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Abstract

Although there has been a proliferation of research and policy work into how nudges
shape people’s behaviour, most studies stop far short of consumer welfare analysis. In
the current work, we critically reflect on recent efforts to provide insights into the con-
sumer welfare impact of nudges using willingness to pay and subjective well-being reports
and explore an unobtrusive approach that can speak to the immediate emotional impacts
of a nudge: automatic facial expression coding. In an exploratory lab study, we use facial
expression coding to assess the short-run emotional impact of being presented with cal-
orie information about a popcorn snack in the context of a stylised ‘Cinema experience’.
The results of the study indicate that calorie information has heterogeneous impacts on
people’s likelihood of choosing the snack and on the emotions they experience during
the moment of choice which varies based on their level of health-consciousness. The
information does not, however, affect the emotions people go on to experience while view-
ing movie clips, suggesting that the emotional effects of the information are short-lived.
We conclude by emphasising the potential of automatic facial expression coding to pro-
vide new insights into the immediate emotional impacts of nudges and calling for further
research into this promising technique.
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Introduction

Behaviourally informed approaches to public policy have gained traction over the past
decade (OECD, 2017; Troussard & Van Bavel, 2018), especially choice-preserving
interventions that steer people’s behaviour in specific directions (Thaler &
Sunstein, 2009; Loewenstein & Chater, 2017). Despite the proliferation of such
‘nudges’, most evaluations of these interventions stop far short of a consumer welfare
analysis, most commonly presenting the magnitude of behaviour change achieved or
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less frequently a form of cost-effectiveness analysis based on the resources used or
saved by the nudge (Benartzi et al., 2017).

Where attempts have been made to provide further insights into consumer welfare
effects, they have used proxy measures of welfare, such as willingness to pay (WTP)
(Allcott & Kessler, 2019; Rafiq, 2021) or elicited the short-term emotional impacts of
an intervention using measures of subjective well-being (SWB) (Thunstrém, 2019).
Asking about WTP and SWB yields important insights into the potentially heteroge-
neous effects of an intervention, but the self-reported nature of the data means that
they are vulnerable to a host of reporting biases.

In this article, we explore an unobtrusive approach that sheds new light on the
immediate emotional effects of nudges — an important component of their consumer
welfare impact that has previously been assessed using self-report measures. Our
approach involves using automatic facial expression coding to capture the immediate
emotional impacts of behavioural interventions. Facial expression coding technology
can read expressions via built-in webcams when people engage with tasks on a com-
puter screen in the lab or the wild. Automatic facial expression coding is increasingly
used to capture individuals® emotions for a variety of purposes, including marketing
research where it has been used to measure individuals’ responses to online advertis-
ing (Teixeira et al., 2012); clinical settings where it has been used to monitor patients’
depression symptoms (Girard et al., 2013); and public policy research to assess indi-
viduals’ responses to bureaucratic red tape (Hattke et al., 2020). Automatic facial cod-
ing has not yet been used to examine people’s emotional responses to behaviourally
informed interventions, including nudges.

In the current work, we study the immediate emotional impact of a behavioural
intervention that has been incorporated into policy in the US since 2014: namely,
the mandatory provision of calorie information on movie theatre snack menus (US
Food and Drug Administration, 2014). In an exploratory study, we invited partici-
pants to a ‘Cinema experience’ involving the screening of short movie clips. Before
the screening, we offered the participants high-calorie sweet and salty popcorn,
and randomly exposed them to see or not to see calorie information about the pop-
corn. Our key outcomes of interest are (1) people’s choice about whether to have the
popcorn, reflecting a standard ‘behavioural’ outcome and (2) the percentage of time
spent in a negative emotional state during the moment of choice and subsequently
while watching movie clips, both captured through automatic facial expression cod-
ing. We also use a survey measure to assess the potential role of health-consciousness
as a moderator of the behavioural and emotional effects of being presented with the
calorie information.

We find that, on average, presenting people with calorie information does not
affect either their choice to have popcorn or the negative emotions they experience
while making the choice. When we examine how the treatment interacts with people’s
health-consciousness, however, striking differences emerge. We find that the behav-
iour of health-conscious people is unaffected by being presented with calorie infor-
mation. In other words, the nudge does not work as intended for these people.
This finding is in line with some previous research into calorie labelling (Ellison
et al., 2013) and may be explained by the idea that the health-conscious are already
more knowledgeable about nutrition and aware of the unhealthy nature of the snack
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on offer. Interestingly, though, the messaging does take a short-lived emotional toll
on this group: health-conscious people experience higher levels of negative affect dur-
ing the moment of choice when presented with the calorie information but not sub-
sequently while watching the movie clips. These are significant findings, confirming
that whatever the effect of a nudge on behaviour, it can also produce immediate nega-
tive emotional consequences (Thunstrom, 2019).

In contrast, we find that, for the less health-conscious participants, being exposed
to the calorie information significantly decreases their likelihood of choosing the pop-
corn, which means that the nudge changes the behaviour of those that calorie label-
ling laws are often trying to influence. At the same time, the intervention does not
come at an immediate emotional cost to these people. It follows that there are no
adverse emotional effects, at least immediate ones, to counter the beneficial health
effects. Taken together, the results of this exploratory study demonstrate the ability
of automatic facial coding data to provide valuable insights into heterogeneous emo-
tional responses to behavioural interventions.

In what follows, we first review existing approaches to provide insights into the
consumer welfare effects of nudges. We then present the methods and results of
our exploratory ‘Cinema experience’ study which uses automatic facial coding to
examine the immediate emotional responses to calorie information. Finally, we dis-
cuss the results and their limitations, and make some recommendations for future
work examining the emotional impacts of nudges that build on our findings.

Existing approaches to provide insights into consumer welfare effects of nudges

Assessing the consumer welfare impacts of nudges requires a clear understanding of
the much-disputed idea of ‘welfare’. There are diverse philosophical perspectives on
this question, with responses, broadly speaking, falling into three categories: the
objective list account, the preference satisfaction account, and the mental state
account (Adler, 2019). Under the objective list account, people’s welfare is dependent
on the extent to which their lives contain a list of things that are considered to be
objectively good for human beings, such as good health and education.
Approaches that have focused on the magnitude of behaviour change achieved by
an intervention could be seen to fit within an objective list account insofar as the tar-
get behaviour falls on such a list (again, such as good health and education).

Recent efforts to provide insights into the consumer welfare effects of nudges fit
most easily with accounts that rely on preference satisfaction or mental states.
WTP falls under a preference satisfaction account of well-being — the most commonly
accepted account of welfare in economics. This account holds that people are better
off when they get more of what they prefer, with WTP measures providing proxy
measures of the strength of those preferences. SWB measures, on the other hand,
reflect a mental state account of well-being. This account posits that people are better
off when they feel better. Reflecting this account, SWB measures are commonly used
within psychology and increasingly economics to proxy how people feel (Dolan &
Metcalfe, 2012). Given that there is significant disagreement about the relative merits
of the different accounts of welfare, examinations of the consumer welfare effects of
nudges that adopt different perspectives can provide valuable insights.
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Willingness to pay

A standard economic approach to consumer welfare effects, used in Allcott and
Kessler (2019), involves WTP. WTP is, of course, the measure of valuation in actual
markets and, in hypothetical forms, it has also been used to value non-market goods,
particularly in environmental economics (Atkinson et al., 2012). In principle, it
should capture everything that matters, that is, the entire welfare effect (at least if
we indulge the admittedly unrealistic assumption that consumers are perfectly
informed and free from behavioural biases; we will return to that assumption). If con-
sumers are willing to pay a specified amount for shoes or sneakers, or for (say) infor-
mation about fuel economy, that amount (given an individual’s marginal utility of
income) should capture both the positive and negative welfare effects of shoes or
sneakers, or information about fuel economy.

Against this background, Allcott and Kessler (2019) use incentive-compatible WTP
estimates to explore the consumer welfare impacts of receiving a home energy report
that compares people’s consumption to that of their neighbours - a classic nudge
based on social norms. Their results find that traditional estimates, based on average
economic savings, greatly overstate the benefits of these reports (estimating them to
be approximately six times higher). The difference is driven by the fact that many peo-
ple are willing to pay far less than the average economic savings that come from the
nudge. Indeed, many would pay not to receive it at all. An important implication is
that the potential economic savings provided by an informational nudge may overstate
the welfare benefits of that nudge. This is because people might not enjoy receiving it,
and/or might not enjoy engaging in the work that is necessary to obtain those savings.

In many contexts, WTP may be the best available measure of likely consumer wel-
fare effects, but for informational nudges, it may not be sufficiently reliable (Sunstein,
2019). The most fundamental reason is that WTP requires us to solve a prediction
problem, and people may not be in a good position to solve that problem. When peo-
ple lack information or suffer from a behavioural bias, it is difficult for them to gen-
erate numbers that capture the actual welfare effects of receiving that information. To
know the value of a home energy report, for example, one needs to know something
about its likely effects, and many people lack the requisite foresight. Thunstrom
(2019) finds that people are, on average, willing to pay $0.39 for calorie information.
But what is the information on which they base that estimate? What do they know,
for example, about the effects of high-calorie selections?

A similar problem impacts upon the use of WTP to specify the value of many
nudges that we may be interested in evaluating, for example, information-based
nudges such as social norms-based messages around healthy eating (Stok et al,
2014) or a framing effect in climate change communication (Spence & Pidgeon,
2010). Given that most preference satisfaction accounts require that preferences are
adequately informed (see Harsanyi, 1985), it is hard for people to estimate a WTP
value for information that they lack, or for experiences they are yet to have.

Subjective well-being

Subjective well-being is an umbrella term that encompasses both individuals’ reports
about how they think about their lives and their feelings as they go about them
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(Diener et al., 2006). While evaluative measures of SWB, such as life satisfaction, can
be understood as hybrid measures that reflect both people’s preferences and their
mental states, experiential measures, like self-reported happiness or anxiety in the
moment, more closely approximate people’s emotional experiences, and thus a men-
tal state account of welfare. Thunstrém (2019) introduces experiential SWB measures
into the evaluation of immediate emotional impacts of a behavioural intervention —
an important short-run component of consumer welfare effect but, importantly, not
the entire welfare impact. In this work, Thunstrom demonstrates that the presentation
of calorie labels has heterogeneous effects on people in terms of both their hypothet-
ical choices and their SWB, identifying self-control as an important moderator.

Many people consider SWB measures to capture reliable and useful information
about individuals’ experienced well-being (Stone & Mackie, 2013). This view is sup-
ported by evidence showing that SWB measures have reasonable test-retest scores
(Krueger & Schkade, 2008) and that they are positively correlated with things that
could be considered proxy measures for well-being, such as how often individuals’
smile (Ekman et al., 1990), as well as friends, family members, and clinical experts’
ratings of their well-being (Frey & Stutzer, 2002; Schneider & Schimmack, 2009).
SWB measures are also negatively associated with cortisol levels (Steptoe et al.,
2005), hypertension (Blanchflower & Oswald, 2008), and suicide rates (Koivumaa-
Honkanen et al., 2001).

SWB measures provide valuable information, but they should be approached with
caution. A measure of self-reported well-being is not a direct measure of people’s
emotional state. With respect to happiness, for example, people might say that they
are at 5 on a scale of 1-7, which is surely informative, but it is not entirely clear
what the actual number means. The challenge becomes even harder when the goal
is to assess the emotional impacts of an intervention (such as a fuel economy
label) whose effect, even if real, is likely to be relatively small and short-lived.

SWB measures are also subject to reactivity effects when the act of asking people
about their emotions influences how they report feeling. These effects can come about
due to social desirability bias if people exaggerate (or downplay) the emotional
impacts of an intervention if they feel they ought to be (ought not to be) affected
and perceive being so as socially desirable (Krumpal, 2013). They can also occur if
the act of asking the SWB questions artificially focuses attention on the intervention
causing a form of focusing illusion (Kahneman et al., 2006). Finally, when both WTP
and SWB reports are elicited in response to hypothetical choices they are also vulner-
able to hypothetical bias, as hypothetical WTP responses are not incentive compatible
(Murphy & Stevens, 2004) and people may commit affective forecasting errors when
reporting the emotions they expect to experience during a hypothetical or future
scenario (Wilson & Gilbert, 2005).

Facial coding

In the current work, we explore an unobtrusive technique that can provide insights
into the immediate emotional impacts of nudges: automatic facial expression coding.
Automatic facial expression coding represents a technologically advanced alternative
to the long-established Facial Action Coding System (FACS), which was first
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developed in 1976 (Ekman & Friesen, 1976). FACS is a fully standardised classifica-
tion system of facial expressions, used by trained human coders to analyse videos of
people’s faces and describe the occurrence of facial expressions.

In contrast, automatic facial coding is based on machine learning algorithms that
have been trained on large databases of facial expressions to analyse emotions in the
face (Imotions, 2017). A growing body of literature has explored whether automatic
facial coding can reliably detect emotions and how it compares to previously estab-
lished methods. This research literature suggests that the performance varies signifi-
cantly across software (Dupré et al., 2020) Affectiva — the software used in the current
work has been shown to be able to recognise emotions from both photographs and
videos (Stockli et al., 2018). For example, Stockli et al. (2018) report a performance
index of 73% on photographs. This is reported to be within the typical performance
range for human coders range of 60% and 80% (Nelson & Russell, 2013). StocKli et al.
(2018) further documented that Affectiva classifies videos of emotional responses to
emotionally evocative pictures — much like the treatment explored in the current work
- with the correct valence 57% of the time. Importantly, and in particular, as we focus
on negative affect in the current work, Affectiva was found to accurately classify 17%
positive responses and 97% of negative ones. Affectiva has also been shown to gen-
erate values that correlate highly with those generated through electromyography -
the current psychophysiological gold standard (Kulke et al., 2020).

The above research suggests that Affectiva represents a useful tool to inquire into
people’s emotions based on their facial expressions. However, other research has
raised important issues around the ability of automatic facial coding to pick up cross-
cultural differences (Srinivasan & Martinez, 2018), potential biases within the esti-
mates in relation to ethnicity (Rhue, 2018) and the need for further research into nat-
urally occurring emotional facial reactions (Dupré et al., 2020). The analysis in the
current work is subject to all of these limitations and represents initial exploratory
work using this fast-developing technology.

The major advantages of automatic facial coding over FACS-based analysis are that
it is far less time consuming and that it does not require a high level of expertise to
carry out the analysis. These advantages are of relevance when considering the poten-
tial applicability of this technique to the examination of the immediate emotional
impacts of nudges in a policymaking setting.

Automatic facial coding also has both disadvantages and advantages over the exist-
ing approaches that have been used to provide insights into the consumer welfare
effects of nudges. On the negative side, in contrast with WTP measures, which in the-
ory assess the entire welfare effects of nudges, automatic facial coding only provides
insights into people’s immediate emotional responses. Moreover, in comparison with
SWB measures which can be captured via surveys, automatic facial coding requires
access to more advanced technology which can be costly.

On the positive side, automatic facial coding does not require the kind of informa-
tion and foresight necessary to ensure that a WI'P measure accurately captures actual
consumer welfare effects. Moreover, in contrast to the SWB approach, facial coding is
by its nature less vulnerable to reactivity effects and biases such as social desirability
bias and focusing effects. A further advantage of facial coding is that it allows for the
continuous monitoring of individuals’ emotions while they are exposed to the nudge
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and during follow-up experiences, facilitating the examination of the longevity of the
emotional impacts of the nudge in question for as long as their facial expressions are
captured. These advantages arise from the fact that facial coding can capture people’s
emotional responses to stimuli over time, rather than asking them to report prefer-
ences over a hypothetical experience or prior to an experience as is typically the
case with WTP measures or interrupting people’s experiences to ask them their feel-
ings about them as SWB reports necessitate.

An exploratory study

We carried out an exploratory study that uses automatic facial expression coding to
capture the emotional impacts of a behavioural intervention of widespread interest:
the presentation of calorie information about an unhealthy popcorn snack in the con-
text of a cinema experience. We use this approach to assess the immediate emotional
impacts of the nudge during the period in which people are subject to it and during
their experiences directly post-exposure. Negative emotions are understood to occur
in response to being presented with tempting goods, involving short-term rewards
coupled with larger long-term costs, as a part of a self-regulation strategy
(Lowenstein & O’Donoghue, 2006). If participants in the study are tempted by the
unhealthy popcorn snack, they may respond negatively to information that highlights
its calorie content, including experiencing negative emotions such as anticipated
regret or guilt. Importantly, we would not expect nutritional information in general
to evoke negative emotions. Indeed, existing research based on self-reported emo-
tional responses to a healthy food product found that people who were presented
with nutritional information about its health benefits reported higher levels of posi-
tive emotion than those who did not see the information (Lagerkvist et al., 2016).
Given the popcorn on offer in the current experiment was unhealthy, being high
in calories, fat sugar, and salt, we use automatic facial coding to explore whether
information on its nutritional content evokes negative emotional responses.

Method

In Summer 2018, participants were recruited to take part in a study on video footage
and decision making from the participant pool of the Behavioural Research Lab at the
London School of Economics and Political Science. A total of 107 people participated
in the study.

Upon arrival at the lab, we briefed all participants on the use of webcams, and they
provided consent to participate in the study and for their facial expressions to be cap-
tured on camera and later analysed using automatic facial expression coding software.
We then provided participants with instructions on how to adjust their chair height
and seating position to ensure that their faces were in clear view of the webcams.
Before beginning, we checked the video stream of all participants to confirm that
their webcam and seating position allowed us to capture their facial expressions
clearly.

We introduced all students to the ‘Cinema experience’, which we explained would
involve viewing video clips of movies that they may or may not have seen before. The
two movie clips were from the 2008 movie Wall-E and the 1993 movie Searching for
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Energy Calories Fat Carbohydrates Sugar Salt
1700 kJ 405.9 16.2¢g 56.9g 243g 13g

Figure 1. Nutritional Information Presented in the Treatment Condition.

Bobby Fischer. The emotions elicited by these clips have been investigated in previous
research, with the two clips being rated highly for happiness and calmness, respect-
ively (Gabert-Quillen et al., 2015). We also made participants aware that they had the
option of choosing to have a free packet of sweet and salty popcorn as part of the
experience. The study design represents a simple experiment with participants ran-
domly allocated to be in either the treatment or control group. We carried out our
analysis on the videos for the three key time periods of interest. Six observations
were excluded from the analysis due to poor data quality, leaving a complete sample
of 101 people (1 =48 in the treatment and n =53 in the control group).

In the treatment group, participants were presented with the nutritional informa-
tion about the packet of popcorn on offer on-screen (see Figure 1). The packet of
popcorn contained 405.9 calories or 18% of an average female adult’s daily allowance.
We took these figures from the original nutritional information provided on the
packet of popcorn, which we concealed on all of the physical packets of popcorn
on offer. In the control group, no information was available about the nutritional
content of the popcorn until after the popcorn choice and movie clips.

The choice of whether to have the popcorn or not was assessed by the individuals’
binary response to being offered the popcorn on screen. Participants that chose the
snack were given a bag of the popcorn displayed on screen. The webcams captured
video footage of the facial expressions of the participants throughout the experience.
Clips relating to three key periods were analysed using the automatic facial coding:
(1) the percentage of time spent in a negative emotional state during the choice of pop-
corn; (2) the percentage of time spent in a negative emotional state during the first
movie clip from Wall-E; and (3) the percentage of time spent in a negative emotional
state during the second movie clip from Searching for Bobby Fischer. Importantly, as
participants were allowed to take unfinished popcorn with them when they left the
laboratory, we are not able to track their emotions throughout the consumption or dis-
posal of the snack. As a result, we do not claim to capture the entire emotional effects of
intervention but rather only the immediate emotional responses to the nudge and the
experiences directly after exposure while their facial expressions were still being captured.

The footage was analysed in the biosensor platform Imotions using the facial
expression coding software Affectiva. This software has been used in publications
on a range of topics including, for example, socially transmitted placebo effects
(Chen et al., 2019) and the impact of safety system warnings on people’s emotions
(Fahim et al., 2019). The percentage of time spent in a negative emotional state
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was calculated by Affectiva software according to the amount of time displaying nega-
tive emotion out of the total time recorded for stimulus. The software bases its pre-
diction of negative emotion on its detection of the facial action units including inner
brow raise, brow furrow, and lip press, for example. It then applies a confidence
threshold to provide an estimate of the duration of the negative emotional response
to the stimuli. The total time varied across stimuli: people viewed the screen with the
nutritional information for an average of 34 s for the nutritional information, while
both film clips were over 2 minutes.

We also collected a range of demographic information and an answer to a question
that has been used in the existing literature to measure individuals’ health-
consciousness: their agreement with the statement ‘Living life in the best possible
health is very important to me’ (Dutta-Bergman, 2004; Dutta, 2007). We measured
health-consciousness on a Likert scale and then we split responses at 3 as a score
of 4 or above indicated that people agreed either agree or strongly agree with the state-
ment. See Table Al of the Appendix for descriptive statistics. The choice of popcorn
was modelled using a binary logistic regression and all other outcomes were examined
using ordinary least squares regression in Stata 15. The treatment and control groups
were balanced across age, gender, and whether the participants reported having a uni-
versity degree (see Table Appendix Table A2).

Results

In the analysis, we explore the impact of the treatment on three outcomes of interest:
the choice, the negative emotion during the moment of choice, and the negative emo-
tion beyond the moment of choice while watching film clips.

The impact of the treatment on choice

Opverall, the results indicate that being shown information about the popcorn’s nutri-
tional content has no significant impact on people’s likelihood of choosing the pop-
corn (Model I). Looking at interactions between the treatment and the participants’
health-consciousness, however, we find weak evidence that being shown the nutri-
tional information reduces the likelihood of choosing popcorn among the
non-health-conscious: those who do not report that living life in the best possible
health is important to them (multiplying the odds by 0.214, significant at the 10%
level). By contrast, being shown the nutritional information does not reduce the like-
lihood of choosing popcorn among the health-conscious (those who agree with the
statement) (Model II).

The impact of the treatment on experienced well-being during choice

Looking at the overall sample, the results indicate that the treatment had no signifi-
cant impact on people’s negative emotions (Model III). This overall null effect disap-
pears, however, when we examine interaction effects between the treatment and
whether people report being health-conscious. For those who are health-conscious,
the information increases the percentage of time spent in a negative emotional
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state by 3.5% (significant at the 5% level). By contrast, the information does not affect
the non-health-conscious (Model IV).

The impact of the treatment on experienced well-being beyond the moment of
choice

We then investigate whether the impact of the treatment on people’s emotions lasts
beyond the moment of choice, spilling over into the people’s levels of negative emo-
tion during the subsequent film clips. On average, the percentage of time spent in a
negative emotional state during each of the two film clips is unaffected by the pres-
entation of calorie information (Models V and VII) and there is no significant inter-
action between the treatment effect and health-consciousness (Models VI and VTIII)
(Table 1).

Discussion
The current work

Some recent evaluations of nudge-type interventions have sought to go beyond cap-
turing behavioural impacts to provide insights into how such interventions affect an
individual’s welfare (Allcott & Kessler, 2019; Rafiq, 2021; Thunstrém, 2019). To date,
these efforts have involved eliciting either WTP or SWB reports. In the current work,
we focus on an important component of the consumer welfare effects of nudges: their
immediate emotional impacts. We explore the usefulness of automatic facial expres-
sion coding in shedding light on these impacts. This approach offers some advantages
over existing methods in contexts where: (1) we have good reasons not to trust peo-
ple’s WTP reports as indicators of the welfare impacts of nudges, perhaps because of
inadequate information; and (2) we have good reason to think that SWB measures
potentially provides an inaccurate or biased picture, perhaps because of reactivity
effects. Importantly, facial coding also facilitates the examination of the longevity
of emotional responses to nudges.

In an exploratory study, we use automatic facial coding to gain insights into the
immediate emotional impacts of a specific nudge: we present people with nutritional
information about sweet and salty popcorn on offer as part of a ‘Cinema experience’.
The study represents a stylised representation of a real-world regulation — the man-
datory provision of calorie information on cinema theatre menus — that exists in the
US (US Food and Drug Administration, 2014). We explore whether the nutritional
information we present affects people’s propensity to choose to have popcorn and
whether that information affects the percentage of time they spend in a negative emo-
tional state during the choice and during their subsequent experiences watching
movie clips.

The results of the study indicate that on average the intervention has no impact on
people’s consumption. In subgroup analysis, however, we find that seeing the nutri-
tional information significantly affects the choices of those who do not report being
health-conscious, leading them, perhaps counterintuitively, to make healthier choices.
Similarly, in a study on calorie labels in restaurants, Ellison et al. (2013) found that
labels worked best on the least health-conscious and that numeric labels (such as the
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Table 1. The impact of the treatment on choice and negative emotion.

Model | Model II Model I Model IV Model V Model VI Model ViI Model Vi
Negative

Chose popcorn Chose popcorn Negative emotion Negative emotion Negative emotion emotion Negative emotion Negative emotion
Variables (Odds ratio) (Odds ratio) during choice during choice during Wall-E during Wall-E during Bobby during Bobby
Treatment 0.528 (0.216)  0.214* (0.198) 1 (0.724) —1.76 (1.537) 1.899 (3.236) 6.042 (7.009)  0.678 (0.636) —0.487 (1.355)
Health-conscious 0.432 (0.297) —1.058 (1.178) 2.933 (5.373) —1.951* (1.039)
Treatment™ 3.152 (3.249) 3.511** (1.737) —5.3 (7.919) 1.516 (1.531)

Health-conscious

Constant 1.038 (0.285) 2 (1.225) 2.273*** (0.499)  3.092*** (1.036) 5.254*** (2.231) 2.985 (4.725)  3.059*** (0.438)  4.569*** (0.914)
Observations 101 101 101 101 101 101 101 101
R? 0.019 0.062 0.0113 0.008 0.0113 0.047

Notes: Models | and Il are estimated using binary logistic regression. All other models are estimated using ordinary least squares regression. Standard errors appear in parentheses.
***p<0.01, **p<0.05, *p<0.1.
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one used in the current work) had little impact on health-conscious consumers.
Importantly, the evidence presented here is somewhat weak. A large literature exists
that finds mixed results on the impact of calorie information on food choices with
heterogeneous effects demonstrated across different types of people and information
presentation formats (for reviews, see Harnack & French, 2008; Kiszko et al., 2014).

In the current study, the immediate emotional impacts of the intervention are of
central interest and so we analyse the data generated from the automatic facial coding
procedure to investigate whether the treatment affects the participants’ levels of nega-
tive emotion during the choice. In contrast with Hattke et al. (2020), who find that
being exposed to bureaucratic red tape negatively impacts people’s emotions, we do
not find that calorie information negative impacts people’s emotions in our sample
overall. When we carry out interaction analysis, however, we find that seeing the
nutritional information has a negative emotional impact on health-conscious people,
while having no impact on those who do not report that living life in the best possible
health is important to them. These findings have some relationship to those in
Thunstrom (2019), in that she also finds heterogeneous effects of calorie information
on emotion, with some participants being emotionally taxed by the calorie informa-
tion, while others are subsidised.

Taken together, the asymmetrical behavioural and emotional effects have policy
relevance. At first glance, the intervention appears to have no impact on either behav-
iour or emotions. But the interaction with health-consciousness suggests that it pro-
duces emotional costs for the health-conscious without providing any health benefits,
while producing health benefits for those who are not health-conscious at no emo-
tional cost. By themselves, those contrasting effects bear on appropriate policy. If
increased well-being is our goal, of course, we might want to begin by measuring
the net welfare costs and the net welfare benefits, and seeing which is higher. As
our data can only speak to one component of the welfare costs — the immediate emo-
tional impact — they do not permit quantitative measurements of that sort, but it
points to their importance.

We also investigate the longevity of the in situ emotional impacts of the calorie
information on people’s ‘Cinema experience’ using the automatic facial coding
data. This approach is novel. Hattke et al. (2020) who use automatic facial coding
to explore responses to bureaucratic tape examined the immediate responses to ‘red-
tape’ stimuli without following up to see whether the participants’ emotions were
affected post-exposure. Here, we find that the negative emotional effect that the cal-
orie information has on the health-conscious is not sustained beyond the moment of
choice. In other words, the in situ emotional costs of the intervention were quite
short-lived. This finding is perhaps unsurprising given the small-scale of the behav-
ioural intervention under examination, but it serves to emphasise the importance of
considering how long an intervention continues to have emotional impacts and high-
lights the ability of automatic facial coding to speak to this question.

The study has limitations involving study design, and these suggest future direc-
tions for research. First, the sample size is small, limiting the robustness of the specific
results and our ability to ask many questions of the data. Further investigations with
larger samples could allow for more detailed analysis, which could include further
interactions of theoretical interest. In particular, as the immediate emotional impact
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of the nudge can act as a catalyst for a behavioural response, it can feed into both its
short- and long-term welfare effects. Future work could examine interactions between
different groups, emotional responses and behaviour to shed further light on the
extent to which and how the intervention impacts on consumer welfare.

Second, the study did not include SWB reports of the participants’ experienced
well-being while making the choice. As a result, we cannot examine the extent to
which they tell the same or a different story about the moment of choice when
both the impacts of the information and vulnerability of focusing effects are likely
to be greatest. It would be interesting in future work to capture both the objective
and subjective emotion data. Such work could also involve WTP measures. Allcott
et al. (2020) combine preferences measures with subjective well-being data to inquire
into the welfare effects of social media. Future work on this and other topics could
add automatic facial coding to produce even richer insights. Relatedly, future work
could carry out more detailed analyses by examining a given intervention’s impacts
on specific emotions. This would be particularly useful should the technology further
advance in ways that minimise the risk of miscategorisation of specific emotions
(Hofling et al., 2020).

Third, due to data limitations, the current work is not able to identify whether
people suffering from eating disorders — who may be particularly sensitive to nutri-
tional information about unhealthy foods — were included in our sample. Given that
automatic facial coding has been used with clinical populations in prior work (Girard
et al., 2013), this approach may be able to provide valuable insights into the impact of
nudges on vulnerable populations. Future work should consider which populations
may be particularly sensitive to the specific nudge in question (nutrition labelling
in the current work) and explore the use of automatic facial coding to inquire into
their emotional responses to the intervention.

Despite these limitations, however, this exploratory study demonstrates that auto-
matic facial coding can be used to examine the immediate emotional impacts of
nudges and to help shed light on the longevity of any impacts arising from them.

Automatic facial coding going forward

The current work represents a first attempt at using facial coding to examine people’s
immediate emotional responses to nudge-type interventions. Assisted by software like
Affectiva, automatic facial coding is easy and quick to carry out, opening up a new
approach for researchers and policymakers to go beyond the question of whether a
nudge affects people’s behaviour, to gain insights into its immediate effects on how
they feel. This technique may be of particular use in contexts where an intervention
under consideration is effective at achieving the desired behaviour change but is con-
tentious precisely because it is expected to negatively affect how people feel, for
example, graphic warning labels on cigarette packages (Jung, 2016). In such cases, auto-
matic facial coding data could bring evidence to bear on the extent and longevity of any
emotional impacts so that they can be taken into account in the decision to implement
the intervention or not. Facial coding may also be helpful in contexts where a given
intervention has heterogeneous effects on behaviour, and the question of whether it
emotionally taxes those whose behaviour it fails to affect is particularly pertinent.
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Although facial coding represents a promising new approach, as previously dis-
cussed, it is a novel technology that requires further development. Important tech-
nical limitations, including concerning cross-cultural comparisons (Srinivasan &
Martinez, 2018), will need to be addressed in order to maximise the technology’s
potential to inform public policy questions. There are also some other key issues
that we believe are important to consider, relating to critiques of experienced utility
as a welfare criterion, ethics, and the overall consumer welfare effects. We will take
each of these in turn.

By assessing how people feel in the moment facial coding provides insights into
people’s welfare according to a mental state account of well-being. However, it is
important to recognise that, in some situations, people may desire being exposed
to a nudge, for example, be shown calorie information, even if it makes them
unhappy. While such a preference may be based on an expectation that being exposed
to the nudge will bring them happiness in the long-run, it may also indicate that men-
tal states are not all that matter to people and that it is important to inquire into their
preferences and not just their emotional experiences to gain insights into their welfare
(Benjamin et al., 2012).

It is also important to recognise that people’s memory of the emotional profile of
an experience is different to how it is experienced, with particular emphasis afforded
to the peak and the end of experiences when they are encoded in memory (Oliver,
2017). On this basis, in situations where the emotional impacts of a nudge are
expected to show up through the memories people have of them, solely assessing
how any intervention impacts people in the moment might provide a biased picture
and evaluative measures of SWB may be needed to complement the picture provided
by facial coding.

Given the sensitivity of the data used in automatic facial coding and the privacy
concerns around facial recognition, there are important ethical considerations
involved in using this approach. We used facial coding in the current study in a
lab setting and had the explicit permission of the participants to record and analyse
their facial expressions during the ‘Cinema Experience’. In terms of ecological valid-
ity, this is, of course, not equivalent to being examining people’s responses to calorie
information when they are in a queue for popcorn in a cinema. However, although
automatic facial coding software can be used to facial expressions from clips of scenes
from outside the lab, we have serious misgivings about capturing and analysing peo-
ple’s facial data in the wild. Limiting its use to controlled settings in which partici-
pants are aware that they are being recorded is on ethically safer ground and
allows for the assessment of important moderators using survey instruments.

A final issue is that automatic facial coding produces insights into the immediate
emotional responses to a nudge and not the welfare impact in its entirety (as WTP
measures purport to do). The same limitation was acknowledged by Thunstrém in
her work with SWB. While this technology represents a complementary approach
to SWB in that is less vulnerable to reactivity effects and can more easily provide
insights into people’s flow of experiences, it still only provides a picture while the
camera is still rolling. This precludes us from fully capturing all the impacts of a
nudge on people’s lived experiences. We could use this technique to examine people’s
immediate emotional responses to being defaulted into a pension scheme, for
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example, but not to capture the decreased anxiety that might result from having a
higher pay-out in their old age (Dobrescu et al., 2018). Given this limitation, it is
important to recognise that we are still a long way off capturing the entire welfare
effects of nudges.

Conclusion

If nudges are to continue being widely used, there is a pressing need to examine their
consumer welfare effects. Asking questions of people, including their WTP to be
exposed to a nudge and about the effect they expect a nudge to have on their SWB,
offers important insights but also faces some limitations. Though also not without chal-
lenges of its own, automatic facial expression coding represents a promising new
approach that can help us better understand how behavioural interventions affect the
immediate emotional responses of those subject to them, thereby contributing to our
understanding of this important component of the consumer welfare effects of nudges.
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Appendix

Table Al. Descriptive statistics.

Variable Obs Mean Std. Dev. Min Max
Age 101 27.04 9.01 19 59
Female 101 0.63 0 1
University degree 101 0.77 0 1

Best possible health 101 0.78 0 1
Treated 101 0.48 0 1
Choose popcorn 101 0.44 0 1
Negative emotion choice 101 2.749 3.615 0 18.864
Negative emotion Wall-E 101 6.157 16.188 0 83.333
Negative emotion Bobby 101 3.318 3.193 0.008 15.77
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Table A2. Balance checks.

Variable Treatment Control p-value
Age 27.5 26.6 0.6
Female 60.4 66.7 0.51
University degree 7.4 7.1 0.97
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