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Background: Bone marrow fat (BMF) fraction quantification in vertebral bodies is used

as a novel imaging biomarker to assess and characterize chronic lower back pain.

However, manual segmentation of vertebral bodies is time consuming and laborious.

Purpose: (1) Develop a deep learning pipeline for segmentation of vertebral bodies

using quantitative water-fat MRI. (2) Compare BMF measurements between manual and

automatic segmentation methods to assess performance.

Materials and Methods: In this retrospective study, MR images using a 3D spoiled

gradient-recalled echo (SPGR) sequence with Iterative Decomposition of water and fat

with Echo Asymmetry and Least-squares estimation (IDEAL) reconstruction algorithm

were obtained in 57 subjects (28 women, 29 men, mean age, 47.2 ± 12.6 years).

An artificial network was trained for 100 epochs on a total of 165 lumbar vertebrae

manually segmented from 31 subjects. Performance was assessed by analyzing the

receiver operating characteristic curve, precision-recall, F1 scores, specificity, sensitivity,

and similarity metrics. Bland-Altman analysis was used to assess performance of BMF

fraction quantification using the predicted segmentations.

Results: The deep learning segmentation method achieved an AUC of 0.92 (CI 95%:

0.9186, 0.9195) on a testing dataset (n = 24 subjects) on classification of pixels as

vertebrae. A sensitivity of 0.99 and specificity of 0.80 were achieved for a testing

dataset, and a mean Dice similarity coefficient of 0.849 ± 0.091. Comparing manual and

automatic segmentations on fat fraction maps of lumbar vertebrae (n = 124 vertebral

bodies) using Bland-Altman analysis resulted in a bias of only −0.605% (CI 95% =

−0.847 to −0.363%) and agreement limits of −3.275% and +2.065%. Automatic

segmentation was also feasible in 16 ± 1 s.
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FIGURE 2 | Description of datasets evaluated in this study. Both training sets consisted of the same 31 subjects. Set 1A was used to train the U-Net. Automatic

segmentations from Set 1A were compared with manual segmentations done by Rater A and also used during the U-Net training process. The U-Net with finalized

weights after training was then used to automatically segment images from the same image set 1 and compared with manual segmentations done by Rater B,

denoted as Set 1B. Set 2A consisted of 11 subjects, with 7 slices each with identified vertebra from Rater A’s manual segmentation, while Set 2B&3B consisted of

26 subjects, with 5 slices each with identified vertebra from Rater B’s manual segmentation. Additional demographic information can be found in Table 1.
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TABLE 2 | Metrics of agreement for manual and automatic segmentations in

different datasets.

Similarity

metric

Set 1A Set 1B Set 2A Set 2B&3B

DSC 0.956 ± 0.076 0.886 ± 0.040 0.838 ± 0.198 0.849 ± 0.091

IoU 0.928 ± 0.105 0.798 ± 0.059 0.757 ± 0.216 0.747 ± 0.118

– Mean data are± standard deviation. Datasets used are as described in Figure 2. Model

predictions for each slice were binarized by a threshold of >0.5. DSC, Dice Similarity

Coefficient; IoU, Intersection over Union (Jaccard).

characteristic curve is shown in Supplementary Figure 1A, while
the precision-recall curve is shown in Supplementary Figure 1B.
Precision-recall was analyzed due to better visual interpretability
when dealing with imbalanced datasets (31).

We also analyzed the Dice similarity coefficient and
intersection over union of the binarized predicted segmentations
compared with both sets of manual segmentations for both the
training set and the testing set. As expected, both DSC and IoU
were very high for the predictions on the training set when
compared with Rater A’s ground truth manual segmentations, on
which the neural network was trained (DSC: 0.959± 0.0756; IoU:
0.928 ± 0.105). On unseen data, the predicted segmentations for
Sets 2A (DSC: 0.838 ± 0.198; IoU: 0.757 ± 0.216) and 2B&3B
(DSC: 0.849 ± 0.091; IoU: 0.747 ± 0.118) still show moderately
high agreement. Interestingly, when comparing the predicted
segmentations for the training set with themanual segmentations
done by Rater B (an independent manual segmentation that was
not used as ground truth during model training), we see similar
performance as the two test sets, as if the data were unseen
(DSC: 0.886 ± 0.040; IoU: 0.798 ± 0.059), which suggests that
the performance of the trained model is relatively insensitive
to inter-rater differences in ground truth segmentations used to
train the model. A summary of these agreement metrics is shown
in Table 2.

An added benefit of applying an automated method is
increased time efficiency in the image analysis workflow
compared with manual segmentation. With the deep learning
model, running the script for segmentation of a series of spine
images (twenty slices total, including five mid-sagittal slices
with manual segmentations as reference) on a standard Linux
workstation with 4 4-core/8-thread Intel XeonW3550 processors
at 3.07 GHz (Intel Corporation, Santa Clara, CA) and 12GB
RAM, including loading input data and saving predictions,
took a mean time of 16 ± 1 s (n = 10 runs; range: 14.5 to
19.1 s). It took about 5min, on average, to manually segment
all five lumbar vertebral bodies in a single slice, resulting in an
acceleration of ∼92x when using the automated method for five
mid-sagittal slices.

Bone Marrow Fat Fraction Quantification
Performance
The performance of the automatic segmentation on creating
regions of interest for the purpose of calculating BMF was
assessed with Bland-Altman analysis for the two testing datasets
compared to their respective manual segmentations. Comparing

manual and automatic segmentations on fat fraction maps using
Bland-Altman analysis results in a positive bias (mean:+0.382%;
CI 95%=+0.068 to 0.696%) in Set 2A (n= 53 vertebral bodies),
as seen in Figure 3A. A total of 5.7% of the residuals fell outside
the 1.96 ± SD (−1.850 to +2.614%) limits of agreement. For
Set 2B&3B (n = 124 vertebral bodies), there was a negative bias
(mean: −0.605%; CI 95% = −0.847 to −0.363%) with a total of
2.4% of the residuals falling outside the 1.96 ± SD (−3.275%
to +2.065%) limits of agreement, as seen in Figure 3B. There
was contribution to the negative bias seen with Set 2&3B, as
when comparing the Bland-Altman plots between the mean BMF
values acquired on Set 1Bwith those acquired on Set 1A, as shown
in Supplementary Figure 2, there is a positive bias, suggesting
that rater B’s annotations tended to estimate higher mean BMF
values than rater A’s annotations. Despite only being trained on
rater A’s annotations, the U-Net segmentation provides a middle
ground between the two raters, resulting in what appears to be
overestimation in comparison with rater A’s annotations, and
underestimation in comparison with rater B’s.

Workflow Reliability
After training, the automated segmentation method is a
deterministic model that returns the same segmentations (and
thus BMF fractions from each lumbar vertebral body) given
the input is the same IDEAL image set from the same subject,
allowed for within-subject repeatability on the same scanned
images. Within-subject repeatability on different scans of the
same subject was also measured on a separate control dataset
for a total of n = 8 subjects, with an overall mean BMF
fraction of 33.1%. Between each lumbar vertebral body for two
repeated scans, there was a precision error of 1.6% and ICC of
1.00, showing good correlation and lack of significant difference
between the test-retest scans. Detailed analyses for each lumbar
vertebral body are shown in Supplementary Table 2.

DISCUSSION

We developed, trained, and validated a deep learning model on
a total of 57 IDEAL image data sets to automatically segment
lumbar vertebral bodies from water-fat MRI data. Our main
findings were (1) deep learning-based automatic segmentation
of vertebral bodies was feasible in 16 ± 1 s; (2) the deep
learning model segmented vertebral bodies with high accuracy
(97.8%), precision (98.3%), and sensitivity (99.3–99.4%) when
compared with manual segmentations; (3) the deep learning
model showed good performance compared with standard
manual analysis (mean DSC = 0.849 across 24 subjects); (4) the
automatically segmented ROIs provided reliable quantification
of bone marrow fat fraction (Bland Altman analysis: low bias
and limits of agreements lower than 10% difference of the mean
ground truth values); and (5) the automatic segmentation and
BMF quantification workflow is highly repeatable between scans
within the same subjects (precision error of 1.6% and ICC of
1.00). While only lumbar vertebrae were analyzed in our study,
if other vertebral bodies in the thoracic or sacral regions were
present in the field of view, these would also get segmented
by our deep learning framework, suggesting applications for
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FIGURE 3 | Bland-Altman plots of mean bone marrow fat fraction (BMF) percentages (%) as determined by manual segmentation compared to automatic

segmentation for each lumbar vertebral body (L1-L5). The biases between BMFs collected by the automated (NN) and manual segmentations for both test sets were

less than 10% of the mean value. (A) Comparison of mean BMF values for manual segmentations performed by annotator A and the predicted segmentation by the

deep learning model on Set 2A (n = 53 vertebrae). The bias was +0.382% with limits of agreement of −1.850% and +2.614%. (B) Comparison of mean BMF values

for manual segmentations performed by annotator B and the predicted segmentation by the deep learning model on Set 2B&3B (n = 124 vertebrae). The bias

was−0.605% with limits of agreement of −3.275% and +2.065%.

segmentation of other vertebral regions with bone marrow
fat. However, further work would be required for the trained
model to be generalizable for bone sites other than vertebrae,
such as hips or knees, as the current model is trained to be
highly sensitive to the anatomy of vertebral bodies from sagittal
spine scans.

Our deep learning model was slightly lacking in performance
compared to other automated vertebral segmentation methods
that were used for 3D modeling from spine CT or clinical MR
images. In particular, using a U-Net, Lu et al. (2018) achieved
a mean DSC of 0.93 ± 0.02 when inputting higher resolution
sagittal and axial T2-weighted MR images for segmenting and
labeling 6 intervertebral disc levels after training on 4,075 patients
(23). Their method however focused on a multi-class approach
for stenosis grading, using curve fitting and bounding boxes to
segment vertebral bodies rather than tight contours as ground
truth. Our ground truth masks more accurately represent the
true vertebral body shape in comparison, providing a more
detailed and complex segmentation problem. Nevertheless, when
applying our predicted segmentations for the purpose of BMF
fraction quantification on lower resolution IDEAL MRI data,
our Bland-Altman analysis showed performance on par with our
manual segmentations. Additionally, the relatively quick process
of automatic segmentation (16 ± 1 s) allows for a more efficient
workflow compared to that of manual segmentation.

Our study has some limitations. Manual segmentation of the
vertebrae can be very challenging depending on the pathologies
present in the image. Thus, even between the two “ground truths,”
there was still variability present between the two annotators
as shown by the only moderately high Cohen kappa of 0.798.
Nevertheless, by using multiple annotators in our study, with

a neural network trained on one rater’s annotations, there is
better representation for real world use cases, such as in multi-
center studies where other institutions would have had different
annotators operating under different guidelines. Therefore, in
this study, we have tested the relevance of a trained U-Net based
on images annotated by a single rater against those annotated by
an unseen rater.

Additionally, our method suffers from slightly lower
specificity (78.2–80.2%), indicating higher incidence of false-
positive labels when compared to manual segmentations. This
may be due to manual segmentation guidelines preferring to
underestimate the extent of the vertebral bodies in order to
prevent partial volume effects. This may affect the validity
of the automatically segmented vertebral bodies, although
the clinical consequences of the lower specificity remain
unclear since the resultant mean BMF values showed excellent
Bland-Altman agreement between automated and manual
analyses. In future applications, the automatic segmentation
could thus be used in a semi-automatic approach, where
the resulting automatic predictions can then be modified
manually, still resulting in an acceleration in the workflow
compared to completely manual segmentation. It is also worth
acknowledging that the MRI data were acquired at a single
site with the same magnet, and thus, the performance of the
automatic segmentation method may need to be measured on
images obtained with MRIs from different vendors. We aim
to improve the performance of the neural network by utilizing
data augmentation to account for the relatively small dataset,
fine-tuning the data with newly acquired data and manual
segmentations, and exploring alternative networks (e.g., 3D
neural network architectures).
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In conclusion, our study demonstrated the feasibility of an
automated pipeline to segment vertebral bodies from water-fat
IDEAL MR images and showed that its performance was similar
to that of manual segmentation. In the future, we also plan to
implement these segmentations in an automated pipeline for
measuring vertebral BMF as an imaging biomarker of vertebral
abnormalities, as the trained model may be useful in large studies
of low back pain patients.

DATA AVAILABILITY STATEMENT

The datasets presented in this article are not readily
available because data availability is restricted due to ethical
considerations. Requests to access the datasets should be directed
to Jiamin Zhou, jiamin.zhou@ucsf.edu.

ETHICS STATEMENT

The studies involving human participants were reviewed
and approved by UCSF Institutional Review Board. The
patients/participants provided their written informed consent to
participate in this study.

AUTHOR CONTRIBUTIONS

JZ, AF, and RK contributed conception and design of the study.
JZ and RC organized the database. JC and AB performed the
manual segmentations. JZ, AL, and RC performed the statistical
analysis. JZ wrote the first draft of the manuscript. PD, AF, TL,
and RKwrote sections of the manuscript. All authors contributed
tomanuscript revision, read and approved the submitted version.

FUNDING

This research was supported by the National Institutes of
Health through the NIH HEAL Initiative under award numbers
U19-AR076737 and UH2-AR076719, as well as NIH/NIAMS
grant R01-AR063705.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fendo.
2020.00612/full#supplementary-material

Supplementary Figure 1 | (A). Receiver operating characteristic (ROC) curves

for the classification of vertebrae in training dataset Set 1A (blue), and testing

datasets Set 2A (orange), and Set 2B&3B (green). Chance performance is shown

by the dotted red line. Area under the receiver operating characteristic curve

(AUC) was highest for the training set (0.99), as expected, but also reasonably

high for both test sets (0.91 and 0.92 for A and B, respectively). (B)

Precision-recall curve for the classification of vertebrae in training dataset Set 1A

(blue), and testing datasets Set 2A (orange), and Set 2B&3B (green). The F1-score

and area under the curve (AUC) was highest for the training set (0.98), as

expected. The AUCs for both test sets are fairly high (0.87 and 0.88 for A and B,

respectively), though lower than in the ROC curve, likely due to data imbalance.

Supplementary Figure 2 | Bland-Altman plot of mean bone marrow fat fraction

(BMF) percentages (%) as determined by rater B’s annotations on the training

dataset (Set 1B, n = 53 vertebrae) compared to rater A’s annotations on the same

subjects (Set 1A, n = 53 vertebrae) for each lumbar vertebral body (L1-L5). The

bias was +1.352% with limits of agreement of −1.184% and +3.887%.

Supplementary Table 1 | Overview of deep learning model performance results

on the two tests sets used for evaluation.

Supplementary Table 2 | Repeatability analyses applying a linear mixed model

with random intercept to account for the repeated measured data for each lumbar

vertebral body across all patients in the repeatability data set (n = 8).
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