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Abstract Overweight and obesity are rapidly becoming a
central public health challenge around the world. Previous
studies have suggested that elevated Body Mass Index
(BMI) might be associated with structural changes in both
gray and white matter, but this association is still not well
understood. The present study aimed to investigate the
relationship between BMI and brain structure with a relatively large sample of young adults (N = 336) in a small
age range (20 ± 1 years). Voxel-based morphometry
results showed significant negative correlations between
BMI and gray-matter volumes in the midcingulate cortex
(MCC), left orbital frontal cortex, and left ventromedial
prefrontal cortex. There was also a significant negative

correlation between BMI and white matter integrity as
indexed by fractional anisotropy in bilateral cingulum.
Further tractography analysis showed a significant negative
correlation between BMI and the number of fibers passing
the MCC region. Regression analysis showed that gray
matter and white matter in these regions both contributed to
the variance of BMI. These results remained significant
even when analysis was restricted to the subjects with
normal weights. Finally, we found that decision-making
ability (as assessed by the Iowa Gambling Task) mediated
the association between the structure of the MCC (a region
responsible for impulse control and decision making) and
BMI. These results shed light on the structural neural basis
of weight variations.
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Introduction
Overweight and obesity are rapidly becoming a central
public health challenge around the world. In the United
States, nearly 65 % of adults are overweight or obese
(Stein and Colditz 2004). In populous China, even though
the percentage of overweight and obese adults is modest
(30 % of adults, Wang et al. 2007b), their absolute number
of over 200 million (Wu 2006) is staggering. Overweight
and obesity are associated with increased risk for cardiovascular/metabolic diseases, as well as several common
adult cancers (Renehan et al. 2008). Because the fundamental cause of overweight and obesity is an energy
imbalance between calories consumed and calories
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expended, the solution to this problem appears very simple:
eat in moderation and engage in regular physical activity.
However, this commonsense advice is difficult to follow
for many people, and the reasons involved are not clear.
There is mounting evidence that the inability to resist
calorie-rich and highly appetitive food represents a special
case of addiction behavior (Kelley and Berridge 2002;
Rolls 2007; Trinko et al. 2007; Volkow et al. 2008).
Similar to drug addiction, the loss of willpower to resist
food temptation and the development of eating habits that
can lead to obesity may be explained by a hypo-functioning
impulse control and decision-making system in the cingulate cortex and prefrontal cortex (Bechara 2005; Noël et al.
2013). Studies (see Table S1 and supplemental text for a
summary) have suggested that elevated Body Mass Index
(BMI) is associated with structural changes in both gray
matter (Gunstad et al. 2008; Horstmann et al. 2011;
Pannacciulli et al. 2006; Raji et al. 2010; Taki et al. 2008;
Walther et al. 2010) and white matter (Pannacciulli et al.
2006; Raji et al. 2010; Walther et al. 2010; Mueller et al.
2011; Stanek et al. 2010; Xu et al. 2011). However, the
results are mixed and the exact mechanism is still poorly
understood. More importantly, studies of young adults are
especially needed because this is the critical period for
establishing good eating habits and hence for effective
interventions. Nevertheless, due to the relatively delayed
maturation of the prefrontal cortex (Giedd et al. 1999;
Reiss et al. 1996; Sowell et al. 2003), adolescents and
young adults are particularly vulnerable to disadvantageous
decision making in their food choices. Studies have also
suggested that healthy adolescents do not show the normal
adult pattern of prefrontal responses to high-calorie food
images (Killgore and Yurgelun-Todd 2005a, b), and their
orbitofrontal response to high-calorie food images predicts
BMI (Killgore and Yurgelun-Todd 2005a, b). As a result,
these populations are known to be engaged in unhealthy
food choices (Anding et al. 2001; Johnston et al. 1998), and
their regulation of food choices may be particularly challenged by the environments at school or university campuses where unhealthy food options are prominent.
The present study aimed to investigate the relationship
between BMI and brain structure in a relatively large
sample of normal Chinese young adults (N = 336) in a
very narrow age range (20 ± 1 years). We employed
voxel-based morphometry (VBM) to analyze gray-matter
volume (GMV), track-based spatial statistics (TBSS) to
analyze white matter integrity [fractional anisotropy (FA)],
and TrackVis to analyze fiber tractography. In addition, the
Iowa Gambling Task (IGT) was used to assess the subjects’
decision-making capacity, which might serve as one of the
cognitive mechanisms linking brain structure to BMI. We
hypothesized that BMI would be inversely correlated with
the IGT performance as well as with the gray and white
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matter structures in the brain regions responsible for
decision making and impulse control.

Methods
Participants
Participants of this study were 336 (141 males, 195
females) healthy Chinese college students (18–24 years
old, mean age = 20.38 years, SD = 1.00). They had normal or corrected-to-normal vision, and had no history of
neurological or psychiatric problems according to selfreport. None of them was identified to have alcohol or
nicotine dependence according to the Alcohol Use Disorders Identification Test (Saunders et al. 1993) and the
Fagerström Test for Nicotine Dependence (Heatherton
et al. 1991). They also scored within the normal range on
the Beck Depression Inventory (Beck et al. 1996) and Beck
Anxiety Inventory (Beck and Steer 1990). The Chinese
version of these tests was administered by a trained
research assistant. Informed written consent was obtained
from all participants. The study was approved by the
Beijing Normal University (BNU) Institutional Review
Board.
BMI measurement
Subjects reported their weight and height in a self-report
questionnaire, and their BMIs were calculated as weight
(kg)/height (m)2. Self-reported data on weight and height
have been used by previous large-scale studies on body
mass (van Strien et al. 2010; Edwards et al. 2012; Yang
et al. 2010; Lim et al. 2011; Strauss 1999; Kuczmarski
et al. 2001; Goodman et al. 2000) and proved to be reliable
in calculating BMI, with a high correlation (r = 0.92)
between BMI calculated from self-reports and that from
actual measurements (Goodman et al. 2000). Furthermore,
all BNU students including all of our participants were
given an annual physical examination at the beginning of
the academic year in September and they were informed of
their height and weight. Self-report data on height and
weight were collected in December.
The IGT
A computerized version of the IGT (Bechara et al. 2000b)
was used in the present study. It was designed to assess
decision making under ambiguity and risk (Bechara et al.
1994, 1997, 2000b, 2005). To motivate subjects, they were
informed that the amount of their winning would be converted into real money. Subjects were asked to select one
card at a time (100 trials in total) from one of the four
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decks (labeled A, B, C, and D). As described in previous
studies (Bechara et al. 2000b; He et al. 2010, 2012; Koritzky et al. 2013) and the IGT manual (PAR, Inc.), two of
the decks were disadvantageous because they yielded high
immediate gain but a greater loss in the long run (i.e., net
loss of 250 yuan on average over 10 cards), and two decks
were advantageous because they yielded lower immediate
gain but a smaller loss in the long run (i.e., net gain of
250 yuan on average over 10 cards). The IGT score [calculated by subtracting the total number of selections of the
disadvantageous decks (A and B) from the total number of
selections of the advantageous decks (C and D)] for the
first 40 and last 60 trials were calculated to represent performance in decision under ambiguity and decision under
risk, respectively (Bechara et al. 1997). Higher IGT scores
indicated superior performance.
MRI protocol
One high-resolution structural MRI measurement and one
diffusion tensor procedure were performed on each subject
in a halfhour MRI session on a 3T Siemens MAGNETOM
Trio system (Siemens Medical Systems, Iselin, NJ) with
Total Imaging Matrix (TIM) at BNU Imaging Center for
Brain Research. A T1-weighted 3D-Magnetization Prepared RApid Gradient Echo (MPRAGE) sequence was
used to cover the whole brain (TR/TE = 2,530/3.39 ms,
flip angel = 7°, matrix = 256 9 256, 128 sagittal slices,
1.33 mm thickness). The diffusion tensor data for each
subject were acquired using a diffusion-weighted, singleshot, spin-echo, EPI sequence (TR/TE = 7,200/104 ms,
matrix = 128 9 128, 49 axial slices, 2.5-mm slice thickness, b value = 1,000 s/mm2) in 64 directions. A dual
spin-echo technique combined with bipolar gradients was
employed to minimize the geometric distortion induced by
eddy currents.
VBM analysis
Structural MRI data were analyzed with FSL-VBM, an
optimized voxel-based morphometry analysis toolbox
(Ashburner and Friston 2000; Good et al. 2001) implemented in FSL (Smith et al. 2004). This approach requires
no prior information about the location of possible differences in gray matter, and has been proven to be not
operator-dependent. First, structural images were extracted
using BET (Smith 2002). Next, tissue-type segmentation
was carried out using FAST4 (Zhang et al. 2001). The
resulting gray-matter partial volume images were then
aligned to the gray-matter template in the MNI152 standard
space using the affine registration tool FLIRT (Jenkinson
and Smith 2001; Jenkinson et al. 2002), followed by nonlinear registration using FNIRT (Andersson et al. 2007a,

b), which used a b-spline representation of the registration
warp field (Rueckert et al. 1999). The spatially normalized
images were then averaged to create a study-specific template, to which the native gray-matter images were registered again using both linear and nonlinear algorithms as
described above. The registered partial volume images
were then modulated by dividing them with the Jacobian of
the warp field to correct for local expansion or contraction.
The modulated segmented images, which represent the
GMV, were then smoothed with an isotropic Gaussian
kernel with a 3-mm standard deviation. Finally, a voxelwise general linear model was used to examine the correlation between the resulting gray-matter images and BMI.
Non-parametric permutation methods (Randomise v2.1 in
FSL) were used for inference on statistic maps (Nichols
and Holmes 2002). The null distribution at each voxel was
constructed using 10,000 random permutations of the data.
Threshold-free cluster enhancement (TFCE) was used to
correct for multiple comparisons across the whole brain.
The mean GMV in each significant cluster was then
extracted for each individual.
TBSS analysis
The DTI data were processed by FMRIB’s Diffusion
Toolbox (FDT) implemented in FSL. Diffusion data were
corrected for eddy currents and possible head motion.
Images were then skull stripped (Smith 2002), aligned to
MNI space using FNIRT (Andersson et al. 2007a, b), and
resampled to 1 mm3. FA was reconstructed by fitting a
diffusion tensor model at each voxel. Voxelwise statistical
analysis of the FA data was carried out using TBSS (Smith
et al. 2006), part of FSL. The mean FA image was created
and thinned to create a mean FA skeleton that represented
the centers of all tracts common to the group. Each subject’s aligned FA data were then projected onto this skeleton and the resulting data were fed into voxelwise crosssubject statistics. Finally, the correlation between the
resulting skeletonized FA images and BMI was computed
using non-parametric permutation methods (Randomise
v2.1 in FSL; Nichols and Holmes 2002). The null distribution at each voxel was constructed using 10,000 random
permutations of the data. TFCE was used to correct for
multiple comparisons across the whole brain. The mean FA
value in each significant cluster was then extracted for each
individual.
Tractography analysis
FDT-preprocessed DTI data were then fed into Diffusion
Toolkit (version 0.6.2.1; Wang et al. 2007a) and TrackVis
(version 0.5.2.1, both available at http://www.trackvis.org/)
to do fiber tracking. TrackVis performed automatic fiber
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tracking to reconstruct fibers across the whole WM by
tracking fibers from each voxel in the brain. Basically,
fibers were reconstructed by TrackVis along the principal
eigenvector of each voxel’s diffusion tensor. Tracking
termination criteria were angle [45° and FA \0.2. Fiber
tracking was performed successively in each subject’s
native space. The cluster in the MCC region revealed by
VBM analysis was back-projected to each subject’s native
space and served as the seed region for fiber tracking. Fiber
tracking was done only in the MCC because the other two
regions (i.e., left OFC and left VMPFC) revealed by VBM
were relatively small for fiber tracking. The number of
fibers passing this region with length [5 mm was counted
and recorded for each subject. At the same time, all fibers
with length [5 mm in the whole brain were also counted
and recorded, and served as a covariate for later analysis.
BMI was then correlated with the number of fibers passing
the MCC region, while excluding the influence of total
number of tracks.
Mediation analysis
To test the hypothesis that brain structure affects decision
making (IGT) which in turn affects BMI, a simple mediation analysis was performed as described by Preacher and
Hayes (2004, 2008). SPSS macro INDIRECT (http://www.
afhayes.com/public/indirect.zip) was used to estimate the
path coefficients and generate bootstrap confidence intervals for the total and specific indirect effects of independent variable (X) on dependent variable (Y) through the
mediator variable (M). The size and significance of the
indirect effects were reported as suggested by Rucker et al.
(2011).

Results
The mean BMI for our sample was 20.4 kg/m2 (SD = 2.2),
ranging from 16.3 to 27.8. According to WHO BMI classification, there were 70 (54 female) under-weight participants (BMI \ 18.5), 251 (136 female) normal weight
participants (18.5 B BMI \ 25), and 15 (5 female) overweight participants (BMI C 25). The BMI distribution in
the present study was comparable with that in other studies
of Chinese college students (Sakamaki et al. 2005; Ge
1997). Males (21.01 ± 2.28) had significantly higher BMI
than females (19.92 ± 2.05; t(334) = 4.57, p \ 0.01),
consistent with previous findings in healthy young Chinese
(Lei et al. 2005).
VBM analysis revealed that BMI was negatively correlated with GMV in the midcingulate cortex (MCC, local
maxima in MNI coordinates x, y, z = 0, -10, 32; Table 1;
Fig. 1a). Further analysis suggested that male (r(141) =
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Table 1 Summary of VBM and TBSS results
Brain region

Voxels

MNI x

MNI y

MNI z

TFCE
corrected p

VBM results for gray matter
MCC

629

0

-10

32

0.009

L OFC

74

-24

30

-24

0.030

L VMPFC

25

-6

36

-26

0.040

TBSS results for white matter
R Cingulum

194

17

24

22

0.008

L Cingulum

139

-10

14

24

0.004

MNI Montreal neurological institute coordinates, TFCE thresholdfree cluster enhancement, VBM voxel-based morphometry, MCC
midcingulate cortex, L left, OFC orbitofrontal cortex, VMPFC ventromedial prefrontal cortex, TBSS tract-based spatial statistics

-0.263, p \ 0.01) and female (r(195) = -0.185,
p \ 0.01) participants showed similar, negative correlations. The correlation (Fig. 1b) remained significant when
we limited the sample to the normal-weight group
(r(251) = -0.18, p \ 0.01). The GMV in the MCC region
was highest in under-weight group, lowest in the overweight group, and intermediate in the normal-weight group
(Fig. 1c). Two small clusters of gray matter in the left
orbital frontal cortex (OFC, MNI coordinates -24, 30,
-24) and the left ventromedial prefrontal cortex (VMPFC,
MNI coordinates -6, 36, -26) also showed negative correlations with BMI in the VBM analysis (Table 1).
TBSS analysis showed that BMI was negatively correlated with white matter integrity (i.e., FA value) in the left
cingulum (MNI coordinates -10, 14, 24; Table 1; Fig. 2a)
and right cingulum (MNI coordinates 17, 24, 22; Table 1;
Fig. 2d). Further analysis revealed that male and female
participants showed similar results of both left (male:
r(141) = -0.342, p \ 0.01; female: r(195) = -0.315,
p \ 0.01) and right (male: r(141) = -0.314, p \ 0.01;
female: r(195) = -0.272, p \ 0.01) cingulum. These correlations (Fig. 2b, e) remained significant when we limited
the sample to normal-weight subjects (left cingulum:
r(251) = -0.21, p \ 0.001; right cingulum: r(251) =
-0.22, p \ 0.001). FA value in both cingulum regions
(Fig. 2c, f) was highest in the under-weight group, lowest in
the over-weight group, and intermediate in the normalweight group.
To better understand our TBSS results, white matter
tractography was carried out for each subject using the
identified MCC region as the seed region. Individuals differed greatly in the number of tracks passing the MCC
region. Whereas some participants showed many tracks
passing the MCC region (Fig. 3a, b), others showed only a
few tracks (Fig. 3c, d). There was no gender difference in
how many tracks passed the MCC region (t(334) = 1.03,
p = 0.30). Results showed that BMI was negatively
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Fig. 1 a VBM analysis revealed that the GMVs in the MCC, left
VMPFC, and left OFC regions were negatively correlated with BMI.
b Scatter plot shows the pattern of correlation between GMV in the
MCC and BMI. c ROI analysis suggested that GMV in the MCC

region was highest in the under-weight group, lowest in the overweight group, and intermediate in the normal-weight group. The
number on each bar denotes the number of subjects in each group.
Error bars indicate standard errors

correlated with the total tracks passing the MCC seed region
after controlling for the total number of tracks of the whole
brain (partial r(333) = -0.164, p \ 0.01, Fig. 3e). The
correlation remained significant when we limited our sample
to the normal-weight subjects (r(248) = -0.110, p \ 0.05).
As showed in Fig. 3f, the over-weight group showed fewer
tracks passing the MCC region than both the under-weight
(t(83) = -2.18, p \ 0.05) and normal-weight groups
(t(264) = -2.20, p \ 0.05), with no difference between the
latter two groups (t(319) = 0.84, p = 0.40).
Further regression analysis suggested that all three factors described above (MCC GMV, bilateral cingulum
FA, and number of tracks passing the MCC region)
made unique contributions to BMI in our sample
(F(4,331) = 23.79, p \ 0.001, R2 = 0.22). The regression
coefficients were all negative: The MCC GMV (b =
-0.20, t = -4.06, p \ 0.001), left (b = -0.24, t = -3.94,
p \ 0.001) and right cingulum FA (b = -0.20, t = -3.33,
p = 0.001), and the number of tracks passing the MCC
region (b = -0.13, t = -2.66, p = 0.008). Results were
similar even when we limited the sample to the normalweight subjects (F(4,246) = 21.76, p \ 0.001, R2 = 0.19).

Finally, BMI was negatively correlated with the IGT
score in the first 40 trials (i.e., decisions under ambiguity;
r(336) = -0.13, p \ 0.05) but not with IGT score in the
last 60 trials (i.e., decisions under risk; r(336) = 0.01,
p = 0.85). The correlation between BMI and IGT score in
the first 40 trials was significant even when the sample was
limited to the normal-weight group (r(251) = -0.11,
p \ 0.05). These results were compatible with a previous
report (Horstmann et al. 2011). Mediation analysis suggested that the IGT score in the first 40 trials mediated the
association between GMV in the MCC region and BMI
(indirect effect = -0.23, p \ 0.05) as well as between the
number of white matter tracks passing this region and BMI
(indirect effect = -0.27, p \ 0.05).

Discussion
In this study, we found moderate but statistically significant
correlations between BMI and GMV in the MCC region as
well as GMVs in the left OFC and VMPFC. White matter
analysis also revealed significant negative correlations
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Fig. 2 TBSS analysis revealed that FA values in both left (a) and
right (d) cingulum were negatively correlated with BMI. Scatter plots
show the pattern of correlations between FA values in left (b) and
right (e) cingulum and BMI. ROI analysis suggested that FA values in

left (c) and right (f) cingulum were highest in the under-weight group,
lowest in the over-weight group, and intermediate in the normalweight group. The number on each bar denotes the number of
subjects in each group. Error bars indicate standard errors

between BMI and white matter integrity (FA) in bilateral
cingulum. Further tractography analysis showed a significant negative correlation between BMI and number of
fibers passing the MCC region. Furthermore, gray matter
and white matter both contributed to the variance of BMI.
Finally, BMI was inversely correlated with IGT performance, and the IGT performance mediated the correlation
between MCC morphometry and BMI. Taken together,
these results suggested that both gray and white matter
structures in brain regions responsible for decision making
and impulse control contributed to individual difference in
BMI. The results remained significant when we only considered the normal-weight group, so the results of the
present study shed light on the structural neural basis of
normal variations in BMI as well as overweight.
The IGT is a task with very salient immediate rewards
conflicting with the achievement of long-term goals, which
is similar to everyday choice between tasty food (i.e., rich
in fat and sugar) and healthy food. We found a negative
correlation between BMI and IGT score in the first 40
trials. In the early phase of IGT (approximately the first 40
trials), subjects do not have yet explicit knowledge about
the contingencies in the task (Brand et al. 2007). At this
stage, the decisions are made under ambiguity and are
largely guided by implicit information, as opposed to the
decisions during the later trials of the task, namely

decisions under risk (Brand et al. 2007). Studies have
shown that this earlier stage (but not the later stage, i.e.,
decision making under risk) was related to problem gambling severity (Brevers et al. 2012), and 5-HTTLPR
genotype (He et al. 2010). In line with a previous study
(Brogan et al. 2011), our result suggest that people who are
overweight tended to show deficits in decision making and
impulse control ability. This finding supports the functional
relevance of the observed correlation between brain
structure and BMI. We found that BMI was inversely
correlated with GMV in the MCC, OFC, and, VMPFC, all
of which have been shown to be important in decision
making and impulse control based on lesion studies (Bechara 2005; Bechara and Damasio 2005; Bechara et al.
1994, 2000a) and neuroimaging studies (Li et al. 2009; Xue
et al. 2009). In the context of eating behavior, poor decision making and impulse control may facilitate overeating,
especially when faced with a constant supply of highly
palatable food.
As mentioned above, we found that the GMVs in the
MCC, OFC, and, VMPFC regions were negatively correlated with BMI. The MCC, along with the anterior cingulate cortex (ACC), have long been suggested to play a vital
role in impulse control from both monkey and human
studies (for reviews, see Shackman et al. 2011; Cole et al.
2009). The revealed regions are located at the ventral
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Fig. 3 Anterior (a) and left lateral view (b) of a sample participant
who had many tracks passing the MCC region. In contrast, c and
d show a sample participant who had few tracks passing the MCC
region. The MCC ROI is shown in yellow. Red indicates the mediolateral plane, green the dorso-ventral orientation, and blue the rostrocaudal direction. Background images are in radiological orientation.

e Scatter plot shows the negative correlation pattern between BMI and
total tracks that passed the MCC region. f The over-weight group
showed fewer tracks passing the MCC region than both under-weight
and normal-weight groups. The number on each bar denotes the
number of subjects in each group. Error bars indicate standard errors

MCC, both anterior and posterior MCC according to the
cingulate four-region model (Yu et al. 2011; Destrieux
et al. 2010; Palomero-Gallagher et al. 2009; Vogt 2005,
2009). These regions have been demonstrated to be

involved in many different functions, including negative
affect, pain, and cognitive control (see Shackman et al.
2011 for a review). The MCC is also the main hub for the
impulse control network, which connects to the OFC and
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VMPFC—two key regions known to be important for
neural mechanisms of decision making. The impulse control system controls the basic impulses generated by food
cues and allows more flexible pursuit of long-term goals.
Studies have suggested that obese subjects did poorly in
impulse control tasks (Elias et al. 2003; Horstmann et al.
2011). They also showed deficits in decision making tested
by the IGT (Brogan et al. 2010, 2011). Functional MRI
studies also showed that lean individuals had less activity
in the impulse control/decision making network than obese
individuals in response to food cues (Batterink et al. 2010;
Le et al. 2006, 2007). Consistent with these studies, the
present study found BMI inversely correlated with GMV in
regions important for impulse control (i.e., the MCC) and
decision making (i.e., left OFC and VMPFC) in healthy
Chinese young adults, suggesting that the same impulse
control and decision making deficits may have emerged
even before they became obese.
While gray matter reflects the neuronal cell bodies,
white matter reflects myelinated axon tracts connecting
different neurons. In the present study, the TBSS results
revealed that BMI was inversely correlated with FA value
in bilateral cingulum, which is a medial associative bundle
that runs within the cingulate gyrus courses rostral, dorsal
and caudal to the corpus callosum (Catani and Thiebaut de
Schotten 2008). Anatomically, it contains fibers connecting
the anterior temporal gyrus, orbitofrontal cortex, medial
frontal cortex, parietal lobe, occipital lobe, and temporal
lobe to different portions of the cingulate cortex (Catani
and Thiebaut de Schotten 2008). Previous studies suggested that the cingulum connected several brain regions
sub-serving neural mechanisms of attention, memory, and
emotion (Rudrauf et al. 2008). Using the MCC region as an
ROI, DTI tractography analysis showed the number of
fibers passing the MCC region was inversely correlated
with BMI. The major difference between tracks of low- and
high-BMI individuals is in the connections between the
MCC and subcortical regions (Fig. 3), suggesting somewhat fewer connections (i.e., neuronal axons) between
cortical and subcortical regions in higher BMI individuals.
Fewer such axons might lead to weaker control over subcortical regions. Consistent with this finding, studies have
suggested that obese and over-weight individuals are
unable to suppress the urge to consume high-calorie food
(Kelley and Berridge 2002; Rolls 2007; Trinko et al. 2007;
Volkow et al. 2008). The failure of this impulse control
system in obese and over-weight individuals might be
driven by the hyperactive subcortical impulsive neural
system to instigate behavioral response to food.
The present study had several limitations. First, height and
weight were self-reported rather than measured. Although
other large-scale studies also used self-reported data (van
Strien et al. 2010; Edwards et al. 2012; Yang et al. 2010; Lim
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et al. 2011; Strauss 1999; Kuczmarski et al. 2001; Goodman
et al. 2000) and there is a high correlation (r = 0.92) between
BMI calculated from self-reports and that from actual measurements (Goodman et al. 2000), it would still be better to
measure weight and height during the experiment. Second,
BMI is only a rough measure of body fat. Recent VBM
studies have shown the complexity of obesity-related brain
abnormalities (Kurth et al. 2012; Weise et al. 2013) and the
resulting limitation of BMI as a surrogate of obesity. Third,
the present study only looked at the GMV. Future studies
should also consider cortical thickness in addition to GMV to
better understand how gray matter influences BMI (Erpelding et al. 2012).
The use of a normal healthy sample to investigate the
neuroanatomical basis of BMI is both a strength and a
weakness. On the positive side, this study suggested that
even within the normal range of BMI, there is a small but
significant gradual change in gray and white matter information in the MCC region. However, the BMI in the
present study had a narrow range with only 15 participants
being overweight and none being obese. These results may
or may not be generalizable to other populations (e.g.,
clinical samples, other ethnic groups).
In conclusion, the present study investigated the correlation between BMI and brain structure in a large sample of
Chinese young adults. We found that BMI was inversely
correlated with the IGT score in the first 40 trials; GMV in
the MCC, left OFC, and left VMPFC; white matter integrity in bilateral cingulum; and white matter tracks connecting MCC and subcortical regions. Moreover, IGT score
mediated the correlation between brain structure and BMI.
Taken together, these results suggested that the gray and
white matter in the MCC region, which is responsible for
decision making and impulsive control, made small but
significant contributions to BMI in healthy Chinese college
students. These results shed light on the neuroanatomical
basis of individual differences in BMI.
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Noël X, Brevers D, Bechara A (2013) A neurocognitive approach to
understanding the neurobiology of addiction. Curr Opin Neurobiol
Palomero-Gallagher N, Vogt BA, Schleicher A, Mayberg HS, Zilles
K (2009) Receptor architecture of human cingulate cortex:
evaluation of the four-region neurobiological model. Hum Brain
Mapp 30(8):2336–2355
Pannacciulli N, Del Parigi A, Chen K, Le DSNT, Reiman EM,
Tataranni PA (2006) Brain abnormalities in human obesity: a
voxel-based morphometric study. Neuroimage 31(4):1419–1425
Preacher KJ, Hayes AF (2004) SPSS and SAS procedures for
estimating indirect effects in simple mediation models. Behav
Res Methods Instrum Comput 36(4):717–731
Preacher KJ, Hayes AF (2008) Asymptotic and resampling strategies
for assessing and comparing indirect effects in multiple mediator
models. Behav Res Methods 40(3):879–891
Raji CA, Ho AJ, Parikshak NN, Becker JT, Lopez OL, Kuller LH,
Hua X, Leow AD, Toga AW, Thompson PM (2010) Brain
structure and obesity. Hum Brain Mapp 31(3):353–364. doi:10.
1002/hbm.20870
Reiss AL, Abrams MT, Singer HS, Ross JL, Denckla MB (1996)
Brain development, gender and IQ in children. A volumetric
imaging study. Brain 119(5):1763–1774
Renehan AG, Tyson M, Egger M, Heller RF, Zwahlen M (2008)
Body-mass index and incidence of cancer: a systematic review
and meta-analysis of prospective observational studies. Lancet
371(9612):569–578
Rolls E (2007) Understanding the mechanisms of food intake and
obesity. Obes Rev 8(s1):67–72
Rucker DD, Preacher KJ, Tormala ZL, Petty RE (2011) Mediation
analysis in social psychology: current practices and new
recommendations. Soc Pers Psychol Compass 5(6):359–371

123

Rudrauf D, Mehta S, Grabowski TJ (2008) Disconnection’s renaissance takes shape: formal incorporation in group-level lesion
studies. Cortex 44(8):1084–1096
Rueckert D, Sonoda LI, Hayes C, Hill DLG, Leach MO, Hawkes DJ
(1999) Nonrigid registration using free-form deformations:
application to breast MR images. IEEE Trans Med Imaging
18(8):712–721
Sakamaki R, Toyama K, Amamoto R, Liu C-J, Shinfuku N (2005)
Nutritional knowledge, food habits and health attitude of Chinese
university students—a cross sectional study. Nutr J 4(1):4
Saunders JB, Aasland OG, Babor TF, Delafuente JR, Grant M (1993)
Development of the alcohol-use disorders identification test
(audit)—WHO collaborative project on early detection of
persons with harmful alcohol-consumption 2. Addiction
88(6):791–804
Shackman AJ, Salomons TV, Slagter HA, Fox AS, Winter JJ,
Davidson RJ (2011) The integration of negative affect, pain and
cognitive control in the cingulate cortex. Nat Rev Neurosci
12(3):154–167. doi:10.1038/nrn2994
Smith S (2002) Fast robust automated brain extraction. Hum Brain
Mapp 17(3):143–155
Smith S, Jenkinson M, Woolrich M, Beckmann C, Behrens T,
Johansen-Berg H, Bannister P, De Luca M, Drobnjak I, Flitney
D (2004) Advances in functional and structural MR image
analysis and implementation as FSL. Neuroimage 23:S208–S219
Smith S, Jenkinson M, Johansen-Berg H, Rueckert D, Nichols T,
Mackay C, Watkins K, Ciccarelli O, Cader M, Matthews P
(2006) Tract-based spatial statistics: voxelwise analysis of multisubject diffusion data. Neuroimage 31(4):1487–1505
Sowell ER, Peterson BS, Thompson PM, Welcome SE, Henkenius
AL, Toga AW (2003) Mapping cortical change across the human
life span. Nat Neurosci 6(3):309–315
Stanek KM, Grieve SM, Brickman AM, Korgaonkar MS, Paul RH,
Cohen RA, Gunstad JJ (2010) Obesity is associated with reduced
white matter integrity in otherwise healthy adults&ast. Obesity
19(3):500–504
Stein CJ, Colditz GA (2004) The epidemic of obesity. J Clin
Endocrinol Metab 89(6):2522–2525
Strauss RS (1999) Comparison of measured and self-reported weight
and height in a cross-sectional sample of young adolescents. Int J
Obes Relat Metab Disord J Int Assoc Study Obes 23(8):904
Taki Y, Kinomura S, Sato K, Inoue K, Goto R, Okada K, Uchida S,
Kawashima R, Fukuda H (2008) Relationship between body
mass index and gray matter volume in 1,428 healthy individuals.
Obesity 16(1):119–124
Trinko R, Sears RM, Guarnieri DJ, DiLeone RJ (2007) Neural
mechanisms underlying obesity and drug addiction. Physiol
Behav 91(5):499
van Strien T, van der Zwaluw CS, Engels RC (2010) Emotional
eating in adolescents: a gene (SLC6A4/5-HTT)—depressive
feelings interaction analysis. J Psychiatr Res 44(15):1035–1042.
doi:10.1016/j.jpsychires.2010.03.012
Vogt BA (2005) Pain and emotion interactions in subregions of the
cingulate gyrus. Nat Rev Neurosci 6(7):533–544
Vogt B (2009) Cingulate neurobiology and disease. Oxford University Press, Oxford
Volkow ND, Wang GJ, Fowler JS, Telang F (2008) Overlapping
neuronal circuits in addiction and obesity: evidence of systems
pathology. Philos Trans R Soc B Biol Sci 363(1507):3191–3200
Walther K, Birdsill AC, Glisky EL, Ryan L (2010) Structural brain
differences and cognitive functioning related to body mass index
in older females. Hum Brain Mapp 31(7):1052–1064. doi:10.
1002/hbm.20916
Wang R, Benner T, Sorensen A, Wedeen V (2007a) Diffusion toolkit:
a software package for diffusion imaging data processing and
tractography, p 3720

Brain Struct Funct
Wang Y, Mi J, Shan XY, Wang QJ, Ge KY (2007b) Is China facing
an obesity epidemic and the consequences? The trends in obesity
and chronic disease in China. Int J Obes (London)
31(1):177–188. doi:10.1038/sj.ijo.0803354
Weise CM, Thiyyagura P, Reiman EM, Chen K, Krakoff J (2013) Fatfree body mass but not fat mass is associated with reduced gray
matter volume of cortical brain regions implicated in autonomic
and homeostatic regulation. Neuroimage 64:712–721
Wu Y (2006) Overweight and obesity in China. BMJ 333(7564):
362–363
Xu J, Li Y, Lin H, Sinha R, Potenza MN (2011) Body mass index
correlates negatively with white matter integrity in the fornix and
corpus callosum: a diffusion tensor imaging study. Hum Brain
Mapp. doi:10.1002/hbm.21491
Xue G, Lu Z, Levin IP, Weller JA, Li X, Bechara A (2009) Functional
dissociations of risk and reward processing in the medial

prefrontal cortex. Cereb Cortex 19(5):1019–1027. doi:10.1093/
cercor/bhn147
Yang J, Benyamin B, McEvoy BP, Gordon S, Henders AK, Nyholt
DR, Madden PA, Heath AC, Martin NG, Montgomery GW,
Goddard ME, Visscher PM (2010) Common SNPs explain a
large proportion of the heritability for human height. Nat Genet
42(7):565–569. doi:10.1038/ng.608
Yu C, Zhou Y, Liu Y, Jiang T, Dong H, Zhang Y, Walter M (2011)
Functional segregation of the human cingulate cortex is
confirmed by functional connectivity based neuroanatomical
parcellation. Neuroimage 54(4):2571–2581. doi:10.1016/j.
neuroimage.2010.11.018
Zhang Y, Brady M, Smith S (2001) Segmentation of brain MR images
through a hidden Markov random field model and the expectation-maximization algorithm. IEEE Trans Med Imaging
20(1):45–57

123
All in-text references underlined in blue are linked to publications on ResearchGate, letting you access and read them immediately.

