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A B S T R A C T

Obesity causes critical health problems including cardiovascular disease, diabetes, and stroke. Various neuroi-
maging methods including diffusion tensor imaging (DTI) are used to explore white matter (WM) alterations in
obesity. The functional correlation tensor (FCT) is a method to simulate DTI in WM using resting-state functional
magnetic resonance imaging (rs-fMRI). In this study, we enhanced the FCT with additional anatomical in-
formation from T1-weighted data in a regression framework. The goal was to 1) develop a spatially guided
enhanced FCT (s-eFCT) and to 2) use it to identify imaging biomarkers for obesity. We computed fractional
anisotropy (FA) and the mean diffusivity (MD) from the s-eFCT. The regional FA and MD values that can explain
body mass index (BMI) well were chosen. The identified regional FA and MD values were used to predict BMI
values. The correlation between real and predicted BMIs was 0.57. There was no significant correlation between
real and predicted DTI using the MD. The BMI predicted using FA was used to classify participants into three
obesity subgroups. The classification accuracy was 57.20%. In summary, we found potential imaging biomarkers
of obesity based on the s-eFCT.

1. Introduction

Obesity is a worldwide health problem, which is linked to many
diseases including cardiovascular disease, diabetes, and stroke [1].
Body mass index (BMI) is a simple measure of obesity [2], and it is a
representative measurement to assess the accumulation of body fat [3].
Previous studies found a positive correlation between BMI and mor-
bidity suggesting that BMI might be an indicator for the physical con-
dition of people with obesity [2,3].

Many studies found that obesity is associated with brain based on
neuroimaging results of magnetic resonance imaging (MRI), positron
emission tomography, and single-photon emission computed tomo-
graphy (SPECT) [4–9]. MRI is an especially useful tool as it provides
both structural and functional information of the brain. Diffusion tensor
imaging (DTI) is one of the MRI modalities that measures the degree of
water diffusion in white matter (WM). The directionality of diffusion is
measured using fractional anisotropy (FA), and the magnitude of dif-
fusion is measured using the mean diffusivity (MD). FA and the MD are
the representative scalar measurements computed from DTI, and many

studies adopt them to quantify the WM properties [10]. Previous neu-
roimaging studies found significant relationships between the WM
structure alterations and obesity using DTI [11–13]. Karlsson et al.
found that WM atrophy was associated with the percentage of body fat
[11]. Bolzenius et al. adopted tractography analysis and found a ne-
gative correlation between BMI and the length of fibers in the temporal
lobe [12]. Stanek et al. found that an increased BMI was related to
decreased FA in the corpus callosum and fornix [13]. In a previous
study, we predicted BMI using the structural connectivity of DTI [14].
These studies collectively suggest that obesity is related to the altered
structure of WM.

Functional MRI (fMRI) that measures the blood-oxygen-level de-
pendent (BOLD) signal from gray matter (GM) is a widely adopted
neuroimaging modality in obesity-related studies [15,16]. Existing
fMRI studies focused on analyzing the BOLD signal from GM [17–20].
Still, a few studies reported that significant BOLD signal existed in WM
in smaller magnitude [21]. Especially, the robust signal was observed in
the corpus callosum and internal capsule, parts of WM [21–24]. These
studies collectively provided a basis for exploring the BOLD signal in
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the WM. A method to explore BOLD signals from WM using fMRI was
proposed by Ding et al. [25]. They developed a method known as the
functional correlation tensor (FCT) to mimic DTI [25,26]. The FCT was
constructed by calculating the correlations of time courses between a
given voxel and its adjacent voxels, and then the correlation values
were further modified with a dyadic tensor. Ding et al. reconstructed
the neuronal fibers in the corpus callosum and optic radiation using
FCT suggesting the possibility of developing pseudo-DTI from fMRI
[25]. This might allow us to extract DTI like information from fMRI
data and thus might save the scanning time as there is less need to
perform real DTI data acquisition. The decrease in the scanning time
can be an important factor for children and elderly subjects who might
have difficulties with staying in the scanner for an extended period of
time, which is required for multimodal acquisition studies.

In this study, we aimed to achieve two goals. First, we aimed to
enhance the FCT by incorporating spatial information of T1-weighted
structural data. We hypothesized that the spatial information might
provide complementary information for constructing the FCT. Second,
we aimed to find biomarkers of obesity using a spatially guided en-
hanced FCT (s-eFCT). We predicted BMI using the s-eFCT. We hy-
pothesized that the s-eFCT might be used as imaging biomarkers to
distinguish among subclasses of obesity.

2. Materials & methods

2.1. Subjects and imaging data

The institutional review broad (IRB) of Sungkyunkwan University
approved our study. Consent was waived for this retrospective study.
Our study was performed in full accordance with local IRB guidelines.
We obtained DTI, resting-state functional magnetic resonance imaging
(rs-fMRI), and T1-weighted data from enhanced Nathan Kline Institute-
Rockland sample (NKI-RS) database Release 1–8 [27]. All NKI-RS par-
ticipants were scanned on a Siemens Magnetom Trio Tim scanner with
the following imaging parameters. For fMRI, the parameters were the
repetition time (TR)= 645ms, echo time (TE)= 30ms, field of view
(FOV)= 222mm, flip angle= 60°, 900 vol, and isotropic slice size=

× ×3 3 3 mm3. For DTI, the parameters were the TR=2400ms,
TE= 85ms, FOV=212mm, flip angle= 90°, isotropic slice size=

× ×2 2 2 mm3, b value= 1500 s/mm2 , and 137 directions. Of the
total 771 subjects, subjects without BMI information, T1-weighted data,
rs-fMRI, or DTI data were excluded. The subjects with severe distortions
in DTI reconstructions were also excluded. We randomly selected 88
subjects for each group from the remaining 305 subjects: healthy
weight (HW), overweight (OW), and obesity (OB). The OB group had
only 88 subjects and thus we randomly chose 88 subjects in the other
two groups to balance the number of samples in each group. The three
groups were classified using the WHO BMI criteria [28]. Non-imaging
data such as age, sex and BMI were obtained from the database.

2.2. Data preprocessing

The T1-weighted and rs-fMRI data were preprocessed using FSL and
AFNI software [29,30]. For the T1-weighted data, we removed the skull
and registered them onto Montreal Neurological Institute (MNI) stan-
dard space. The rs-fMRI data were processed as follows. The first 10 s
(16 vol) were removed to adjust for the hemodynamic response delay.
Head motion and slice timing effects were corrected. Intensity nor-
malization was applied as a mean value of 10,000 across the data. The
fMRI data were registered onto the high-resolution T1-weighted data
and then subsequently registered onto the 3 mm3 MNI standard space. A
low pass filter with a cutoff of 0.1 Hz was applied to remove noise and
keep WM signals. Spatial smoothing was not performed because it could
introduce artificial spatial correlation, which might negatively affect
the computation of the FCT. Preprocessing of the DTI data was per-
formed using FSL and diffusion toolkit (DTK) software [31]. Non-brain

tissues of raw DTI data were removed. The raw DTI data were regis-
tered onto the image with a b value of s mm/ 2 and then subsequently
registered onto the 3 mm3 MNI standard space. The reconstruction of
the DTI data was performed with the standard diffusion tensor model
using the DTK software [31].

2.3. Functional correlation tensor

To compute the FCT, only the BOLD signals located in WM from
fMRI were used. Inspired by Ding et al. the tensor Ti of a voxel Vi was
calculated as follows [26]:
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where wij was the soft threshold-weighted Pearson correlation coeffi-
cient between the time series of Vi and Vj as equation (2) [26,32].
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where rij was the correlation value of the time series between voxels Vi
and Vj. We adopted the soft-thresholding method for the correlation
value using the scale-free index β, which was set to 12. Dij was the
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For a voxel Vi in the brain WM, a total of 26 voxels adjacent in 3D
are defined as Vj. The procedure above is referred to as the construction
of the FCT.

2.4. Enhancement of the FCT

The FCT was further enhanced using a multivariable linear regres-
sion framework to resemble the real diffusion tensor. The directional
values of FCT and T1-weighted intensity values were set as independent
variables and one direction of the diffusion tensor from real DTI as
dependent variable:
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where FCTj and Ak were the FCT in each direction and the anatomical
T1-weighted value in the neighborhood, respectively. αj and βk were
the corresponding regression coefficients, and ε was the regression

error.ˆDTi was the simulated diffusion tensor in each direction using
the s-eFCT. The neighbors of the T1 data were four in-plane neighbors
and two out-of-plane neighbors. The process was repeated for all six
components of the diffusion tensor. We used the s-eFCT to calculate the
FA and the MD of the simulated diffusion tensor, which were compared
with those from real DTI. FA was derived from the three eigenvalues
λ λ λ( , , )1 2 3 of the s-eFCT. MD was calculated as the sample mean of the
three eigenvalues as follows,

= + +λ λ λMD
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where λ̂ was MD. The region-wise mean values of FA and MD were
computed for 50 WM regions based on the ICBM DTI-81 atlas available
on the standard space [35].
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2.5. Feature selection for BMI prediction

We used the s-eFCT to calculate the mean values of FA and MD for
the 50 WM regions. The FA or MD values that could explain BMI well
were selected using the least absolute shrinkage and selection operator
(LASSO) framework [36]. The LASSO is a regularized regression ana-
lysis, which can select a sparse set of variables that can explain the
dependent variable well. The LASSO was applied to 50 FA values and
50 MD values separately. The selected variables were encouraged to be
orthogonal.

2.6. BMI prediction

A multivariable linear regression model was created using the mean
FA or MD values of the identified regions as independent variables and
the actual BMI values as dependent variables. From two-sample t-tests
for every combination of groups, age showed group differences (see the
details in the Result section). Thus, the age was added as a covariate for
the linear regression model.

∑= + ⋅ +
=

BMI β FA γ age ε
i

i i
1

N

(7)

where FAi were the regional FA values, and γ was regression coeffi-
cient, N was the number of selected imaging features, and ε was the
error. The prediction was performed in a 10-fold cross-validation
fashion. For each left out test fold, remaining nine training folds were
used to identify features via the LASSO. We classified the predicted BMI
of the left out test fold into three subgroups (i.e., HW, OW, and OB)
according to the obesity criteria [2] using the identified features from
the LASSO. We compared the predicted subgroup assignment with the
ground truth label using a ×3 3 confusion matrix. The process was
repeated 10 times each time leaving a different fold out.

2.7. Statistics

A 10-fold cross-validation was adopted separating the training and
the test data. The regression coefficients were computed from nine
training folds, and we reserved one fold as testing in later stages. The
process was repeated 10 times each time leaving a different fold out. To
enhance the original FCT, a multivariable linear regression model was
constructed. In the regression model, we used 12 independent variables
including six-directional values of the FCT and six (i.e., the six im-
mediate neighbors of the voxel) T1-weighted intensity values. As a
dependent variable, one direction of the diffusion tensor from real DTI
was used. To select the features to explain BMI, the LASSO framework
was adopted. Additional multivariable linear regression models were
created using the mean FA or MD values of the identified regions as
independent variables and the actual BMI values as dependent vari-
ables. From two-sample t-tests for every combination of groups, age
showed group differences (see details in the Results section). Thus, the
age was added as a covariate for the linear regression model. The
prediction was performed in a 10-fold cross-validation fashion. For each
left out test fold, remaining nine training folds were used to identify
features via the LASSO. We applied the LASSO 10 times for 10 different
training dataset to select significant regional FA/MD features.
Prediction results were quantified using the Pearson correlation and
intraclass correlation (ICC) between the actual and predicted BMIs. The
error of the prediction was assessed using the root mean squared error
(RMSE). The predicted BMI was classified into three subgroups (i.e.,
HW, OW, and OB) and compared with the ground truth label. The result
of the three-subgroup classification using the predicted BMI was mea-
sured using precision, recall, F1-score, and accuracy. The reported
classification performances were derived from overall confusion matrix
calculated by summation of 10 left out test folds. The reported classi-
fication performances were averaged values of 10 left out test folds. The

s-eFCT construction, feature selection, and prediction were conducted
using Python (version 2.7. Python Software Foundation. Python
Language reference). Pearson correlation and RMSE were calculated
using MATLAB (version 2016b, MathWorks Inc. Natick, MA, USA). The
ICC was computed using SPSS (version 20.0., IBM SPSS Statistics for
Windows, Armonk, NY: IBM Corp.).

3. Results

3.1. Study participants

We considered 264 subjects in this study. The subjects were classi-
fied into three subgroups of HW, OW and OB groups. Detailed demo-
graphic information is described in Table 1 for all three subgroups.

3.2. Quality of the s-eFCT

We constructed the s-eFCT using the fMRI with T1-weighted data
and calculated the FA and MD values for the WM regions. The tensors
were compared with those of the real diffusion tensor and the s-eFCT
using Pearson's correlation in the 10-fold cross-validation. The mean
correlation of the tensors over six channels of all regions of interest
(ROIs) between the s-eFCT and the diffusion tensor was 0.39 (Table S1).
The mean correlation between the FA values derived from the diffusion
tensor and the s-eFCT was 0.36, and that of the MD values was 0.47.
The results for FA and MD of each ROI were reported in Table S2.

3.3. Selected imaging features from the LASSO

The selected imaging features to explain BMI were reported in
Fig. 1. As we adopted the 10-fold cross-validation, the selected features
were slightly different among different folds. We kept the ones that
were selected all 10 times. Fig. 1 showed the features that were com-
monly identified from all 10 folds. The LASSO method identified 26
ROIs using the FA values. The regions included regions of major fiber
bundles, such as the corpus callosum (CC), fornix (FX), medial lem-
niscus (ML), internal capsule (IC), corona radiata (CR), fronto-occipital
fasciculus (FO), cerebellar peduncle (CP), and cingulum including cin-
gulate gyrus (CGC) and hippocampus (CGH). The identified regions,
CC, FX, ML, IC, CR, FO, CGC, and CGH were the previously reported
regions associated with BMI [37–42]. Thus, the identified regions were
mainly consistent with the known literature of obesity. The detailed
regions were reported in Fig. 1. The LASSO method identified 13 ROIs
using the MD values consistently. They were the genu, body, and
splenium of CC, FX, left ML, right cerebral peduncle, right anterior limb
and left retro part of IC, both side of posterior thalamic radiation, left
CGC, left CGH, and right uncinate fasciculus.

3.4. Comparison between the real and predicted BMI

The identified regions and the associated FA values were used as

Table 1
Subject information for the three-subgroups depending on the BMI.

Group BMI Range number of subjects
(M: F)

Mean (SD)
Age

Mean (SD)
BMI

HW −18.50 24.99 88 (28:60) 34.96 (14.03) 22.50 (1.64)
OW −25.00 29.99 88 (34:54) 38.10 (13.82) 27.39 (1.38)
OB ≥ 30.00 88 (29:59) 41.52 (12.22) 35.10 (4.58)
P-valuea - 0.3437b 0.001 <0.001

Notes.
HW, healthy weight; OW, overweight; OB, obesity; M, male; F, female; BMI,
body mass index; SD, standard deviation.

a P-values were reported for the lowest value.
b Chi-squared test for the sex ratio.
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independent variables in a multivariate linear regression framework to
predict the BMI values in a 10-fold cross-validation fashion. The pre-
dicted BMI and actual BMI values showed a meaningful correlation
(mean r= 0.57) over 10 left out test folds. The mean (standard de-
viation [SD]) RMSE between the predicted and actual BMIs was 4.96
(0.65). The mean (SD) ICC was 0.67 (0.19). There was no association
between the BMI predicted using the MD and the actual BMI values.
The detailed result of comparison between the real BMI and predicted
BMIs was described in Table 2.

3.5. Subgroup classification

We used FA of the identified regions from the s-eFCT to perform
classification of subjects into three subgroups. The accuracy of the
classification was evaluated by the ratio of the true label to the whole
label. The mean of the classification accuracy using the FA values of the
identified regions among 10 left out test folds was 57.31%. The baseline
accuracy (i.e., blinding assigning all cases to the dominant label) of the
classification was 33.33% owing to the balanced number of samples in
each subgroup. The detailed results of the classification were described
in Table 3.

3.6. Comparison with DTI

To compare the prediction results from s-eFCT, we additionally
performed BMI prediction using real DTI. The LASSO method identified
nine regions of the genu of CC, right ML, IC (right anterior limb, left

posterior limb, left retrolenticular part), right posterior thalamic ra-
diation, right CGC, right uncinate fasciculus, and left tapetum using FA.
When MD was used, three regions of the body of CC, right posterior
thalamic radiation, and right uncinate fasciculus were identified. There
were significant correlations between the predicted and actual BMI
using FA on six out of ten folds (Table 4). The mean accuracy of the
classification was 46.59% (Table 5). When MD was used, most folds
showed low correlation and classification accuracy (Tables 4 and 5).

4. Discussion

In the current study, we aimed to develop a new variant of the FCT,
the s-eFCT, which contains both functional and structural brain in-
formation using fMRI and T1-weighted data. The functional informa-
tion was measured by correlating temporal fluctuations in fMRI be-
tween all pair of voxels in the WM. The structural information was
voxel-wise T1-weighted data. We used our s-eFCT to predict the BMIs of
people with a wide range of BMI values, and it led to fair prediction
results (mean r= 0.57). The predicted BMI score was used to perform a
three-label classification of the BMI subgroups.

Several recent studies suggested the use of the FCT as an imaging
biomarker to distinguish patients with mild cognitive impairment (MCI)
from normal controls [43,44]. Zhang et al. performed classification
between early-stage MCI and normal controls using the FA map cal-
culated from FCT as the discriminating features [43]. Their work fo-
cused on Alzheimer's disease, while ours focused on obesity. We en-
hanced the FCT with anatomical T1 information and fMRI, while their

Fig. 1. Identified 26 regions via the LASSO feature selection using FA to explain BMI. The left and right subfigures show regions of each hemisphere. The middle
column shows regions located in.
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enhancement approach only used information from fMRI. They used
regression forest, while we used linear regression to enhance the FCT.
Chen et al. used the FCT method with a dynamic sliding window ap-
proach and performed the classification between MCI and normal
controls [44]. Their approach did not include the enhancement of the
FCT. Using the sliding window, they computed dynamic functional
connectivity and that resulted in having more features (i.e., many
connectivity values instead of one static connectivity value). The ap-
proach might require more samples as the complexity of the model
increased significantly. Zhou et al. suggested the FCT could be used for
image registration [34]. They demonstrated that the performance of the
brain image registration could be improved using the FCT as a new
feature to drive the image registration procedure. Their approach did
not enhance the FCT and has a very different application domain.

The FCT was constructed by considering the functional association
of the time series between different voxels, and it did not lead to good
similarity with the real diffusion tensor (Table S1). Thus, we further
explored whether a simple linear regression framework can enhance the
FCT to resemble the real diffusion tensor better with more factors. The

FCT contained six channels of information, which might jointly con-
tribute the real diffusion tensor. For example, the dxx (major horizontal
component) of real DTI might contain contributions from different
combinations of six channels of the FCT. We considered all six channels
of the FCT to model each directional component of the real diffusion
tensor to construct an enhanced FCT (eFCT) model. However, the eFCT
using only six channels of information of the FCT still did not reflect
patterns of the real diffusion tensor well. We hypothesized that this
might be due to the absence of the anatomical information, which is
difficult to obtain from BOLD signals. Thus, we included the T1-
weighted intensity values of the six neighbors of the given voxel to
improve the FCT model. This could be thought of as extending the
original FCT model of Ding et al. by adding anatomical information. We
compared three versions of the FCT (i.e., original FCT, eFCT, and s-
eFCT). We found that the similarity between the s-eFCT with anato-
mical information and the real diffusion tensor revealed the highest
correlation value in WM (mean r= 0.38) followed by the eFCT and the
original FCT (Table S1).

We identified 26 regions related to the BMI from 50 WM regions.
Existing DTI studies of obesity also identified many of the same regions
we identified. Some studies found a relationship between the body fat
indices and changes in FA in WM using DTI [11,37,39–41]. Raji et al.
reported that there was atrophy in the CR in the OW group compared to
the HW group [37]. They also found that the OB group showed atrophy
in the subcortical WM regions of the CGC and CGH [37]. Papageorgiou
et al. associated the brain fiber and obesity using tract-based spatial
statistics [39]. They found that FA of the OW group was decreased in
the CGC and CGH. They also found that FA of the OB group was de-
creased in the inferior FO, CC, unicate fasciculus, and IC [39]. Xu et al.
reported a relationship between the BMI and FA, MD, axial eigenvalues,
and radial eigenvalues in each of the CC, FX, and CR [40]. The report of
Verstynen et al. showed that FA is associated with the BMI over most of
the WM regions [41]. Especially the CP and ML showed a high corre-
lation with the BMI [41].

We performed the subgroup classification using the selected brain
regions. The classification precisions in the HW (71.15%) and OB
(62.07%) groups were higher than the OW (48.00%) group. The OW

Table 2
Comparison between the real and predicted BMI using the s-eFCT. The Pearson's and intraclass correlation values were computed between the real and predicted
BMI. The regression line is between the real and predicted BMI.

feature Fold Pearson's correlation Intraclass correlation Regression Line RMSE

r p r 95% CI p β ε

FA 1 0.66 < 0.001 0.69 0.31–0.86 0.020 1.34 -9.18 5.53
2 0.57 0.002 0.71 0.36–0.87 0.010 0.75 7.77 4.94
3 0.63 < 0.001 0.75 0.44–0.88 <0.001 0.89 2.63 4.56
4 0.11 0.601 0.16 -0.85–0.62 0.334 0.21 22.27 5.86
5 0.66 < 0.001 0.79 0.54–0.91 <0.001 0.77 5.84 4.19
6 0.40 0.038 0.56 0.36–0.80 0.020 0.32 19.40 6.19
7 0.77 < 0.001 0.85 0.68–0.93 <0.001 1.01 −1.71 4.19
8 0.67 < 0.001 0.76 0.46–0.89 <0.001 1.04 -1.48 4.58
9 0.73 < 0.001 0.79 0.52–0.91 <0.001 1.16 -5.00 4.73
10 0.49 0.016 0.59 0.06–0.82 0.018 0.85 4.50 4.84
Mean 0.57 - 0.67 - - 0.83 - 4.96
SD 0.18 - 0.18 - - 0.32 - 0.62

MD 1 0.57 0.002 0.55 0.01–0.80 0.023 1.49 −11.8 6.24
2 0.4 0.040 0.48 -0.13–0.77 0.049 0.79 5.86 5.31
3 0.43 0.024 0.50 -0.11–0.77 0.043 0.93 0.32 5.51
4 −0.01 0.942 −0.22 -1.24–0.53 0.522 -0.03 28.79 6.02
5 0.59 0.001 0.74 0.42–0.88 0.001 0.73 6.19 4.71
6 0.3 0.128 0.44 -0.22–0.75 0.072 0.42 16.3 5.09
7 0.58 0.002 0.54 -0.02–0.79 0.027 1.62 -17.42 5.31
8 0.48 0.011 0.49 -0.12–0.77 0.045 1.24 -5.76 5.46
9 0.47 0.020 0.44 -0.31–0.76 0.089 1.45 -11.49 6.15
10 0.05 0.831 0.07 -1.16–0.60 0.437 0.11 25.01 5.96
Mean 0.39 - 0.40 - - 0.88 - 5.58
SD 0.20 - 0.26 - - 0.55 - 0.48

CI, confidence interval; β, regression coefficient; ε, regression intercept; RMSE, root mean square error; SD, standard deviation.

Table 3
Three subgroup classification results using the BMI predicted by the FA or
MD of the s-eFCT. Table entries are the sum of performance measures over 10
left out folds.

Truth Prediction

FA MD

HW OW OB Mean HW OW OB Mean

HW 37 38 13 - 11 67 10 -
OW 8 60 20 - 10 63 15 -
OB 7 27 54 - 5 48 35 -
Precision (%) 71.15 48.00 62.07 60.41 42.31 35.39 58.33 45.34
Sensitivity (%) 42.05 68.18 61.36 57.20 12.50 71.59 39.77 41.29
Specificity (%) 52.86 56.34 61.71 56.97 19.30 47.37 47.30 37.99
Accuracy (%) 57.20 41.29

HW, healthy weight; OW, overweight; OB, obesity.
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group lies between HW and OB groups in BMI values and the errors
could occur if the predicted BMI is lower than the threshold of 25 or
higher than the threshold of 30. For HW and OB groups, errors could
only occur in one direction toward the OW group. This led to having
lower precision for the OW group. On the other hand, the recall of OW
(68.18%) and OB (61.36%) groups were higher than HW (42.05%)
group as many subjects in the HW group were erroneously classified as
OW or OB. This might indicate it is difficult to distinguish between the
HW and OW groups. The F1-score was the highest in the OB group
possibly suggesting that our model explained the people with obesity
well compared to the other two groups.

We predicted the BMI using real DTI to compare with the s-eFCT
approach. The selected imaging features using FA and MD of DTI in-
cluded CC, ML, IC, and CGC. These regions were previously reported in
our s-eFCT experiment. The mean accuracy of the classification using
the predicted BMI using FA of DTI was 46.59%, which was lower than
that using the s-eFCT (57.20%). A majority of folds in the MD predic-
tion showed no significant correlation, and it did not classify the BMI

subgroups well. One possible reason could be that our s-eFCT combined
functional information of fMRI with the anatomical T1-weighted in-
formation thus could be a more useful biomarker to explain BMI than
approaches using only DTI.

The MD predicted using the s-eFCT was more correlated with the
actual MD than FA predicted with actual FA (Table S2). Nevertheless,
the BMI predicted using the MD hardly classified the three subgroups.
Pearson's correlation between the predicted MD and the actual MD
showed significant similarity in seven out of ten folds (Table 2), but the
mean accuracy of the classification among ten folds was only 41.39%,
close to the baseline accuracy. The prediction of the MD using real DTI
also showed a low performance, so we found that the mean eigenvalues
of the tensor had little or no involvement in the change of the BMI. The
results indicate that the directionality of diffusion modeled with the
FCT is different from the real diffusion tensor, and it explained the BMI
of HW, OW, and OB better. The reason why the directionality of dif-
fusion is better at predicting the BMI than the magnitude of diffusion
needs further validations.

In this study, we matched the number of subjects in each class.
Machine learning approaches work well when we have a balanced
number of subjects in each class [45]. The OB group had the least
number of subjects and thus randomly subsampled the other two groups
(HW and OW) to have the same number of subjects. We could have lost
a large amount of information due to this subsampling and thus we
applied random subsampling 10 times more and reported the stability
of our results. For each new set of patients, we constructed the s-eFCT,
which was further used to compute FA values. The regions identified in
the new 10 sets were largely consistent with those reported in the main
text (Table S3). Among the 26 regions identified in the main text, we
observed that 15 regions were also found at least eight times in the new
10 sets. In addition, we quantified the classification performance using
the FA values. The classification performances from the new 10 sets
were similar to those reported in the main text (Table S4). The mean
correlation between the predicted BMI and real BMI was 0.56
(SD=0.02) and this was similar to the results of the main text
(r= 0.57). The mean classification accuracy was 55.63% (SD=2.81)
and it was also similar to the result of the main text (57.20%).

Table 4
Comparison between the real and predicted BMI using the DTI. The Pearson's and intraclass correlation values were computed between the real and predicted
BMI. The regression line is between the real and predicted BMI.

feature Fold Pearson's correlation Intraclass correlation Regression Line RMSE

r p r 95% CI p β ε

FA 1 0.83 <0.001 0.80 0.56–0.91 < 0.001 1.67 −17.97 4.72
2 0.37 0.056 0.46 −0.19–0.75 0.063 0.75 6.65 5.41
3 0.45 0.019 0.57 0.06–0.81 0.017 0.73 6.54 5.45
4 0.05 0.790 0.09 −1.00–0.58 0.409 0.1 25.22 6.03
5 0.59 0.001 0.70 0.45–0.86 0.001 0.88 2.75 4.37
6 0.34 0.085 0.47 −0.17–0.76 0.056 0.53 13.27 4.84
7 0.5 0.007 0.54 −0.01–0.79 0.027 1.16 −3.81 5.49
8 0.45 0.019 0.51 −0.07–0.78 0.036 0.96 2.11 5.57
9 0.65 0.001 0.66 0.21–0.85 0.006 1.41 −11.22 5.36
10 0.36 0.081 0.39 −0.41–0.74 0.123 0.96 0.97 5.14
Mean 0.46 - 0.52 - - 0.92 - 5.24
SD 0.20 - 0.18 - - 0.42 - 0.46

MD 1 0.48 0.012 0.43 −0.26–0.74 0.081 1.51 −14.04 6.41
2 −0.01 0.977 −0.01 −1.21–0.54 0.506 −0.02 28.98 5.94
3 0.29 0.146 0.27 −0.61–0.67 0.218 1 −0.77 5.62
4 0.07 0.740 0.06 −1.05–0.57 0.434 0.25 20.92 5.5
5 0.57 0.002 0.59 0.09–0.81 0.014 1.32 −10.13 4.49
6 0.33 0.091 0.45 −0.20–0.75 0.066 0.55 12.63 4.8
7 0.26 0.188 0.25 −0.65–0.66 0.238 0.89 3.68 6.11
8 0.58 0.002 0.36 −0.40–0.71 0.130 2.9 −52.33 5.57
9 0.34 0.099 0.34 −0.53–0.72 0.163 1.05 −1.4 6.39
10 −0.1 0.628 −0.10 −0.16–0.52 0.591 −0.42 39.98 5.82
Mean 0.28 - 0.26 - - 0.90 - 5.67
SD 0.22 - 0.21 - - 0.88 - 0.60

CI, confidence interval; β, regression coefficient; ε, regression intercept; RMSE, root mean square error; SD, standard deviation.

Table 5
Three subgroup classification results using the BMI predicted by the FA or
MD of the DTI. Table entries are the sum of performance measures over 10 left
out folds.

Truth Prediction

FA MD

HW OW OB Mean HW OW OB Mean

HW 18 58 12 - 3 79 6 -
OW 10 61 17 - 2 79 7 -
OB 6 38 44 - 2 67 19 -
Precision (%) 52.94 38.85 60.27 50.69 42.86 35.11 59.38 45.78
Sensitivity (%) 20.45 69.32 50.00 46.59 3.41 89.77 21.59 38.26
Specificity (%) 86.78 39.24 73.15 66.39 96.08 13.10 86.32 65.16
Accuracy (%) 46.59 38.26

Notes.
HW, healthy weight; OW, overweight; OB, obesity.
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We explored using other DTI related measures from the s-eFCT to
improve the classification performance. Besides the FA and MD tested,
we computed 50 regional axial diffusivity (AD), radial diffusivity (RD),
relative anisotropy (RA), and volume ratio (VR) from our s-eFCT. Those
measures were subjected to the same LASSO approach to retain sig-
nificant features related to BMI. Using these measures for classification
did not result in better classification performances than using FA alone
(Table S5). Our classification model is based on the linear regression
model and thus there is a room for improvements. In particular, deep
learning methods could be used for improving the accuracy of the
classification and is left for future research.

Our study has several limitations. There is a lack of meaningful
studies reporting on the BOLD signal activity in the WM areas other
than the corpus callosum and internal capsule. Our study found many
other WM regions besides the two. Thus, the regions we found in this
study related to the BMI need to be further validated in an independent
setting. BMI is an indirect indicator for the measurement of obesity.
Some changes in the brain composition that occur with obesity might
not be measured by the BMI owing to low sensitivity and specificity of
BMI as a measure of obesity [46]. However, future studies need to take
a more stable and direct clinical score of obesity. We did not model the
underweight (UW) group since the NKI-RS database did not have suf-
ficient samples in the UW group. Our study adopted machine learning
approaches and it is important to have sufficient samples in each group.
Further studies are needed with more samples in the UW group. We
adopted a simple linear regression model so that the obtained model is
easily interpretable and generalizable to other cases compared to other
high degree of freedom non-linear models. There is a room for im-
provements in particular by using deep learning methods. Deep
learning is a promising technique, which could be used for improving
the accuracy of the classification. This is beyond scope of the current
study and is left for future research.

5. Conclusions

In this study, we combined the FCT and T1-weighted anatomical
information to construct our s-eFCT in a regression framework to model
the diffusion tensor. The s-eFCT model was used to compute the FA and
MD values of the WM regions. We identified FA and MD of the WM
regions related to BMI, which were used as input of a BMI score pre-
diction model. The correlation between the real and predicted BMIs was
0.57. We divided the predicted BMI to distinguish between three sub-
groups of obesity. The classification accuracy was 57.20%. In summary,
we found imaging biomarkers of obesity based on the s-eFCT.
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