality scores. Computing Pearson’s correlation between the estimated scores (Figure 7.7),
we observe a moderate positive correlation between how caloric and tasty (p = 0.33, p <
107%9) foods are, and a negative correlation between how caloric and how healthy (o = —0.39,
p < 1078%) they are. While the correlation between how caloric and how healthy foods are
is expected, the correlation between how tasty and how caloric they are might indicate that
tweeted food might be perceived as overwhelmingly tastier because it is more caloric and
exaggerated.

Complete rank comparisons. While so far we focused

on the median Twitter image and studied its relative rank caloric THEYEE .0 I8

among MyFoodRepo images, in Figure 7.8 we present the Healthy "O'SQM .

full percentile rank comparisons, for completeness. Black Consumed __ o5 ¢.07 M
at home

Tasty 0.33 -0.09 -0. 13
of Twitter food and MyFoodRepo food are equal. In the ex- '

-0.13
diagonal line marks identity, where percentile distributions

U > 'O >\
ample of cheese (in the bottom-right), percentiles among % % % % E
tweeted food correspond to higher percentiles among con- ©z § ;
sumed and tracked food regarding how caloric and tasty _ © _
the cheese is (tweeted food ranks are above the diagonal -05 00 05

line). Percentiles among tweeted food correspond to lower  Fjgure 7.7: Correlation matrix be-
percentiles among consumed and tracked food regarding tween estimated qualities among
how healthy and home-consumed the cheese is (tweeted 2,400 competing images.

food ranks are below the diagonal line).

Bias in appearance. Finally, we analyze the tags provided by crowd participants, in order to
understand further how MyFoodRepo food and Twitter food differ in their appearance.” Recall
that crowd workers were asked to enter up to three tags per image (on average, participants
entered 2.4 tags per image). Analyzing the 58,645 collected tags, we ask: How do people perceive
social media foods compared to consumed and tracked foods?

Our main method of analysis is to compare tags across the two groups (Twitter vs. MyFoodRepo
food). To capture the distinctiveness of a tag [408], we leverage pointwise Kullback-Leibler
(KL) divergence between the two respective probabilities of observing the tag.

“Note that this is an exploratory post-hoc analysis to gain deeper insights into potential mechanisms that drive
the observed biases. Our main analyses are related to perceived nutritional properties and tastiness, as estimated
via pairwise comparisons.
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Figure 7.8: For percentiles among Twitter food (on the x-axis), the corresponding percentile
among MyFoodRepo food (on the y-axis). Rank comparison is displayed for 24 types of food,
across four estimated qualities: how healthy, caloric, likely to have been consumed at home,
and tasty the food is. Food types are sorted according to the rank of median healthy tweeted
food among consumed and tracked foods. Black diagonal line marks identity, where percentile
distributions of Twitter food and MyFoodRepo food are equal.

We first performed normalization of tags provided by crowdsourced participants. We split
commas, convert to lowercase, remove stop-words at the beginning of the text (e.g., “looks”,
“seems”), and we map versions of words with a dash to a single form (e.g., mapping “mouth
watering” and “mouthwatering” to “mouth-watering”).

A tag is typical for one set of images if used frequently within the set, but at the same time
unlikely to be used in the other set. Additionally, it is not only the discrepancy between the
two probabilities that matters; a tag should also appear frequently in a set to be considered
typical of the set. This intuition is captured by the Kullback-Leibler (KL) divergence.

Based on the respective probabilities of observing the tag t among all tags, we then compute
the pointwise KL divergence between the distributions of tags for Twitter food images and
for MyFoodRepo food images. The distinctiveness of ¢ with respect to MyFoodRepo food
compared to Twitter food images is calculated as
pm(t)
Dx1(pm (D) pr(2) = pm(8) log———, (7.3)
pr(t)
where for each tag ¢, pum (1) is probability of observing a tag among MyFoodRepo food images,
and pr() is probability of observing a tag among Twitter food images. On the other hand,
since the KL divergence is not symmetric, the distinctiveness of Twitter food compared to
MyFoodRepo food is captured as

pr(t)
pm()’

Dx1.(pr(OllpMm(8) = pr(2)log (7.4)
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In Table 7.1, we present the tags with the largest pointwise KL divergence, separately for tags
distinctive of consumed and tracked, or tweeted food. For each tag, a chi-squared test on the
two frequencies is used to measure significance, under the null hypothesis that the two groups
do not differ in frequency. We now examine—first overall, then separately by type—how
foods differ in their appearance. We see that, overall, the tags most indicative of consumed
and tracked food are “plain”, “bland”, “simple”, “boring”, “small”, “thin”, “dry”, “healthy”, and
“homemade”. On the contrary, tweeted food is more likely to be described as “fancy”, “fresh”,

” o« » o« ” o« ” o«

“colorful”, “delicious”, “tasty”, “raw”, “gourmet”, “flavorful”, and “large”. Zooming into specific
food types, the exact differences for specific foods become apparent. For example, tweeted
pizzas are more likely to be described as “large”, “fresh”, and “delicious”, whereas consumed

and tracked pizzas are seen as “small”, “pepperoni”, or “saucy”.

Inspecting the most discriminative tags overall and separately across types of food, we iden-
tified the following four prominent themes in tags that are discriminative of consumed and
tracked vs. tweeted food:

1. Complexity. Consumed and tracked food is described as simple and homemade (“plain”,
“bland”, “simple” and “homemade”); tweeted food, as more elaborate (“fancy” and
“gourmet”).

2. Portion size. Consumed and tracked food comes in small portions (“small”, “thin”),
whereas tweeted food is exaggerated in portion size (“large”). Portion size differences
are particularly evident for specific types of food, e.g., consumed and tracked burgers
are described as “small size”; pizzas are “small” when consumed and tracked, and “large”
when tweeted.

3. Ways of preparing. Tweeted food is perceived as “raw” and “fresh”, while consumed and
tracked food is described as “dry”. The differences are evident when it comes to specific
foods. Consumed and tracked beef is more likely to be “grilled”, whereas tweeted beef is
more likely “raw”. Consumed and tracked vegetables are “chopped” and “overcooked”,
whereas on Twitter, they are “fresh” and “raw”. Rice and chicken are “fried” on Twitter,
and “dry” when consumed and tracked.

4. Presentation. Tweeted food is visually appealing, whereas consumed and tracked food is
more likely to look repulsive. Tweeted food is said to be “colorful”, “delicious”, “flavorful”,
and “tasty”, whereas consumed and tracked food can is usually less appealing, with
“watery” soup, “greasy” and “unappetizing” raclette, and “watery” and “thin” sauce.

7.4 Discussion

Our goal has been to determine the validity of estimating food consumption from digital
traces: from social media posts vs. from images of consumed and tracked foods. To this
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Table 7.1: Tags most distinctive of MyFoodRepo food (left) and tags most distinctive of Twitter
food (right), as determined by pointwise KL divergence (cf. Section 7.3.2, Bias in appearance);
*p <0.05, **p < 0.01, **p < 0.001, ***p < 0.0001).

Food ‘ Top tags typical for MyFoodRepo food ‘ Top tags typical for Twitter food
plain**** bland**** simple**** fancy**** fresh**** colorful****
Overall boring**** small**** thin**** delicious tasty*** raw e
dry**** healthy*** homemade**** | gourmet**** flavorful**** large****
Beef grilled** bland** simple* raw*** fancy* flavorful
Biscuit or cookie | shortbread** chocolate* plain* decorated*** festive** chocolate chip**
Bread white**** plain** dry** delicious** fresh** fancy*
Burger simple*** small size* fast food* interesting** attractive*  filling*
Cake small**** chocolate**** chocolatey**** | decorated**** fruity*** fancy**
Cheese boring*** plain*** cold*** melted**** warm**** hot****
Chicken plain**** bland**** dry**** fried*** tasty*** spicy**
Chocolate darle**** bitter*** broken*** delicious*** flavoured** fancy**
Croissant delicious* buttery* stuffed* warm* fresh healthy
Curry rice** white* homestyle* yummy* healthy* flavorful*
Egg plain*** simple*** bland** decorated** raw** colorful**
Ice cream chocolate*** nice* simple* delicious decadent fancy
Mushroom colorful simple pizza raw** creamy large
Pasta or noodles | plain** bland** simple** fancy*** delicious**  yellow*
Pizza small**** pepperoni**  saucy* large*** fresh** delicious*
Potato boiled**** peeled**** plain* raw*** unpeeled**  whole*
Raclette healthy*** greasy*** unappetizing* | sliced** hot** tasty*
Rice bland*** plain** dry* flavorful** mixed* fried*
Salad simple** plain** homemade** | filling* great* fresh
Sauce thin**** watery*** light**** thick**** creamy****  red****
Soup bland**** simple**** watery*** hearty*** colorful***  delicious**
Sushi boring*** simple** plain** appetizing* variety* fresh
Vegetable chopped* overcooked* mixed fresh** raw* delicate
Tomato small* healthy salad mouth-watering* juicy* flavorful

end, we designed a crowdsourcing framework for measuring biases, contrasting tweeted food
images with consumed and tracked foods images, and deployed it for the case of Switzerland.

7.4.1 Summary of main findings

We find that social media does not provide a faithful representation of food types of consumed
and tracked food. Measuring biases in food-type distributions, we observe that cake, soup,
chocolate, raclette, and burgers are among the most overrepresented foods on Twitter in
Switzerland. Cake, soup, and burger are visually appealing food types suitable for sharing on
social media, while chocolate and raclette are foods typical of Switzerland. Winter social and
sport activities among residents might make them more likely to be shared online. On the
other hand, bread and butter—among the most underrepresented on Twitter—are simple
everyday foods that tend not to have a lot of potential to look particularly visually appealing.

Controlling for the discrepant food-type distributions, we find that tweeted foods are perceived
as less healthy, more caloric, and less likely to have been consumed at home, compared to
consumed and tracked food of the same type (Figure 7.6). We also find substantial bias in
perceived tastiness. A median-tasty tweeted food is, on average across food types, ranked
among the top 26% of consumed and tracked foods. Exploring free-form tags provided by
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crowd workers reveals that these biases are likely mediated by differences in portion size,
complexity, presentation, and different ways of preparing food. For example, tweeted food
is 3.5 times more likely to be described as “large”, and 4 times more likely to be described as
“fancy”.

These results provide evidence that food shared online tends to be exaggerated compared to
tracked food. The most biased foods in terms of nutritional properties are foods that can be
very caloric and high in fat and carbohydrates: chocolate, cheese, chicken, cake, and egg. On
the other hand, we find that some of the foods are not skewed in terms of nutritional properties.
For instance, for mushrooms and croissants, no significant difference is observed in any of
the four dimensions (healthiness, tastiness, caloric content, likelihood to be consumed at
home). This implies that some foods can still be validly studied via social media as a proxy for
consumed and tracked foods.

7.4.2 Consumed food vs. tracked food vs. tweeted food

Our study attempts to establish a link between online and offline dietary behaviors by studying
food images as measured via two platforms: Twitter and the MyFoodRepo food tracking app.
In what follows, we consider the relationship between three distributions: all foods consumed
by the general population (the actual phenomenon of interest), food consumption estimated
via MyFoodRepo, and food consumption estimated via Twitter.

For concreteness, consider tastiness (but the following argument equally applies to all other
dimensions studied here). Let T denote the average tastiness score estimated via Twitter, M
the average tastiness score estimated via MyFoodRepo, and G the true (unobserved) average
tastiness score of food actually consumed by the general Swiss population. As before (cf.
Equation 7.2 and Section 7.3.2), let b(T, M) = T — M, and analogously, b(T,G) = T — G and
b(G, M) = G- M. Although G, b(T, G), and b(G, M) are not observed, we have:

b(T,G)+b(G,M)=(T-G)+(G-M)
=T-M (7.5)
=b(T, M),

as illustrated in Figure 7.9 for the case T > M (without loss of generality: if T < M, we may
simply make the argument about b(M, T) instead of b(T, M)).

The established substantial and significant bias b(T, M) along the four studied dimensions
(Section 7.3) therefore implies a lower bound on the unobserved biases, since at least one of
b(T, G) and b(G, M) is at least b(T, M)/2. In other words, along all four studied dimensions, ei-
ther Twitter or MyFoodRepo differs by at least b(T, M)/2 from the general population. Dividing
the measured biases b(T, M) by two, we find that the lower bound on the bias still corresponds
to significant gaps in how tasty, caloric, healthy, and likely to have been consumed at home
the food is. Therefore, at least one of Twitter and MyFoodRepo foods significantly differs from

130



7.4 Discussion

@ True food consumption in general population (G) b(G, ) b(T,G)
B

i N < <
Scenario 1: G<T — average

b(T,G) = (bT,M)/2 or Q @ Q tastiness

Q Food consumption measured with Twitter (T)
Q Food consumption measured with b(G,M) 2 b(T,M)/2

b(T,V)=b(T,G)* b(G,V)

b(G, )

Scenario 2:G <M <T — b(T'G)= average
b(T,G) > b(T,M) > b(T,M)/2 @ Q Q tastiness
At least one of b(G, ) and b(T,G)
must be at least b(T,\)/2. b(T,M)
b(G,V) >
Scenario 3: /1 <T<G <«—— b(T,G)  average

tastiness

b(G, M) > b(T,M) > b(T,M)/2 Q Q @

b(T,V))

Figure 7.9: Illustration of the biases between the true food consumption, tracked food, and
tweeted food, in the example of perceived tastiness. Consider the targeted true food consump-
tion in the general population, the food consumption as measured with MyFoodRepo, and the
food consumption as measured with Twitter. The bias between tweeted food and tracked food,
b(T, M), is characterized in our study, while b(G, M) and b(T, G) are unobserved. Although
b(T,G) and b(G, M) are not observed, at least one of b(T, G) and b(G, M) is at least b(T, M)/2.
The three illustrated possible scenarios depict considered situations where (1) M < G< T, (2)
G<M<T,or3 M<T<G.

the foods consumed by the general population. For example, the measured bias b(T, M) is
0.52 [0.46,0.56] for how tasty the food is (Section 7.3.2). The lower bound with the shifted
corresponding 95% confidence intervals, b(T, M)/2 = 0.26 [0.20,0.30], still corresponds to
significant gaps in how tasty the food is.

Consequently, the fact that there is a divergence between food consumption as measured via
food tracking and as measured via social media implies that at least one of the two is not a
faithful representation of the true food consumption in the general population concerning
how healthy, tasty, caloric, and likely to have been consumed at home the food is. Figure 7.9
illustrates possible scenarios in more detail. On the one hand, it might be that the true
food consumption in the general population is somewhere between the food consumption
as measured with MyFoodRepo, and the food consumption as measured with Twitter (i.e.,
M < G < T, Scenario 1). On the other hand, true food consumption in the general population
might be skewed, and closer to either MyFoodRepo (i.e., G < M < T, Scenario 2) or Twitter (i.e.,
M < T < G, Scenario 3).

MyFoodRepo might be the main source of bias (i.e., G might be closer to T than to M) since
individuals might not track all consumed foods, and food trackers are known to be situated
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and contextualized [70, 225]. Similarly, consumed foods logged with the MyFoodRepo app are
likely not representative of the full Swiss population. People who log food with the tracking app
have access to a smartphone with an Internet connection and care about their diets. However,
we argue that it is less likely that MyFoodRepo is the main source of bias since the majority
of MyFoodRepo food images are collected from volunteers enrolled in a digital cohort called
Food & You® who are instructed and reminded to provide images of their complete daily food
intake. By design, the food present in these images was actually consumed, and omissions are
discouraged. Therefore, it appears less likely that MyFoodRepo could misrepresent the true
good consumption in the general population to such an extent that it would fully explain the
measured biases b(T, M).

Nonetheless, given the absence of data about the general population and the fact that all the
considered scenarios (cf. Figure 7.9) are not strictly impossible, we remain agnostic about
the true source of bias. We argue that researchers should be attentive and aim to establish
evidence of validity before using either social media or tracking apps as a proxy for true food
consumption in the general population, since at least one of them differs by at least b(T, M)/2
from the general population. Future work should apply our framework for bias estimation to a
representative sample of the overall population, with all food consumption recorded. At the
present time, doing so remains challenging as the images logged with the tracking app by the
volunteers are as good a peek into actual plates as we can currently get.

7.4.3 Implications

Implications for research studying food tracking as a proxy for offline behaviors. Based on
our considerations of the two platforms (i.e., Twitter and MyFoodRepo), we argue that it is
less likely that food tracking is the main source of bias when estimating food consumption
in the general population. Nonetheless, researchers relying on food tracking should be at-
tentive before implicitly assuming that the tracked consumption perfectly reflects the true
consumption. Whenever possible, further contextualization of the tracked consumption data
and investigation of alternative digital traces of the studied persons can be beneficial for ex-
amining the validity and establishing robustness. For instance, if there is a concern that users
consume food systematically different from the logged one, future research should consider
designing logging reminders and nudges within the tracking applications, targeted towards
and specifically encouraging logging the true behaviors. Future research can also encourage
users to assess the accuracy of logging through the tracking applications, for instance, by
self-reporting the overall perceived truthfulness.

Implications for social media research studying online traces as a proxy for offline behaviors.
Studies using passively collected digital traces as a proxy for real behaviors need to be valid
in order to support public health research and have implications for the design of policies
and interventions that can impact health outcomes. Based on our findings, we now highlight

8https:/ /www.digitalepidemiologylab.org/projects/food-and-you
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major potential pitfalls that can threaten validity of such applications and provide actionable
implications for overcoming them.

Actionable implication 1: Addressing over- and underrepresentation of food types. If researchers
were to estimate what foods general population consumes based on the number of tweets
containing these foods, the estimates could be biased. We suggest triangulating social me-
dia behaviors with known government statistics whenever these are publicly available. For
example, although bread is underrepresented while burgers are overrepresented compared
with consumed and tracked foods (Figure 7.4), researchers could—even without access to logs
of actual food consumption—identify the implausibly high prevalence of burgers on social
media compared to bread by examining publicly available statistics [246]. For comparison,
in 2019, the Swiss consumed 89 kg of products based on grains, compared to roughly half
as many kilograms of meat (48 kg per person). When aggregate country-wide statistics are
available for calibration, social media can still be used as a sensor for spatially and temporally
fine-grained analyses (e.g., by neighborhood or during holidays). When no such statistics are
available, researchers might be able to calibrate their methods on populations where statis-
tics are available and adjust the final estimates. Domain knowledge about the populations
being studied can also help in alleviating some of these disproportions. One could consider
knowledge about foods that studied populations consume in a social context, foods frequently
consumed by visitors and tourists, or only during special periods or occasions, and avoid
studies being impacted by such idiosyncrasies.

Actionable implication 2: Foods with very biased nutritional properties. If researchers were
to estimate nutritional properties of foods that the general population consumes based on
the tweets containing images of foods, the estimates could be biased. Researchers should be
careful about bias that stems from certain foods that appear particularly less healthy and more
caloric compared to consumed and tracked food, such as chocolate, cheese, chicken, cake,
and egg, although these might not necessarily be exactly the same foods types in populations
beyond Switzerland. Researchers should also be aware of differences in portion sizes that
likely mediate the difference in calories. We suggest detecting and examining images with an
implausible amount of calories. For example, a single image might not be taken into account
if the estimated amount of calories is not within reasonable bounds around the recommended
daily 2,000-2,500 calories for an adult.

Similarly, when training machine learning models with datasets obtained from social media
and aiming to generalize to the general population, samples should be adjusted such that the
amount of calories more closely mirrors the amount of calories and portion sizes of real food.
Otherwise, models trained on social media data to estimate the amount of calories will not
make valid estimations outside of the context of exaggerated social media foods.

Actionable implication 3: Addressing systematic discrepancies in appearance. If researchers
were to estimate appearance of foods that the general population consumes based on the
tweets containing images of foods, the estimates could be biased. Foods that people consume
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and track tend to appear significantly less tasty, simpler and less elaborate, prepared in
different ways, and smaller in portion size, compared to tweeted food. These are challenging
biases to overcome, as there is a need to use human annotation or computer vision models.
Note, however, that the foods that are most biased in terms of nutritional properties and
appearance are also precisely those that are overrepresented on Twitter (Figure 7.4). Therefore,
adjusting the bias in the distribution of foods is likely to alleviate the bias in nutritional
properties and appearance.

Implications for social media research studying online traces per se. Research studying
online communities and online content not as a proxy for real behaviors but as a phenomenon
per se need not necessarily worry about validity issues and potential pitfalls. Such typical
applications include studies characterizing online communities and specific users, such
as users self-reporting eating disorders online [56, 268] or online eating disorder support
communities [57, 86]. The behaviors of interest in that case are precisely the online behaviors
(i.e., the information that users choose to post). Similarly, studies developing machine learning
models leveraging social media data that are not concerned with performance generalization
beyond the platform and to the general populations are not necessarily impacted by these
biases. Such applications might include social media food recognition [17, 45, 313, 403] or
learning online food images embeddings [316].

Implications for food representation and users’ well-being. Beyond the above implications
for social media research, our results have implications for understanding the complex rela-
tionship between technology use and the well-being of social media users. In the case of food,
Twitter users are exposed to unrealistic mirrors of reality [24], since foods that people actually
consume and track are smaller, less “fancy”, and less visually appealing (Figure 7.6, Table 7.1).
Such distortions might contribute to the high prevalence of social comparison [130], where
for example, as much as one-fifth of Facebook users can recall recently seeing a post that
made them feel worse about themselves [53]. A user exposed to the social media portrayal of
food might therefore believe that other people consume food that is tastier than the food that
they consume themselves. However, this would likely not be the case due to the discrepancy
between social media foods and consumed and tracked foods. Social media might, in that case,
promote an unhealthy relationship with food. Our findings have implications for research
about the mechanisms of such social comparison.

7.4.4 Limitations

Next, we outline key limitations to be kept in mind when interpreting our results. In our
main analyses, we study how foods are perceived by non-expert crowd workers. The extent
to which expert nutritionists would agree with such participants is unknown. Furthermore,
while the case study is focused on Switzerland, the crowdsourced workers are located in
English-speaking countries, which might influence the food perception due to cultural factors.
Although the tags provided by the participants (Table 7.1) provide insights about factors that
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guide their ratings, future work should more deeply investigate the nutritional properties of
the studied foods in collaboration with expert annotators. We did not include Swiss German
dialect forms of keywords, as there is no written standard.

We note that the number of studied food images posted on Twitter—despite being the results
of a best effort for completeness—is relatively small (around 3,700 Twitter photos of food,
2,400 of which were annotated). This number is small mostly due to the fact that we consider
geolocated tweets only, and Switzerland is a relatively small country compared to the U.S.,
which has been studied in most related work [88, 244, 392].

We performed a case study of Twitter in Switzerland. Our findings cannot be assumed to
generalize globally, and future work should apply our framework to other populations, other
social media platforms and Web traces, and other food tracking apps. That said, this study may
serve the purpose of a “proof by counterexample”: we have identified one common setting
where there is a divergence between food consumption as measured via food tracking and as
measured via social media, implying that at least one of the two is not a faithful representation
of the true food consumption in general population. Hence, we should assume that there can
be bias elsewhere, too. Researchers studying other populations should thus be attentive and
aim to establish evidence of validity before using either social media or tracking apps as a
proxy for the true food consumption in general population.

Potential sources of bias of social media traces as a proxy for true food consumption in
general population. We provide grounding and first insights about validity of estimating food
consumption from digital traces by contrasting consumed and tracked food with tweeted
food, controlling for location, period, and food types. Revealing exact mechanisms that can
lead to the biases of social media traces as a proxy for the true food consumption in general
population is out of the scope of this work. However, in what follows, we consider the potential
sources of bias. We postulate that biases are driven by both measurement error (related to
operationalization of consumption via the concept of posting on Twitter) and population
error (stemming from biases in subpopulations sharing food on Twitter) [327]. Sources of
measurement errors might include these:

1. Construct validity. On the one hand, many foods that the Swiss consume are not posted
on Twitter. Appealing food consumed in certain contexts is more likely to be shared,
as positive and anticipated events are more likely to be disclosed on social media
in general [310]. Furthermore, photos published on Twitter may be self-selected for
higher quality, thus influencing how food is perceived by the annotators. On the other
hand, not all foods shared on Twitter are necessarily consumed by the posting individual
(especially not in their entirety, given the portion-size bias, Table 7.1). Conceivably, some
of tweets may originate from promotions, restaurants, recipe sharing, all of which does
not necessarily mirror actual consumption. In general, food images do not necessarily
need to be related to consumption at all. They can mean something else entirely (e.g.,
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a food can be a meme or a symbol of a political movement), although we did not find
evidence of such biases in the studied data.

2. Platform effects. Numerous applications and platforms support improving image quality
and editing with filters, which can all contribute to the food image being more visually
appealing and appearing tastier [230].

3. Community feedback. Feedback received from other platform members influences the
type of dietary content which a social media user posts [6], whereas negative feedback
can lead to behavioral changes [63]. Biases in how food is represented online are implied
by the design of online platforms.

Biases are also likely in part driven by population error. Users of social media platforms do not
mirror the general population, neither demographically nor regarding other attributes such as
behaviors and interest [214]. Users of public geotagged tweets are not randomly distributed
over the general population [118, 229]. In the future, performing individual-level studies, as
opposed to the population-level study reported here, will make it possible to disentangle
measurement error from population error.

7.4.5 Future work

Beyond the already outlined future directions, the collected data can be used to further study
patterns of sharing food online. Future work should further understand who shares food on
Twitter (consumers, skilled individuals, but also non-individual agents, such as restaurants
or caterers). We expect that further characterizing user types would not change our main
conclusions, but would reveal how biases vary between different strata of Twitter users. Future
work should further study where they share it from (residential vs. commercial areas), when,
and in what context. Also, what are the predictors of engagement with food on Twitter?
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Discussion

8.1 Summary of contributions

The central argument of this thesis is that novel computational approaches powered by digital
traces and causal science have an un-tapped potential to better understand and improve
human behaviors related to nutrition. The results of our observational studies based on the
analysis of digital traces—food purchase logs and information-seeking logs—demonstrate
how the developed analysis frameworks make it possible to identify causal effects of interest,
thereby enriching and refining the knowledge about human behaviors. However, considering
that digital traces tend to be imperfect and are typically not collected with scientific research
in mind, we also investigate the boundaries of what digital traces can tell us about true offline
behaviors in the general population. In what follows, we summarize the main contributions.

We first investigate dietary behaviors with purchase logs, in a situated on-campus context.
First, in Chapter 3, we introduce the transaction logs dataset and outline descriptive statistical
analyses revealing, for instance, how academic schedules drive food consumption on campus
on the yearly (lecture season vs. exam season vs. semester breaks) and the daily levels (lectures
vs. breaks). In Chapters 4 and 5 we then address two specific research questions with the
introduced dataset.

In Chapter 4, we focus on isolating the causal effect of an implicit naturally-occurring social
intervention—social tie formation. We control confounds in a matched quasi-experimental
design. Specifically, we identify focal users who initially do not have any regular eating partners
but start eating with a fixed partner regularly. We match focal users into comparison pairs such
that paired users are nearly identical with respect to covariates measured before acquiring
the partner, but the two focal users’ new eating partners diverge in the healthiness of their
respective food choice. Contributing to the rich literature on social influences, the results
of this study reveal significant shifts in the healthiness of focal users’ food choice when they
acquire their new eating partners.
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In Chapter 5, we study social influence on campus in more detail, at the meal-level. We find
evidence in favor of a specific behavioral mechanism for how dietary similarities between
individuals occur—purchasing mimicry. We find significant mimicry of partners’ purchases
affecting all food types, and diminishing once the ordering of the purchasing queue is ran-
domized. Moreover, we find that the effect is present across subpopulations, but strongest for
students, implying that age is likely one of the key factors. The results of this study elucidate
the behavioral mechanism of purchasing mimicry and have implications for understanding
dietary behaviors among on-campus subpopulations.

In addition, Chapters 3, 4, and 5 demonstrate the utility of passively sensed food purchase logs
for obtaining meaningful insights that can inform the design of public health interventions
and food offerings, especially on campuses.

We then move on to study dietary behaviors with information-seeking logs, in a global context.
The SARS-CoV-2 virus has altered people’s lives around the world. Accordingly, in Chapter 6,
we quantify the COVID-19-induced shifts in dietary interests, as revealed through time series
of Google search volumes. We design quasi-experimental time-series analyses, isolating the
effect of the 2020 discontinuity in mobility patterns on food interests. We find that, during
the first wave of the COVID-19 pandemic, there was an overall surge in food interest, larger
and longer-lasting than the surge during typical end-of-year holidays in Western countries.
The largest (up to threefold) increases occurred for calorie-dense carbohydrate-based foods.
These findings provide meaningful insights for governmental and organizational decisions
regarding relevant measures to mitigate the effects of the COVID-19 pandemic on diet and
nutrition worldwide.

In summary, the variety of studied contexts (ranging from campus-wide to worldwide) and
types of traces (including purchase logs and search logs) demonstrate the wide spectrum of
findings that can be derived using such causal and computational approaches. Finally, in
Part III, we take a step back and rigorously investigate the boundaries of what digital traces
can tell us about true offline behaviors of the general population. We contribute a novel
crowdsourcing framework for estimating biases and conduct a case study of estimating food
consumption in Switzerland with social media and food tracking (Chapter 7). While social
media traces can be a reasonable proxy of tracked consumption for certain food types, we find
that, overall, food shared on social media and actually consumed and tracked food significantly
diverge from each other. This divergence implies that at least one of the two—the tracked food
or the one on social media—is not a faithful representation of the actual food consumption
in the general Swiss population. These findings warrant researchers’ attention and highlight
the need to establish evidence of validity before using digital traces as a proxy for true food
consumption in the general population.
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8.2 Significance

In this section, we summarize how our contributions can inform policy-making, and discuss
and the implications of our work beyond dietary behaviors.

Implications for policies and behavioral interventions. Taken together, our results demon-
strate that analyses of passively sensed digital traces can provide meaningful insights for
policies, public health interventions, and decision-making. For instance, on-campus analyses
of purchase logs can support efforts to promote sustainable and healthy habits by modifying
food offering, e.g., during exam sessions, while being aware of complex spatio-temporal varia-
tions and differences among various subpopulations (Chapters 3 and 5). Similarly, analyses of
purchase logs can anticipate the impact of planned interventions by estimating the effect of
similar naturally occurring interventions (Chapters 4 and 5).

Furthermore, monitoring population-scale online information-seeking traces provides stake-
holders with timely and detailed insights into the circumstances that individuals face during a
crisis (Chapter 6). Similarly, analyses of purchase and information-seeking logs can provide
a better understanding of customer behaviors and, accordingly, inform ways of improving
corresponding services. For instance, the results of purchase log analyses can support efforts
to optimize logistics, avoid overcrowding, and staffing decisions on campus (Part II). Along
similar lines, the analyses of information-seeking logs can shed more light on global consumer
preferences during a crisis (Part III).

Implications beyond food. To the best of our knowledge, observational studies reported in
Chapters 4 and 5 are the first to use large-scale transactional data to retrospectively evaluate
the impact of implicit dietary behavioral interventions on dietary behaviors. Along with
showing how food purchase logs can be used as effective sensors to detect behavioral changes,
our results also highlight how careful quasi-experimental comparisons can be used to measure
complex interactions. For example, the methodology of isolating influence through matched
pairwise comparisons (Chapters 4 and 5) makes it possible to detect behavioral changes in
areas relevant to other scenarios, such as exercise habits, coaching or counseling, traveling,
sleep patterns, online interactions, collaborative writing, or coding practice, among many
others. Ambitious questions on how individuals impact others’ behaviors or skills could all
be tackled by identifying the onset of such interactions and comparing outcomes in similar
matched persons, while controlling for confounds.

Finally, beyond food and dietary behaviors, our crowdsourcing bias estimation framework
(Chapter 7) can be used to measure biases of digital traces for studying many types of be-
haviors, including but not limited to politics, activism, behaviors important for health and
well-being that are frequently shared online, such as fitness and time spent in nature, as well
as travel, fashion and aesthetics, socialization, or pet ownership. Addressing the questions
of truthfulness and validity of digital traces beyond food is an important direction for future
research.
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8.3 Advantages and limitations of studying diets locally vs. globally

In this thesis, we present contributions observing behaviors in two drastically different con-
texts: while Chapters 4 and 5 study diets in a situated on-campus context, on an individual
level, Chapter 6 explores behaviors in a global context, on a population level. Along with
providing meaningful insights, both setups are also subject to their unique shortcomings.
In what follows, we first consider the major benefits and drawbacks of leveraging situated
behavioral traces, such as campus-wide purchase logs.

Strengths of campus-wide purchase logs. A prominent strength of studying individuals’
purchase logs in a situated context is that such investigations make it possible to perform
detailed interpretable analyses and consistently track individuals. Access to contextualized
knowledge about specific circumstances that individuals are immersed in offers crucial advan-
tages. Conversely, patterns present in aggregated online traces are typically far more cryptic
and, due to the loss of contextualization, rarely allow for a definitive interpretation.

A major lesson learned through our studies of campus-wide behaviors is that the researcher
analyzing the purchase logs cannot assume the role of a friendly outsider. Instead, the re-
searcher should be an active part of the campus ecosystem and acquire domain knowledge.
In what follows, we provide a couple of examples of how, in our studies, we benefited from
having the respective information by being embedded into the campus.

* It proved beneficial to know the personnel who collected the purchase data, since they
were able to share valuable insights about the nature of the data and its limitations.
For instance, in the analyses presented in Chapters 4 and 5, we benefited from talking
to campus food-providing administration and transaction system managers in order
to understand the information about the food items and restaurants encoded in the
dataset using the terms that students and staff do not commonly use.

e Tt was also helpful to be aware of the opening of shops that are near the campus, but
absent in the purchase logs. Without such background knowledge about the campus
food landscape, it would have been challenging to interpret variations across years, as
discussed in Chapter 3, Section 3.2.4.

* We benefited from being familiar with the academic schedules, timetables, and past
deviations and circumstances. Overall, yearly patterns reveal regularities that are consis-
tent with academic schedules. However, some regularities tend vary between different
years, as, for instance, Easter break occurs on varying dates in different years. We were
aware of such specific campus schedules and holidays in Switzerland and could interpret
the regularities.

Shortcomings of campus-wide purchase logs. At the same time, the most prominent limi-
tation of characterizing behaviors in a situated context is the lack of universality. It remains
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unclear to what extent the observations hold in other similar setups, or the general population.
However, it should be noted that the transfer to the general population is not necessarily an
issue. Since many people regularly consume foods on campuses, findings will typically have
actionable implications, even if not necessarily relevant to the general population.

Strengths of worldwide information seeking traces. Similar trade-offs emerge in research
leveraging global online traces, outside of a situated context of a campus. Online information-
seeking traces offer certain advantages. Most notably, analyses of online logs benefit from
rich background knowledge, are not confounded by the local context, and can scale. With
regard to the first advantage, online traces are often curated, meaning that the collected
information is typically already rich and conveniently structured. For instance, search logs
can be linked to Wikidata knowledge graph entities, allowing researchers to leverage already
available rich background knowledge about food. In Chapter 6, we use such knowledge to
derive taxonomies of food concepts. Conversely, analyses of campus food purchases have
to “start from scratch”. Item labels are unstructured, and the information derived from them
is incomplete. Therefore, there is a need to work closely with nutrition experts to develop
custom annotations and healthiness estimates, as we did in Chapter 4. Regarding the second
advantage, online behaviors are generally not constrained by the situated context—indeed,
people can search for the entire universe of food online. In contrast, on campus, people can
only buy and consume what is offered, which makes availability a major confounding factor.
Finally, the third and perhaps most important advantage of online information-seeking traces
is that they enable monitoring a larger number of people. As a result, it becomes possible to
scale the analyses, from 39,000 unique users present in the campus-wide purchase logs to
billions of Internet users worldwide.

Shortcomings of worldwide information seeking traces. Yet, an important shortcoming of
online information-seeking traces is weak construct validity. It should be acknowledged that
online traces are distant proxies for the true behavior of interest: food consumption. Said
differently, searching for food is not tantamount to consuming the food. Indeed, users may
search but not consume, and vice versa. Admittedly, the purchase log data do not directly
capture food consumption either, but rather provide indirect proxies via purchasing. In fact,
there is no certainty that the items purchased on campus were consumed. Conversely, other
food items that were not purchased might have been consumed (e.g., a soda brought from
home). However, compared to information-seeking traces, purchase logs are more closely
tied to offline behaviors. In the case of online traces, construct validity is more difficult to
ensure and assess. Moreover, online information-seeking logs make it problematic to track
individuals, as they are typically available to researchers only in aggregated form due to
privacy concerns. In addition, event counts frequently require a careful calibration to allow
comparisons (cf. Chapter 6).

Overall, observations made in situated contexts and observations made outside of a situated
context are mutually complementary and equally valuable. In what follows, we discuss the
challenges in further detail and identify future directions for addressing them. In particular,
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we outline promising future avenues to explore in order to ensure that on-campus studies can
generalize and that online traces can have stronger validity guarantees.

8.4 Future opportunities

The contributions of this thesis and the outlined limitations open the door for a number of
future research directions. We outline some of the concrete research directions we envision.

8.4.1 Situated campus-wide dietary behaviors: The next frontiers

We identify the following four specific areas for future work: (1) deriving generalizable insights
about on-campus dietary behaviors, (2) collecting more detailed on-campus food offering
and consumption data, (3) engaging with all on-campus stakeholders to discover the needs
and priorities regarding on-campus food offer and consumption, and (4) developing new
principles and practices around ethics and privacy. For each of these four areas, we identify a
set of concrete possible solutions and avenues for future work.

Deriving generalizable insights about on-campus dietary behaviors. Each campus is an
independent eco-system, which makes it challenging to derive findings that hold between
campuses. Estimates are typically produced at different times and different locations. Further-
more, cultural factors can, in important ways, alter behaviors—for instance, due to varying
susceptibility to stress. What behaviors can generalize across campuses around the world?

Future work: Data sharing between campuses. Future efforts can include creating a network
of partner institutions that would enable researchers to replicate the same set of analyses

and then perform meta-analyses to discover universal behavioral patterns. In particular,
we envision developing a system to enable processing the anonymized purchase logs (in a
pre-determined format) and obtaining and sharing aggregated high-level insights with other
campuses. An a priori designed meta-analysis would then be performed across a cohort
of campuses. Such “megastudies” have the potential to improve the evidentiary value of
behaviorally informed policy interventions [247]. A unified client-side analysis framework
could be built to process the anonymized logs, following templates of studies that can be
conducted worldwide in order to answer pre-agreed research questions, such as the ones
outlined in Chapter 3, Section 3.3. In the future, we also envision organizing an event (e.g., as
a workshop) where researchers studying on-campus behaviors can convene, share ideas and
expertise, and agree on priorities.

Collecting more detailed on-campus food offering and consumption data. A major challenge
of the efforts to study on-campus food consumption is the lack of transparency regarding food
offer and consumption. On campuses, complex sets of factors beyond the knowledge and
reach of individuals who consume food often determine the availability of options, the nature
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of collected data, how it is used, and by whom, resulting in a lack of transparency regarding
food on campus. Moving forward, there is a clear need for more robust and open policies.

Future work (a): More detailed passively sensed data collection. Since institutions are respon-

sible for the health of everyone on campus, there is a pressing need to collect more data about
offered food. Future efforts can involve collecting rich information about the food items,
including but not limited to their origin, ingredients, nutrients, calories, sustainability metrics
(e.g., carbon footprint), preparation methods, and food waste statistics. There is also a need to
enrich purchase logs with detailed information about the sold items, with a particular focus
on information relevant to health and sustainability.

Future work (b): Digital cohorts and active data collection. Another potential solution to the
concern about the lack of transparency regarding food on campus is setting up digital cohorts
where students and staff could share their food consumption and other health-related data
for research purposes. Future avenues should involve letting individuals on campus take

ownership of their data and share it with researchers, if they wish to do so. In particular,
the individuals could share information about specific conditions closely linked with dietary
habits (e.g., diabetes and heart diseases), as well as regarding behaviors assumed to be linked
with food consumption, but not well understood. The latter could include, for instance,
information about major life events, daily habits, social media usage and web browsing,
menstrual cycle, and mental health. Active data collection efforts are required to make it
possible to answer such ambitious research questions with implications for the health of
the general population. Furthermore, such efforts can allow linking diets and other on-
campus behaviors and outcomes, such as social interactions, mobility [251], and academic
performance [198].

Further engaging with on-campus stakeholders to discover needs and priorities. Since
campuses worldwide face a lack of unified effort towards health and sustainability, there is a
need for a closer examination of structural processes of power at the campuses we are part of,
and a need for a better understanding of factors that slow down current efforts towards health
and sustainability. In addition, there is no principled and systematic understanding of what
individuals on campuses worldwide want and need, as well as difficulties and challenges they
face. Future efforts should explore experiences and perspectives from unheard subpopulations
of students and essential workers who consume large amounts of food on campuses but
traditionally do not play a role in the decision-making.

Future work: Participatory approaches. To tackle the challenges mentioned above, new quali-

tative and participatory approaches are needed. It is necessary to have a direct contact and
engage with both food consumers and providers, i.e., local stakeholders (restaurants, vending
machine operators, transaction managers, administration). It is equally necessary to engage
with individuals (students and staff) who, in one way or another, participate in the campus
food system, are impacted by any implemented policies and interventions, and would bene-
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fit from prospective scientific findings. To this end, in future research efforts, participatory
designs [344] and qualitative interviews would be particularly suitable methodologies.

Similarly, there is also a need to acknowledge that food offering, the collected data, and the
derived insights embody and reproduce the values of those who designed the food offering
systems and those who build and deployed data collection mechanisms to begin with [129].
An important point to make is that the values of thousands of individuals who are part of the
campus should be discovered, not assumed [216]. Therefore, our responsibility as researchers
is not only to strive to use such data to promote assumed shared values of social good (health
and sustainability), but also to discover the priorities and values of the people who are part
of the underlying system. For instance, it should be taken into account that students may
prioritize economic concerns over sustainability concerns.

Overall, the goal of such participatory approaches is to enable individuals on campuses to
identify their own priorities and make decisions about the food system and about the future
use of digital traces they contribute. In the process, an overarching goal is to give a voice to all
stakeholders and enable everyone involved to answer questions such as “Is the food offering
optimal for our needs? How is our data being collected? Will the findings be of benefit to us?
How will we use them?” [140].

Developing new principles and practices around ethics and privacy. Since the behavioral
data and the corresponding analyses can be misused or abused, it is necessary to balance the
potential to do good with the potential to harm. New norms for privacy and ethics and best
practices are needed. At present, corresponding institutional approvals are needed to perform
analyses within one campus. Such institutional processes help guide researchers through
ethical and privacy concerns, as purchases can reveal potentially sensitive information about
individuals [173]. However, new challenges emerge when there is a need to replicate the
same analyses across several campuses so as to derive generalizable insights about dietary
behaviors. Having all the data, which is potentially sensitive, at a single central point is
a risk and a liability since the data can be compromised in the event of a breach. Privacy
considerations are necessary to design future systems for processing the anonymized purchase
logs. It is equally important to ensure that the high-level findings do not reveal anything about
specific individuals at a given campus and to protect potentially sensitive information. In
what follows, we briefly outline a variety of possible solutions to these concerns.

Future work (a): Processing transaction logs across silos. While it is reasonable to assume that

the owners of a processing system cannot be trusted, if there is an agreement about data for-
mats, one could locally run universal processing scripts. Future efforts can involve designing
a web application that would allow locally running purchase log analysis scripts with em-
bedded privacy mechanisms. Previously, decentralized data processing across silos has been
successfully deployed in settings where silos corresponded to hospitals processing medical
datasets [19]. Such processing is consistent with the paradigm of federated learning, a pri-
vacy-enhancing technique based on the idea of keeping and processing the data in centers
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of origin. Such processing increases privacy and ensures that institutions keep control of the
data. Furthermore, to match confidentiality requirements, federated learning can be used with
other privacy-enhancing technologies, such as differential privacy (DP). Such a mechanism
ensures that from the results of the analyses, one cannot infer additional information about
the original data [106, 107].

Future work (b): Privacy-preserving synthetic purchasing traces. When the input dataset con-

tains a large number of attributes, DP mechanisms require injecting a prohibitive amount
of noise compared to the signal in the data, which can compromise the usefulness of the
data [411]. To facilitate collaboration over sensitive data, an alternative approach is to take a
sensitive dataset as input and generate a structurally and statistically similar synthetic dataset
with strong privacy guarantees [193, 277]. In that case, data owners need not release their
data, while collaborators can perform data analyses. Such synthetic traces can then be directly
shared with other researchers to speed up analyses. The benefit of this solution is that there is
no need to regenerate synthetic data for analyses that were not initially envisioned.

Future work (c): Trusted execution environments. Trusted environments [308] enable pro-

cessing the logs on a dedicated secure subsystem, i.e., a trusted execution environment
isolated from the main processor of the central server. The benefit of this approach is that it
makes it easier to update the computation centrally, without needing to update the code run
by each participating institution.

8.4.2 Worldwide online dietary behaviors: The next frontiers

Construct validity of online traces. As previously discussed, one of the most pressing chal-
lenges when studying diets with online traces is ensuring the construct validity of such meth-
ods. In Chapter 7, we proposed a framework for measuring the biases of digital traces at
population level. The findings demonstrated that, in the case of estimating food consumption
in Switzerland with social media images, lower bounds to the biases of social media traces are
statistically significant. These findings highlight the need to further determine and improve
the validity of digital traces. Moving forward, it is necessary to link the other distant proxies
such as search queries studied in Chapter 6 with the actual food consumption, on the indi-
vidual level. The methods and findings relying on search logs would have improved validity
and reliability if it were possible to answer questions such as “What fractions of food searches
are linked with the consumption of the searched food? What fraction of consumed foods are
searched online?”.

Future work: Linking online traces and offline behaviors. To answer such questions, it is nec-

essary to link the ground truth food consumption (measured, e.g., via reliable tracking or
situated purchase logs) with an individual’s online traces (e.g., search history) and analyze
them jointly. Although data sharing initiatives making it possible for individuals to share
data with researchers exist, they are still in their infancy. Beyond linking online and offline
behaviors, such individual-level online traces are valuable for scientific studies. In the future,
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it is necessary to develop new ways to empower individuals and communities to contribute
their data for scientific insights. Individuals could then participate in the scientific process
and even in the selection of the research questions, so as to benefit from the findings based on
data they contribute. Sensitive data may in that way be exchanged for services to individuals
and the society. Interestingly, a recent study by Gefen et al. [136] demonstrates that individuals
would be willing to contribute—99% of people were willing to contribute their online data in
exchange for monetary compensation and an analysis of their data, while 53% were willing to
pay to have their online data analyzed. Such data-sharing efforts can also help to change the
balance of power between the public and tech companies that rely on implicit and explicit
data contributions from the public [374].

8.4.3 Studying diets with digital traces: The next frontiers

Improved data representation is necessary to unlock new applications. In this thesis, foods
were represented as items available on campus (cf. Chapters 5 and 4), concepts people can
search for and read about (cf. Chapter 6), or food types that people log or post online (cf.
Chapter 7). In these studies, the foods are mostly considered in isolation, as rich information
about the ingredients or preparation is largely unavailable. However, in reality, concepts re-
lated to diets—e.g., foods, ingredients, recipes, restaurants, or purchases—interact in complex
ways. For instance, people combine only certain foods within a meal; within a meal, only
certain ingredients are combined, and, eventually, the ingredients are combinations of certain
compounds.

Future work: Graph-based representations. Relying on models capable of accurately repre-

senting concepts related to diets and the complex interactions between such concepts can
unlock new applications to help promote health and sustainability and change how our food
is designed and prepared. For instance, Ahn et al. [10] studied the flavor network that captures
the flavor compounds shared by culinary ingredients. Rich interactions between ingredients
revealed novel insights about our tastes—Western cuisines tend to use ingredient pairs that
share many flavor compounds, supporting the so-called food pairing hypothesis, while, in
contrast, East Asian cuisines typically avoid compound-sharing ingredients. Furthermore,
along with nutrients, food also contains bioactive molecules, some chemically similar to
anti-cancer drugs. For instance, Veselkov et al. [372] used deep learning on protein-protein
and drug-protein interaction graphs between food molecules and molecules in our body
to identify which foods contain ingredients that can prevent diseases. Rich representations
through modern machine learning techniques can help provide a more comprehensive view
of our dietary behaviors, culinary practices, and design better products.

Predictive vs. explanatory approaches to studying traces. Finally, throughout the thesis, we
make an argument for and use an explanatory data analysis approach—the studies presented
here aim to identify and estimate causal effects of interventions (i.e., staying at home or
starting to eating together with someone) on human dietary behaviors (i.e., purchasing or
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searching for food). In contrast to this approach, an orthogonal path frequently taken in data-
driven research is a predictive one, focused on making and testing predictions. A predictive
data analysis approach would instead ask: “How predictable are human dietary behaviors
under intervention?”. Such predictive approaches aim to develop models that can accurately
generalize to unseen samples, while not necessarily being concerned with interpretability
and explaining the mechanisms. However, answering the question of predictability brings
additional information and can help to inform the design of policies and interventions.

Future work: Integrative modeling. Future directions to understand and improve dietary be-

haviors should consider integrating predictive and explanatory modeling—for instance, by
measuring the extent to which specific causal estimates made in one domain transfer to
another domain, or by verifying whether the predictive models fitted in one domain generalize
to another, as Hofman et al. [174] propose. Such integrative modeling will likely facilitate more
valid and impactful findings on human dietary behaviors.

8.5 Connections with further thesis work

The contributions presented in Chapters 3-7 are not exhaustive of the thesis work. In what
follows, we briefly outline further thesis work (Figure 8.1). Although further thesis work is not
specifically on the topic of dietary behaviors, there are rich connections with the contributions
of the thesis. We summarize five further contributions and the connections with the thesis
work.

COVID-19-induced shifts in general interests. First, in further thesis work [291], we study
the impact of COVID-19-induced mobility restrictions on people’s interests in general, be-
yond foods. In this work, we demonstrate how the approach introduced in Chapter 6 can
generalize to information-seeking behaviors beyond food, by studying different type of in-

Further thesis contributions

COVID-19-induced shifts in general interests

Sudden Attention Shifts on Wikipedia During the COVID-19 Crisis.

Manoel Horta Ribeiro*, Kristina Gligori¢*, Maxime Peyrard*, Florian Lemmerich, Markus Strohmaier, and Robert West.
International AAAI Conference on Web and Social Media ICWSM, 2021. * Equal contributions.

How platform design impacts linguistic features of social media content
How Constraints Affect Content: The Case of Twitter's Switch from 140 to 280 Characters.

Kristina Gligori¢, Ashton Anderson and Robert West.

International AAAI Conference on Web and Social Media ICWSM, 2018.

Anticipated versus actual effects of platform design
Anticipated versus Actual Effects of Platform Design Change: A Case Study of Twitter's Character Limit.

Kristina Gligori¢, Justyna Czestochowska, Ashton Anderson, and Robert West.
CM C« on Computt C ive Work and Social Computing CSCW, 2022.

How brevity impacts success of social media content

Causal Effects of Brevity on Style and Success in Social Media.

Kristina Gligori¢, Ashton Anderson and Robert West.
CM C on Compute C

ive Work and Social Computing CSCW, 2019.

How linguistic features impact success of news headlines

Linguistic effects on news headline success: Evidence from thousands of online field experiments (registered report protocol).
Kristina Gligori¢, George Lifchits, Robert West and Ashton Anderson.

PLOS ONE, 2021.

Digital traces

Information seeking logs:
Wikipedia access logs

Social media posts

Social media posts

Social media posts

Information seeking logs:
Web browsing logs

Methods

Observational study:
Difference-in-
differences design

Observational study:
Matched design

Longitudinal statistical
analyses

Experimental
crowdsourced study

Field experiments
(A/B tests)

Figure 8.1: Outline of the further thesis contributions discussed in Section 8.5. For each
contribution, we summarize the leveraged digital trace data and the main methods.
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formation seeking logs—namely, Wikipedia access logs. We find that the impact of the crisis
on information-seeking behavior persisted beyond mobility restrictions and that many of
the topics with persistent increases relate not to basic needs pertaining to the pandemic, but
to entertainment and self-actualization (e.g., VIDEO GAMES). These findings highlight the
utility of online digital traces for research on how the pandemic has affected not only people’s
diets, but also their needs, interests, and concerns. This work also demonstrates the potential
of various web access logs (beyond search logs studied in Chapter 6) for studying dietary
behaviors at scale.

Message framing and the causal effects of linguistic properties. Moreover, further thesis
work is connected with nudges toward healthy eating, which must be carefully framed and
phrased such that they are maximally effective [23, 365]. In further thesis work on message
effectiveness we aim to discover such strategies. In particular, we design observational and
experimental studies to identify the causal impact of platform design and message framing
on the success of textual content. The study designs and the derived scientific findings are
connected with designing dietary interventions and answering questions such as How to make
the language of sustainable and healthy food appealing?

First, studying how platform design impacts linguistic features of social media content [145],
we take advantage of the platform change and find, when subject to the 140-character limit,
users write more tersely. Designs taking advantage of such exogenous shocks to study human
behaviors can be effective since they minimize the impact of confounding factors. Similarly,
in Chapter 6 we took advantage of the shock of COVID-19-induced interventions on human
behaviors. Moving forward, unexpected policy changes, availability shocks, and external
events provide researchers with valuable opportunities to study determinants of dietary
behaviors.

Second, further studying the anticipated and actual effects of the platform design change on
the linguistic features of tweets [147], we find that the fusion of design decisions and human
behaviors can lead to feedback loops and calls for more cautious approaches that aim to
take into account the dynamic nature of people’s responses. Beyond platform design, these
findings have implications for the design of dietary interventions and policy changes (e.g.,
regarding how food is offered on campus). These findings highlight the fluidity of human
behaviors and have direct implications for studies predicting the impacts of hypothetical
policies attempting to change dietary behaviors.

Third, we focus specifically on identifying the causal effects of brevity on the style and success
of social media messages [144]. Whereas most prior work has studied the effect of wording on
style and success in observational setups, we conduct a controlled experiment, in which crowd
workers shorten social media posts to prescribed target lengths and other crowd workers sub-
sequently rate the original and shortened versions. In contrast with observational approaches
leveraging passively-sensed data developed in this thesis, experimental crowdsourced studies
have their advantages. Most notably, the researcher fully controls the setting in which the
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behaviors are measured and can perform randomization. Moreover, crowdsourcing platforms
make it possible to recruit participants worldwide and thus scale the analyses beyond the
campus-wide context. In the future, controlled experimentation involving rating tasks and
pairwise comparison tasks (as performed in Chapter 7) is a powerful way to elicit dietary
preferences and study diets.

Finally, in a study aiming to study linguistic properties beyond social media [149], we conduct
analyses of thousands of online A/B tests of headline variations performed by Upworthy (a
once-popular social news outlet) to identify how linguistic features impact the success of news
headlines. Our registered findings contribute to resolving competing hypotheses about the
linguistic features that affect the success of text and provide avenues for research into the
psychological mechanisms that are activated by those features. The analyses of data generated
via A/B testing fuse the advantages of observational and experimental approaches—they allow
researchers to randomize assignment, while the behaviors are still observed in an organic
setting. Such an approach and the analysis framework for estimating linguistic effects can be
used to understand how to improve dietary behaviors by modifying the language of food.

8.5.1 How to make the language of sustainable and healthy food appealing?

Text-based nudges and causal effects of their linguistic properties. A promising new avenue
fusing the contributions of the further thesis work with the main argument of this thesis is
to explore how to use the language of food and linguistic cues [195] to promote healthy and
sustainable dietary behaviors on campus and beyond. Despite the impact of diet on the
environment and health, sustainable and healthy food is often perceived as unappealing [284,
369]. To promote sustainable and healthy diets, it is necessary to address the following
questions: How to make the language of sustainable and healthy food appealing? How to name
and word healthy and sustainable dishes to make them sound attractive and tasty?

Future work: Causal analyses of the language of food. Novel computational approaches are

necessary to isolate such causal links between linguistic properties and the success of be-
havioral nudges, e.g., between the dish name and its purchase probability. Research at the
intersection of NLP and causal inference [108, 113, 178, 389] aims to approach the challenge of
estimating causal effects in settings where text is used as an outcome, treatment, or as a means
to address confounding [201]. Combining quasi-experimental methods that aim to isolate
causal effects while controlling for confounding factors with modern text representations is a
promising way forward. The ability to answer these questions would have clear implications
for how dishes are labeled on-campus and for how to describe healthy and sustainable food in
general such that it is perceived as appealing.
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Conclusion

The contributions of this thesis are motivated by the idea that causal computational ap-
proaches leveraging digital behavioral traces can shed new light on human dietary behaviors.
Closing the circle, we weigh up the general conclusions, lessons learned, and paths forward.

The results of presented studies offer evidence in favor of feasibility of behavioral changes
via social interventions, and by leveraging disruptions due to crises and exogenous shocks.
Beyond food and dietary behaviors, the methodological contributions—the bias estimation
framework and quasi-experimental study designs—can be applied to studies of human behav-
iors in efforts to mitigate measurement and identification issues, respectively.

In particular, the presented studies make a clear case for the usefulness and potential of
digital traces. Throughout, the connecting thread is that the idea of repurposing—repurposing
the data not meant for scientific research and repurposing unpredictable variation in the
world around us—can lead to powerful ways to study complex phenomena. The scientific
insights we contribute have immediate implications and can inform policy-making and
behavioral interventions. The direct future frontiers leveraging digital trace data include
further establishing and improving the validity of traces, developing new paradigms for data
sharing and deriving universal insights, further discovering the needs, values, and priorities
regarding food offer and consumption, and developing new principles and practices around
ethics and privacy.

The presented studies also made a clear case for adopting causal approaches to analyze digital
traces. Causal approaches allow approximating the experiments we cannot conduct and are a
particularly good fit for making sense of the noisy and imperfect digital traces. Fortunately,
causal approaches tend to benefit from the strengths of digital data. Most importantly, being
“big” allows the identification of strictly comparable units among a large pool. For instance,
hundreds of strictly comparable individuals are identified among tens of thousands of indi-
viduals on campus to study the impact of tie formation. Moreover, the “always-on” property
of digital data enables the identification of exogenous shocks and retroactive analyses of
unintended randomizations. For example, real-time measurements enabled the identification
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of the effect of COVID-19-induced shocks on dietary behaviors. Causal approaches let us
minimize the impact of biasing factors and digital trace limitations while being transparent
about the assumptions and the unobserved biases, carefully considered via causal diagrams
and sensitivity analyses. Consequently, our trace analyses progress far beyond merely restating
the “correlation is not causation” mantra.

Taking a glimpse beyond conducting a stream of empirical investigations, the final aspiration is
to use the digital traces to inform future developments of new data-first, empirically grounded
theories. For instance, regarding the campus-wide setting, there is a need for new theories of
and insights into the social, psychological, behavioral, and organizational phenomena that
surround dietary behaviors in campus contexts, be they educational, corporate, industrial, or
medical campuses. This thesis merely scratches the surface of the range of future possibilities
by demonstrating the potential of computational approaches based on trace data.

At present, much about human behaviors around diets and their relation to health and the
environment remains unknown. We are largely in the dark regarding the precise, complex ways
how our dietary behaviors interact with our mental health (e.g., what are the links between
nutrient deficiencies, dietary inflammation, and mental illnesses [120, 213]), our genetics,
pathogens and the gut microbiome (e.g., what are the links between genetic predispositions,
microorganisms, and food preferences [226]).

Looking ahead, in one way or another, truly resolving causality is key to understanding the
determinants and implications of our dietary behaviors. Evidence reported in this thesis
demonstrates that we should aspire to reach complete answers to such ambitious questions
by leveraging various forms of trace data we leave behind throughout our lives.
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.\ Purchasing mimicry in
food consumption on campus

A.1 Supplementary information and robustness checks

We provide supplementary information and perform analyses that support our main conclu-
sions or provide complementary insights. In Tables A.1, A.3, and A.2, we present co-eating
matrices that outline the dyad frequency among the subset of the studied situations with
available demographic data. The tables illustrate a preference for eating with others of the
same gender, age, and status.

In Figure A.1, we present the effect estimate among the sub-population with available demo-
graphic information. The estimated risk difference across the matched situations is shown
separately, depending on the individuals’ status, age, and gender. Lastly, in Figure A.2, we
present the relative version of the main findings by measuring the relative risk.

A.2 Supplementary analyses

A.2.1 Effect estimate under varying assumptions

We consider how our estimation framework and the subsequent estimates vary as Assumption
1is violated. The alternative DAGs capture the relaxed assumptions. In Figure 5.2, Figures
(b), (c), and (d), we illustrate the variations of the assumed causal relationships where the
Assumption 1 is violated such that the traits of the individuals can influence the observed
purchasing behavior through factors not related to friendship strength S, ;. For a set of
plausible variations, we derive the minimal sufficient adjustment set according to the backdoor
criterion [153]. In particular:

1. Allowing the partner’s eating profile to influence the focal person’s manifested behaviors
through factors not related to friendship strength (Figure 5.2b), the minimal sufficient
adjustment set of variables for estimating the total effect of Y, () on Y}, (1) is {X,,P(£)}.
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2. Allowing the focal person’s eating profile to influence partner’s manifested behaviors
through factors not related to friendship strength (Figure 5.2c), the minimal sufficient
adjustment set of variables for estimating the total effect of Y, (#) on Y}, (#) is { X4, Xp, P(£)}.

3. Allowing both eating profiles to influence both manifested behaviors through factors
not related to friendship strength (Figure 5.2d), the minimal sufficient adjustment set of
variables for estimating the total effect of Y, (¢) on Y, (¢) is { X4, Xp, P (1)}.

Since the scenario depicted in Figure 5.2b is already addressed by our main analysis, we
investigate how robust estimates are when situations are additionally matched on the focal
person’s identity to control for X}, (necessary in variations depicted in Figure 5.2c and Fig-
ure 5.2d). When additionally matching on focal person identity, we obtain the overall risk
difference of 13.35% and findings qualitatively similar findings to our main analyses. Overall,
the conclusions are robust to this choice.

A.2.2 Theimpact of social tie strength

We further investigate the impact of social tie strength. Social tie strength S, ;, is operational-
ized by calculating the fraction of instances when the pair is eating together, out of all instances
when either one is observed eating with someone. In Figure A.3, we demonstrate that risk
difference and risk ratio estimates are the greatest for the highest values of social tie strength.
However, the estimates are significant in all strata of social tie strength, and, at minimum,
focal persons are estimated to be +10% more likely to purchase the food item when the partner
purchases vs. not.

A.2.3 Coordination hypothesis

An alternative hypothesis explaining the observed similarities between adjacent persons in
the purchasing queue is that the two persons coordinated to go for a meal together and agreed
on the food choice before lining up in the purchasing queue. We investigate the presence of
such coordination.

There are 226 pairs of persons A and B such that that are at least ten matched pairs of situations
in order A-B and at least ten matched pairs of situations in order B-A. For each pair, we
independently test the coordination null hypothesis, namely, that the order A-B or B-A does
not matter since similarities come from coordination before making a choice. Under the null
hypothesis, people agree on what to eat before lining up in the queue, so the order of how they
go (A-B or B-A) is arbitrary. When the partner purchases an item, the focal’s probability of
purchasing is the same in two orders since the persons pre-agreed, i.e., purchasing probability
does not depend on the order.

Concretely, there is a set of matched situations in A-B order and a set of matched situations
in B-A order. We calculate the purchasing probability of the focal person in the two sets
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and test the null hypothesis that they are the same. Using a two-sided t-test, we reject the

coordination null hypothesis in 66 pairs out of 226 (29%), with a p < 0.05 threshold. Based
on this investigation, we argue that it is unlikely that pre-purchase coordination can entirely
explain the measured effect in all pairs. Since situations are matched, differences in ordering

likely stem from different mimicry exhibited by person A and person B when they are the focal

person vs. the partner.

Table A.1: Gender co-eating matrix with
condition frequency among the subset of
the studied situations with available de-
mographic data. In rows, the gender of the
focal person, and in columns, the gender
of the partner.

Partner Female Male
Focal person

Female 57.00% 10.65%
Male 12.67% 19.68%

Table A.2: Status co-eating matrix with
condition frequency among the subset of
the studied situations with available de-
mographic data. In rows, the status of the
focal person, and in columns, the status of
the partner.

Partner Staff Student
Focal person

Staff 30.05% 9.63%
Student 9.83% 50.49%

Table A.3: Age co-eating matrix with condition frequency
among the subset of the studied situations with available
demographic data. In rows, the age of the focal person.
In columns, the age of the partner.

23-32 >32

Partner

Focal person

<=22 25.66%
23-32 2.67%
>32 0.02%

2.34% 1.24%
14.21%  9.45%
7.01% 37.40%
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Figure A.1: The estimated risk difference across the matched situations (on the x-axis), de-
pending on the individuals’ status, age, and gender (on the y-axis). The error bars mark 95%
bootstrapped CI. Risk difference estimates are presented in blue. The randomized baseline is
presented in black. In (a) for partner’s and in (b) for focal person’s status. In (c) for partner’s
and in (d) for focal person’s age. In (e) for partner’s and in (f) for focal person’s gender.
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95% bootstrapped CI. Relative risk estimates are colored (blue for lunch where the anchor is
the meal, orange for breakfast and afternoon or evening snack where the anchor is a beverage).
The randomized baseline is presented in black. Note the logarithmic x-axis.
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Figure A.3: In (a), the histogram of the social tie strength between the focal person and the
partner. In (b), the risk difference estimate within the subset of matched situations (on the
y-axis), with the given social tie strengths (on the x-axis). In (b), the risk ratio estimate within
the subset of matched situations (on the y-axis), with the given social tie strengths (on the
x-axis). The shaded areas mark 95% bootstrapped CI.

158



COVID-19-induced shifts
in dietary interests

B.1 Supplementary information and robustness checks

In Figure B.1, we present the detected mobility decreases and increases in the 18 countries.
Table B.1 summarizes the descriptions of food categories and contains examples of popular
foods in each category. We list all fitted coefficients and statistics of our main model in Table
B.4. We provide correlation plots with Pearson correlation coefficient, instead of Spearman
rank correlation coefficient in Figure B.2. Next, we provide our main results obtained with the
RDD model with varying design choices and confirm that the qualitative interpretations of the
effects remain stable under a number of robustness checks.

B.1.1 The impact of model order

We show our main results with a linear model in Figure B.3, and in Figure B.4 with a constant
model, instead of a quadratic model. While quadratic and linear models let us estimate the
short-term effect, with the constant model we estimate the average effect in the entire period,
from the discontinuity, until the bandwidth (K>) weeks after discontinuity. The estimates of the
effect with the constant model are then lower because the weeks when the effect diminishes
are taken into account to calculate the average (see illustration in Figure B.7). While the nature
and the amplitude of the estimated effect vary (i.e., whether the immediate short-term boost
of average boost is captured), most of the conclusions are robust to this choice.

Additionally, for each category of food items, we fit a slightly different model pulling the
interest volume across different countries, but with an added country-specific offset, that
lets us measure effect across all countries. In Table B.5, as a robustness check, we show the
food categories ranked by effect size pulled across countries, estimated with a constant, linear,
and quadratic model. The rank between categories is strongly correlated (Spearman rank
correlation 0.95 (p = 3.7 x 10~!%) between constant and linear, 0.89 (p=3.2x 10719 between
constant and quadratic, and 0.94 (p = 8.7 x 10~'#) between linear and quadratic models.
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In Figure B.5, we show how the quadratic model fits the temporal evolution in the case of
pastry and bakery category, in 18 countries. We also show linear (Figure B.6) and constant fit
(Figure B.7) for comparison.

B.1.2 Theimpact of bandwidth

In Figure B.8, we study the impact of the choice of the bandwidth max(#min, fmax) = 30 and the
choice of the degree of the model. We observe that for a sufficiently large bandwidth, all four
models estimate a similar effect, and the choice of bandwidth does not matter as the estimates
converge.

B.1.3 Modeling interest share

We show our main results with the same model, but the dependent variable being the weekly
share of interest in Figure B.9. This way, we control for overall increased interest in all cate-
gories. This analysis provides an alternative view. We see that the share of volume decreases
significantly for foods whose growth is not proportional to the growth of the foods that experi-
ence major surges of interest.

B.2 Supplementary analyses

We perform supplementary analyses that support our main conclusions or provide comple-
mentary insights. In Figure B.10 we show short-term effects estimated with quadratic model,
grouped by country. In each country, the gray line represents the overall country-specific
short-term effect, that is the increase in interest in all food entities. Finally, we explore the
effect of the second mobility decrease in Figure B.11, and we present the long-term effects in
Figure B.12.
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Table B.1: Summary of the 28 food entity categories. For each category, we present the category
description, the number of entities in the category (Number), and category size (Size) that is
the fraction of search interest covered by the category, on average, in the 18 studied countries
in 2019 and 2020. Additionally, for each category, we show top 10 individual entities by the
rank of the volume in average across 18 studied countries, in 2019 and 2020.

Category [ Description [ Number [ Size
beef dish food preparation based on beef 51 3.6%
Top 10 entities: Hamburger, Beef, Steak, Meatball, Meatloaf,
Beef Stroganoff, Fajita, Beef mince, Sirloin steak, Big Mac
chicken dish food preparation based on chicken 37 3.3%
Top 10 entities: Chicken meat, Chicken nugget, Fried chicken, Chicken curry, Chicken soup
Hendl, Butter chicken, Chicken tikka masala, Barbecue chicken, Cordon bleu
pork dish food preparation based on pork 45 2.1%
Top 10 entities: Pork, Ham, Bacon, Hot dog, Pork chop,
Gyro, Pork tenderloin, Pork belly, Pulled pork, Schnitzel
lamb dish food preparation based on lamb 17 0.5%
Top 10 entities: Lamb and mutton, Shawarma, Doner kebab, Mechoui, Sfiha,
Rogan josh, Cig kofte, Kokoretsi, Pasanda, Arrosticini
fish dish type of dish comprised of fish 57 1.8%
Top 10 entities: Tuna, Caviar, Salmon, Cod, Squid,
Sardine, Catfish, Crayfish, Tempura, Smoked salmon
sausage food usually made from ground meat with a skin 16 0.6%
around it
Top 10 entities: Sausage, Salami, Chorizo, Bratwurst, Mortadella,
Black pudding, 'Nduja, Sujuk, Boudin, Andouille
pasta, pizza and noodle dish Ttalian food made from flour and water and shaped in 95 6.9%
different forms, usually cooked and served with a sauce, or a
dish made with pasta, or other type of staple food made from
some type of unleavened dough
Top 10 entities: Pizza, Pasta, Spaghetti, Lasagne, Noodle,
Carbonara, Gnocchi, Macaroni, Penne, Ravioli
potato dish type of food based on potatoes 27 1.0%
Top 10 entities: French fries, Mashed potato, Gratin, Baked potato, Tortilla de patatas,
Potato, Potato pancake, Sunday roast, Tater Tots, Patatas bravas
rice dish a type of dish made of rice 49 3.8%
Top 10 entities: Rice, Sushi, Risotto, Fried rice, Basmati,
Paella, Biryani, Bento, Pilaf, White rice
egg dish a type of dish made of eggs 22 2.6%
Top 10 entities: Egg, Boiled egg, Omelette, Quiche, Scrambled eggs,
Poached egg, Frittata, Eggs Benedict, Deviled egg, Egg roll
stew combination of solid food ingredients that have been cooked 24 0.4%
in liquid and served in the resultant gravy
Top 10 entities: Stew, Ratatouille, Jambalaya, Dolma, Gumbo,
Sambar, Cassoulet, Blanquette de veau, Irish stew, Bigos
soup primarily liquid food 55 2.7%
Top 10 entities: Soup, Broth, Ramen, Miso, Pho,
Hot pot, French onion soup, Goulash, Cream of mushroom soup, Minestrone
bread and flatbread staple food prepared from a dough 31 2.7%
Top 10 entities: Bread, Pita, Bagel, Baguette, Sourdough,
Naan, Pretzel, Focaccia, Bruschetta, White bread
sandwich two slices of bread with filling in between them 20 0.5%
Top 10 entities: Sandwich, Panini, Corn dog, Croque-monsieur, Banh mi,
BLT, Tuna fish sandwich, Peanut butter and jelly sandwich, Filet-O-Fish, Bocadillo
salad dish consisting of a mixture of small pieces of food, usually 24 1.7%
vegetables or fruit
Top 10 entities: Salad, Lettuce, Potato salad, Caesar salad, Pasta salad,
Tabbouleh, Greek salad, Romaine lettuce, Insalata Caprese, Olivier salad
cheese yellow or white, creamy or solid food made from the pressed 90 2.9%
curds of milk
Top 10 entities: Cheese, Mozzarella, Cream cheese, Parmigiano-Reggiano, Ricotta,
Feta, Cheddar cheese, Fondue, Mascarpone, Cottage cheese
sauce liquid, creaming or semi-solid food served on or used in 60 3.5%
preparing other foods
Top 10 entities: Sauces, Mayonnaise, Pesto, Dip, Mustard,
Tomato sauce, Bechamel sauce, Bolognese sauce, Soy sauce, Gravy
snack portion of food, often smaller than a regular meal 20 1.8%
Top 10 entities: Peanut, Popcorn, Hummus, Cashew, Tapas,
Pistachio, Guacamole, Nachos, Cracker, Edamame
vegetable and legume edible plant or part of a plant, involved in cooking 85 9.5%
Top 10 entities: Vegetable, Tomato, Sweet potato, Onion, Cucumber,
Spinach, Eggplant, Cauliflower, Cabbage, Asparagus
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fruit food, edible in the raw state 63 9.9%
Top 10 entities: Apple, Lemon, Pineapple, Avocado, Grape,
Mango, Watermelon, Cherry, Strawberry, Banana
herb plant part used for flavoring, food, medicine, or perfume 29 2.2%
Top 10 entities: Lavender, Basil, Herb, Rosemary, Celery,
Coriander, Parsley, Eucalyptus, Peppermint, Liquorice
spice dried seed, fruit, root, bark, or vegetable substance primarily 38 5.1%
used for flavoring, coloring or preserving food
Top 10 entities: Garlic, Table salt, Chili pepper, Ginger, Spice,
Turmeric, Vanilla, Cinnamon, Common Fig, Black pepper
soft drink non-alcoholic drink, often carbonated (sparkling) 27 2.1%
Top 10 entities: Coca-Cola, Juice, Soft drink, Cola, Lemonade,
Orange juice, Tonic water, Energy drink, Iced tea, Apple juice
wine, beer and liquor alcoholic drink, alcoholic drink typically made from grapes, 46 6.6%
or alcoholic beverage that is produced by distilling
Top 10 entities: Wine, Vodka, Beer, Alcoholic beverage, Rum,
Gin, Champagne, Tequila, Red Wine, Sake
cocktail alcoholic mixed drink 142 1.3%
Top 10 entities: Cocktail, Mojito, Martini, Sour, Margarita,
Gin and tonic, Pina colada, Mimosa, Spritz, Bloody Mary
pie baked dish usually made of a pastry dough casing, containing a filling 20 1.3%
of various sweet or savoury ingredients
Top 10 entities: Pie, Tart, Apple pie, Cottage pie, Pumpkin pie,
Borek, Tarte Tatin, Meat pie, Banoffee pie, Lemon meringue pie
pastry and bakery product various baked products made of dough 40 1.5%
Top 10 entities: Baking powder, Pastry, Baker's yeast, Puff pastry, Brioche,
Samosa, Filo, Ice cream cone, Choux pastry, Cannoli
dessert course that concludes a meal; usually very sweet 202 18.2%

Top 10 entities:

Cake, Chocolate, Ice cream, Honey, Pancake,
Biscuit, Cookie, Doughnut, Cupcake, Chocolate brownie
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dashed lines.

Table B.5: The impact of model order. Food categories, ranked by short-term effect sizes in
decreasing order, estimated with a constant, linear, and quadratic model.

Rank [ Constant model [ Linear model [ Quadratic model

1 pastry and bakery product pastry and bakery product pastry and bakery product
2 pie pie bread and flatbread

3 dessert bread and flatbread potato dish

4 sauce potato dish pie

5 potato dish dessert dessert

6 bread and flatbread sauce cheese

7 chicken dish chicken dish sauce

8 stew cheese chicken dish

9 egg dish vegetable and legume pork dish

10 vegetable and legume egg dish sausage

11 cheese pork dish stew

12 fruit pasta, pizza and noodle dish | pasta, pizza and noodle dish
13 herb fruit egg dish

14 spice stew vegetable and legume
15 sausage rice dish fruit

16 rice dish spice rice dish

17 pasta, pizza and noodle dish | herb fish dish

18 fish dish sausage beef dish

19 pork dish fish dish spice

20 salad snack herb

21 snack beef dish soup

22 beef dish salad snack

23 sandwich sandwich salad

24 soft drink soup lamb dish

25 soup soft drink soft drink

26 lamb dish wine, beer and liquor wine, beer and liquor
27 wine, beer and liquor cocktail cocktail

28 cocktail lamb dish sandwich
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Figure B.2: Pearson’s correlation coefficient between mobility and interest volume. In (a),
correlation for categories of food entities, and in (b), for ways of accessing food. For each
group, n = 18 values represent correlation coefficient (calculated based on n = 46 samples
corresponding to weeks of 2020). The boxplot summarizes the value across 18 countries.
Significant correlations (p < 0.05), according to a two-sided hypothesis test whose null hy-
pothesis is that interest and mobility are uncorrelated, are marked in blue, and not significant
in orange. No adjustments for multiple comparisons are made. Boxplots represent the 50th
(center line), 25th and 75th percentile (box limits). The whiskers extend to the minimum and
maximum values but no further than 1.5 times IQR.
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Figure B.3: Short-term effects estimated with a linear model. For each country (n = 18), for
each food access mode (in (a), n = 4) and food category (in (b), n = 28), model (Equation 6.1)
is fitted on n = 82 samples. Bars represent effect estimates (coefficient a estimated with
our RDD-based model). Error bars mark 95% confidence intervals. Purple marks significant
positive (p < 0.05), yellow significant negative (p < 0.05), and grey marks non-significant
effects.
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Figure B.4: Short-term effects estimated with a constant model. For each country (n = 18), for
each food access mode (in (a), n = 4) and food category (in (b), n = 28), model (Equation 6.1)
is fitted on n = 82 samples. Bars represent effect estimates (coefficient a estimated with
our RDD-based model). Error bars mark 95% confidence intervals. Purple marks significant
positive (p < 0.05), yellow significant negative (p < 0.05), and grey marks non-significant

effects.
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Figure B.5: Example of the quadratic model fit. On x-axis weeks, relative to the week of mobility
decrease, on y-axis the interest volume. Error bars mark 95% confidence intervals of the model
fit. @ and B are fitted coefficients. Note the varying y-scales.
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Figure B.6: Example of the linear model fit. On x-axis weeks, relative to the week of mobility
decrease, on y-axis the interest volume. Error bars mark 95% confidence intervals of the model
fit. « and f are fitted coefficients. Note the varying y-scales.
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Figure B.9: Short-term effects on the share of interest, estimated with a quadratic model. For
each country (n = 18), for each food access mode (in (a), n = 4) and food category (in (b),
n = 28), model (Equation 6.1) is fitted on n = 82 samples. Bars represent effect estimates (coef-
ficient a estimated with our RDD-based model). Error bars mark 95% confidence intervals.
Purple marks significant positive (p < 0.05), yellow significant negative (p < 0.05), and grey
marks non-significant effects.
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Figure B.11: Short-term effects estimated with a quadratic model, in the second wave. For each
country (n = 6), for each food access mode (in (a), n = 4) and food category (in (b), n = 28),
model (Equation 6.1) is fitted on n = 82 samples. Bars represent effect estimates (coefficient
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non-significant effects.
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Figure B.12: Long-term effect of mobility decrease on food interests. In case the interest did not
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