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Abstract. Beyond estimation of depot volumes, quantitative analysis of adipose tissue properties could improve
understanding of how adipose tissue correlates with metabolic risk factors. We investigated whether the fat
signal fraction (FSF) derived from quantitative fat–water magnetic resonance imaging (MRI) scans at 3.0 T cor-
relates to CT Hounsfield units (HU) of the same tissue. These measures were acquired in the subcutaneous
white adipose tissue (WAT) at the umbilical level of 21 healthy adult subjects. A moderate correlation exists
between MRI- and CT-derived WAT values for all subjects, R2 ¼ 0.54, p < 0.0001, with a slope of −2.6,
(95% CI ½−3.3;−1.8�), indicating that a decrease of 1 HU equals a mean increase of 0.38% FSF. We demon-
strate that FSF estimates obtained using quantitative fat–water MRI techniques correlate with CT HU values in
subcutaneous WAT, and therefore, MRI-based FSF could be used as an alternative to CT HU for assessing
metabolic risk factors. © 2015 Society of Photo-Optical Instrumentation Engineers (SPIE) [DOI: 10.1117/1.JMI.2.4.046001]
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1 Introduction
Quantifying imaging-derived properties of adipose tissue is an
important field of research. The presence of adipose tissue can
be a factor in many health conditions such as hypertension,
diabetes, cardiovascular disease, liver disease, gallbladder dis-
ease, musculoskeletal disorders, and several types of cancer.1

Quantitative imaging of adipose tissue depots throughout the
body could lead to a better understanding of the relationship
between obesity and health.2 Two imaging modalities, x-ray-
computed tomography (CT) and magnetic resonance imaging
(MRI), are capable of generating quantitative measures of
adipose tissue. CT results in a quantitative measure of tissue
radiodensity called Hounsfield units (HU), which can detect
gradations in adipose tissue properties. The use of CT HU to
study adipose tissue is demonstrated in many areas of research
such as understanding the lipid content of brown adipose tissue3

and the change of adipose tissue HU values in growing pigs.4

MRI is also used to generate quantitative measures of adipose
tissue by dividing the MR signal into water and fat components
and calculating a quantity called fat signal fraction (FSF). Fat–
water MRI (FWMRI) has been extensively studied5–9 and is
accepted as a reliable quantitative method with valuable clinical
appliacations.10–12 Similar to CT HU, MRI-derived FSF values
are also sensitive to gradations in adipose tissue quality.

CT can be used to quantify the area and volume of adipose
tissue reproducibly,13 which is correlated with height, weight,14,15

and waist circumference.16 In addition to area and volume, it is
important to quantify characteristics of adipose tissue such as the
radiodensity (CT HU) and fat content (MRI FSF). For example, it
has been shown that CT HU measures of adipose tissue are asso-
ciated with metabolic risk factors such as fasting insulin, blood
pressure,17 hepatic steatosis,18 and coronary artery disease.19,20

CT measures of the volume and radiodensity of adipose tissue
are positively correlated with body mass index (BMI), with
the strongest correlation being between HU and BMI.21

Although CT has been useful in understanding adipose tissue
physiology, it suffers from the use of ionizing radiation, and there-
fore it is not applicable in all research settings.

MRI is another technique that can be used to quantify the area,
volume, and characteristics of adipose tissue noninvasively.
Studies have compared adipose tissue area and volume derived
using MRI with that derived from CT,22,23 showing strong agree-
ment between the two modalities. However, unlike CT, MRI does
not use ionizing radiation; therefore, it can be used in longitudinal
studies and at risk populations such as pediatrics. Furthermore,
MRI may provide additional information about adipose tissue
structure and function such as FSF. However, MRI measures
of adipose tissue characteristics have yet to be correlated with
the standard or common CT values.
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Therefore, the purpose of this project is to compare CT HU
with MRI-derived FSF in lower abdominal subcutaneous white
adipose tissue (WAT). Data presented here were part of a sep-
arate study24 in which subjects underwent two MRI and two
PET-CT scans after being exposed to both warm and cold
temperatures. The first aim of this work is to determine if the
quantitative properties of WAT measured with MRI and CT
are self-consistent (intramodality). The second aim assesses
intermodality correlation of the quantitative properties of WAT
measured by MRI properties to those measured by CT and
investigates if this correlation is affected by BMI or temperature.

2 Methods

2.1 Subjects and Study Setup

The local ethics committee approved this study to recruit healthy
adult subjects to undergo both MRI and PET-CT scans. Data for
this study were drawn from a previous study24 in which 21 sub-
jects (age range: 21.5- to 34.5-years old, BMI range: 20.2 to
31.5 kg∕m2, 8 males, 13 females) were recruited to undergo
both MRI and PET-CT scans. Each subject was scanned four
times: two PET-CT scans and two MRI scans. The four scans
were not acquired in any particular sequence, and each scan was
acquired on a separate day. All scans for one subject were
acquired within 6 weeks of each other, except for one subject
whose scans spanned 5 months. Subjects were asked to refrain
from caffeine, alcohol, and strenuous exercise for 24 h prior to
the scan day and fast for 8 h prior to arrival for scanning. On the
day of the scan, the subjects changed into standardized dispos-
able hospital exam shorts and t-shirts (MediChoice), removing
socks and shoes while keeping on underwear. After changing
into the standardized clothing, each subject’s height and weight
were measured using standardized equipment, and BMI was
calculated.

The subject sat quietly for 2 h in a temperature-controlled
room immediately prior to being scanned. Each of the two
PET-CT and MRI scans was performed once after sitting in a
warm (24°C) room and once after sitting in a cold (16°C)
room. Of the 21 subjects, 18 subjects have a complete dataset
consisting of all four scans, two subjects have only cold scan
data, and one subject has only warm scan data.

2.2 Image Acquisition

MRI scans were acquired on a 3.0 T Philips AchievaMRI scanner
(Best, The Netherlands) equipped with two-channel parallel trans-
mit capability. The scans were acquired using an X-tend tabletop
(Xtend ApS, Hornslet, Denmark) and a 16-channel Torso-XL sur-
face coil. The FWMRI scans were acquired using a multistack,
multislice, multiple fast field echo acquisition with 7 stacks of
20 axial slices, acquired with no gap between slices.
Acquisition time was 25 s per stack, with two breath holds per-
formed for each stack. Scanner software was modified to enable
the acquisition of eight unipolar echoes (flyback gradients acti-
vated) acquired as two time-interleaved sets of four echoes with
echo time (TE) values specified as TE1 ¼ 1.024 ms and effective
ΔTE ¼ 0.779 ms. Other acquisition protocol details include:
repetition time ¼ 83 ms, flip angle ¼ 12 deg,water–fat shift ¼
0.323 pixels, readout sampling bandwidth ¼ 1346.1 Hz∕pixel,
axial in-plane field of view ¼ 520 mm × 408 mm, acquired
voxel size ¼ 2 mm × 2 mm × 7.5 mm, and sensitivity encoding
(SENSE) parallel imaging factor ¼ 3 in the anterior–posterior

direction. Also, it is important to note that although T1 weighting
is possible given the scan parameters used, T1 bias is worst near
50% FSF. Since this work is focused on FSF of WAT, T1 bias is
less of a concern. Specifically, given commonly acceptedT1 relax-
ation values for water and fat signals along with the sequence
parameters used in this work, the estimated maximum absolute
and mean absolute bias for FSF greater than 90% are 0.46%
and 0.26%, respectively.

PET-CT scans were acquired on a GEDiscovery STE PET/CT
scanner (General Electric Medical Systems, Milwaukee,
Wisconsin). Scans were acquired in helical mode with a 500-
mm data collection diameter, a 700-mm reconstruction diameter,
a standard convolution kernel, 0.8-s revolution time, and a
1.25-mm single collimation width with a 1.675 spiral pitch factor.
Additional scan parameters included: single collimation width ¼
1.25 mm, total collimation width ¼ 10 mm, source-to-patient
distance ¼ 541 mm, source-to-detector ¼ 949.075 mm, and
peak kilovoltage ¼ 120 V. Between 299 and 335 slices were
acquired, depending on subject height, with a slice thickness
of 3.75 mm, and 1.37 mm × 1.37 mm in-plane reconstructed
voxel size, and a 512 × 512 matrix size. Scan exposure time
lasted 873 s, with an effective dose per CT scan of 3.5 mSv.
Acquisition details for both the MRI and PET-CT scans are
further explained in our previous publication.24

2.3 Image Processing

After acquiring the scans, the FWMRI data were separated into
water and fat images using a hybrid complex- and magnitude-
based method.25 The complex portion of the fat–water separa-
tion was performed using a three-dimensional (3-D) water/fat
separation and R2

� estimation based on a multiscale whole-
image optimization algorithm26 implemented in C++. In this
algorithm, fat was modeled using a six-peak spectrum, previ-
ously applied across multiple field strengths and anato-
mies.27–29 Additionally, the first echo of each four-echo train
was discarded to avoid potential contamination by eddy currents
in the complex water–fat signal model. Once processed, the
FWMRI-derived water and fat images were used to calculate
an FSF image by

EQ-TARGET;temp:intralink-;e001;326;315FSF ¼ jFatj
jWaterj þ jFatj : (1)

To process the CT images, the CT DICOM files were loaded into
MATLAB (Mathworks Inc., Natick, Massachusetts) and con-
verted to HU by applying the scanner-supplied rescale factors
to the data.

Once the images were formed and rescaled, the four scans
were coregistered to the same image space for each subject
individually. The coregistration was performed with in-house
developed three-plane-view software using a rigid body regis-
tration algorithm.30 This registration method ensured registra-
tion in all three dimensions. A depot of subcutaneous WAT
large enough to obtain measurements without partial volume
effects was distinguishable in the posterior lower abdomen of
all subjects, even in subjects with the lowest BMI. Therefore,
focus was placed on accurate registration of only the lower
abdomen to ensure the best registration of the subcutaneous
WAT depot. By registering the images prior to further analysis,
this not only ensured that the same tissue was being analyzed
across scans but also allowed a single mask to be used to extract
the subcutaneous WAT region of interest. As part of the
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registration process, the MR FSF images were interpolated to
the smaller voxel dimensions of the CT images.

All further works to process the images were performed
using in-house developed MATLAB scripts. After registration,
10 slices centered at the umbilicus were selected for processing
and analysis. To generate the subject-specific subcutaneous
WAT mask, the voxels in the 10 slices of the coregistered
scans had to fulfill all of the following requirements: MRI
FSF values in the range of 85% to 100%, a range set to exclude
fascia and includeWAT6,31,32 [e.g., FSF images seen in Figs. 1(a)
and 1(d)]; CT HU values in the range of −200 HU to 0 HU,
a range known to include WAT33,34 [e.g., CT images seen in
Figs. 1(b) and 1(e)]; and MRI R2

� values <200 s−1,31,32 to
exclude the skin/air interface. These three rules resulted in an
initial adipose tissue mask from which the subcutaneous
WAT depot was manually selected for each of the 10 slices for
every subject. The resulting subcutaneous WAT mask was then
further refined on a slice-by-slice basis through a single binary
erosion of boundary pixels using the MATLAB function
bwperim with an eight-connected neighborhood rule to define
the perimeter to erode. This perimeter erosion removed small
clusters of pixels as well as contracted the boundary of large
regions of interest (ROIs), thereby reducing any partial volume
effects. Once the final WAT mask was created, statistical com-
parison showed that the means of the edge voxels and core vox-
els of each WAT mask were not statistically different for either
the FSF or HU values for any subject. This indicated that partial
volume effects were absent. These steps resulted in a subject-
specific conservative subcutaneous WAT mask. An example
slice of the final WAT mask for two subjects is shown in
Figs. 1(c) and 1(f). It is important to note that the rigorous seg-
mentation technique applied here may not be practical clinically.

However, by automating region selection and segmentation, this
research aims to be reproducible and to reduce the potential sub-
jectivity of manual selection of ROIs.

After creating the subject-specific WAT mask, the mask was
applied to the coregistered MRI FSF and CT HU images to
obtain the FSF and HU values for each voxel in the masked
regions. For each subject, the 10 slices of data were averaged
to obtain a single MRI FSF and CT HU value for both the
warm and cold conditions. All statistical analyses were per-
formed using RStudio (0.98.1091; RStudio, Inc., Boston,
Massachusetts). The FSF and HU values obtained were plotted,
and linear regression was performed to determine the correlation
(R2), slope, and intercept. For all significance tests, a p-value
<0.05 was considered significant.

3 Results
The subjects were divided into groups based on BMI: All BMI
(n ¼ 21, 8 male); BMI < 25 kg∕m2 (n ¼ 15, 5 male, BMI
range: 20.2 to 24.7 kg∕m2); and BMI ≥ 25 kg∕m2 (n ¼ 6, 3
male, BMI range: 25.3 to 31.5 kg∕m2). The normal BMI and
overweight BMI groups are statistically different from each
other (p < 0.0001), while the age distributions of the two groups
are not statistically significantly different. Dividing the subjects
by BMI allows a comparison of data for different BMI levels, as
previous groups have shown a correlation of HU values to BMI
level.15,21 Figure 1 shows images from two subjects, one with
a low BMI (female, 23 y.o.; BMI ¼ 21.1) and one with a
high BMI (female, 34 y.o.; BMI ¼ 27.5). This figure shows
for each subject an axial slice of the registered MRI FSF
[Figs. 1(a) and 1(d)], CT HU [Figs. 1(b) and 1(e)], and the gen-
erated WAT mask [Figs. 1(c) and 1(f)].

To assess the level of correlation using the same imaging
modality, the cold values are plotted against the warm values
for the same modality. Comparison of FSF values is shown
in Fig. 2 and HU values is shown in Fig. 3. In Fig. 2, the
plots show that the FSF values are strongly correlated with
each other when all subjects are considered as a group
[R2 ¼ 0.92, p < 0.0001; Fig. 2(a)], with a slope and 95% con-
fidence interval (95% CI) of 0.9 [0.7, 1.0], and y-intercept
and 95% CI of 11.5 [−1.6, 24.5]. Plotting only those subjects
with BMI < 25 also shows strong correlation [R2 ¼ 0.91,
p < 0.0001; Fig. 2(b)]; however, when considering the higher
BMI subjects alone [Fig. 2(c)], the correlation is barely signifi-
cant (R2 ¼ 0.92, p ¼ 0.04). Figure 3 shows the comparison of
cold HU with warm HU values. Plotting all subjects as a single
group shows strong correlation between HU temperatures
[R2 ¼ 0.70, p < 0.0001; Fig. 3(a)], with a slope and 95% CI
of 0.9 [0.6, 1.3] and y-intercept with 95% CI of −5.0
[−38.3, 28.3]. Additionally, separating the subjects by BMI
results in strong correlation between HU values for the low
BMI group [R2 ¼ 0.67, p < 0.001; Fig. 3(b)], and no significant
correlation for the high BMI group [R2 ¼ 0.54, p > 0.05;
Fig. 3(c)]. A full listing of the regression slope and y-intercept
values and corresponding 95% CI values are in Table 1.

Assessments of the correlation between the properties of
adipose tissue as measured by CT HU and MRI FSF values
are presented in Figs. 4–6. Initial analysis was performed on
both the cold and warm data keeping all the subjects as one
group, as plotted in Fig. 4. In this plot, a single subject has
two data points, one for the cold data and one for the warm
data. This plot shows a significant correlation between the
CT HU and MRI FSF values (R2 ¼ 0.54, p < 0.0001), with

Fig. 1 Axial slices at the umbilicus level of two female subjects: (a)–
(c) with a low BMI and (d)–(f) with a high BMI. (a) and (d) The fat–water
MRI-derived fat signal fraction (FSF) in percent. The coregistered CT
Hounsfield unit (HU) images for each subject are shown in (b) and (e).
The corresponding subcutaneous white adipose tissue (WAT) masks
are shown in (c) and (f). The rules used to generate the WAT masks
are based on FSF and HU values, may exclude fascia, and use boun-
dary erosion to reduce partial volume effects, thereby resulting in
a conservative estimate of WAT.
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a slope and 95% CI of −2.6 ½−3.3;−1.8�, indicating that a
change of 1 HU corresponds to a change of 0.38% [0.30%,
0.56%] FSF. Additionally, the y-intercept value and 95% CI
of 136.9 [64.1, 209.6] is representative of the HU value expected
when the fat content is zero. Comparing the y-intercept value
with muscle tissue values (healthy muscle being a tissue with
very low fat content), the value of 136.9 is contained within
the range of normal muscle attenuation of 30 to 150 HU,35

and falls far below that of bone.

To investigate any effects of temperature and BMI, the data
were split into two ways. First the data were split by BMI, as
seen in Figs. 5(a) and 5(b), and then the data were split by tem-
perature, as seen in Figs. 5(c) and 5(d). Grouping the warm and
cold data together, but separating the subjects by BMI level,
shows that the low BMI data are significantly correlated
[R2 ¼ 0.52, p < 0.0001; Fig. 5(a)], while the high BMI data
are not significantly correlated [R2 ¼ 0.32, p > 0.05; Fig. 5
(b)]. The results from dividing the data by temperature while
keeping all the subjects as one group are plotted in Figs. 5(c)
and 5(d). These plots show that both the cold and warm data
show significant correlation between the CT HU and the

Fig. 2 Plots of the cold and warm fat–water MRI-derived fat signal
fraction (FSF) values plotted against each other to investigate
the intramodality correlation. (a) The result of plotting all subjects
together, (b) the values for the subjects with BMI < 25, and (c) the
plot of subjects with a BMI ≥ 25. FSF values are generally self-con-
sistent for all the subjects, showing that for a given value of warm FSF,
the corresponding cold FSF is slightly lower. Note that some symbols
appear darker because of the overlap of multiple symbols.

Fig. 3 Plots of the cold and warm CT HU values plotted against each
other to investigate the intramodality correlation. (a) The result of plot-
ting all subjects together, (b) the values for the subjects with BMI < 25,
and (c) the plot of subjects with a BMI ≥ 25. The HU values of both the
plot of all subjects and the subjects with BMI < 25 are self-consistent,
whereas for the subjects with BMI ≥ 25 the cold HU values are lower
than the warm HU values. Note that some symbols appear darker
because of the overlap of multiple symbols.

Journal of Medical Imaging 046001-4 Oct–Dec 2015 • Vol. 2(4)

Gifford et al.: Correlations between quantitative fat–water magnetic resonance imaging. . .



MRI FSF values [R2 ¼ 0.54, p < 0.001; Fig. 5(d)] than the
warm data [R2 ¼ 0.54, p < 0.001; Fig. 5(c)].

To further explore how the measure of adipose tissue proper-
ties compares between CT HU and MRI FSF, the data were split
by both temperature and BMI level, as shown in Fig. 6. Here,
the data for the low BMI group show significant correlation
both under warm [R2 ¼ 0.45, p < 0.01; Fig. 6(a)] and cold
[R2 ¼ 0.62, p < 0.001; Fig. 6(b)] conditions. The data for the
high BMI group do not show significant correlation for either
warm [R2 ¼ 0.71, p > 0.05; Fig. 6(c)] or cold [R2 ¼ 0.20,
p > 0.05; Fig. 6(d)] temperatures. The data for the cold low
BMI group have the highest R2 value of 0.62 out of all the
groups comparing CT HU and MRI FSF with a mean slope
and 95% CI of −2.7 ½−4.1;−1.4� and mean y-intercept and

95% CI of 154.8 [30.8, 278.7]. A full listing of the regression
slope and y-intercept values and corresponding 95% CI values
for all plots is in Table 1.

4 Discussion
In this study, we measured the properties of abdominal subcuta-
neous WAT in 21 healthy adults with a range of BMI levels
using both CT HU and FWMRI-derived FSF. Both the CT
and MRI scans were performed twice for each subject, once
after exposing the subject to warm temperatures and once
after exposure to cold temperatures. This enabled the values
to be compared both intramodality, as well as correlating the
two modalities to each other. When comparing intramodality
data, both the FSF and HU values demonstrated strong consis-
tency between scans. It is possible that one reason for disagree-
ment is a result of a resonant frequency shift of the water peak
due to temperature. This is not accounted for in the FWMRI
reconstruction in this study because of insufficient spectral res-
olution (too few echoes) in the acquired data. Another possibil-
ity is that there may be a physiological factor occurring that
accounts for the difference in fat measured at the two temper-
atures. Despite the possibility for physiological differences at
the different temperatures, the difference in values for both
FSF and HU data is only very slight. Because this dataset
does not include two scans at the same temperature, an intramo-
dality comparison could not be made within temperature.
Additionally, it should be noted that the fat spectrum model
used here has been applied across multiple anatomies and static
magnetic field strengths for fat–water separation.28,29 However,
the employed fat spectrum was specifically estimated from
human liver. The exact impact of a liver fat spectrum on the

Table 1 The slope and y -intercept values including 95% confidence intervals (CI displayed as [2.5%, 97.5%]) for each plot in Figs. 2–6.

Slope y -Intercept

FSF versus FSF: ALL BMI 0.9 [0.7, 1.0] 11.5 [−1.6, 24.5]

FSF versus FSF: BMI < 25 0.9 [0.7, 1.1] 10.7 [−5.9, 27.4]

FSF versus FSF: BMI ≥ 25 1.1 [0.1, 2.0] −4.4 [−94.2, 85.4]

HU versus HU: ALL BMI 0.9 [0.6, 1.3] −5.0 [−38.3, 28.3]

HU versus HU: BMI < 25 1.0 [0.5, 1.4] −2.7 [−45.0, 39.5]

HU versus HU: BMI ≥ 25 0.5 [−0.9, 1.9] −52.5 [−200.3, 95.3]

HU versus FSF: all temp and all BMI −2.6 ½−3.3;−1.8� 136.9 [64.1, 209.6]

HU versus FSF: all temp and BMI < 25 −2.5 ½−3.4;−1.5� 127.4 [42.1, 212.7]

HU versus FSF: all temp and BMI ≥ 25 −2.9 [−6.2, 0.5] 164.8 [−152.2, 481.8]

HU versus FSF: warm and all BMI −2.5 ½−3.6;−1.3� 129.5 [21.9, 237.1]

HU versus FSF: cold and all BMI −2.7 ½−3.9;−1.5� 147.1 [35.1, 259.1]

HU versus FSF: warm and BMI < 25 −2.2 ½−3.7;−0.7� 105.4 [−31.2, 242.1]

HU versus FSF: warm and BMI ≥ 25 −3.9 ½−11.4;−3.6� 262.5 [−447.6, 972.7]

HU versus FSF: cold and BMI < 25 −2.7 ½−4.1;−1.4� 154.8 [30.8, 278.7]

HU versus FSF: cold and BMI ≥ 25 −2.3 [−8.6, 4.1] 111.0 [−484.4, 707.8]

Fig. 4 Plot of CT HU versus fat–water MRI FSF of both the warm and
cold data for all 21 subjects. This shows a strong correlation between
the HU and FSF measures of abdominal subcutaneous white adipose
tissue quality. Note that the same color marker represents the same
subject under warm and cold conditions.
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accuracy of the MRI FSF measurements in subcutaneous WAT
presented here is unknown.

After determining that the HU and FSF measures were self-
consistent, the two values were correlated to each other. This
correlation was first performed disregarding the potential influ-
ence of either subject BMI or scan temperature on the mea-
sured properties, followed by separating the data by BMI
and temperature independently, and finally separating the
data by both BMI and temperature. The data were separated
by BMI to determine if there was a difference in the subcuta-
neous WAT quantitative properties based on BMI as has been
previously reported. Interestingly, the correlation between the
FSF and HU values is strongest for subjects with lower BMI
who have been exposed to cold temperatures immediately prior
to scanning [Fig. 6(b)]. There are several factors that may
explain this connection.

First, it is possible that there is a difference in physiologic
response after exposure to cold between the leaner and heavier
subjects. The subjects with lower BMI may be more susceptible
to cold, while those with higher BMI may have less of a
response to the cold and therefore the data will not differ as
greatly from their warm data. Cold-induced vasoconstriction
causes a redistribution of blood from the periphery to the
core, particularly in leaner subjects.36 Therefore, the SAT
may become less perfused with flowing blood in the leaner
subjects. Because flowing blood may not be detected fully by
FWMRI FSF while still affecting radiodensity measured by
CT HU, the cold condition with less blood perfusion is likely

a more direct comparison of tissue adiposity between FSF and
HU. It is interesting to note that previous work by Kern et al.37

showed an increase in UCP1 and PGC1α mRNA in the winter
compared with the summer from biopsies of subcutaneous
abdominal WAT. Although it is likely not the case that the
FSF and HU values are picking up on these changes, it is note-
worthy that other research also shows differences to the subcu-
taneous WAT depot due to exposure to cold temperatures.
Because these data were acquired as part of a separate study
where biopsies were not acquired, histological confirmation of
the changes in tissue composition cannot be assessed in this
report.

Second, the range of both HU and FSF values is reduced for
high BMI subjects compared with subjects with low BMI. The
subjects with higher BMI have reduced variability in both HU
and FSF values, which can result in weaker correlations because
the data are tightly clustered. As seen in Fig. 2, the FSF range for
subjects with low BMI is 5.7%, ranging from 89.0% to 94.7%
fat, whereas for subjects with high BMI, the FSF range is much
smaller at only 2.3%, ranging from 92.6% to 94.9% fat. Similar
to the trend of values seen in FSF, the HU range for subjects with
low BMI spans a wider range than the HU values of the higher
BMI subjects. The low BMI subjects show a range of 20.6 HU
(from −108.6 to −88.0 HU), while the subjects with high BMI
span only 11.3 HU (from−110.2 to−98.9 HU). The variation in
the range of adipose tissue property values for the different
levels of BMI is in agreement with previous research showing
a correlation between high BMI and lower (more negative) CT

Fig. 5 Separating the entire dataset either by BMI level as seen in (a) and (b) or by temperature as in (c)
and (d). Plotting the warm and cold data together shows a strong correlation between CT HU and MRI
FSF (a) for the subjects with BMI < 25, (b) but not for subjects with BMI ≥ 25. Splitting all the subjects by
temperature results in a correlation between the HU and FSF measures of adipose tissue quality for both
(c) warm and (d) cold data. Note that within (a) and (b), the same color marker represents the warm and
cold data for one subject. However, the color of the markers is self-contained to each plot.
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HU values.21 Although it is possible that this broader range of
FSF values in the WAT of leaner subjects is due to factors such
as cell size,38–40 without tissue biopsy to confirm we currently
do not have an explanation of this observation. This finding
warrants further investigation, especially in regards to the con-
nection between FSF and BMI, as this appears to be unexplored
in the current literature.

While this study reports promising initial findings in the cor-
relation between MRI FSF and CT HU values, this work suffers
from a few limitations. Due to the limited enrollment of over-
weight subjects in this study, there is not enough power to fully
understand the correlation between BMI versus either FSF or
HU values. However, because of the connection between
BMI and the properties of adipose tissue, this study could be
improved by including a wider range of BMI values in a larger
cohort. There is also the weakness that this study does not
include repeated scans from the same imaging modality under
the same temperature. Therefore, intrasubject variability within
imaging modality cannot be estimated for this study. However,
this study does begin to explore the correlation of MRI-derived
FSF of adipose tissue to CT HU and uncovers temperature
as a potential factor affecting quantitative measurements of sub-
cutaneous WAT in the lower back. Our findings could also be
enhanced by future comparison of FSF with HU values from
a multispectral CT unit. This is because measurements from
more than one energy level provide additional information
about tissue composition that is not available using a single
energy source.

In support of reproducible research, the source code along
with figure reproduction scripts and data is freely available
for download from Ref. 41.

5 Conclusions
This work demonstrates that FSF obtained using quantitative
FWMRI at 3.0 T is significantly correlated with CT HU.
Additionally, the finding that HU of subcutaneous adipose tissue
is inversely related to BMI is supported by the current litera-
ture,21 serving to verify in part, our results. Though the finding
of a correlation between CT HU and MRI-derived fat-signal
fraction is perhaps not a surprise, little work currently exists
in the literature to demonstrate this correlation. The work
here shows that given the correlation of MRI FSF to CT HU,
FSF could be used as an alternative to CT HU for assessing
metabolic risk factors via the impact on adipose tissue quality.
Additionally, spatial mapping of quantitative adipose tissue
properties, in addition to the assessment of adipose distribution
and volume, could enhance understanding of health factors
affected by adipose tissue.
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