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In this review, we present the case for using computer mouse-tracking techniques to
examine psychological processes that support (and hinder) self-regulation of eating.
We first argue that computer mouse-tracking is suitable for studying the simultaneous
engagement of—and dynamic interactions between—multiple perceptual and cognitive
processes as they unfold and interact over a fine temporal scale (i.e., hundreds of
milliseconds). Next, we review recent work that implemented mouse-tracking techniques
by measuring mouse movements as participants chose between various food items (of
varying nutritional content). Lastly, we propose next steps for future investigations to link
behavioral features from mouse-tracking paradigms, corresponding neural correlates,
and downstream eating behaviors.
Keywords: Self-regulation, eating behavior, mouse-tracking, decision-making, individual differences

Higher-order human cognition often comprises of multiple, interacting processes that ultimately
impact downstream behavior. This is particularly true when people attempt to control their
behavior in accordance with goals to maintain health and well-being. A prime example of this is
the difficulty many individuals face when attempting to manage their food intake. Indeed, shortterm impulses to eat are often in conflict with long-term health goals, and regulatory processes need
to intervene and dynamically modulate or suppress those impulses so people can make healthier
choices (1–3). And given the modern obesogenic environment (4, 5), coupled with obesity rates
pushing 35–40% in the United States (6), it has become critical for people to exert control over
non-homeostatic eating.
The fields of experimental psychology and cognitive neuroscience are well-suited to determine
why, and under which circumstances, people fail to regulate their eating and make poor choices that
undermine their health. Investigators in these fields have access to newly developed, freely available,
and broadly accessible tools that better measure psychological processes and their neural correlates.
One such tool is computer mouse-tracking, which continuously measures the position and velocity
of hand movements while participants make forced-choice decisions—allowing for assessment of
how multiple cognitive processes unfold and interact, in real time, to guide those decisions (7, 8).
In a typical mouse-tracking paradigm, participants make repeated forced-choice decisions by
moving the cursor from the bottom-center of the screen to responses in either top corners of the
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screen (see Figure 1). These decisions are often either
categorization judgments (e.g., categorizing a food as good
or bad), or preference indications (electing one of two food
options). Of interest is the hand-movement trajectory en route
to the ultimate response. Certain factors may lead participants
to tentatively consider and thus be partially drawn toward the
opposite response (on the opposite side of the screen) (9). Beyond
such attraction effects, other aspects of the hand trajectory, such
as its stability or instability (10), the velocity and acceleration
(11), and the angle of movement (12) are also informative. As
such, the mouse-tracking paradigm breaks down a single choice
into a continuous stream of cognitive output, revealing how
tentative commitments to multiple potential responses coalesce
into a single response over time [for review, (7, 13, 14)]. In these
ways, the mouse-tracking technique is especially sensitive to the
partial influences of multiple competing goals and biases that
inevitably guide perceptual judgments and decisions.
Researchers across multiple labs have successfully developed
programs of research based off of mouse-tracking methods in the
domains of language [e.g., (15)], vision (16), and intertemporal
choice (17). However, there have been comparatively fewer
studies using mouse-tracking to gain a real-time understanding
of how people arrive at their eating decisions. Notably, mousetracking may be uniquely suited to studying self-regulatory
processes in the context of eating choices, as these choices often
involve multiple conflicting goals (e.g., immediate consumption,
maintain health, and/or outward appearance), that compete
to drive choices. By tapping into the complex unfolding of
such decisions, mouse-tracking may thus reveal the processes
underlying eating choices in ways that traditional self-report
metrics, which are prone to memory and other biases [e.g., (18)],
cannot. Moreover, and as argued by some of first researchers
to develop and validate mouse-tracking methods [e.g., see
(19)], mouse-tracking has some methodological advantages
over eye-tracking methods. Although eye-tracking can reliably
index attention, including attentional processing of nutrition
information in the context of eating decisions (20), eye-tracking
patterns can be ballistic and discrete, while mouse-tracking
measures motor output continuously and is therefore more
sensitive to subtle attraction effects.
In this review, we present the case for using computer
mouse-tracking to examine underlying psychological processes

that support (and hinder) self-regulation of eating. First, we
describe how computer mouse-tracking is uniquely suitable
for studying the simultaneous engagement of—and dynamic
interactions between—multiple perceptual and cognitive
processes as they unfold and interact over a fine temporal
scale (i.e., hundreds of milliseconds). Next, we review recent
work that has used mouse-tracking to better understand food
decisions—specifically, we review work that uses mousetracking to investigate (a) the relative conflict people experience
when choosing healthy over unhealthy, (b) the timing with
which information is processed, and (c) the strategies that
people use to elect healthy over unhealthy food. Lastly,
we lay out concrete next steps for future investigations to
link behavioral features from mouse-tracking paradigms,
corresponding neural correlates, and downstream eating
behaviors.

MEASURING REAL-TIME DECISIONS
WITH COMPUTER MOUSE-TRACKING
Mouse-tracking takes advantage of recent research in cognitive
psychology suggesting that motor output is continuously
updated to reflect underlying cognitive processing (21, 22).
Early work validating mouse-tracking demonstrated that cursor
movements were an approximate reflection of the evolution
of a categorization judgment or choice, whether making basic
categorical judgments about animals (19), or more complex
judgments about social stimuli (i.e., faces), some of which were
sex-typical and others sex-atypical [i.e., faces with a mixture
of masculine and feminine features; (23)]. This work showed,
for instance, that mouse-tracking served as a sensitive measure
of both the conflict present between two response options, as
well as the temporal resolution of that conflict [for reviews, see
(9, 13)]. Over the past decade, mouse tracking techniques have
been applied to other disciplines, including social psychology,
to validate various models of perception and cognition. For
instance, Freeman and Ambady’s (24) model tested predictions of
dynamic (rather than sequential) influence of knowledge about
racial stereotypes on the one hand, and visual features on the
other, by showing that mouse-trajectories were jointly influenced
by both types of information—even from the beginning of a
categorization judgment (25). More closely related to the study of

FIGURE 1 | Schematic depiction of a typical mouse-tracking trial. First, participants click on a start button at the bottom-center of the screen to initiate the trial, then
two options (e.g., high and low calorie food items) appear at the top-left and top-right corners of the screen, respectively. Participants then freely move the mouse
toward the desired food.
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applicability of this research to real-world decisions. However,
future work can develop and validate additional food stimuli
banks that more closely reflect the kinds of food items and
choices that people are exposed to in their daily lives, especially
prepared foods when eating out. Furthermore, and as mentioned
in the discussion section below, a limitation of current mousetracking studies is that food choice outcomes measured in the
lab should be substantiated by corresponding real world eating
patterns.

appetitive behaviors and eating decisions, dynamic models such
as Gladwin et al.’s (26) Reinforcement/Reprocessing model of
Reflectivity proposes that the relative time courses of impulsive
and regulatory processes are critical to understand outcome
behaviors with implications for health, including addictive
behaviors (26).

APPLYING MOUSE-TRACKING TO THE
SELF-REGULATION OF EATING

Conflict in Eating Choices

In the domain of self-regulation, especially self-regulation of
eating, conflicting and competing goals abound. Impulses to
eat are often triggered by incidental exposure to appetitive cues
(27–29) and readily motivate us to seek out and consume the
desired food item. However, if we are motivated to control our
eating, a separate set of regulatory goals may come online and
intervene to curb the initial, activating impulse [(1, 2, 30)]. By
continuously measuring motor output, mouse-tracking may help
illuminate how these goals compete in real time to shape and
drive ultimate eating decisions. This, in turn, may allow for a
deeper understanding of how different self-regulatory strategies
facilitate (or inhibit) healthy food choices—with the potential
benefit of increasing people’s awareness of how their goals and
goal conflicts play into their eating choices. Further, unlike
domains of categorization, motor movement towards depicted
food items on a computer screen has close parallels to experiences
individuals face in everyday life, especially when presented with
multiple food items on a kitchen table or at a buffet. For instance,
we may gravitate toward a piece of cake before grabbing an apple,
indicative of successful control of an initial impulse. In another
case, the desire for sweets might overwhelm completely, leading
to a mad dash to a plate of cookies.
Although this may resonate with our intuitions of how
we make eating decisions, researchers have employed mousetracking techniques to unobtrusively examine hand movements
that guide and underlie food choice in laboratory settings. The
richness of data offered by mouse-tracking allows researchers to
investigate many complementary components of self-regulation.
Although the precise goals vary by research program, mouse
tracking in the eating domain has to-date been used to address
three distinct goals: to get a more sensitive metric of conflict when
choosing between healthy and unhealthy foods, to understand
the temporal dynamics of eating decisions, and to identify the
nature in which these decisions evolve. We note at the outset
that many of these experiments use food items that have been
selected based on pretests of how healthy or tasty participants
believe them to be, and/or caloric content [by volume; see (31)].
This is distinct, however, from which foods are actually healthy
and nutritious, as people encounter them in real world settings,
especially restaurants. For instance, although naïve participants
typically believe salad to be far healthier than pizza, modern
techniques of preparing these foods may dramatically reduce the
healthiness of the salad, to the point where it may be equivalent—
as far as fat and/or overall caloric content—with pizza. While
this is ideal for investigating underlying self-regulatory processes,
it is important to note this will sometimes limit the direct
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One strength of mouse-tracking is it allows researchers to more
directly quantify the response conflict given decision elicits by
measuring the extent to which participants are drawn towards the
unchosen option (e.g., the relative amount the mouse is pulled
towards the pizza when choosing the salad in Figure 1).
Conflict is often assumed to be integral in decisions between
healthy vs. unhealthy foods, and recently researchers have begun
to use mouse-tracking to probe this conflict. In an initial study,
Ha et al. (32) explored decision-making and self-regulation
of eating in pre/early adolescence [ages 8–13; (32)]. In this
study, children’s computer mouse movements were recorded as
the children freely chose between healthy (e.g., vegetables and
beans) and unhealthy (e.g., sweet desserts, fried foods) food
items. Generally, children preferred unhealthy food items over
healthy ones, and showed marked difficulty to avoid tempting
(unhealthy) foods—as indicated by a relatively larger area under
the curve (AUC) when they decided not to choose unhealthy
items, as compared to not choosing healthy items [see Figure
2 in (32)]. In mouse-tracking studies, AUC is a common
metric to estimate response conflict and is calculated by taking
the difference between the ideal (i.e., straight point-to-point)
trajectory and the observed trajectory, with larger AUC indexing
more competition between the two response options. In the case
of Ha et al.s’ (32) study, larger AUC may be indicative of a
relatively stronger desire to eat the unhealthy food, and a possible
indicator of children’s inability to regulate such impulses.
Consistent with this, Stillman et al. (33) investigated food
choices1 in adults, and found that those with higher selfreported self-control had more direct mouse trajectories when
choosing healthy over unhealthy foods, suggesting that the
relative strength of goals and temptations is related to individuals’
self-control. Further, these researchers found that AUC when
choosing healthy over unhealthy foods was marginally related
to a whether participants chose an apple over a candy bar at
the conclusion of the study, such that the more participants
were drawn to the unhealthy food while choosing the healthy
food, the less likely they were to elect the apple. Together, these
studies suggest that conflict can be a predictive component of
eating decisions, and mouse-tracking can sensitively measure this
conflict.
1 In these studies, participants’ choices were restricted, such that participants were
instructed to always choose the healthy over unhealthy food. However, subsequent
studies in other domains (intertemporal choices) found similar patterns with
unrestricted choices.
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Nature of Decision Evolution

Whereas the above studies focused on food choices, other
researchers have employed mouse tracking to study evaluations
of food—in other words, whether people view different foods as
positive or negative. Schneider et al. (34) assessed participants’
attitudes as they related to different classes of stimuli (including
food), and reasoned that unhealthy foods and alcohol were
more likely to elicit ambivalence than other (healthy) foods (34).
They found a main effect of ambivalence on mouse trajectories,
with a greater “pull” toward ambivalent attitude objects (e.g.,
beer, hamburger), which likely elicited self-regulatory conflict
[e.g., see (35)], compared with non-ambivalent attitude objects
(e.g., orange juice, apple). Additionally, the time at which
“pull” was greatest generally occurred later (at about 868 ms)
for ambivalent stimuli than non-ambivalent stimuli (674 ms),
meaning that ambivalence caused longer response conflict,
potentially due to co-activation of competing features of the
stimulus (e.g., hedonic qualities and regulatory goals elicited by
the ambivalent/unhealthy food items).
A study in a similar vein by Gillebaart et al. (36) focused on
trait self-control (37) as a key moderating variable in people’s
positive and negative evaluations of healthy and unhealthy foods
(36). Critically, those high in trait self-control reached the
maximum deviation in their mouse trajectories sooner on trials in
which they overcame response conflict—by ultimately classifying
healthy foods as positive and unhealthy foods as negative—
than those with lower trait self-control (36). Taken together,
both Schneider and Gillebaart’s studies highlight the role of
valence as an important dimension along which people process
and respond to food items, and how it can alter the temporal
dynamics of decisions to choose between healthy and unhealthy
options.

Finally researchers have begun to use mouse-tracking to
better understand how people successfully chose healthy over
unhealthy foods. For instance, certain frameworks of eating
decisions emphasize impulse inhibition [e.g., (2)], in which
an initial impulse is automatically activated in response to
a tempting food, and then—given adequate motivation and
ability—are inhibited by slower, more controlled processes.
Dynamic accounts, however, emphasize the many automatic
processes that can (under certain conditions) automatically
activate in response to a temptation [e.g., (39–41)], and
then dynamically compete with the temptation. Importantly,
these different accounts predict different trajectory evolution
signatures. The first (impulse inhibition) account predicts a
direct trajectory towards the unhealthy food, followed by
a large midflight correction back towards the goal, thus
yielding trajectories that appear abrupt. The second (dynamic
competition) account, on the other hand, predicts ongoing
competition between the temptation and goal, and thus predicts
trajectories that are graded rather than abrupt. When testing
between these accounts, Stillman et al. (33) found that the
majority of decisions (i.e., 74%) in which participants elected
healthy over unhealthy appeared to evolve in a graded fashion,
thus more consistent with the dynamic competition account.
Notably, however, a non-trivial number of decisions (roughly
26% across studies) did evoke trajectories consistent with
impulse-inhibition, suggesting that both dynamic competition
and impulse inhibition can occur (see Figure 1 in (33) showing
a schematic depiction of mouse trajectories consistent with
dual-systems and dynamic competition models, respectively).
In this way, mouse-tracking can be used not only to help
test models of healthy eating decisions, but also to shed light
on the specific strategies people employ to avoid tempting
foods.

Temporal Dynamics of Attribute Integration
Beyond investigating conflict, researchers can use the finegrained temporal information to investigate when in the timestream a given attribute—in this case, healthiness and tastiness—
influences participants’ mouse movements. In the first such
study, Sullivan et al. (12) showed adult participants pairs of food
items that varied along dimensions of tastiness (i.e., “how tasty
is the food”) and healthfulness (i.e., “how healthy is the food”),
and measured mouse movements as participants freely chose
between different pairs of foods (12). Across decisions, they then
calculated when in the time-course health and taste information
began to significantly influence mouse movements. Critically,
they observed a main effect whereby tastiness attributes of food
items were processed more quickly (about 195 ms earlier) than
healthfulness attributes—as indicated by altered spatial patterns
in mouse trajectories. Lim et al. (38) extended these findings,
replicating the effect that tastiness was more quickly incorporated
than healthfulness, but that this comparative advantage was
reduced when presenting calorie information alongside the foods
(38). These findings suggest that on a relatively fine time scale,
people can readily process certain features of appetitive cues, and
differences in the temporal dynamics of how features become
incorporated into a motor response (i.e., an approach or reaching
behavior) may impact downstream decisions to eat healthily (or
poorly).
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CONCLUSION AND FUTURE DIRECTIONS
Here, we have reviewed recent studies that have applied
computer mouse-tracking techniques to the study of decisionmaking processes in the context of self-regulation of eating
behaviors. Specifically, researchers have used these techniques
to investigate conflict, time-courses, and strategies used as
people made decisions between healthy and unhealthy foods
in real time. Although this work is in its relative early days,
some conclusions are warranted at this point. First, across
the studies we have discussed, mouse trajectories seemed
to reveal subtle and potentially unconscious biases in how
people process and respond to tempting food cues. Although
different dimensions of the cues were operationalized, there
was frequently some level of response conflict, as indicated by
mouse-trajectory measures computed from participants’ hand
trajectories.
Future work might be able to make more specific inferences
about which cognitive processes are recruited as people attempt
to regulate their eating, by applying various computational
models to mouse-tracking data and observing which parameters
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track with the timing and magnitude of trajectory measures (10).
For example, either by testing naturally occurring differences
or by directly manipulating variables and contexts (e.g., hunger,
stress, dieting goals), researchers can compare more traditional,
dual-process models of self-control [e.g., (2)] with newer models
that posit multiples inputs into a general valuation process, which
then would guide subsequent behavior (42).
Additionally, with noninvasive brain imaging (i.e., fMRI)
researchers can assess brain responses to food cues, even
relatively spontaneous and incidental activity [e.g., (43, 44)],
and test whether individual differences in neural food cue
reactivity (e.g., increased responsivity in brain reward regions,
such as ventral striatum or orbitofrontal cortex) are associated
with altered mouse trajectories as people make decisions to
eat healthy or unhealthy foods [for a similar approach in
social categorization research, see (45)]. In this way, one could
determine whether potential differences in temporal dynamics
and decision biases—as measured by mouse trajectories—may
reveal individual differences in processing of food cues and
potential risk for subsequent self-control failure.
One notable limitation of the studies we have reviewed
is that the eating decisions participants made were often
hypothetical and took place within a laboratory context. It
will be important for future research to examine the effects
of the “pull” toward competing food options on real-world
eating behaviors and decisions outside the laboratory. For
example, a natural extension of this work would be to
record 3D hand movements en route to real food options
that participants could select and consume. Ideally, hand
movements would be measured without participants explicit
knowledge that their eating decisions were being assessed. For
example, a food choice task could be embedded or interleaved
with other choice tasks (i.e., choosing objects with relatively
little appetitive value and neutral valence). One might also
consider incorporating experience sampling protocols delivered
via participants’ smartphones (46) into such study designs, which
would enable researchers to explore relationships between mouse

or hand trajectory patterns, daily eating decisions, and general
patterns of consumption over time. Indeed, this kind of study
design would be crucial in establishing ecological validity of
mouse-tracking effects observed in laboratory settings—namely
whether choice preferences as indicated by a mouse-tracking task
reliably tracks with people’s actual eating decisions in daily life.
Another caveat to the mouse-tracking studies reviewed
here is that most of them have not taken into account
important factors and individual difference measures that
undoubtedly impact eating decisions. First, future mousetracking studies would benefit from implementing betweengroup designs, such as comparing trajectories during food
choice trials between populations who variably regulate their
eating (e.g., chronic dieters vs. non-dieters). The fact that
many psychology studies—including some discussed here—
recruit from the undergraduate aged population also constrains
inference and limits generalizability of the observed findings.
Moreover, key individual difference factors, such as people’s
idiosyncratic food preferences, habitual eating patterns, and
beliefs about body weight, and nutritional literacy would be
critical to incorporate into mouse-tracking studies. This can
be done either by controlling for these factors to examine
main effects, or to investigate unique, specific contributions of
these factors to decision-making processes that drive eating
behaviors.
To conclude, we believe that computer mouse-tracking, in
close conjunction with brain imaging and other assessments
of personality and behavior, holds much promise to unravel
complex decision-making processes and frequent self-control
dilemmas many face in our modern world.

AUTHOR CONTRIBUTIONS
RL and PS performed the literature review that informed the
organization and sections of the mini-review; RL wrote the initial
draft of the manuscript; TH and JH made subsequent edits; PS
helped RL make final edits.

REFERENCES

8. Spivey MJ, Dale R. Continuous dynamics in real-time cognition. Curr Direct
Psychol Sci. (2006) 15:207–11. doi: 10.1111/j.1467-8721.2006.00437.x
9. Freeman JB, Ambady N. MouseTracker: software for studying real-time
mental processing using a computer mouse-tracking method. Behav Res
Methods (2010) 42:226–41. doi: 10.3758/BRM.42.1.226
10. Hehman E, Stolier R, Freeman JB. Advanced mouse-tracking analytic
techniques for enhancing psychological science. Group Process Intergroup
Relat. (2015) 18:384–401. doi: 10.1177/1368430214538325
11. Wojnowicz MT, Ferguson MJ, Dale R, Spivey MJ. The selforganization of explicit attitudes. Psychol Sci. (2009) 20:1428–35.
doi: 10.1111/j.1467-9280.2009.02448.x
12. Sullivan N, Hutcherson C, Harris A, Rangel A. Dietary self-control is related
to the speed with which attributes of healthfulness and tastiness are processed.
Psychol Sci. (2015) 26:122–34. doi: 10.1177/0956797614559543
13. Freeman JB. Doing psychological science by hand. Curr Direct Psychol Sci.
(in press).
14. Stillman PE, Shen X, Ferguson MJ. How mouse-tracking can advance social
cognitive theory. Trends Cogn Sci. (in press). doi: 10.1016/j.tics.2018.03.012
15. Farmer TA, Cargill SA, Hindy NC, Dale R, Spivey MJ. Tracking the
continuity of language comprehension: computer mouse trajectories

1. Heatherton TF, Wagner DD. Cognitive neuroscience of self-regulation failure.
Trends Cogn Sci. (2011) 15:132–9. doi: 10.1016/j.tics.2010.12.005
2. Hofmann W, Friese M, Strack F. Impulse and self-control from
a dual-systems perspective. Perspect Psychol Sci. (2009) 4:162–76.
doi: 10.1111/j.1745-6924.2009.01116.x
3. Hofmann W, Van Dillen L. Desire: the new hot spot in self-control research.
Curr Direct Psychol Sci. (2012) 21:317–22. doi: 10.1177/0963721412453587
4. Chaput JP, Klingenberg L, Astrup A, Sjödin AM. Modern sedentary activities
promote overconsumption of food in our current obesogenic environment.
Obesity Rev (2011) 12:e12–20. doi: 10.1111/j.1467-789X.2010.00772.x
5. Papas MA, Alberg AJ, Ewing R, Helzlsouer KJ, Gary TL, Klassen AC.
The built environment and obesity. Epidemiol Rev. (2007) 29:129–43.
doi: 10.1093/epirev/mxm009
6. Flegal KM, Kruszon-Moran D, Carroll MD, Fryar CD, Ogden CL. Trends
in obesity among adults in the United States, 2005 to 2014. JAMA (2016)
315:2284–91. doi: 10.1001/jama.2016.6458
7. Freeman JB, Dale R, Farmer TA. Hand in motion reveals mind in motion.
Front Psychol (2011) 2:59. doi: 10.3389/fpsyg.2011.00059

Frontiers in Nutrition | www.frontiersin.org

5

May 2018 | Volume 5 | Article 43

Lopez et al.

16.

17.

18.

19.

20.

21.
22.
23.

24.
25.
26.

27.
28.

29.
30.
31.

32.

33.

34.

Mouse-Tracking and Self-regulation of Eating

suggest parallel syntactic processing. Cogn Sci. (2007) 31:889–909.
doi: 10.1080/03640210701530797
Song JH, Nakayama K. Target selection in visual search as
revealed by movement trajectories. Vis Res. (2008) 48:853–61.
doi: 10.1016/j.visres.2007.12.015
Dshemuchadse M, Scherbaum S, Goschke T. How decisions emerge: action
dynamics in intertemporal decision making. J Exp Psychol Gen. (2013)
142:93–100. doi: 10.1037/a0028499
Gorin A, Stone A. Recall biases and cognitive errors in retrospective selfreports: a call for momentary assessments. In Baum A, Revenson, T, Singer
J, Editors. Handbook of Health Psychology. Mahwah, NJ: Erlbaum (2001).
p. 405–13.
Dale R, Kehoe C, Spivey MJ. Graded motor responses in the time
course of categorizing atypical exemplars. Mem Cogn. (2007) 35:15–28.
doi: 10.3758/BF03195938
Ares G, Mawad F, Giménez A, Maiche A. Influence of rational and
intuitive thinking styles on food choice: Preliminary evidence from an
eye-tracking study with yogurt labels. Food Qual Prefer. (2014) 31:28–37.
doi: 10.1016/j.foodqual.2013.07.005
Song J-H, Nakayama K. Role of focal attention on latencies and trajectories of
visually guided manual pointing. J Vis. (2006) 6:11. doi: 10.1167/6.9.11
Spivey M. The Continuity of Mind. Oxford University Press (2008).
Freeman JB, Ambady N. Motions of the hand expose the partial
and parallel activation of stereotypes. Psychol Sci. (2009) 20:1183–88.
doi: 10.1111/j.1467-9280.2009.02422.x
Freeman JB, Ambady N. A dynamic interactive theory of person construal.
Psychol Rev. (2011) 118:247–79. doi: 10.1037/a0022327
Freeman JB, Johnson KL. More than meets the eye: split-second social
perception. Trends Cogn Sci. (2016) 20:362–74. doi: 10.1016/j.tics.2016.03.003
Gladwin TE, Figner B, Crone EA, Wiers RW. Addiction, adolescence, the
integration of control and motivation. Dev Cogn Neurosci. (2011) 1:364–76.
doi: 10.1016/j.dcn.2011.06.008
Carter BL, Tiffany ST. Meta-analysis of cue-reactivity in addiction research.
Addiction (1999) 94:327–40. doi: 10.1046/j.1360-0443.1999.9433273.x
Hofmann W, Friese M, Wiers RW. Impulsive versus reflective influences on
health behavior: a theoretical framework and empirical review. Health Psychol
Rev. (2008) 2:111–37. doi: 10.1080/17437190802617668
Jansen A. A learning model of binge eating: cue reactivity and cue exposure.
Behav Res Ther. (1998) 36:257–72. doi: 10.1016/S0005-7967(98)00055-2
Trope Y, Fishbach A. Counteractive self-control in overcoming temptation. J
Pers Soc Psychol. (2000) 79:493–506. doi: 10.1037/0022-3514.79.4.493
Blechert J, Meule A, Busch NA, Ohla K. Food-pics: an image database for
experimental research on eating and appetite. Front Psychol. (2014) 5:617.
doi: 10.3389/fpsyg.2014.00617
Ha OR, Bruce AS, Pruitt SW, Cherry JB. C., Smith TR, Burkart D,
et al. Healthy eating decisions require efficient dietary self-control in
children: a mouse-tracking food decision study. Appetite (2016) 105:575–81.
doi: 10.1016/j.appet.2016.06.027
Stillman PE, Medvedev D, Ferguson MJ. Resisting temptation: tracking how
self-control conflicts are successfully resolved in real time. Psychol Sci. (2017)
28:1240–58. doi: 10.1177/0956797617705386
Schneider IK, van Harreveld F, Rotteveel M, Topolinski S, van der
Pligt J, Schwarz N, et al. The path of ambivalence: tracing the pull of

Frontiers in Nutrition | www.frontiersin.org

35.
36.

37.

38.

39.

40.
41.

42.

43.

44.

45.

46.

opposing evaluations using mouse trajectories. Front Psychol. (2015) 6:996.
doi: 10.3389/fpsyg.2015.00996
Stroebe W. Dieting, Overweight, Obesity: Self-regulation in a Food-Rich
Environment. Washington, DC: American Psychological Association (2008).
Gillebaart M, Schneider IK, De Ridder DTD. Effects of trait self-control on
response conflict about healthy and unhealthy food. J Pers. (2016) 84:789–98.
doi: 10.1111/jopy.12219
Tangney JP, Baumeister RF, Boone AL. High self-control predicts good
adjustment, less pathology, better grades, interpersonal success. J Pers. (2004)
72:271–324. doi: 10.1111/j.0022-3506.2004.00263.x
Lim SL, Penrod MT, Ha OR, Bruce JM, Bruce AS. Calorie labeling
promotes dietary self-control by shifting the temporal dynamics of health-and
taste-attribute integration in overweight individuals. Psychol Sci. (2018)
29:447–62. doi: 10.1177/0956797617737871
Critcher CR, Ferguson MJ. “Whether I like it or not, it’s important”: Implicit
importance of means predicts self-regulatory persistence and success. J Pers
Soc Psychol. (2016) 110:818–39. doi: 10.1037/pspa0000053
Ferguson MJ. On the automatic evaluation of end-states. J Pers Soc Psychol.
(2007) 92:596–611. doi: 10.1037/0022-3514.92.4.596
Fishbach A, Friedman RS, Kruglanski AW. Leading us not into temptation:
Momentary allurements elicit overriding goal activation. J Pers Soc Psychol.
(2003) 84:296–309. doi: 10.1037/0022-3514.84.2.296
Berkman ET, Kahn LE, Livingston JL. (2016). Valuation as a mechanism
of self-control and ego depletion. In: Hirt ER, Clarkson JJ, Jia L,
Editors, Self-regulation and Ego Control. New York, NY: Elsevier,
255–79.
Lopez RB, Hofmann W, Wagner DD, Kelley WM, Heatherton TF. Neural
predictors of giving in to temptation in daily life. Psychol Sci. (2014) 25:1337–
44. doi: 10.1177/0956797614531492
Wagner DD, Altman M, Boswell RG, Kelley WM, Heatherton TF.
Self-regulatory depletion enhances neural responses to rewards
and impairs top-down control. Psychol Sci. (2013) 24:2262–71.
doi: 10.1177/0956797613492985
Stolier RM, Freeman JB. Neural pattern similarity reveals the inherent
intersection of social categories. Nat Neurosci. (2016) 9:795–7.
doi: 10.1038/nn.4296
Hofmann W, Patel PV. SurveySignal: a convenient solution for experience
sampling research using participants’ own smartphones. Soc Scie Comp Rev.
(2015) 33:235–53. doi: 10.1177/0894439314525117

Conflict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.
The reviewer MH and handling Editor declared their shared affiliation.
Copyright © 2018 Lopez, Stillman, Heatherton and Freeman. This is an open-access
article distributed under the terms of the Creative Commons Attribution License (CC
BY). The use, distribution or reproduction in other forums is permitted, provided
the original author(s) and the copyright owner are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with these
terms.

6

May 2018 | Volume 5 | Article 43

