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combination of these (Rolls, 2007a, 2019b, 2019c¢). For instance,
models of obesity that attribute overeating to failures in inhibitory
control when making choices about immediate versus longer-term re-
wards are supported by studies showing that weight loss maintenance
outcomes are predicted by dorsolateral prefrontal cortex activity during
delay discounting tasks (Weygandt et al., 2013, 2015; Stojek and
MacKillop, 2017). One meta-analysis has shown that problems with
inhibition and working memory differentiate groups in the overweight
/ obese range from those in the healthy weight range (Yang et al.,
2018); while another shows that weight loss is associated with im-
provements in executive functioning (Veronese et al., 2017). By con-
trast, animal models of addiction have informed the conceptualization
that habitual overeating leading to weight gain and obesity marks the
progressive recruitment of the dorsal striatum (Everitt, 2014; Everitt
and Robbins, 2013, 2016; Smith and Robbins, 2013; Wang et al., 2020).
The primary goal of this study was to evaluate these models of obesity
in a meta-analysis of structural imaging data in younger and older
adults who range from the healthy to obese weight range.

Single-cell recording studies in monkeys and human functional
magnetic resonance imaging (fMRI) studies suggest the orbitofrontal
region may play a role in both of the aforementioned models, as it is
associated with monitoring the reward value of food (Rolls, 2019; Rolls
et al., 1990). fMRI meta-analyses show that the orbitofrontal cortex is
important in response to food visual (van der Laan et al., 2011) cues,
food taste cues (Veldhuizen et al., 2011; Yeung et al., 2017; Chen and
Zeffiro, 2020) combined food visual and taste cues (Huerta et al., 2014;
Devoto et al., 2018; Tang et al., 2012), and monetary reward (Oldham
et al., 2018) cues. Large-scale connectivity meta-analyses reveal the
orbitofrontal cortex to be a hub in the executive control, default mode,
and salience networks (Alves et al., 2019; Riedel et al., 2018; de la Vega
et al., 2016; Smith and Delgado, 2017). However, to date, human fMRI
meta-analyses have not identified a relation between orbitofrontal
cortex activity and obesity.

The current meta-analysis sought to clarify the findings of previous
meta-analyses of structural imaging studies of obesity using the
GingerALE (Eickhoff et al., 2009, 2017) program, where models con-
ducted assume an isotropic kernel. Whole-brain voxel-based morpho-
metry studies were included in the primary analysis to confirm differ-
ences between individuals in the overweight and obese body mass
index range relative to those in the healthy body mass index range
(Centers of Disease Control, 2020). Large-scale connectivity meta-ana-
lyses have shown that brain regions do not typically act in isolation but
rather in a network with other regions (Alves et al., 2019; Riedel et al.,
2018; de la Vega et al.,, 2016; van den Heuvel and Sporns, 2013;
Morawetz et al., 2020; Chase et al., 2020). Given this, we next explored
the brain regions that are typically coactive with the areas associated
with body mass index that were identified in our primary meta-analysis.
To do this we used a network coactivation analysis of Neurosynth’s
database of neuroimaging studies, which incorporates different imaging
modalities and tasks. Finally, we used the coactive regions identified in
the Neurosynth analysis as regions of interest in an analysis of the
Human Connectome Project dataset. Specifically, we explored whether
greater body mass index was associated with neural activity during
reward or working memory tasks (Van Essen et al., 2013). The ex-
ploratory analysis of the Human Connectome Project dataset was con-
ducted for three reasons. First, to better understand the relationship
between differential gray matter structure in obesity and the func-
tioning of associated regions by using an independent dataset. Second,
to further validate our primary confirmatory finding. Third, we wanted
to see if we could replicate and extend the findings of Garcia-Garcia
et al. (2019) who used the structural data from the Human Connectome
Project dataset to validate their structural meta-analysis conducted with
the Anisotropic Effect-Size Seed-Based d Mapping program (Radua and
Mataix-Cols, 2012a, 2012b; Radua et al., 2012, 2014) with greater body
mass index. This exploratory analysis assessed the functional sig-
nificance of our structural findings and their implications for neural

functioning.
2. Material and methods
2.1. Study eligibility criteria

Gray matter volume studies were selected by searching Pubmed and
Web of Science databases prior to 5th January 2019 using specific
search terms listed in Supplementary Methods. Additional studies were
found by examining previous reviews and meta-analyses. Inclusion
criteria: studies were in 1) a peer reviewed journal, 2) in English, 3)
stated the use of whole-brain (not a region of interest analysis) gray
matter or white matter findings using voxel-based morphometry
methods, 4) used Montreal Neurological Institute coordinates or Ta-
lairach space, 5) reported T, Z, r or p value describing group differences
between individuals in the overweight or obese range relative to in-
dividuals in the healthy weight range (Centers of Disease Control,
2020), or the association between regions of gray matter volume and
body mass index, and 6) included adults aged 18 to 60 years. We ex-
cluded contrasts of samples in the Underweight body mass index range
(Centers of Disease Control, 2020), which includes individuals in the
Anorexia Nervosa body mass index range.

2.2. Study selection

2,276 abstracts were identified from the database searches with 15
identified from other reviews or meta-analyses. Of these 2,291 ab-
stracts, 1,317 abstracts were duplicates and discarded. The remaining
974 abstracts were screened, and 255 abstracts were excluded, because
they included non-human animals (11/255), were reviews (22/255) or
meta-analyses (2/255), were not written in English (2/255), did not
assess body mass index (5/255), did not report x, y, z coordinates (3/
255), reported conducting a region of interest analysis (1/255), did not
report on gray matter results (2/255), involved children under 16 years
(14/255), and were clinical studies involving patients (190/255). Of
the 719 abstracts remaining, 694 were excluded following review of the
full text because they involved non-human animals (8/694), were re-
views (29/694), meta-analyses (5/694), had sample sizes < 3 (3/694),
were not in English (1/694), did not report body mass indices (215/
694), did not report the x, y or z coordinates denoting neural differ-
ences between individuals in the overweight/obese and healthy body
mass index categories or where there were differences in gray matter
volume between individuals in the healthy weight body mass index
category relative to the overweight/obese categories (Centers of
Disease Control, 2020) (122/694), reported a region of interest analysis
and not a whole brain analysis (30/694), did not report gray matter
volume findings, for instance reporting diffusion tensor imaging or
cortical thickness outcomes (68/694), included children aged
<16 years in the sample (46/694), used patient samples, e.g., in-
dividuals with aphasia or Prader-Willi syndrome, Alzheimer’s disease,
Anorexia Nervosa, Bulimia Nervosa, or Diabetes (136/694), or did not
report the t, z or r differences or associations of interest (31/694). See
Fig. 1 for the Preferred Reporting Items for Systematic Reveiws and
Meta-analyses Flow Diagram (Moher et al., 2009).

2.3. Study characteristics

These exclusion criteria left 25 articles yielding 28 experiments
(separate group findings) for the primary meta-analysis examining the
association between increasing body mass index and gray matter vo-
lume, see Table 1. See Supplementary Table 1 for further study details.

26/28 experiments reported that increased body mass index was
associated with decreased gray matter volume or that decreased gray
matter was associated with an overweight/obese group compared to a
healthy weight group (Centers of Disease Control, 2020). 2/28
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Fig. 1. Preferred Reporting Items for Systematic Reviews and Meta-Analyses Flow Diagram for voxel-based morphometry studies of obesity (Moher et al., 2009).

experiments from one article (Horstmann et al., 2011) reported in-
creased gray matter volume in the overweight/obese group relative to
the healthy weight group (Centers of Disease Control, 2020); 4/28 ex-
periments (Pannacciulli et al., 2006; Taki et al., 2008; Weise et al.,
2017; Yao et al., 2016) reported both increased and decreased gray
matter volume in the overweight group relative to healthy weight
group. The number of experiments (6) reporting an association between
greater body mass index and larger gray matter volumes was too small
to subject to meta-analysis (Eickhoff et al., 2016). The final dataset for
our primary analysis examining the association between increasing
body mass index and decreased gray matter volume was conducted in
26 experiments. A mass simulation study using the GingerALE program
showed that at least 20 studies are necessary to ensure that the final
ALE value is not driven by a single study (50% contribution to the ALE
score) or two studies (80% contribution to the ALE value) (Eickhoff
et al., 2016). 26 experiments were included in the primary confirmatory
analysis, suggesting that this analysis was sufficiently powered
(Eickhoff et al., 2016).

Of the 26 experiments that reported an association between de-
creased gray matter volume and increased body mass index, 14 ex-
periments included participants < 40 years old; 12 experiments in-
cluded participants =40 years; and 2 experiments included both
adolescents as well as adults (Kennedy et al., 2016; Nouwen et al.,
2017). With respect to race and sex, 4/26 experiments were composed
of only Asian samples (Taki et al., 2008; He et al., 2015; Hayakawa
et al., 2018), 1/26 only male participants (He et al., 2015), and 2/26
(Shott et al., 2015; Walther et al., 2010), with only female participants.

2/26 experiments reported both group comparisons (e.g., overweight/
obese vs. healthy weight) and correlational relationships (e.g., body
weight X brain volumes) (Horstmann et al., 2011; Opel et al., 2017).

All results reported in Talaraich space were converted to Montreal
Neurological Institute coordinates, and all model results are presented
in Montreal Neurological Institute space (Lancaster et al., 2007).

2.4. Primary Coordinate-Based Meta-Analysis to confirm the location of
gray matter volume differences given body mass index

To confirm the location of gray matter regions associated with in-
creased body mass index, we used a Coordinate-Based Meta-Analysis
technique, an Activation likelihood estimation (ALE) method im-
plemented in GingerALE 2.3.6 (http://www.brainmap.org/ale/)
(Eickhoff et al., 2009, 2017). Coordinate-based ALE meta-analyses es-
timate the spatial convergence of coordinates between experiments
relative to a null hypothesis that these experiment foci are uniformly
and randomly distributed across the brain. Specifically, our primary
confirmatory analysis will show the most probable location where dif-
ferences in gray matter volume occur given body mass index status
relative to the null hypothesis that these experiment foci are uniformly
and randomly distributed across the brain. In this comparison, an as-
sumption of ALE methods are that each voxel has the same a priori
likelihood of differentiating groups in the overweight body mass index
range from those in the healthy body mass index range. Unlike meta-
analyses of two-dimensional outcomes, which pool effect sizes across
studies to determine the size and direction of the effect, Coordinate-



Table 1

Experiments examining body mass index and gray matter volume.

# Author Date Sample Body mass index m (sd) Female

1 Bond 2014 (Bond et al., 2014) 55 HW 24.00 (3.90) 24 22.15 (3.65)

2 Brooks 2013 (Brooks et al., 2013) (1) 59 OB (1) 33.7 (0.4) (1) 58 (1) 75 (NA) T pFWE <
(2) 97 HW (2) 22.1 (0.2) (2) 54 (2) 75 (NA)

3 Figley 2016 (Figley et al., 2016) (1) 16 men (1) 26.2 (4.4) 16 (1) 28.7 (9.7) r p FWE < 0.05
(2) 16 women (2) 23.5 (4.2) (2) 30.9 (11.5)

4 Hayakawa 2018 (Hayakawa et al., 2018) 523 men 24.7 (3.1) 0 55.3 (9.7) T p FWE < 0.05

5 Hayakawa 2018 (Hayakawa et al., 2018) 269 women 22.0 (3.3) 269 55.2 (9.9) T p FWE < 0.05

6 He 2015 (He et al. 2015) 336 20.4 (2.2) 195 20.4 (1.0) r p < .01 uncor

7 Honea 2016 (Honea et al., 2016) 53/72 dieters ? 35.6 (3.6) 34 40.1 (8.5) r p FWE < 0.05

8 Horstmann (Horstmann et al., 2011) 61 HW women 26.15 (6.64) 61 25.11 (4.43) Z,r p < 0.0001 uncor

9 Horstmann 2011 (Horstmann et al., 2011) 61 HW men 27.24 (6.13) 0 25.46 (4.25) zZ,r p < 0.0002 uncor

10 Janowitz 2015 (Janowitz et al., 2015) 758 SHIP-2 sample 27.40 (4.50) 408 49.80 (9.30) r p FWE < 0.05

11 Karlsson 2013 (Karlsson et al., 2013) (1) 23 OB (1) 43.2 (3.7) (1) 18 (1) 47.3 (8.9) r p FWE < 0.05
(2) 22 HW (2) 24.0 (2.3) (2) 15 (2) 46.5 (9.5)

12 Kennedy (Kennedy et al., 2016) 137 adolescents 20.5" 68 14.9 (3.1) r p FWE < 0.05

13 Kurth 2013 (Kurth et al., 2013) 115 OW 25.0 (4.1) 61 45.2 (15.5) r pFDR < 0.05

14 Masouleh 2016 (Masouleh et al., 2016) 617 older adults 27.5 (4.0) 258 68.7 (4.6) r p FDR < 0.05

15 Mathar 2016 (Mathar et al., 2016) (1) 23 HW (1) 21.8 (1.3) 1) 12 (1) 25.2 (3.0) Z p FWE < 0.05
(2) 19 OB (2) 33.6 (2.3) 2)8 (2) 27.0 (4.1)

16 Mueller 2015 (Mueller et al., 2015) 16 OB/OW 33.6 (5.9) 9 27.2 (6.7) r p FWE < 0.05

17 Nouwen 2017 (Nouwen et al., 2017) (1) 20 OB 30.3¢ (1) 15 (1) 14.9 (2.0) Z p < .005 uncor
(2) 19 HW (2) 14 (2)16.4 (1.7)

18 Opel 2015 (Opel et al., 2015) 141 HW 25.7 (4.7) 78 37.6 (11.8) r p FWE < 0.05

19 Opel 2017 (Opel et al., 2017) BiDirect 347 HW 26.3 (4.1) 155 51.6 (8.2) T, r p FWE < 0.05

20 Opel 2017 (Opel et al., 2017) MNC 330 HW 24.5 (3.9) 172 39.2 (11.3) T, r p FWE < 0.05

21 Pannacciulli 2006 (Pannacciulli et al., 2006) (1) 24 OB 39.4 (4.7) 24 (1) 32.0 (8.0) r p < .01 uncor
(2) 36 HW 22.7 (2.2) (2) 33.0 (9.0)

22 Shott 2015 (Shott et al., 2015) (1) 18 OB 34.8 (4.9 42 (1) 28.7 (8.30) T,Z p FWE < 0.05
(2) 24 HW 21.6 (1.3) (2) 27.4 (6.28)

23 Smucny 2012 (Smucny et al., 2012) (1) 28 OB-prone d 26.2 (2.9) 26 (1) 30.3 (3.81) T p < 0.001 uncor
(2) 25 OB-resistant 21.0 (2.0) (2) 31.3 (3.45)

24 Taki 2008 (Taki et al., 2008) 690 men 23.4 (3.0) 0 44.5 (16.1) r p < 0.001 uncor

25 Tuulari 2016 (Tuulari et al., 2016) (1) 29 HW 23.2 (2.8) 65 (1) 45.9 (11.8) r p < .05 uncor
(2) 47 OB 42.2 (4.0) (2) 44.9 (9.0)

26 Walther 2010 (Walther et al., 2010) 95 OW 28.3 (2.1) 95 69.3 (9.3) r p FDR < 0.05

27 Weise 2017 (Weise et al., 2017) 875 HW 26.6 (5.3) 489 28.8 (3.7) r p FWE < 0.05

28 Yao 2016 (Yao et al., 2016) 109 HW 27.6 (6.1) 62 35.2 (11.2) r p < .001 uncor

Note: # = experiment number; BMI = body mass index, NA = not available; OW = individuals in the BMI range for overweight (Centers of Disease Control, 2020);

OB = individuals in the BMI range for obesity (Centers of Disease Control, 2020); HW = individuals in the healthy weight range (Centers of Disease Control, 2020),

a

Successful dieters; ® Reported 59.36 (26.87) %ile which is a healthy BMI given age. Here we calculated the body mass index equivalent using US growth charts
(Kuczmarski et al. December 4, 2000 (Revised). € Reported (1) 3.25 (0.78) %ile of 95th percentile and (2) 0.23 (0.96). Here we calculated the mean body mass index
of both groups using UK growth charts (Cole et al., 1995) ¢ ‘Obesity prone’ or ‘obesity resistant’ was defined by self-identification, BMI, and personal and family

weight history.

Based ALE meta-analyses evaluate whether the location of the effect is
the same across experiments. Unlike meta-analyses of two-dimensional
outcomes, Coordinate-Based ALE meta-analyses typically do not report
effect size magnitudes, and meta-analyses of neuroimaging studies are
unlikely to routinely report effect size magnitudes until unthresholded
statistical maps are released as standard practice. Because we do not
have the access to unthresholded statistical maps, Coordinate-Based
ALE meta-analysis typically include only significant findings (which
may be defined in different ways in different studies) of spatial findings
of experiment contrasts where the direction of the relationship is the
same. For instance, our primary confirmatory meta-analysis only in-
cludes experiments with significant findings showing that decreased
gray matter volume was associated with overweight status. The hy-
potheses for our primary meta-analysis are therefore one-sided and this
is constrained by the nature of the GingerALE framework. Conducting
this primary confirmatory meta-analysis allows for comparison of
findings with gray matter volume meta-analyses using other programs
(Garcia-Garcia et al., 2019; Herrmann et al., 2019) as well as previous
fMRI meta-analyses (Veldhuizen et al., 2011; Huerta et al., 2014). The
ALE method creates a likelihood map for each reported peak coordinate
by convolving an isotropic kernel with each peak, and then modelling
the likelihood of reduced or increased gray matter volume in that area
as a normally distributed Gaussian probability distribution (Turkeltaub
et al., 2002, 2012; Eickhoff et al., 2009, 2017). Isotropic kernel values

assume Euclidean distances between voxels and peaks. Comparison
between the modelled activity map, that is the maximum of all the
Gaussian distributions (Turkeltaub et al., 2012) for all the experiment
foci, and the ALE null distribution yields a 3 dimensional image for each
probability level. A random effects model was used. To correct for
multiple comparisons and maintain a cluster-level family-wise error
rate correction of 5%, we used a cluster-forming threshold of p = 0.001
with 1,000 random permutations, as recommended (Eickhoff et al.,
2016; Muller et al., 2018). This correction for ALE meta-analyses is
recommended because a mass simulation study of more than 120,000
meta-analytic datasets from the BrainMap database has shown this
correction to lead to less risk of false positives in terms of spatial con-
vergence than other forms of correction, and so represents current best
practice (Eickhoff et al., 2016).

In order to assess the robustness of our primary finding that greater
body mass index is associated with reduced gray matter volume in a
certain region/s, we assessed the number of experiments that con-
tributed to this primary result (Muller et al., 2018). This yielded the
average non-linear contribution of an experiment to the ALE score,
calculated from the ratio of ALE-values at the location of the cluster
with and without the experiment in question. Jacknifing can also ad-
dress the issue of how heterogeneous the finding is (location associated
with greater body mass index) given the various studies included in the
analysis. We repeated the coordinate-based meta-analysis 26 times,



Table 2
In 26 experiments, increased body mass index is associated with reduced gray
matter volume in the right frontal pole (Brodmann’s area 10) and right frontal
medial cortex (Brodmann’s area 11) in the primary GingerALE analysis.

Label Side x y z Volume Z ALE p

(mm?®)

Frontal pole R 10 58 -22 1,128
Frontal medial R 6 52 -—24
cortex

4.829 0.028648 6.85E-07
5.096 0.030985 1.74E-07

Note: The critical cluster threshold was p FWE < 0.05, with a voxel-wise
threshold of p wuncorrected < 0.001, after 1,000 permutations.
BA = Brodmann’s Area. Montreal Neurological Institute coordinates. Labels use
the Harvard-Oxford Cortical Structural Atlas from the FSL program.
Brodmann’s regions were labelled using Automated Anatomical Labeling.

removing one experiment from each analysis (so that there were only
25 experiments for each iteration) to examine if the same gray matter
location was found to be associated with body mass index. We then
noted the number of experiments where the same primary result was
yielded.

2.5. Exploratory network coactivation analysis using Neurosynth

The region generated from the GingerALE meta-analysis associated
with reduced gray matter volume and increased body mass index was
made into a mask. This mask was then used as a seed to examine the
correlated network regions from more than 57,792 activations drawn
from 1,500 studies in the Neurosynth database (3/28/2018) (Yarkoni
et al., 2011). The reverse inference z-score (‘specificity_z’) generated by
the network coactivation analysis was thresholded at ¢ < 0.001 and
this region was then submitted to Neurosynth for the decoding analysis.
The regions found to be associated with this region in the Neurosynth
database of studies were thresholded where z = 4.14, and k = 200. The
exploratory network coactivation analysis using Neurosynth was two-
sided. This analysis was conducted in Python 3.6.4.

2.6. Functional significance of network coactivation results using the
Human Connectome Project (Van Essen et al., 2013)

Regions of interest yielded from the Network Coactivation Analysis
were made into separate masks in FSL6.0 (Jenkinson et al., 2012).
These masks were used to extract activity from (1) the Working
Memory task and (2) Gambling Task in the Human Connectome Project
dataset (Van Essen et al., 2013), see task, preprocessing and analysis
details in Supplementary Methods. Participants from the Human Con-
nectome Project were included if they completed fMRI tasks of interest
and genotyping zygosity tests. Exclusions were: monozygotic / dizy-
gotic twins, lifetime major depressive episodes or Alcohol Abuse or
Dependence Marijuana Dependence or Nicotine use or panic disorder or
agoraphobia (Diagnostic Statistical Manual-1V, (American Psychiatric
Association, 2000), a blood alcohol level =0.05, or testing positive for

the assessment.
multiple regressions were
associated with activity in each o
these tasks. Because body mass index is associate
(Siegel et al., 2016; Hodgson et al., 2017) and sociodemographic vari-
ables (Flegal et al., 1998, 2002; Mokdad et al., 2003; Hedley et al.,
2004; Centers of Disease Control, 2020; Jones-Smith et al., 2011;
McLaren, 2007; Kinge et al., 2015) such as age, education, race, eth-
nicity, sex, and income level, these were used as covariates in each
multiple regression model to understand the contribution of body mass
index. Exploratory Network Coactivation Hypotheses tested using the
Human Connectome Project data were 2-sided.

3. Results

3.1. Primary analysis: Areas associated with increased body mass index and
gray matter atrophy

The primary meta-analysis was conducted on the 26 experiments
where decreased gray matter volume was associated with increased
body mass index. See Supplementary Table 1 for the direction of the
relationship between gray matter volume and body mass index for each
experiment. Only 6 experiments showed that increases in gray matter
volume were associated with greater body mass index. Because this
number of experiments was less than the 20 experiment minimum re-
quired to provide sufficient power for the results to be reliable as as-
sessed by mass simulation studies using GingerALE, we did not submit
these coordinates for analysis (Eickhoff et al., 2016). The 26 experi-
ments showing decreased gray matter volumes yielded a sample of
7,612 participants (2,644 women) with a mean of 293 (sd = 27) par-
ticipants per experiment (range 16 to 2,344). 211,251 significant foci
were reported. The mean age of participants in these 26 experiments
was 39.81 (sd = 16.19) and the mean body mass index was 27.03
(sd = 3.96), which is in the overweight range (Centers of Disease
Control, 2020). The mean age and the mean body mass index of the
samples across the 26 experiments were not significantly correlated
(Pearsonr = 0.13, p = .53).

Results of the meta-analysis showed that increased body mass index
was associated with decreased gray matter volume in the right frontal
pole and right frontal medial cortex (Harvard-Oxford Cortical
Structural Atlas), a portion of the ventromedial surface of the frontal
pole or the right orbitofrontal cortex, and respectively Brodmann’s
areas (BA) 10 and 11, see Table 2, Fig. 2. GingerALE output can be
found in Neurovault: https://identifiers.org/neurovault.
collection:8703.

Assessment of the robustness of the primary result showed that 9/26
(34.6%) experiments contributed to this result. When the meta-analysis
was rerun repeatedly, excluding each experiment one at a time, only
one experiment — (Weise et al., 2017) — appeared to have a strong effect
on the ALE values, as indicated by the highest score of 26.24, range

Fig. 2. Increased body mass index is associated with
reduced gray matter volume in the right orbitofrontal
cortex (Brodmann’s areas 10 and 11) in 26 experi-
ments, in the primary analysis using GingerALE.
Note: The critical cluster threshold was p < .05
(corrected for multiple comparisons), with a cluster-
forming threshold of p < .001 (uncorrected). This is
presented in neurological orientation at these
Montreal Neurological Institute coordinates of x = 6,
y =52,z = —24.



0.10 to 26.24, median = 12.74. We found that 26/26 experiments
yielded significant findings in the orbitofrontal cortex BA10 or BA1l
region, with this finding being partial (BA10 only or BA11 only) in 4/26
experiments.

Ageing is associated with both prefrontal atrophy (Minkova et al.,
2017), and weight gain (Flegal et al., 1998, 2002; Mokdad et al., 2003;
Hedley et al., 2004). Given this we were concerned that the association
between orbitofrontal cortex gray matter volume reduction and body
mass index may have been driven by studies with older samples. We
also wanted to further interrogate our primary confirmatory finding.
Follow up exploratory meta-analysis were conducted separately with
experiments where the mean age < 40 years (younger) versus experi-
ments where the mean age was =40 years (older). Results showed
weaker effects in the older samples, see Supplementary Results. To
interrogate these age-based comparisons, we explored the relative
percentage contribution of the samples divided evenly into 5 different
mean age groups to the primary result showing the association between
greater body mass index and gray matter volume. We found that ex-
periments grouped into 5 different age groups contributed similarly to
the primary result, suggesting that age did not play a significant role in
the association between greater gray matter atrophy and higher body
mass index.

See Supplementary Results.

3.2. Exploratory network coactivation analysis using Neurosynth

This right orbitofrontal cortex region (BA 10 and BA 11) was used as
a seed in a meta-analytic connectivity analysis to identify the brain
regions that show corresponding activity in neuroimaging studies in the
Neurosynth database. Table 3 and Fig. 3 respectively list and display the
network regions coactive with the right orbitofrontal cortex where FDR
g < 0.01 and where the number of voxels was 200 or more and using
the Harvard-Oxford Cortical Structural Atlas. The regions associated
with the right orbitofrontal cortex (BA 10, BA 11) were the: (1) left
frontal medial cortex (gyrus rectus in the Automated Anatomical La-
belling [AAL] atlas), (2) the left temporal lobe (left middle temporal
pole or BA 38 in AAL), (3) right precuneus cortex (right precuneus in
AAL), (4) posterior division of the left middle temporal gyrus (left
middle temporal gyrus in AAL), the (5) right frontal pole (right frontal
superior medial gyrus, BA 10, AAL), and (6) right frontal pole (right
superior frontal gyrus, AAL) (Van Essen et al., 2013)

Table 3
Results of the exploratory Network Coactivation analysis of the Neurosynth
database using the right orbitofrontal cortex seed.

Label Side Cluster Voxels Z X y z
Index
1 Frontal medial cortex L 376 4347 331 -4 48 -28
2 Temporal lobe L 375 715 9.1 -34 18 -36
3 Precuneus cortex R 374 427 8.69 2 -56 38
4 Middle temporal L 373 382 833 —60 -—-12 -24
gyrus, posterior
division
5 Frontal pole R 372 312 8.81 6 60 30
6 Frontal pole R 371 215 9.04 22 50 32

Note: This lists the findings from the network coactivation analysis of the
Neurosynth database and uses the thresholded specificity_z map (where FDR
q < 0.01) where the number of voxels was 200 or more. BA = Brodmann
Area; x, y, z are in Montreal Neurological Institute coordinates. Labels use the
Harvard-Oxford Cortical Structural Atlas in MNI152 space after normalization
with FNIRT from the FSL program, reporting the label with the highest prob-
ability.

Human Connecto

Next, we evaluated the relation
tivity of the six co-active regions in cognitive pri
prominently in models of obesity (e.g., executive functioning and re-
ward processing). To do this, we used the Working Memory Task and
Reward Task from the Human Connectome Project (Van Essen et al.,
2013). For each of these two tasks, for each of these 6 regions, body
mass index was entered as a predictor in separate multiple regressions.
Because age, years of education, self-reported sex, race, ethnicity, and
head motion may be associated with body mass index (Flegal et al.,
1998, 2002; Mokdad et al., 2003; Hedley et al., 2004; Centers of Disease
Control, 2020; Jones-Smith et al., 2011; McLaren, 2007; Kinge et al.,
2015), these were entered as covariates in the model. These exploratory
results are reported in Supplementary Results and Supplementary
Tables 2A, 2B, and 2C. Body mass index was associated only with re-
ward-related activity of the left medial cortex for the Gambling Task
where p = .035, although this was not significant following Bonferroni-
correction for the number of tasks, 2-sided hypotheses and 6 regions of
interest (p < .002).

4. Discussion

Our primary meta-analysis results show that body mass index in the
overweight and obese body mass index range relative to the healthy
body mass index range is associated with reduced gray matter volume
in the right frontal pole and right frontal medial cortex (Harvard-
Oxford Cortical Structural Atlas), part of the ventromedial surface of
the frontal pole or the right orbitofrontal cortex. Using AAL, both re-
gions are described as the right medial frontal gyrus, and respectively as
BA 10 and BA 11. In a network coactivation analysis of Neurosynth, the
right BA10 and right BA11 areas from the primary analysis were found
to be coactive with an adjacent region—the posterior division of the left
frontal medial cortex (gyrus rectus), other parts of the right frontal pole,
as well as the left temporal lobe, left middle temporal gyrus, and right
precuneus cortex. Use of the Network Coactivation results in analyses of
the Working Memory and Gambling Tasks from the Human
Connectome Project (Van Essen et al., 2013) showed that greater body
mass index was associated with greater activity in the left frontal
medial cortex in response to the Gambling task, although this finding
was not significant after Bonferroni-correction.

4.1. The importance of reduced orbitofrontal cortex gray matter in obesity

Our primary meta-analysis finding, supported by that of another
group using a different meta-analytic method (Garcia-Garcia et al.,
2019), highlights the central role of the orbitofrontal cortex in obesity.
Previous human fMRI meta-analyses have not shown that the orbito-
frontal cortex plays a central role in obesity — although they have shown
its importance in response to food visual (van der Laan et al., 2011)
cues, food taste cues (Veldhuizen et al., 2011; Yeung et al., 2017; Chen
and Zeffiro, 2020), combined food visual and taste cues (Huerta et al.,
2014; Devoto et al., 2018; Tang et al., 2012), and monetary reward
(Oldham et al., 2018) cues. Differences in structural and fMRI meta-
analyses findings with regards to the orbitofrontal cortex may be due to
the greater susceptibility to signal loss of the orbitofrontal cortex region
in fMRI studies and to head motion in fMRI studies of obesity (Siegel
et al., 2016; Hodgson et al., 2017). Structural scans assessing gray
matter volume are briefer, and cheaper and voxel-based morphometry
studies are therefore typically larger than fMRI studies, allowing for
better detection of the orbitofrontal cortex in the context of a meta-
analysis.

The results of our primary analysis of structural imaging data lend
more support for accounts of obesity that emphasize prefrontal
(Weygandt et al., 2013, 2015; Stojek and MacKillop, 2017) regions



rather than striatal differences (Everitt and Robbins, 2016; Berridge and
Kringelbach, 2015). Our results also are in line with the con-
ceptualization of obesity is as a chronic medical condition affecting the
brain and cognition. This view of obesity has been supported by studies
showing relations between greater body mass index and poor verbal
memory performance (Masouleh et al., 2016) and poor executive
functioning (Walther et al., 2010), which are associated with reduced
ventromedial prefrontal cortex (BA10 and BA11) gray matter volume
(Masouleh et al., 2016) or reduced orbitofrontal cortex gray matter
volume, even when controlling for hypertension (Walther et al., 2010).
However, because there is evidence that age contributes to both poor
cognitive ability and decreased brain volumes (Minkova et al., 2017)
and past studies have shown age to be a contributing factor (Masouleh
et al., 2016) or have included only older adults (Walther et al., 2010)
we checked for age effects in our primary meta-analysis finding. The
association between reduced orbitofrontal cortex gray matter volume
and greater body mass index was similar across different age groups,
suggesting that our primary meta-analysis finding is independent of age.
However, cerebral volume reductions and cognitive problems are not
unique to individuals with greater body mass index and may be the
result of other medical conditions co-occurring with obesity such as
impaired blood pressure, or blood glucose regulation (Schaare et al.,
2019; Morville et al., 2018; Markus et al., 2017). Greater body mass
index may be viewed as a proxy for individual differences in metabolic
functioning, physical inactivity, and overconsumption of poor quality
food.

Roll’s hierarchical model of taste most clearly implicates the orbi-
tofrontal cortex (Rolls, 2019). Tier 1 of this model includes the insula
and operculum, and is regarded as important in assessing the intensity,
temperature, and texture of tastes. Tier 2 features the orbitofrontal
cortex (including BA 11, part of the medial orbitofrontal cortex) and the
amygdala, and this tier is implicated in monitoring and encoding the
reward value of tastes including sensory-specific satiety (Rolls, 2019).
Tier 3 includes the medial prefrontal cortex areas (BA10, part of the
ventromedial prefrontal cortex, and BA14) and cingulate cortex (BA 24
and BA 32) as well as the striatum/basal ganglia, and lateral hy-
pothalamus/insula regions. Tier 3 is implicated in decision-making and
learning regarding food (Rolls, 2019). Our primary finding suggests
that the regions associated with greater body mass index overlap with
the regions implicated in Tiers 2 and 3 of Rolls’ model (see
Supplementary Figure).

Our exploratory analyses of the functional significance of the
structural imaging findings based on the Working Memory Task and
Reward Task from the Human Connectome Project dataset did not
support an association with working memory. By contrast, our results
showed the relationship between reduced gray matter volume and
greater body mass index was associated with differential reward pro-
cessing (Wang et al., 2016; Smith et al., 2015), consistent with other
functional studies (Verdejo-Roman et al., 2017; Kube et al., 2018;
Garcia-Garcia et al., 2019; Bzdok et al., 2013). Animal and human brain
lesion studies also support the role of the orbitofrontal cortex in reward

cortex seed (BA 10
and where the number of voxels
This is presented in neurological orientation.

processing. Given the absence of gradation in granularity of the orbi-
tofrontal cortex in rodents relative to primates, primate studies offer the
closest insights into how this region is implicated in the over-
consumption of unhealthy food. Macaques with orbitofrontal cortex BA
11 and BA 13 lesions (Murray et al., 2015; Rudebeck et al., 2017); and
humans with orbitofrontal cortex lesions (Reber et al., 2017) are more
likely to choose rewards, such as food rewards, which have been pre-
viously devalued and differential gray matter volume in these regions
predict reward devaluation response (Burke et al., 2014). The orbito-
frontal cortex BA 11 and 13 in obesity may be associated with disrup-
tion in monitoring sensory-specific satiety, which requires establishing
that a food has lost it’s rewarding value after consumption, see monkey
studies (Critchley and Rolls, 1996; Pritchard et al., 2007) and human
fMRI studies (Rolls et al., 1990; Odoherty et al., 2000; Reber et al.,
2017). Macaques with medial frontal pole (BA10) lesions make less
adaptive choices, being influenced by irrelevant options (Noonan et al.,
2010; Rudebeck and Murray, 2011) and this is also seen in human fMRI
and PET studies (Rolls et al., 2010a, 2010b; Rogers et al., 1999). In a
‘toxic’ food environment (Brownell & Horgen, 2003), where there are
multiple choices of highly rewarding, high-fat, high-sugar foods, over-
eating may result from or be maintained by maladaptive food choice
given prior experience. Macaques exposed to an ‘obesiogenic’ diet,
which offered calorically dense food in addition to chow versus those
offered chow only (healthy diet) in a randomized controlled trial,
gained significantly more weight over a year and exhibited decreased
orbitofrontal cortex (BA 11 and 13) to nucleus accumbens functional
connectivity as well as greater peripheral inflammation (C-reactive
protein), (Godfrey et al., 20180; Godfrey et al., 2020). In this trial,
stress appeared to have an interactive effect with the obesiogenic diet
unlike the chow-only diet by not resulting in Dopamine 2 receptor
binding in this orbitofrontal cortex (BA 11 and 13) region, suggesting
that stress and regulation of stress (Morawetz et al., 2020; Chase et al.,
2020) may further disrupt orbitofrontal cortex functioning. Human
controlled trials of diet interventions examining neural response to
palatable food pictures or high-fat high-sweet food have also shown
that weight loss is associated with change in orbitofrontal cortex ac-
tivity (Murdaugh et al., 2012; Chen et al., 2017). Using a region-of-
interest analysis, an open trial showed that weight loss was associated
with changes in the orbitofrontal cortex (BA 10 and 11) (Neseliler et al.,
2019).

Overall, there is evidence that reward evaluation and decision-
making systems may be disrupted by the variety and availability of
palatable foods in the food environment and this may lead to weight
gain (Rolls, 2007a, 2019b, 2019c). Longitudinal neuroimaging diet
trials are needed, however, to assess if food reward devaluation changes
are associated with alterations in orbitofrontal cortex functioning and
concurrent weight loss.

4.2. Limitations

The quality of a meta-analysis is as only good as the quality of




studies that are included. Controlling for total intracranial volume and
for sex in voxel-based morphometry studies is important (Nordenskjold
et al., 2013; Ruigrok et al., 2014) and not all studies controlled for these
variables. Too few studies examined the association between increased
gray matter volume and obesity to permit analysis within the Gin-
gerALE framework. Too few studies examined both body mass index
and variables that are potential confounding correlates with body mass
index to allow the definitive conclusion that the gray matter volume
differences found are only due to body mass index. Variables that may
be potentially confounded with body mass index include: age, total gray
matter volume, biological sex, ancestry or race, income level, educa-
tion, and country of study (Flegal et al., 1998, 2002; Mokdad et al.,
2003; Hedley et al., 2004; Centers of Disease Control, 2020; Jones-
Smith et al.,, 2011; McLaren, 2007; Kinge et al., 2015), see
Supplementary Table 1. Because there are so many potential variables
confounded with body mass index, and so few studies examining the
gray matter volume relationship with body mass index, we were only
able to explore one of these potential confounding factors — age - in a
preliminary way, see Supplementary Results. More structural imaging
studies examining the effect of body mass index on the brain and other
associated variables (Tahmasian et al., 2020) are needed, especially
heeding to current suggestions in the field to consistently report effect
sizes and to use conservative and consistent corrections for multiple
comparisons (Eickhoff et al., 2016; Muller et al., 2018). Future meta-
analytic work in this area — and neuroimaging more broadly — would
benefit from a recent shift toward authors’ sharing their unthresholded
statistical maps (Gorgolewski et al., 2015; Smith and Delgado, 2017;
Botvinik-Nezer et al., 2020). We cannot draw conclusions about the
association between underweight body mass index and gray matter
volume as we only examined healthy weight relative to overweight or
obese body mass index groups. Theorizing why right orbitofrontal
cortex atrophy occurs with higher body mass index is speculative
without longitudinal evidence to assess whether these differences are
seen prior to weight gain or occur as a result of weight gain. Our ex-
ploratory findings examining the functional significance of the orbito-
frontal cortex are best seen as hypothesis-generating rather than hy-
pothesis-testing, given that the choice of thresholding was somewhat
arbitrary.

4.3. Conclusion

Our findings provide clear evidence for an association between re-
duced orbitofrontal cortex gray matter and human obesity using a meta-
analysis of voxel-based morphometry studies. This extends our view of
the part played by the orbitofrontal cortex in reward functioning and
highlights the importance of orbitofrontal cortex structure in neural
models of obesity. Although requiring replication, our exploratory re-
sults suggest that reduced orbitofrontal cortex gray matter with greater
body mass index may be important before midlife and may not be only
associated with ageing. Our follow up analysis of a young adult sample
suggest how the prefrontal regions associated with reduced orbito-
frontal cortex gray matter given higher body mass index may be asso-
ciated with differential reward processing rather than working memory
functioning. Future research is needed to elucidate the functional sig-
nificance of orbitofrontal cortex atrophy in obesity, and to assess
changes in gray matter volume at different ages and with weight change
longitudinally. Our meta-analysis also suggest that the orbitofrontal
cortex (BA 10 and BA 11) may be an important site for neuromodula-
tion techniques to address overeating.
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