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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.

Conclusion: Our results have demonstrated the feasibility of automated segmentation of vertebral bodies using deep learning models on water-fat MR (Dixon) images to define vertebral regions of interest with high specificity. These regions of interest can then be used to quantify BMF with comparable results as manual segmentation, providing a framework for completely automated investigation of vertebral changes in CLBP.
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INTRODUCTION

Bone marrow fat (BMF) content in the vertebral bodies was found to correlate with disease severity in patients with osteoporosis and HIV, and was associated with chronic low back pain (CLBP); it therefore may provide a potential imaging biomarker for patients with various skeletal, metabolic, and hematological diseases both to assess disease burden and monitor treatment (1–3). For example, increases in vertebral BMF and BMF heterogeneity could play a role in the etiology of intervertebral disc degeneration (3), which is often linked to CLBP, and alterations in vertebral BMF may accompany painful, innervated bone marrow lesions (BML) in the endplate (4–6). Yet, despite the potential importance of vertebral BMF as an imaging biomarker, clinical spine imaging relies mainly on qualitative interpretations based on T1- and T2-weighted images.

Recent advances in quantitative MRI techniques enable accurate BMF measurement. For example, accurate assessment of BMF in the presence of trabecular bone can be achieved through chemical shift encoding-based water-fat imaging (7, 8), or the Dixon method, allowing for the ability to establish relationships between changes in BMF occurring in diseases such as CLBP. In water-fat imaging, multiple echoes in a gradient echo acquisition are used to create a time-dependent phase shift between water and fat MR signals (9). Strong correlations have been shown between bone marrow fat fractions in lumbar vertebral bodies obtained from modified Dixon sequences and those obtained from single-voxel magnetic resonance spectroscopy (MRS), which is considered a gold standard method for quantification of bone marrow fat (10, 11). The iterative decomposition of water and fat with echo asymmetry and least-squares estimation (IDEAL) technique has also been developed through further modifications of the Dixon technique to overcome field inhomogeneities during water-fat separation with maximal signal-to-noise ratio (SNR) and minimal scanning time (12).

Although quantitative methods for BMF measurement are promising, BMF analysis from the resulting images requires manual identification of vertebral bodies and segmentation of regions of interest which, in MR images, is laborious and time consuming. One potential solution is deep learning, which has demonstrated robust automated segmentation performance in various biomedical imaging problems (13–16). Given large amounts of data, deep learning algorithms, mostly in the form of convolutional neural networks (CNNs), can automatically learn and thus predict representative features for a given medical imaging problem. Advantages of a machine learning model include the ability to review large amounts of data and consistently and objectively arrive at the same result without fatigue, as well as find nuance in images that may be difficult to detect by humans. Previous studies have looked into the feasibility of using deep learning, namely CNNs, to segment vertebrae in a two-step process including initial detection of the vertebrae (17–20). The U-Net deep learning architecture, which involves a contracting downsampling path and an expansive upsampling and concatenation path, has been proven to be effective in biomedical image segmentation tasks even with limited data availability (13). Some recent studies have used the U-Net for segmenting vertebrae in spinal CT and on sagittal and axial T2-weighted spine MRI (21–23), but so far U-Nets haven't been used for segmenting vertebrae in water-fat Dixon MR images, which typically have lower resolution and higher sensitivity to field inhomogeneities.

Given the potential value of quantitative BMF analysis in evaluating and monitoring disease activity, this study aimed to develop and evaluate a fully automated deep learning pipeline from water-fat Dixon MR images using U-Net to segment lumbar vertebral bodies on BMF maps in patients with CLBP and healthy controls. We hypothesized that the deep learning-based automated vertebral body segmentation will allow for a faster workflow and comparable accuracy in both region of interest (ROI) segmentation and BMF quantification thereafter.



MATERIALS AND METHODS


Data Selection and Study Design

Full Institutional Review Board approval and written informed consent was obtained from each subject in this prospective study. The dataset used in this study consisted of 57 subjects enrolled between January 2016 and July 2018, with a mean age of 47.2 ± 12.6 years. Male and non-pregnant female patients between 18 and 70 years of age were included. Twenty-eight of the participants were female (49.1%). Forty subjects had been experiencing low back pain more than three consecutive months, with a back-pain score ≥30% on the Oswestry disability index (ODI) or ≥4 on the visual analog scale (VAS). Seventeen subjects were healthy controls without low back pain (VAS ≤1). Subjects were excluded if they had diabetes, smoking, cancer, and lumbar vertebral abnormalities (spondylolisthesis, spondylolysis, lumbar scoliosis, lumbar disc herniation). A subset of these subjects was included in previous studies (3, 24). Detailed demographics are described in Table 1.


Table 1. Demographic characteristics of the dataset the deep learning model was trained on, and the two test sets used for evaluation.
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MRI Acquisition

Magnetic resonance images were obtained using a Discovery MR 750 3T scanner with an 8-channel phased-array spine coil (GE Healthcare, Waukesha, WI). Clinical fast spin echo (FSE) sagittal images with T1 and T2 weighting were acquired with field of view (FoV) = 26 cm and slice thickness = 4 mm. T2-weighted FSE had an echo time (TE) = 60 ms, repetition time (TR) = 4877 ms, echo train length (ETL) = 24, readout-bandwidth (rBW) = ±50 kHz, and in-plane resolution of 0.6 mm. T1-weighted FSE had TE = 30 ms, TR = 511 ms, ETL = 4, rBW = ±50 kHz, and in-plane resolution of 0.5 mm. The water-fat MRI protocol consisted of a sagittal 3D spoiled gradient-recalled echo (SPGR) sequence with six echoes (TE1 = 2.1 ms, TE2 = 3.1 ms, TE3 = 4.1 ms, TE4 = 5.1 ms, TE5 = 6.1 ms, and TE6 = 7.0 ms) and iterative decomposition of water and fat with echo asymmetry and least-squares estimation (IDEAL) reconstruction algorithm (25) with TR = 7 ms, TE = 2.1 ms, flip angle = 3°, rBW = ±83.3 kHz, FoV = 22 cm, in-plane resolution = 1.375 mm, and slice thickness = 4 mm. Each subject had 20 slices in each IDEAL series (water, fat, [image: image], and fat fraction map). The generated water-only, fat-only, [image: image] images as well as the fat fraction maps were transferred from the scanner to a Linux workstation for the subsequent analyses. All IDEAL image series contained 5-7 mid-sagittal slices with visible lumbar vertebrae, and sometimes parts of the T12 vertebral body and/or sacrum.



Manual Vertebral Body Segmentation and Inter-Rater Reliability

Two sets of manual segmentations for all five lumbar vertebral bodies were performed independently by two different trained operators (J.R.C. and A.B.) with different guidelines, both using in-house software developed with an interactive display language routine (IDL, Harris Geospatial Solutions, Broomfield, CO). Rater A (J.R.C.), under supervision by a musculoskeletal imaging fellowship-trained radiologist (T.M.L.), performed segmentations on seven mid-sagittal slices of water IDEAL images for 42 subjects (CLBP = 33, Controls = 9) scanned prior to August 2017. Rater B (A.B.), under supervision of a spine imaging expert with 10 years of experience reading spine MRIs (A.J.F.), performed segmentations on five mid-sagittal slices of the derived fat fraction maps for 57 subjects (CLBP = 40, Controls = 17), including all 42 subjects segmented by Rater A, whilst using the T1 series acquired during the scanning session as a guide. Contours were drawn up to but not including the thick margins of cortical bone separating vertebral body from surrounding tissues. Segmentations were performed on 2x magnified images.

Cohen's kappa (κ) was used to test for interrater agreement between the two annotators on classifying whether a pixel from an IDEAL imaged belonged to the vertebra or non-vertebra class. The kappa is defined as

[image: image]

where po is the observed agreement ratio and pe is the expected agreement ratio when both annotators independently assign labels by chance (26). This chance agreement is obtained through a per-annotator empirical prior over the class labels (27).



Deep Learning

Preprocessing, deep learning model implementation, and model evaluation were performed in Python 3.7 (open-source; Python Software Foundation, Wilmington, DE) in a 12-core/24-thread AMD Ryzen Threadripper 1920X processor at 4.0 GHz (Advanced Micro Devices, Santa Clara, CA), 32 GB DDR4-SDRAM and a Titan Xp 11 GB graphical processing unit (Nvidia, Santa Clara, CA) running Linux system (Ubuntu 16.04; Canonical, London, England) with CUDA 10.0 (Nvidia).

A U-Net was trained using Keras with Tensorflow backend on a random selection of 31 subjects (CLBP = 23, Controls = 8), 7 of which were set aside for validation during the training process to prevent overfitting (13, 28). A Jaccard distance loss was used with Adam optimization, learning rate = 1e-4, and batch size = 4 with early stopping implemented (14, 29). Code can be found online (https://github.com/zhoji/verteseg). The ground truth segmentations for training the model was created manually by Rater A as described in section Manual Vertebral Body Segmentation and Inter-rater Reliability.

For each subject, twenty 256 × 256 slices (unchanged from original resolution) were input into an unchanged U-Net with default parameters, each image containing four “channels” corresponding to the water, fat, fat fraction, and R2* values. No cropping was performed, and data were not normalized and kept at their original signal intensity values. The U-Net performance was evaluated on two separate testing sets. The first testing set (Set 2A) consisted of 11 subjects (CLBP = 10, Controls = 1) with labels annotated by rater A. The other testing set (Set 2B&3B) consisted of 26 subjects (CLBP = 17, Controls = 9), including the 11 subjects in the Set 2A, with labels annotated by rater B.



ROI Quantification

Our overall pipeline for segmentation and analysis is shown in Figure 1A. Resulting predicted segmentations from the trained U-Net were binarized with a threshold of 0.5 and used to create segmentation masks in DICOM format. Initial regions of interest (ROIs) derived from these segmentation masks were automatically defined using a function from in-house software developed with IDL 8.4 (IDL, Research Systems, Broomfield, CO). ROIs in each slice that cover more than half the area of their corresponding lumbar vertebral body (L1-5) were included for BMF analysis. Bone marrow fat fractions were quantified by taking the mean value of the fat fraction map in each ROI on a slice-by-slice basis, then averaging for all slices for each lumbar vertebral body (L1-L5), as described in Figure 1B. The final mean BMFs for each lumbar vertebral body as defined by the segmentations from the U-Net were compared with manual segmentations by rater A and rater B through Bland-Altman analysis.


[image: Figure 1]
FIGURE 1. Automatic vertebrae segmentation and fat quantification pipeline. (A) All IDEAL images (water, fat, fat fraction, and [image: image]) are fed into a U-Net (13) as multichannel inputs, resulting in the predicted segmentation map. Each ROI corresponding to lumbar vertebrae was analyzed on fat fraction maps to yield mean BMF values. (B) DICOM masks were made from the predicted segmentation map. ROIs were identified through the MaskToMir function in in-house software made in IDL (IDL, Research Systems, Broomfield, CO). These automatically identified ROIs were then overlaid on the fat fraction maps derived from the water-fat IDEAL image series. For each lumbar vertebral body ROI, the mean fat fraction value was obtained for each slice, and the final mean BMF was averaged over all slices with lumbar vertebral bodies present. The mean BMFs for each lumbar vertebral body as defined by the automatically segmented ROIs were compared with the manually segmented ROIs through Bland-Altman analysis.


A diagrammatic representation of the training and testing datasets and associated labels is shown in Figure 2.


[image: Figure 2]
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.




Statistical Analysis

Final model performance was evaluated on both test sets on slices with vertebral segmentations present. Average script run-time was assessed over 10 runs using hyperfine (github.com/sharkdp/hyperfine). Model precision-recall, confusion matrices, and receiver-operating characteristic (ROC) curves, and Cohen κ values were calculated using scikit-learn 0.22.1 (scikit-learn.org). The DeLong algorithm was used to measure the uncertainty of an AUC, or area under the ROC curve (30). The F1-score and precision-recall curve AUC were also analyzed to better assess an imbalanced dataset (31). Dice similarity coefficients (DSC) and Jaccard similarity coefficients (also known as intersection over union, IoU) were also measured for slices that contained manually segmented vertebrae, and calculated as follows:
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where X and Y are the manual and predicted segmented masks, TP is the true positive count, FP is the false positive count, and FN is the false negative count.

Bland-Altman analysis was performed and visualized in Microsoft Excel 2019. Bland-Altman plots were created comparing the mean fat fractions in each vertebral body ROI as defined by the manual segmentations done for Test Set A and B, with those defined by the automatic segmentation (32). The limits of agreement (LOA) were calculated using the mean and the standard deviation (±1.96SD) of the differences between the two measurements for each lumbar vertebral body.

Intra-subject repeatability analysis was performed on a separate water-fat IDEAL MRI dataset of healthy controls (n = 8) acquired on a GE MR750w widebore MR 3T scanner with an 8-channel phased-array spine as a sagittal 3D SPGR sequence with six echoes and IDEAL reconstruction algorithm (20) with TR = 7 msec, FoV = 26 cm, and in-plane resolution = 1.3 mm. All other parameters were the same as those of the original dataset described in section MRI acquisition. For each scanning session, the subject exited the MRI, walked around for about 2 min, and then re-entered the MRI bore for a second water-fat IDEAL scan with the same parameters as before. Vertebral body segmentations were then inferred using the trained U-Net on the test and retest scans, and mean fat fraction for each lumbar vertebral body was quantified. Repeatability of the automated segmentation method on different scans of the same subject was assessed using a linear mixed model with random intercept to account for the repeated measured data. A repeated-measures ANOVA with a least mean-squares method was used to compare fat fraction percentage. A post-hoc Tukey-Kramer t-test was used to evaluate the difference in the first and second fat fraction percentages at each vertebral level taken from the scans in order to correct for multiple comparisons. An Intraclass Correlation Coefficient (ICC) assessed the reliability of the data (33). Short-term precision error was calculated to look at possible measurement error (34). A p-value < 0.05 was considered statistically significant. All repeatability analyses were completed in SAS (version 9.4) and Microsoft Excel 2019.




RESULTS


Inter-Rater Reliability in Manually Segmented Images

Inter-rater reliability was assessed between the two annotators for their agreement on presence of absence of vertebra. The linearly weighted Cohen's kappa between the segmentations done by rater A and rater B was 0.798, consistent with a moderately strong level of agreement.



Deep Learning Model Performance on Segmentation

After training the deep learning model for 100 epochs on 620 slices total (encompassing 155 lumbar vertebrae from 31 subjects), the U-Net accurately classified vertebral bodies in 97.8% of pixels in Sets 2A and 2B&3B. A sensitivity of 0.77 and specificity of 1.0 were achieved for Set 2A and a sensitivity of 0.80 and specificity of 0.99 were achieved for Set 2B&3B. An overview of the results with accuracy, precision, recall, F1 score, and sensitivity and specificity are shown in Supplementary Table 1.

With the use of the trained U-Net to classify vertebral bodies, the overall area under the receiver operating characteristic curve (AUC) was 0.99 (confidence interval [CI] 95%: 0.9861, 0.9864) on the training dataset Set 1A, 0.91 (CI 95%: 0.9058, 0.9071) on Set 2A, and 0.92 (CI 95%: 0.9186, 0.9195) on Set 2B&3B for classification of pixels as vertebrae. The receiver-operating 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 the manual 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.


Table 2. Metrics of agreement for manual and automatic segmentations in different datasets.

[image: 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 Xeon W3550 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 5 min, 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 1B with 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.


[image: Figure 3]
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%.




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 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).

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.
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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).



REFERENCES

 1. Li X, Kuo D, Schafer AL, Porzig A, Link TM, Black D, et al. Quantification of vertebral bone marrow fat content using 3 tesla MR spectroscopy: reproducibility, vertebral variation, and applications in osteoporosis. J Magn Reson Imaging. (2011) 33:974–979. doi: 10.1002/jmri.22489

 2. Huang JS, Mulkern RV, Grinspoon S. Reduced intravertebral bone marrow fat in HIV-infected men. AIDS. (2002) 16:1265–9. doi: 10.1097/00002030-200206140-00009

 3. Krug R, Joseph GB, Han M, Fields A, Cheung J, Mundada M, et al. Associations between vertebral body fat fraction and intervertebral disc biochemical composition as assessed by quantitative MRI. J Magn Reson Imaging. (2019) 50:1219–26. doi: 10.1002/jmri.26675

 4. Ohtori S, Inoue G, Ito T, Koshi T, Ozawa T, Doya H, et al. Tumor necrosis factor-immunoreactive cells and PGP 9.5-immunoreactive nerve fibers in vertebral endplates of patients with discogenic low back pain and modic type 1 or type 2 changes on MRI. Spine. (2006) 31:1026–31. doi: 10.1097/01.brs.0000215027.87102.7c

 5. Fields AJ, Battié MC, Herzog RJ, Jarvik JG, Krug R, Link TM, et al. Measuring and reporting of vertebral endplate bone marrow lesions as seen on MRI (Modic changes): recommendations from the ISSLS Degenerative Spinal Phenotypes Group. Eur Spine J. (2019) 28:2266–74. doi: 10.1007/s00586-019-06119-6

 6. Fields AJ, Liebenberg EC, Lotz JC. Innervation of pathologies in the lumbar vertebral end plate and intervertebral disc. Spine J. (2014) 14:513–21. doi: 10.1016/j.spinee.2013.06.075

 7. Karampinos DC, Melkus G, Baum T, Bauer JS, Rummeny EJ, Krug R. Bone marrow fat quantification in the presence of trabecular bone: initial comparison between water-fat imaging and single-voxel MRS. Magn Reson Med. (2014) 71:1158–65. doi: 10.1002/mrm.24775

 8. Gee CS, Nguyen JTK, Marquez CJ, Heunis J, Lai A, Wyatt C, et al. Validation of bone marrow fat quantification in the presence of trabecular bone using MRI. J Magn Reson Imaging. (2015) 42:539–44. doi: 10.1002/jmri.24795

 9. Dixon WT. Simple proton spectroscopic imaging. Radiology. (1984) 153:189–94. 

 10. Lee SH, Yoo HJ, Yu SM, Hong SH, Choi JY, Chae HD. Fat quantification in the vertebral body: Comparison of modified dixon technique with single-voxel magnetic resonance spectroscopy. Korean J Radiol. (2019) 20:126–33. doi: 10.3348/kjr.2018.0174

 11. Salas-Ramirez M, Tran-Gia J, Kesenheimer C, Weng AM, Kosmala A, Heidemeier A, et al. Quantification of fat fraction in lumbar vertebrae: correlation with age and implications for bone marrow dosimetry in molecular radiotherapy. Phys Med Biol. (2018) 63:aa9a28. doi: 10.1088/1361-6560/aa9a28

 12. Reeder SB, Pineda AR, Wen Z, Shimakawa A, Yu H, Brittain JH, et al. Iterative decomposition of water and fat with echo asymmetry and least-squares estimation (IDEAL): application with fast spin-echo imaging. Magn Reson Med. (2005) 54:636–44. doi: 10.1002/mrm.20624

 13. Ronneberger Olafand Fischer P and BT. U-Net: Convolutional networks for biomedical image segmentation. In: Navab N, Hornegger J, Wells WM, Frangi AF, editors. Medical Image Computing and Computer-Assisted Intervention – MICCAI. Cham: Springer International Publishing (2015). p. 234–41.

 14. Yuan Y, Chao M, Lo Y-C. Automatic skin lesion segmentation using deep fully convolutional networks with jaccard distance. IEEE Trans Med Imaging. (2017) 36:1876–86. doi: 10.1109/TMI.2017.2695227

 15. McCoy DB, Dupont SM, Gros C, Cohen-Adad J, Huie RJ, Ferguson A, et al. Convolutional neural network–based automated segmentation of the spinal cord and contusion injury: deep learning biomarker correlates of motor impairment in acute spinal cord injury. Am J Neuroradiol. (2019) 40:737–44. doi: 10.3174/ajnr.A6020

 16. Berhane H, Scott M, Elbaz M, Jarvis K, McCarthy P, Carr J, et al. Fully automated 3D aortic segmentation of 4D flow MRI for hemodynamic analysis using deep learning. Magn Reson Med. (2020) 84:2204–18. doi: 10.1002/mrm.28257

 17. Suzani A, Rasoulian A, Seitel A, Fels S, Rohling RN, Abolmaesumi P. Deep learning for automatic localization, identification, and segmentation of vertebral bodies in volumetric MR images. Med Imaging 2015 Image-Guided Proced Robot Interv Model. (2015) 9415:941514. doi: 10.1117/12.2081542

 18. Forsberg D, Sjöblom E, Sunshine JL. Detection and labeling of vertebrae in MR images using deep learning with clinical annotations as training data. J Digit Imaging. (2017) 30:406–12. doi: 10.1007/s10278-017-9945-x

 19. Kuok C, Hsue J, Shen T, Huang B, Chen C, Sun Y. An effective CNN approach for vertebrae segmentation from 3D CT images. In: 2018 Pacific Neighborhood Consortium Annual Conference and Joint Meetings (San Francisco, CA) (2018). p. 1–6. doi: 10.23919/PNC.2018.8579455

 20. Lessmann N, van Ginneken B, de Jong PA, Išgum I. Iterative fully convolutional neural networks for automatic vertebra segmentation and identification. Med Image Anal. (2019) 53:142–55. doi: 10.1016/j.media.2019.02.005

 21. Fan G, Liu H, Wu Z, Li Y, Feng C, Wang D, et al. Deep learning–based automatic segmentation of lumbosacral nerves on CT for spinal Intervention: a translational Study. Am J Neuroradiol. (2019) 40:1074–81. doi: 10.3174/ajnr.A6070

 22. Vania M, Mureja D, Lee D. Automatic spine segmentation from CT images using convolutional neural network via redundant generation of class labels. J Comput Des Eng. (2019) 6:224–32. doi: 10.1016/j.jcde.2018.05.002

 23. Lu J-T, Pedemonte S, Bizzo B, Doyle S, Andriole KP, Michalski MH, et al. Deepspine: automated lumbar vertebral segmentation, disc-level designation, and spinal stenosis grading using deep learning. arXiv Prepr arXiv180710215. (2018).

 24. Bailey JF, Fields AJ, Ballatori A, Cohen D, Jain D, Coughlin D, et al. The relationship between endplate pathology and patient-reported symptoms for chronic low back pain depends on lumbar paraspinal muscle quality. Spine. (2019) 44:1010–7. doi: 10.1097/BRS.0000000000003035

 25. Yu H, Shimakawa A, McKenzie CA, Brodsky E, Brittain JH, Reeder SB. Multiecho water-fat separation and simultaneous R estimation with multifrequency fat spectrum modeling. Magn Reson Med. (2008) 60:1122–34. doi: 10.1002/mrm.21737

 26. Cohen J. A coefficient of agreement for nominal scales. Educ Psychol Meas. (1960) 20:37–46. doi: 10.1177/001316446002000104

 27. Artstein R, Poesio M. Inter-coder agreement for computational linguistics. Comput Linguist. (2008) 34:555–96.

 28. Chollet F. Keras, GitHub. Available online at: https://github.com/fchollet/keras (2015). (accessed August 3, 2020).

 29. Kingma DP, Ba J. Adam: a method for stochastic optimization. arXiv Prepr arXiv14126980. (2014).

 30. DeLong ER, DeLong DM, Clarke-Pearson DL. Comparing the areas under two or more correlated receiver operating characteristic curves: a nonparametric approach. Biometrics. (1988) 44:837–45. 

 31. Saito T, Rehmsmeier M. The precision-recall plot is more informative than the ROC Plot When evaluating binary classifiers on imbalanced datasets. PLoS ONE. (2015) 10:e0118432. doi: 10.1371/journal.pone.0118432

 32. Altman DG, Bland JM. Measurement in medicine: the analysis of Method Comparison Studies. J R Stat Soc Ser D. (1983) 32:307–17. doi: 10.2307/2987937

 33. Shrout PE, Fleiss JL. Intraclass correlations: uses in assessing rater reliability. Psychol Bull. (1979) 86:420–8. doi: 10.1037/0033-2909.86.2.420

 34. Glüer C-C, Blake G, Lu Y, Blunt1 BA, Jergas1 M, Genant1 HK. Accurate assessment of precision errors: How to measure the reproducibility of bone densitometry techniques. Osteoporos Int. (1995) 5:262–70. doi: 10.1007/BF01774016

Disclaimer: The content is solely the responsibility of the authors and does not necessarily represent the official views of the National Institutes of Health or its NIH HEAL Initiative.

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Zhou, Damasceno, Chachad, Cheung, Ballatori, Lotz, Lazar, Link, Fields and Krug. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fendo-11-00612-t002.jpg
Similarity Set 1A Set 1B Set 2A Set 2B&3B
metric

DsC 0956+ 0076 0.886+0.040 0.838+0.198 0.849 +0.091
loU 0928+0.106 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 Similerity
Coefficient; loU, Intersection over Union (Jaccard).





OPS/images/inline_1.gif





OPS/images/fendo-11-00612-g003.gif





OPS/images/fendo-11-00612-t001.jpg
Characteristic

Age (years)
Sex

Female

Male
Patient Status

Controls

Cases
Weight (kg)
Height (cm)
BMI (kg/m?)
Clinical measures

ol

VAS

Set1(n=31)

479+124

16(51.6)
15 (48.4)

8(25.8)
23(74.2)
73.7 £ 158
173485
24.4£4.4

246+19.7
49+34

Set2 (n=11)

50.7£97

2(18.2)
981.8)

100.1)
10(90.9)
87.4£165
177.0 £ 105
2804565

32.7+£176
6.1+23

Set 283 (n = 26)

46.4 £129

12 (46.2)
14(53.8)

9(34.6)
17 (65.4)
7724168
174 £11.7
257 £56.1

208 +19.0
42382

~Mean data are  standard deviation; data in parentheses are percentages. Set 1 was
the IDEAL image dataset used to train the U-Net. Set 283 consists of the 11 subjects in
Set 2 and 15 additional subjects scanned after July 2017. BMI, body mass index; ODI,
Oswestry Disability Index; VAS, Visual Analog Scale.





OPS/images/math_1.gif
m





OPS/images/inline_2.gif





OPS/images/inline_3.gif





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Automatic Vertebral Body Segmentation Based on Deep Learning of Dixon Images for Bone Marrow Fat Fraction Quantification



		Introduction



		Materials and Methods



		Data Selection and Study Design



		MRI Acquisition



		Manual Vertebral Body Segmentation and Inter-Rater Reliability



		Deep Learning



		ROI Quantification



		Statistical Analysis







		Results



		Inter-Rater Reliability in Manually Segmented Images



		Deep Learning Model Performance on Segmentation



		Bone Marrow Fat Fraction Quantification Performance



		Workflow Reliability







		Discussion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Supplementary Material



		References

















OPS/images/cover.jpg
’ frontiers
in Endocrinology

Automatic Vertebral Body
Segmentation Based on Deep
Learning of Dixon Images for Bone
Marrow Fat Fraction Quantification





OPS/images/fendo-11-00612-g001.gif
RO analysis and
fatauantifcation

{
1] |






OPS/images/fendo-11-00612-g002.gif
7=
imsgesers <

setzn

Set 28838






OPS/images/math_3.gif
_Xnyl s 3
T IXUY) TP+FP+EN @





OPS/images/math_2.gif
_2Xny] 2P 2)
TXI+ Y] 2TP+FP+EN @









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
’ frontiers
in Endocrinology





