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Abstract

The estimates we do of the energy content of different foods tend to be
inaccurate, depending on several factors. The elements influencing such evaluation
are related to the differences in the portion size of the foods shown, their energy
density (kcal/gram), but also to individual differences of the estimators, such as their
body-mass index (BMI) or eating habits. Within this context the contribution of brain
regions involved in food-related decisions to the energy estimation process is still
poorly understood. Here, normal-weight and overweight/obese women with restrained
or non-restrained eating habits, received anodal transcranial direct current stimulation
(AtDCS) to modulate the activity of the left dorsolateral prefrontal cortex (dIPFC)
while they performed a food energy estimation task. Participants were asked to judge
the energy content of food images, unaware that all foods, for the quantity presented,
shared the same energy content. Results showed that food energy density was a
reliable predictor of their energy content estimates, suggesting that participants relied
on their knowledge about the food energy density as a proxy for estimating food
energy content. The neuromodulation of the dIPFC interacted with individual
differences in restrained eating, increasing the precision of the energy content
estimates in participants with higher scores in the restrained eating scale. Our study
highlights the importance of eating habits, such as restrained eating, in modulating the

activity of the left dIPFC during food appraisal.

Keywords: tDCS, neuromodulation, dorsolateral prefrontal cortex, energy density,

restrained eating.



1. Introduction

When we consider the same amount of food, for different food types the energy
content will change based on their energy density (i.e., the amount of calories per
gram). Therefore, it is conceivable that our knowledge concerning the energy density
of different foods is used to estimate the actual energy content of different food
portions. However, people are generally imprecise in estimating the energy content of
foods [1,2,3,4,5,6,7]. This inaccuracy seems to be due mainly to a difficulty in
explicitly estimating the energy content of the actual amount of food ‘on the plate’, in
other words the portion size [6,7]. Many studies showed that both changes in portion
size and in energy density of foods contribute to modulate the amount of energy
intake in adults and children, and the contribution of these two factors is independent
and additive [8,9,10,11]. However, recent evidence suggests that our brain is able to
track the “ideal” portion of the meal [12]. It is therefore of great interest also to
determine how these two factors contribute to the estimation of the energy content of
different foods.

Given the lack of neuroimaging and neuromodulation studies investigating
food energy estimation, the contribution of different brain regions in this cognitive
process is poorly understood. One region that was found to be widely involved in
food-related decisions is the dorsolateral prefrontal cortex (dIPFC)
[13,14,15,16,17,18,19]. The dIPFC is generally involved in cognitive control,
integrating multiple sources of information and exerting a top-down control of
behavior [20]. In the food domain, the dIPFC is involved in integrating more abstract
or long-term attributes of foods (i.e. the information about the level of healthiness of
the food) into the choice of which food participants wanted to eat at the end of the

experiment [16]. In addition, this region is involved in self-control towards food [15],



and in the regulation of cravings [13,14,17,18,19]. It is hypothesized that the dIPFC
may have a role in inhibiting the desire towards high-energy or unhealthy food by
exerting a modulation over reward-sensitive regions, such as the medial prefrontal
cortex or the orbitofrontal cortex [16,18,19]. The process of energy estimation is
complex and requires the integration of different pieces of information, concerning
the energy density of the food considered and the amount of food shown; thus the
dIPFC is a good candidate to support this process. In addition, neuroimaging studies
have shown that the activity of the dIPFC is altered both in overweight people and
people reporting restrained eating [21,22,23]. Previous studies showed increased
dIPFC activity in people who showed restraint eating [15,22,23], triggering cognitive
control or inhibitory mechanisms when processing food. However, it is still an open
question whether higher activation of cognitive control mechanisms translates into
more precise food energy estimates. It is therefore interesting to explore the impact of
individual differences in the process of energy estimation and in the modulation of the
dIPFC activity during this cognitive process.

In the present study, overweight/obese and normal-weight participants, who
differed also in their degree of restrained eating, received anodal transcranial direct
current stimulation (AtDCS) and sham stimulation in order to modulate the activity of
the dIPFC while they performed a food energy estimation task. Participants evaluated
food pictures that shared the same energy content (i.e., 200 kcal), but differed in their
energy densities and, as such, in the size of their portions. For instance, in order for
the two portions of cucumber and chocolate to have the same energy content, the
former needs to be larger than the latter, as they two have different energy densities.
To provide a precise estimate of the calorie content, participants should integrate the

information concerning the energy density of the food with the presented portion size.



However, if participants’ estimates are based on the energy density of foods, it would
suggest a difficulty in integrating the information concerning portion size into the
energy estimate. Moreover, we hypothesized that, if the dIPFC has a role in
supporting the process of energy estimation, we should see that participants increased
their ability in estimating the energy content of foods during AtDCS. In fact, this area
is expected to be involved in integrating the information concerning the portion size
shown with the previous knowledge about the food in terms of energy density.
Additionally, we explored the role of individual differences in body-mass index
(BMI) and restrained eating in modulating their accuracy in the energy estimation

task and the involvement of the dIPFC in this process.

2. Materials and methods
2.1 Participants
Thirty-seven healthy young females participated in the study. Three of them were
excluded because they showed a profile compatible with moderate depression, tested
with the Beck Depression Inventory (BDI-II, [24]), three participants were excluded
for abnormal food-related behavior, tested with the Eating Disorder Inventory (EDI-3,
[25]), and one participant was excluded because she used psychotropic substances.
Therefore, the final sample included 30 participants (see Table 1 for
participants’ characteristics). Twenty-seven participants were right-handed and three
were ambidextrous [26]. None of the participants had a history of neurological or
other relevant medical disease, or were under pharmacological treatment that may
affect cognitive performance at the time of the experiment. They had normal or
corrected-to-normal vision and they did not suffer from daltonism or achromatism.

They also did not have specific food restrictions such as vegetarianism or avoidance



of specific foods because of religion, allergy or medical conditions. Participants were
weighted and measured in their height at the beginning of the experimental session in
order to calculate their body-mass index (BMI, in kg/m®), used as an indicator of
human body fat [27]. Fifteen participants were overweight or obese (BMI > 25) and
15 participants were normal-weight (BMI from 18.5 to 24.9). Moreover, 19
participants reported to be restrained-eaters, therefore actively trying to restrict or
control their dietary intake, whereas 11 participants reported to be non-restrainers,
according to the Restraint eating scale-revised (RS-R, [28]; restrained-eaters cut-off
score = 13). The RS-R is a ten-item questionnaire used for measuring dietary
restraints. Its items are rated on a four- to five-point scale, with a maximum total
score of 35. The scale consists of two subscales: weight fluctuation (WF) and concern
with dieting (CD). An Italian version of the RS-R had not been yet provided,
therefore we used a translated version of the questionnaire.

All participants gave written informed consent. The study has been approved
by the SISSA Ethics Committee and has been performed in accordance with the
ethical standards as laid down in the Declaration of Helsinki and its later

amendments.



Table 1. Participants’ characteristics

Characteristic Value

Age (years) 241+3.4
Education (years) 15.1+£2.1
Height (cm) 164 £ 6.4
Weight (kg) 70.6 = 14
BMI (kg/m?) 26.5+6.2
RS 13.4+4.1

All values are reported as mean + SD. BMI: body-mass index; RS: restraint eating scale score.

2.2 Stimuli and experimental paradigm
In the main experiment, participants judged 120 pictures of foods ranging from low to
high energy density (kcal/gram; food energy density range: 0.12-6.91 kcal/gram)
items. The final 120 food images were selected from a pool of 159 images through a
rating performed on 35 healthy participants between 18 and 35 years old (mean age:
2643 (SD) years; 20 females). The participants enrolled in the pre-selection of the
stimuli did not participated in the main experiment. They were asked to write the
name of each food shown, to rate the prototypicality of each of the food items on a
Likert scale ranging from 1 to 5 points, and to rate on the Likert scale also their eating
frequency of each of the foods. Thirty-nine images were excluded because either the
naming responses were not consistent across participants or the degree of
prototypicality was low.

The final 120 foods were presented each in a portion of 200 kcal per picture,
therefore varying the quantity of food presented depending on the energy density of

each food. It is important to note that the portion size of each food shown was adapted



in order to present food items containing always 200 kcal per picture and only one
portion size for each food was shown. Food pictures were taken from the website:
http://www.caloriegallery.com.

On every trial, participants saw a fixation cross for 500 ms followed by a
picture of one of the food items. Each picture was presented for 2000 ms, and then a
question appeared on the screen asking them to judge the energy content of the food
(“How energy-heavy do you think this food is?”’) together with a visual analogue
scale with the words “very low” and “very high” at the two extremities. The visual
analogue ranged from -460 to 460 pixels in the screen, corresponding to -122 and
+122 mm. For the analysis and the presentation of the results scale was then
converted in units from -50 to +50, each unit corresponding to 2.4 mm or 1.2 pixels.
We maintained the positive/negative values, as they convey the idea of under- and
over-estimation of the energy content. Numerical labels at the extremities were
intentionally avoided, as the actual energy content of the items was always constant,
i.e., 200 kcal. Participants had to move a slider from the center of the scale to give
their response. They were explicitly instructed to estimate the energy content of the
food in the portion presented to them. Since all food pictures share the same energy
content, the optimal behavior would be to evaluate all food items as equal. To achieve
this, participants should multiply the portion size with the energy density: energy
content (kcal) = portion size (grams) x energy density (kcal/gram). Therefore in the
present experiment, if participants base their energy estimates on the energy density,
it implies that they failed to take into account the information concerning the portion
size shown.

They had no maximum time for their response. The mean duration of the task

was 9 mins. The order of the stimuli was randomized.



In addition, before the main task participants performed an assessment of their
psychophysical state that included five questions pertaining to participants’ current
level of hunger, thirst, and tiredness, and the time they consumed the last snack and
the last complete meal [29]. Participants responded by indicating a position along a
visual analogue scale (ranging from -460 to 460 pixels in the screen), with end-points
reflecting two extremities. No differences were found between sham and AtDCS
concerning the items of the psychophysical test (paired t-tests, all ps > 0.3)

Mood was assessed before and after tDCS with a visual analogue scale
(ranging from -460 to 460 pixels in the screen) that, with end-points reflecting two
extremities, tested 16 different domains of mood: calm/restless; alert/drowsy;
apathetic/dynamic; confused/lucid; strong/weak; sharp/blunt; satisfied/unfulfilled;
worried/unconcerned; fast mind/slow mind; tense/relaxed; attentive/neglectful;
inept/competent; happy/sad; hostile/friendly; interested/ indifferent; quiet/sociable.
Participants’ mood [13] was assessed in order to check for unspecific changes in
mood due the neuromodulation, as the left dIPFC is frequently used as stimulation
target in studies for the treatment of depression (see [30] for a review). Mood
assessment was collected in 26 out of 30 participants, four participants could not
complete the mood assessment due to technical problems.

Participants performed two counterbalanced sessions one week apart, one with
active tDCS and one with sham (placebo) stimulation. At the end of the second
session, they also completed a questionnaire that included questions to assess general

information on current health and dietary habits.



2.3 tDCS protocol

During the data acquisition, tDCS (anodal or sham) was administered with a battery-
driven DC stimulator (Eldith, NeuroConn) using an electrode with an area of 25 cm”.
The electrode was positioned over the left dIPFC, moving 8 cm frontally and 6 cm
laterally from Cz (in 10-20 nomenclature for EEG electrode positioning, also referred
as vertex). The return electrode, with an area of 70 cm?, was placed extra-cephalically
on the right upper arm. We used an extra-cephalic location to avoid interference
effects from brain areas beneath the return electrode. Positions like supraorbital or
similar can affect the prefrontal cortex and can results in relatively widespread
stimulation of brain regions (see for instance [31]). Therefore the extra-cephalic
montage was chosen in order to isolate the effect of the current flow direction, as
much as possible, to the left dIPFC [32,33]. In the AtDCS, the current intensity of 1.5
mA (current density of 0.06 mA/cm2) was delivered for 720 s, including two ramping
periods of 15 s at the beginning and at the end of the stimulation. The stimulation
started 120 s before the beginning of the task. During the sham session, the electrodes
were located in the same positions as in the active stimulations, but the current was
supplied only during the first 30 s (15 fade-in phase and 15 fade-out phase). This
procedure ensured that the participants felt the tingling sensation at the beginning and
at the end of the stimulation. At the end of the experimental protocol in each session,
the participants completed a questionnaire about sensations experienced during the
stimulation to evaluate whether the two stimulation conditions differed in the
sensations experienced [34]. No differences between the sensations experienced
during the sham and AtDCS were reported, as shown by the non-parametric Wilcoxon

rank sum tests (all ps > 0.2).
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How energy-heavy do you
think this food is?

very low very high

tDCS

Figure 1. Experimental design. Images of different foods are presented to the
participants during concurrent anodal transcranial direct current stimulation (AtDCS)
over the left dorsolateral prefrontal cortex (dIPFC). Participants are requested to
report how energy-heavy the food is by moving a slider over a visual analogue scale.

Food image is taken from: http://freefoodpictures.caloriegallery.com.

2.4 Statistical analyses

We first investigated the relationship between BMI, score at the RS-R (from
now on only RS) and the energy estimates during AtDCS and sham by calculating
bivariate correlations between measures.

Data were then analyzed with linear mixed-effects models (LMMs) using R
(version 3.3.3; http://www.r-project.org/) and in particular using the Imer function
(Ime4 package; http://cran.r-project.org/web/packages/Ime4/index.html). The models
included also a random intercept for participants and for items, to account for

individual differences and variability related to the different items.
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Participants’ energy estimate was the dependent variable, and a stepwise
procedure was followed, adding one at a time each factor (factors: food energy
density, BMI, RS, tDCS [anodal, sham]) and second-level interactions. As the actual
energy content of the food items was constant to 200 kcal, this factor could not be
added to the model. As BMI and RS correlated, we orthogonalized the two factors by
regressing out the effect of RS from BMI and vice versa. The residual scores from the
linear regression represented the effect of BMI (or of RS) without the potential
confounding effect of RS (or BMI). The unstandardized residual scores entered then
the LMMs. The factor food energy density was also mean centered. The degree of
collinearity was tested using the condition number & [35]. Models were compared
using the Anova function and factors (an interactions) were kept in the model only if
they caused a significant increase of fit (tested by the Akaike Information Criterion,
AIC). Reduced AIC was used as criterion for model selection because it favors
parsimonious models, also when the sample size is small [36]. As an additional
control analysis, the winning model was contrasted against alternative models that
were created by removing one at a time the significant factors via parametric
bootstrapping (1000 simulations). Bootstrap 95% confidence intervals of the winning

model were calculated (1000 simulations).

3. Results

3.1 Food energy estimates

The factors BMI and RS showed were positively correlated (r (30) = 0.38, p = 0.04).
Therefore for these two factors we entered in the correlation analysis and in the linear
mixed models analysis unconfounded values, obtained by removing from the BMI

values putative linear effects of RS. The same procedure was followed for RS values.
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RS correlated with the energy estimate scores during sham (r (30) = 0.4, p =
0.03), but not with the energy estimate scores during AtDCS (r (30) =0.19, p =0.3).

No significant correlations were found between BMI and energy estimates.

Table 2. Results of the correlational analysis.

Energy estimates Energy estimates
BMI AtDCS sham
RS 0.38%*
RS (residuals) 0.19 0.4*
BMI (residuals) -0.28 -0.32

* Correlation is significant at p < 0.05.

As for the linear mixed models analysis, the best fitting model
showed that participants’ energy estimates mainly depended on the effect of food
energy density, on the interaction between RS and tDCS, and on the interactions of
food energy density with BMI and food energy density with RS. See Table 3 for
descriptive data of single parameters and significance. The condition number k
assessing the degree of collinearity was 2.8, indicating reasonable collinearity (<10).
The winning model had also a better fit (using the parametric bootstrapping) than
alternative models created by removing the significant interaction tDCS and RS (p =
0.001), by removing the significant interaction food energy density and RS (p =
0.001), and by removing the significant interaction food energy density and BMI (p =

0.001).

13



Table 3. Summary of the best fitting LMM for food energy estimates.

Energy estimates 95% CI
Fixed effects 8 SEM t p Lower Upper
Intercept 1.84 1.6 1.2 024 -1.13 4.88
Energy density 879  0.69 12.7 <0.001 7.35 10.31
BMI -0.23  0.18 -1.2 022 -0.58 0.12
RS 044 028 1.6 0.13  -0.15 0.99
tDCS (4¢DCS) -0.71 038 -1.9 0.06 -1.48 0.08
RS x tDCS (4¢DCS) -0.25 0.1 -25 0.01 -0.46 -0.06
Energy density x BMI -0.11 0.02 -5.7 <0.001 -0.15 -0.08
Energy density x RS -0.13  0.03 4.1 <0.001 -0.18 -0.06
Random effects Std.Dev.

Subjects (intercept) 5.2

Items (intercept) 13.4

Residual 16.1

AIC = 60981

3 : beta estimate; SEM: standard error; 95% CI: bootstrap confidence interval; BMI: body-mass index;

RS: restraint score; AtDCS: anodal tDCS; AIC: Akaike Information Criterion. Significant p values are

in bold. Reference condition for the categorical factor is reported in italic in brackets.

The main effect of food energy density suggests that participants estimated the

energy content of food relying on their knowledge concerning the energy density of

foods shown, leading to an overestimation of the energy content of high-energy dense
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foods (response values higher than zero) and to an underestimation of the energy

content of low-energy dense foods (response values lower than zero).

Concerning the effect of tDCS over energy estimates, we found an interaction

between RS and tDCS effect. During the sham condition, participants with lower

scores in RS tended to slightly underestimate the energy content, whereas participants

with higher scores in RS tended to overestimate the energy content of the foods.

When AtDCS was applied, we found a decrease in the energy estimates of

participants with high RS scores, leading therefore to more precise estimates (see

Figure 2).

Energy estimate (units)

-2 4

-4 4

Sham

AtDCS

-6 -4 -2

0 2 4 6
RS

Figure 2. Effect of tDCS on energy estimates. tDCS x RS interaction: energy

estimates get more precise during AtDCS, in particular by decreasing energy

estimates of participants with high RS.
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In addition, participants’ BMI modulated the effect of food energy density:

especially for high-energy dense foods, the higher participants’ BMI the less

pronounced was the overestimation of the actual energy content of those foods,

leading to more precise estimates of actual energy content (see Figure 3A). Also

participants’ RS modulated the effect of food energy density: especially for low-

energy dense foods, the higher participants’ RS the less pronounced was the

underestimation of the actual energy content of those foods, leading to more precise

estimates of actual energy content (see Figure 3B).

A BMI
=95 cme =15 e 6.5 e 145 o

40

Energy estimate (units)

-30 4

0 7 2 3 2 5 6
Energy density (kcal/gr)

Energy estimate (units)

RS
75 e 3.5 e 0.5 4.5

0 1 2 3 1 5 6
Energy density (kcal/gr)

Figure 3. Effect of energy density on energy estimates. A) Energy density x BMI

interaction: energy estimates get more precise with increasing BMI; B) Energy

density x RS interaction: energy estimates get more precise with increasing RS.
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3.2 Mood assessment

To assess that our results were not confounded by unspecific changes in mood due to
the AtDCS, we tested for differences in pre- and post-stimulation change for sham
and AtDCS in the 16 different domains of the mood assessment. No significant
changes in mood were found between sham and AtDCS (all ps > 0.05). The results of

the paired t-test are shown in the Supplementary materials in Table S1.

4. Discussion

In the present study, we applied AtDCS over the left dIPFC aiming at
modulating participants’ ability to estimate food energy content. We employed a food
energy estimation task specifically designed to identify the factors that may influence
participants’ performance. Moreover, we inspected whether participants’ individual
differences concerning BMI or self-reported restrictive dietary habits (RS) could
impact on the modulation of the behavior induced by AtDCS or on the energy
estimates.

We showed that the energy density of foods was a reliable predictor of
participants’ energy estimates of actual energy content of the food portion shown (in
interaction with BMI and RS). Given that the actual energy content was constant for
all food items, this suggests that, even if participants were explicitly instructed to
judge the food energy content based on the amount presented, their responses were
based on the food energy density. Therefore, energy density is creating a systematic
imprecision in energy estimation, with underestimation of low-energy foods and over-
estimation of high-energy foods. This result is in line with the previous evidence [2,3]
that people tend to overestimate the energy content of high-energy foods (perceived

as unhealthy) and under-estimate the energy content of low-energy foods (perceived
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as healthy). In addition, Foroni et al. [29] reported a significant positive correlation
between estimates of the energy density of different foods and their actual energy
density. This latter evidence together with present data suggests that we are informed
concerning the energy density of different foods, but this knowledge is not adapted to
the portion size shown.

As for the effect of the modulation of the energy estimates by AtDCS over the
left dIPFC, results showed that the tDCS effect was modulated by participants’ RS.
When participants received sham stimulation, the energy estimates tended to increase
with increasing RS. In particular, participants with high RS tended to overestimate the
energy content of foods. However, when the same participants underwent AtDCS,
their energy estimates became more precise, especially by decreasing the energy
estimates in participants with higher RS. Previous studies showed increased dIPFC
activity in people who showed restraint eating during choices involving healthy and
unhealthy foods [15], during food consumption [22] and in tasks requiring inhibition
towards food [23]. In our study restrained eaters showed the tendency to overestimate
the energy content of food items, and the anodal stimulation of the dIPFC, supposedly
facilitating the depolarization of the underlying neurons, increased the precision of
their estimates. Differently from previous studies, here we only required participants
to give energy estimates of different types of food; as such, our paradigm does not
require participants to inhibit responses towards food or food consumption. We
hypothesized that, compared with lower RS participants, participants with higher RS
do not show increased activation of the dIPFC in performing this task. In addition, our
result may suggest that restraint eaters might be more responsive to the
neuromodulation of the activity of the dIPFC during energy estimation. More

generally, the AtDCS effect depends on the level of ongoing activity of the stimulated
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area/network [37]. We can speculate that the activity of the left dIPFC during our food
energy estimation task is at different baseline levels in participant with high or low
score at the RS. However our results cannot be considered as conclusive, as previous
neuroimaging studies did not focus specifically on the process of energy estimation.

Interestingly, although BMI had an effect on energy estimations by interacting
with food energy density, this factor did not interact with the tDCS. This result is
informative for future research, suggesting that neuromodulation with the aim of
training or improving energy estimates should take into account the degree of self-
reported restrained eating and not simply volunteers” BMI.

Concerning the type of neuromodulation applied in the present study, our
rationale to apply AtDCS over the left dIPFC was inspired by previous fMRI studies
showing activation of the left dIPFC in response to high-energy dense foods [16,38]
and by studies showing alterations in the activity of this region both for overweight
people and restraint eaters [21,22,23]. Previous studies in which neuromodulation was
applied over the dIPFC to reduce cravings [13,14,18] used mainly a bilateral tDCS
montage, and their results point towards an effective role of the cathodal stimulation
over the left dIPFC with concurrent anodal stimulation over the right dIPFC.
However, one other study showed decreased cravings when the activity of left dIPFC
was increased through high-frequency TMS [19].

In addition, we found that individual differences such as BMI and RS
interacted with the factor energy density to predict participants’ energy estimates. The
interaction between energy density and BMI indicated that the higher the BMI, the
more precise tended to be the energy estimate. Estimates of the actual energy content
“erroneously” increased with increasing energy density of foods, but this effect was

less pronounced in participants with higher BMI, suggesting that people with higher

19



BMI are actually more accurate in their estimates. The effect was particularly visible
for high-energy dense foods, with a decrease in the overestimation of the energy
content with increasing BMI. It is worth remembering that in this experiment as all
food items share the same energy content, energy estimates should have not increased
with increasing energy density of foods. This result is in contrast with previous
evidence suggesting higher imprecision of obese individuals in estimation of food
energy content [1], and with a meta-analysis showing that people with high BMI are
more prone to underestimate the energy content of their meals [5]. However, one
other study showed that the association between BMI and underestimation of meal
energy content could be due not to the difference in BMI itself, but more simply to the
tendency of people with higher BMI to consume larger meals [6]. A similar effect was
found for the interaction between energy density and restraint eating, the higher was
the RS the more precise tended to be the energy estimates. Estimates of the actual
energy content “erroneously” increased with increasing energy density of foods, but
this effect was less pronounced in participants with higher RS. In particular,
participants with a lower RS tended to underestimate the energy content of low-
energy dense foods, and this effect was less noticeable in participants with high RS.
This is in line with previous evidence showing that dieters were more accurate than
non-dieters in energy estimation of healthy foods, but both groups were grossly
inaccurate in their estimation, overestimating the energy content of high-energy foods
and underestimating the energy content of low-energy foods [3]. However, there is
also evidence that participants who overestimate the energy content of foods are more
likely to report restrained eating [39]. In addition, it is not clear whether restrained
eating is a useful behavior for weight loss or maintenance. In fact, even if restrained

eaters tend to overestimate the energy content of foods [39], they do not eat less than
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non-restrained eaters [40,41]. Moreover, dieting is also a predictor of weight gain in
normal-weight people [42], indicating that restrained eating might not be an effective
strategy for weight control. Restrained eating was also shown to predict BMI, the
higher the level of restrained eating the higher the BMI [43]. It should be specified
that our RS is based on self-report, and probably is a reflection of the attempts to
restrict energy intake, whether successfully or not.

One limitation of our study is represented by our sample size (n = 30), that
might be considered relatively small for the complexity of the model applied to the
data. To ensure the reliability of our results we performed further model comparisons
via parametric bootstrapping, as described in the Results. Furthermore, we analyzed
the data using two separate models (data not shown), one testing for the effects of
energy density, BMI and tDCS, and the other testing for the effects of energy density,
RS and tDCS. If the results of the two separate (and simpler) models showed similar
effects to the results of our comprehensive model, it would represent strong evidence
in favour of our results. The results of this analysis were not different from those of
our comprehensive model, further corroborating the validity of the reported results.
Nevertheless, further investigations using neuroimaging to evaluate the process of
energy estimation are needed to clarify the present results.

A second possible limitation is the translational value of our results. The main
characteristic of our study design is that all foods share a fixed energy content of 200
kcal, while in daily life, meals do not have the same amount of energy content and
usually foods with higher energy density are also associated with higher energy
content. Therefore, the heuristic of associating a higher energy content to high energy
density foods might be useful in many situations in which individuals need to make

feeding decisions. However, as previously described, as portion size together with
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food energy density modulate energy intake [8,9,10,11], it is important to understand
how these two factors interact to determine energy estimates.

In conclusion, our data provide new important information concerning the role
of the left dIPFC in food energy estimation. We showed that the neuromodulation of
the dIPFC interacts with individual differences with respect to restrained eating to
modulate the process of energy estimation. We provided also new evidence
concerning how humans estimate food energy content in relation to individual

differences, and which are the factors that contribute to this process.
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