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Purpose: Lesion volume is a meaningful measure in multiple sclerosis (MS) prognosis. Manual lesion segmentation for computing volume in a single or multiple time points is time consuming and suffers from intra and inter-observer variability.

Methods: In this paper, we present MSmetrix-long: a joint expectation-maximization (EM) framework for two time point white matter (WM) lesion segmentation. MSmetrix-long takes as input a 3D T1-weighted and a 3D FLAIR MR image and segments lesions in three steps: (1) cross-sectional lesion segmentation of the two time points; (2) creation of difference image, which is used to model the lesion evolution; (3) a joint EM lesion segmentation framework that uses output of step (1) and step (2) to provide the final lesion segmentation. The accuracy (Dice score) and reproducibility (absolute lesion volume difference) of MSmetrix-long is evaluated using two datasets.

Results: On the first dataset, the median Dice score between MSmetrix-long and expert lesion segmentation was 0.63 and the Pearson correlation coefficient (PCC) was equal to 0.96. On the second dataset, the median absolute volume difference was 0.11 ml.

Conclusions: MSmetrix-long is accurate and consistent in segmenting MS lesions. Also, MSmetrix-long compares favorably with the publicly available longitudinal MS lesion segmentation algorithm of Lesion Segmentation Toolbox.

Keywords: MSmetrix, multiple sclerosis, longitudinal lesion segmentation, expectation-maximization, MRI

1. INTRODUCTION

Accurate and reliable lesion segmentation based on brain MRI scans is valuable for the diagnosis and monitoring of disease activity in patients with Multiple Sclerosis (MS) (Blystad et al., 2016; Deeks, 2016). The availability of longitudinal MRI data permits an analysis of lesion evolution over time, a potential biomarker of disease progression and treatment efficacy. Figure 1 shows bias corrected FLAIR images of a MS subject scanned twice with an interval of approximately 1 year, along with the expert lesion segmentation followed by the lesion evolution, i.e., the new, disappearing, enlarging, and shrinking lesions. Although expert manual delineation of lesions is considered as the gold standard, it is time consuming and often suffers from intra and inter observer variability (Erbayat Altay et al., 2013). To alleviate this problem, several automatic methods have been proposed in the literature to segment MS lesions. Interestingly, the vast majority of automatic methods are based on a single time point (cross-sectional) and relatively few methods take into account multiple time points (longitudinal) (Llado et al., 2012; Garcia-Lorenzo et al., 2013). Executing a cross-sectional method for each time point would indeed produce the longitudinal measures of interest, but such measures are less reliable as each time point is processed independently. Longitudinal methods incorporate both spatial and temporal information and are expected to be more reliable. Based on the underlying approach, longitudinal methods could be categorized in three different groups: change detection (Gerig et al., 2000; Welti et al., 2001; Prima et al., 2002; Rey et al., 2002; Bosc et al., 2003; Elliott et al., 2013), 4D connectivity (Metcalf et al., 1992; Bernardis et al., 2013) and outlier detection (Solomon and Sood, 2004; Ait-Ali et al., 2005) in multiple time points. Pre-processing of input MR images in these three groups is generally performed and consists of registration to a reference image or a common space, skull stripping, bias field correction and intensity normalization.
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FIGURE 1. Bias corrected FLAIR images (A,E) followed by super-imposed lesion segmentations from: (B,F) the expert, (C) disappearing lesion, (D) shrinking lesion, (G) new lesion, and (H) enlarging lesion. The first row corresponds to time point 1 and the second row corresponds to time point 2.



Change detection methods primarily aim to detect MS activity by statistical analysis of image features or by measuring local volume variation. Statistical analysis can be performed in an unsupervised or supervised manner. Unsupervised approaches detect significant changes in the intensities between consecutive scans by either analysing the corresponding patches of two time points (Bosc et al., 2003), or performing clustering on the extracted spatial and temporal features from longitudinal images (Gerig et al., 2000; Welti et al., 2001; Prima et al., 2002). The main drawback with unsupervised approaches is that they assume perfect registration and intensity normalization. Supervised approaches learn the desired change from a training dataset; for instance, in Elliott et al. (2013), a random forest discriminative classifier was trained to learn relevant features (intensity, size, and contextual information) related to new lesions and then use these features to segment them. The main drawback with this approach is that it often requires that the training dataset is large enough in order to capture all the distinctive features of the lesions to be segmented. To avoid the need for extracting image features, changes between consecutive images could be directly detected by measuring local volume variations. To this end, a Jacobian operator could be applied to the local deformation field obtained after non-rigid registration between the two time points. Although this approach has proven to be invariant to registration errors, it has given poor results for lesion segmentation (Rey et al., 2002).

Four-dimensional connectivity methods use voxel association in space and time to simultaneously segment and track lesion evolution. For example, Metcalf et al. (1992) segments the lesions in two time points by clustering voxels that are both spatially and temporally adjacent to each other. The main disadvantage of this approach is that it often results in substantial false lesion segmentation. A more advanced method from the same family is based on spectral graph partitioning Bernardis et al. (2013). It constructs a 3D graph in which spatial pairwise affinities characterize lesions and background, and temporal affinities between adjacent time points represent lesion evolution direction. This graph is segmented into lesions and non-lesions via spectral clustering by maximizing the force within-group attraction and between-group repulsion. The drawback of this approach is that it cannot discriminate between consistent artifacts and lesions.

Outlier detection methods are based on the fact that MS lesions are hyper-intense on T2-weighted and fluid-attenuated inversion recovery (FLAIR) brain MRI scans and thus could be detected as an outlier to normal tissue class intensities distribution. For example, a joint expectation-maximization (EM) based approach such as in Ait-Ali et al. (2005) models the healthy brain tissue classes across the time points as a Gaussian mixture model (GMM) using a 4D (3D + time) intensity histogram. The parameters of the model are optimized via a modified version of the EM algorithm referred to as STREAM. After convergence, the lesions are extracted as outliers to healthy tissue classes using Mahalanobis distance and some prior information. In this approach the lesion segmentation is largely dependent on the choice of the Mahalanobis distance parameter and does not target lesion evolution, which is clinically relevant (Ait-Ali et al., 2005). Another approach using outlier detection is based on the hidden Markov model (HMM) technique as in Solomon and Sood (2004). Initially, EM segments the first time point into different tissue classes including lesions, which are then manually corrected. Subsequently, using a lesion growth transition model and outlier detection sensor model, lesions are segmented in the following time points. The transition model enforces consistent lesion segmentation; however, it was validated only on simulations with exponential lesion growth.

In this paper, we present MSmetrix-long: an iterative white matter (WM) lesion segmentation method based on a joint EM framework that takes as input clinically acquired 3D T1-weighted and 3D FLAIR images of two time points. The proposed framework is fully automated, unsupervised and models the lesion evolution as GMM between two time points, thereby simultaneously segmenting new, enlarging, disappearing, shrinking and static lesions. The method is validated for accuracy and reproducibility on two different datasets that are representative for clinically feasible acquisition protocols.

2. METHODS

The MSmetrix-long pipeline analyses the MS lesions evolution between two time points based on 3D T1-weighted and 3D FLAIR image acquired at each time point. The pipeline has four steps: (1) Cross-sectional analysis, that segments the individual time points into gray matter (GM), WM, cerebro-spinal fluid (CSF), and lesions, (2) FLAIR based difference image, which is created by subtracting the FLAIR images of both time points after bias correction, co-registration and intensity normalization, (3) Joint lesion segmentation, that aims to improve the individual time point lesion segmentation using the other time point information on tissue and lesion segmentation (initialized using step-1 results) and difference image obtained from step-2, (4) a pruning step, that refines the lesion segmentation obtained in the step-3 to eliminate non-lesions candidates. Figure 2 presents an illustrative explanation of these steps. Steps (3) and (4) are performed sequentially in both directions, by using one time point as reference and then the other. These steps are also iterated, by changing the input lesion segmentation used as prior. Only for the first iteration, the lesion segmentations priors come from the cross-sectional pipeline in step-3, while from the second iteration onwards lesion segmentations from previous iteration are used to initialize the lesion priors for the current iteration. The convergence of our method is decided when the relative lesion segmentation difference between the current and previous iteration is negligible. It takes generally three iterations for the algorithm to converge. The following sections explain the different steps in more detail.
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FIGURE 2. An illustrative example explaining the different steps of our method. The pink arrows in the longitudinal lesion segmentation at time point 1 show the recovered lesions using the second time point lesion segmentation and difference image information.



2.1. Cross-Sectional Analysis

Image segmentation is performed independently for each time point using the cross-sectional pipeline referred to as MSmetrix-cross (Jain et al., 2015). The cross-sectional method iteratively segments the T1-weighted image into GM, WM, and CSF, segments the WM lesions on the FLAIR image as an outlier to normal brain using Mahalanobis distance, and performs lesion filling in the T1-weighted image to improve tissue segmentation at next iteration. After convergence, segmentations of WM, GM, CSF and lesions are created. In addition, bias corrected T1-weighted and FLAIR images are also produced. The segmentation tasks of the MSmetrix-cross are optimized using an EM algorithm (Van Leemput et al., 1999) as implemented in NiftySeg (Cardoso, 2012).

2.2. FLAIR Based Difference Image

A FLAIR based difference image is created by image co-registration and intensity normalization. Image co-registration is performed using affine registration, which comprises a rigid registration based on the whole T1-weighted image, followed by a skull based affine registration to avoid small scaling differences, and a final whole brain rigid registration (Smeets et al., 2016). The rigid registration and skull based affine registration use an inverse consistent registration algorithm (Modat et al., 2010). Subsequently, the GM, WM, CSF, lesion segmentation and the bias corrected FLAIR images obtained from the cross-sectional analysis are propagated using the final affine transformation. The matched bias corrected FLAIR images are then corrected for differential bias field as described in Lewis and Fox (2004). Subsequently, the differential bias field corrected images are intensity normalized using a cumulative histogram matching technique Castleman (1995) with the image of time point 1 as reference. A FLAIR based difference image is now created in time point 1 space. To avoid bias toward a specific time point, a second difference image is created, using time point 2 space as reference.

2.3. Joint Lesion Segmentation

The joint lesion segmentation model aims at simultaneous tissue class label segmentation of the images from both time points (see the blocks denoted by “Joint lesion segmentation” in Figure 2). The model is optimized using a joint EM algorithm. In this section we present the model formulation, for more details please see Supplementary Material. We now describe the notations, variables and assumptions used, followed by the model definition and its optimization using joint EM.

2.3.1. Notations, Variables, and Model Assumptions

We assume that image 1, image 2 and difference image are co-registered and have the same voxel size. Additionally, image 1 and in image 2 have identical tissue classes. We denote the set of image intensities for image 1 as I1 and similarly for image 2 as I2 and for the directional difference image as D. k(1) and k(2) denote tissue class indices for image 1 and image 2, respectively. The tissue class labels in image 1 and in image 2 are denoted by L1 and L2 respectively.

We now specify our model assumptions. A Gaussian mixture model is used on the image intensities of each time point where a Gaussian model is used for each tissue class. Let θ1 denote the Gaussian mixture model parameters for the intensities of image 1 and P(I1|L1, θ1) denotes the probabilistic model for image 1. Analogously, the probabilistic model for image 2 is denoted by P(I2|L2, θ2).

We make the underlying assumption that the “difference image” might be independently generated as an image that captures anatomical changes including new lesions or atrophy. The image created by subtracting image 1 from image 2 or vice-versa (after intensity normalization) is one such instance of the difference image. The intensity model of image 1 and image 2 can therefore be reinforced by including a tissue transition model defined on the difference image. As our method focuses on two time point WM lesion segmentation, we only model the transformations between WM and lesions. We assume that the difference image has three different transformations: “static,” “growth,” and “shrinkage.” The static transformation class is defined as a set of voxels in the difference image that are either labeled as WM in both images or lesions. The growth transformation class (describing the new and enlarging lesions) is defined as a set of voxels in the difference image that are labeled as WM in image 1 and lesion in image 2. The shrinkage transformation class (describing the disappearing and shrinking lesions) is defined as a set of voxels in the difference image that are labeled as lesion in image 1 and WM in image 2. For all other possible tissue transformations from image 1 and image 2 a uniform distribution is assumed. Figure 3 shows an illustrative example of the difference image and the histograms of its classes with corresponding Gaussian fitting. Under these assumptions, a Gaussian mixture model for the difference image intensities is used where each transformation class (static, growth, shrinkage) is modeled as Gaussian. The probabilistic model for the difference image is denoted by P(D|L1, L2, ζ), where ζ stands for the Gaussian mixture model parameters for the difference image intensities.
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FIGURE 3. (A) Normalized FLAIR image of time point 1, (B) FLAIR image of time point 2, (C) difference image (A,B), (D) histograms of difference image classes with corresponding Gaussian fitting, normalized per class. Note the artifactual difference values at the brain contour (due to subtle differences in brain mask extraction) are excluded by only including WM voxels in the analysis.



Finally, we assume that we have no prior knowledge on the relationship of the tissue class labels between both images. Therefore, we define the prior probabilities independently for each image. Often these prior probabilities are given by a probabilistic atlas. However, our cross-sectional model provided us with more specific knowledge and hence, we use the probabilistic cross-sectional tissue class segmentations. The prior probabilities on tissue class labels for image 1 and image 2 are denoted by P(L1) and P(L2), respectively.

2.3.2. The Model

Under these assumptions, the joint probabilistic model is formulated as follows:
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where γ = {θ1, θ2, ζ}. Our model is optimized by the maximum a posteriori (MAP) problem shown in Equation (2). Since the knowledge of tissue class labels helps in finding the model parameters and vice-versa, we reformulate our MAP problem as presented in Equation (3).
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Finally, a lower bound of our model is derived using Jensen's inequality and optimized by the EM algorithm. The Q-function, which is the log likelihood function whose expected value is computed in the E-step can now be written as:
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with the joint posterior distribution [image: image]. The sum over all possible tissue classes k(2) of the joint posterior distribution gives us the soft segmentation of the tissue class at time point 1. Similarly, the sum over all possible tissue classes k(1) of the joint posterior distribution gives us the soft segmentation of the tissue class at time point 2.

In the M-step, a new set of values for model parameter γ is computed by maximizing the Q-function (see Supplementary Material for closed form solutions).

2.4. Pruning

The soft lesion segmentations obtained from the E-step of the joint EM algorithm are pruned to eliminate non-lesions (such as partial volume effects, artifacts) that share intensities and locations with the potential lesions. Thereto, a priori information on the appearance, location and volume of lesions is incorporated: (1) the lesion intensities should be hyper-intense compared to the WM intensities on bias field corrected FLAIR image, (2) the lesions are in the WM region, and (3) the lesion needs to have a minimum volume of 0.005 ml (empirically determined) to avoid spurious lesion detection. The hyper-intensity is defined as the mean plus two times the standard deviation of WM intensities. The intensities and location of WM region are computed using the WM segmentation from the MSmetrix-cross pipeline. In addition, a priori defined binary mask (defined in the MNI space and consisting of the cerebral cortex and WM in-between the ventricles) is warped to the subject space to remove lesion candidates from these regions that are likely to result in a false lesion segmentation. After the pruning, the soft lesion segmentations are binarized using a threshold of 0.9 (empirically determined) on the posterior probabilities.

2.5. Performance Tests

2.5.1. Comparison with State-of-the-Art Methods

We compare MSmetrix-long pipeline with the MSmetrix-cross pipeline to know the gain over the cross-sectional method. Furthermore, we also compare against the longitudinal pipeline of the Lesion Segmentation Toolbox (LST) software package (LST1), version 2.0.12, which is implemented in SPM12 (SPM2). The longitudinal pipeline of LST, which is referred to as LST-long in this paper, performs individual time point lesion segmentation using the lesion growth algorithm described in Schmidt et al. (2012). The obtained lesion segmentation maps of different time points are coregistered to the baseline scan and are corrected by comparing the relative differences of FLAIR intensities in all lesion maps to produce the final lesion segmentation at each time point (see LST documentation, LST1).

For comparison, all three methods were executed on the same datasets and default parameter settings were used. Thus, no parameter tuning was performed at dataset or subject level.

2.5.2. Data

Dataset 1 contains scans from 12 relapsing remitting MS patients on a GE 3T scanner (Discovery MR750), each scanned twice at an interval of approximately 1 year. Therefore, the sample size of dataset 1 equals 24. Each time point contained two a 3D sequences: a CUBE FLAIR (TR: 8000 ms, TE: 165 ms, TI: 2179 ms) and a 3D T1-weighted IR-FSPGR sequence (TR 7.2 ms, TE 450 ms, TI 2.8 ms). Both 3D sequences have voxel resolution close to 1 mm3. Expert WM lesion segmentations were created on the baseline FLAIR scan by the experienced neuro-imaging analyst using JIM software tool (JIM3), version 6.0. For follow-up scans, baseline lesion segmentation was overlaid on rigidly registered follow-up scan at the beginning, and then the lesion segmentation was adapted according to lesion activities. This study was reviewed and conducted within the guidelines set out in the National Statement on Ethical Conduct in Human Research (2007) in Australia, and approved by University of Sydney Human Research Ethics Committee. All subjects gave written informed consent.

The second dataset, dataset 2 contains scans from 10 MS patients scanned twice, with re-positioning (time interval between two scans is 5~10 min), on each of three different 3T scanners from GE (Discovery MR750w), SIEMENS (Skyra) and PHILIPS (Achieva). Therefore, the sample size of dataset 2 equals 60. The protocol contained two 3D sequences: T1-weighted and FLAIR, and their details are described in Table 1. For this dataset, no expert segmentations were available. This study was carried out in accordance with the recommendations of the “International Conference on Harmonization of Good Clinical Practice (ICH-GCP),” and the applicable Belgian and Dutch legislation. The study was approved by the UZ Brussels ethical committee. All subjects gave written informed consent in accordance with the Declaration of Helsinki.


Table 1. Dataset-2 sequences description for all three scanners.
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2.5.3. Accuracy and Reproducibility Assessment

The agreement between the expert segmentation and automatic methods on dataset 1 is evaluated at three levels: voxel-by-voxel, lesion-wise and volumetric. Voxel-by-voxel metric includes the Dice similarity index which is defined as the ratio of total number of lesion voxels where both the expert reference and the automatic segmentation agree (true positives) to the mean number of voxels labeled as lesion by the two methods. The lesion-wise metrics include lesion-wise true positive rate (LTPR), false positive rate, F1 score, absolute lesion change difference and Pearson correlation coefficient (PCC). LTPR is defined as the ratio of the total number of lesions where the expert reference and the automatic segmentation intersect to the total number of lesions in the expert reference segmentation. Lesion-wise false positive rate (LFPR) is defined as the ratio of the total number of lesions that are present only in the automatic segmentation to the total number of lesions in the automatic segmentation. Lesion-wise F1 score is defined as the harmonic mean of LTPR and LFPR. Absolute lesion-wise change difference is defined as the absolute difference between the overall lesion-wise change (number of new lesions minus number of disappearing lesions) in the expert lesion segmentation and the automatic segmentation. In this paper, we consider new, disappearing, enlarging and shirking lesions that have size more than 20 voxels and at least one slice which encompasses the lesion presents a minimum of 5 lesion voxels.

Volumetric metrics measure the total lesion volume agreement and consist of the PCC and the absolute volume difference. The absolute volume difference is computed as the absolute difference between the total volume reported by the expert reference segmentation and the corresponding value derived from the automatic method.

The reproducibility of the method is evaluated on dataset 2 by the Dice similarity index of the lesion segmentations at both times points. Moreover, the estimated number of new lesions and the absolute total lesion volume difference is also calculated between time points, which are both expected to be zero in this test-retest scenario.

To determine if there is a statistical difference between MSmetrix-long and LST-long and between MSmetrix-cross and MSmetrix-long methods' performance, two tailed paired Wilcoxon signed-rank test is performed.

3. RESULTS

3.1. Accuracy Results on Dataset 1

Figure 4 shows a representative example of lesion segmentation obtained by MSmetrix-cross, MSmetrix-long and LST-long on a patient from dataset 1. By comparing against expert delineations, it can be observed that MSmetrix-long has improved in accuracy over MSmetrix-cross and that LST-long has missed lesions.
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FIGURE 4. Bias corrected FLAIR image (A) followed by super-imposed lesion segmentation from: (B) expert segmentation, (C) MSmetrix-cross (version 1.4), (D) MSmetrix-long, and (E) LST-long. The first row corresponds to the lesion segmentation of time point 1 and the second row corresponds to the lesion segmentation of time point 2. Pink arrows specify places where MSmetrix-long has improved in accuracy over MSmetrix-cross and red arrows indicate regions where LST-long has missed lesions.



The volumetric correlation of MSmetrix-long and LST-long to the expert reference segmentation can be visualized in Figure 5. MSmetrix-long has a better correlation (PCC = 0.96) with expert reference segmentation compared to LST-long (PCC = 0.88).


[image: image]

FIGURE 5. Scatter plot of total lesion volume (ml) for reference expert segmentation vs. (A) MSmetrix-long and (B) LST-long.



Table 2 summarizes the cross-sectional lesion segmentation performance of MSmetrix-cross, MSmetrix-long and LST-long on dataset 1 (n = 24) in a quantitative way. MSmetrix-long has improved over MSmetrix-cross in the median Dice, F1 score and LFPR. Compared to LST-long, MSmetrix-long has a higher median Dice, F1 score, LTPR, and PCC, together with lower LFPR and absolute lesion volume difference.


Table 2. Quantitative metrics (voxel-by-voxel, lesion and volumetric level) for measuring the cross-sectional accuracy of the automatic methods MSmetrix-long, MSmetrix-cross and LST-long with respect to expert segmentations on dataset 1 (n = 24).
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Table 3 summarizes the lesion-wise change accuracy performance of MSmetrix-cross, MSmetrix-long and LST-long on dataset 1 in a quantitative way. In case of new lesions, MSmetrix-long has improved over MSmetrix-cross in the median F1 score and LFPR. Compared to LST-long, MSmetrix-long has a higher median F1 score and LTPR. In case of enlarging lesions, MSmetrix-long has improved over MSmetrix-cross in the median LFPR, with marginally better F1 score. Compared to LST-long, MSmetrix-long has a higher median F1 score, LTPR, and LFPR. When new and enlarging lesions are combined, MSmetrix-long has better correlation (PCC = 0.77) with the expert segmentations compared to MSmetrix-cross (PCC = 0.63) and LST-long (PCC = 0.53). In case of absolute lesion-wise change difference, MSmetrix-long has marginally better performance over MSmetrix-cross and LST-long, however, with better correlation with the lesion-wise change difference of the expert segmentations (PCC = 0.84) compared to MSmetrix-cross (0.65) and LST-long (0.72).


Table 3. Lesion-wise quantitative metrics for measuring the lesion change accuracy of the automatic methods MSmetrix-long, MSmetrix-cross and LST-long with respect to expert lesion segmentations changes on dataset 1.
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3.2. Reproducibility Results on Dataset 2

Figure 6 shows an example of lesion segmentation obtained by MSmetrix-cross, MSmetrix-long and LST-long on a patient from dataset 2 (n = 60). Both MSmetrix-long and LST-long are more consistent in lesion segmentation compared to MSmetrix-cross. Compared to LST-long, MSmetrix-long also shows better reproducibility in segmenting small lesions. Quantitatively, LST-long has the best median Dice with zero error in detecting new lesions and absolute volume difference between both time points. MSmetrix-long has improved in the median Dice, with median error in detecting new lesions and absolute volume difference over MSmetrix-cross. The reproducibility of LST-long is highest because it segments the most certain hyper-intense lesions in both time points at the expense of missing substantial amount of less hyper-intense lesions as shown in Figure 6.


[image: image]

FIGURE 6. Bias corrected FLAIR image (A) followed by super-imposed lesion segmentation from: (B) MSmetrix-cross (version 1.4), (C) MSmetrix-long, and (D) LST-long. The first row corresponds to the lesion segmentation of time point 1 and the second row corresponds to the lesion segmentation of time point 2. Cyan arrows show some false positives in MSmetrix-cross, which are absent in MSmetrix-long. Yellow arrows specify places where MSmetrix-long has consistently segmented some small lesions and red arrows indicate regions where LST-long misses some potential lesions.



4. DISCUSSION AND CONCLUSIONS

Accurate and consistent lesion segmentation is very important in monitoring the MS disease progression. As manual lesion segmentation is time consuming and suffers from inter- and intra-rater variability, automated methods have the advantage of being fast and consistent. The vast majority of automatic methods are cross-sectional in nature and the average accuracy (Dice) of these methods is sufficiently high, however, these cross-sectional methods seldom report results on the lesion evolution accuracy and this hinders a fair comparison of our method against them. Moreover, another factor to consider is whether the segmentation method is supervised or unsupervised. We compare our unsupervised method with other unsupervised methods only because supervised methods often require a representative training dataset, including expert segmentation, in order to build a model that can be used on new patients for lesion segmentation. This training dataset is very difficult to build because MS lesions have all possible shapes, intensities and are heterogeneously distributed in the WM. Moreover, the new image to be segmented should be well represented in the training dataset which is not always possible. Two well-known publicly available unsupervised MS lesion segmentation tools are Lesion-TOADS (Shiee et al., 2010) and LST. We choose LST because of two reasons: (1) in a previous paper (Jain et al., 2015), we have shown that our cross-sectional method (MSmetrix-cross) had a better performance compared to Lesion-TOADS in terms of accuracy and reproducibility. Since in this paper we also report results from our cross-sectional method, we decided that the comparison with Lesion-TOADS is not required, (2) only LST tool has a longitudinal MS lesion segmentation pipeline. Thus it is logical to compare MSmetrix-long with LST-long as both methods are unsupervised and longitudinal in nature.

In this paper, MSmetrix-long pipeline combines both spatial and temporal relationships of lesions for accurate and consistent lesion segmentation. The spatial relationship is based on Markov Random Field and is incorporated in MSmetrix-cross. The temporal relationship is modeled in a joint lesion segmentation, which uses difference image and cross-sectional lesion segmentations of two time points. The difference image models the growth and shrinkage of lesions and thus helps in recovering those lesions that are missed by the cross-sectional lesion segmentation. In addition, if a lesion is present in both time points but has been segmented in only one of the time point, then the joint lesion segmentation facilitates the recovery of that lesion at the other time point. Moreover, brain atrophy has also minimal impact on the performance of MSmetrix-long because (1) atrophy is generally small and global in nature (2) it occurs near the CSF boundary and these transitions i.e. (CSF → GM and CSF → WM) are excluded in the difference image GMM model, (3) we tested global non-rigid registration in addition to affine registration, i.e., non-rigid registration only on a coarse level, to accommodate for the atrophy and we found out that it has a minimal, but potentially negative impact on the final lesion segmentation. Therefore, to gain computational efficiency we excluded this global non-rigid registration from MSmetrix-long pipeline. Furthermore, if the subject has been scanned more than twice, MSmetrix-long can easily handle this by processing consecutive time points in pairs.

Among the methods proposed in the literature for longitudinal lesion segmentation, our approach has some similarities to Elliott et al. (2013) and Ait-Ali et al. (2005), which are also based on EM frameworks. In contrast with Elliott et al. (2013), our method is unsupervised and can segment new, enlarging, disappearing and shrinking lesions. As opposed to Ait-Ali et al. (2005), our joint EM model takes cross-sectional lesion segmentation as prior information on the lesion class in both time points and processes each time point in its own space to avoid bias in the lesion segmentation.

In order to evaluate the effect of the pruning step, we also calculated the cross-sectional accuracy (Dice, LTPR and LFPR) of MSmetrix-long after the joint lesion segmentation step. The Dice, LTPR, and LFPR (reported in median (first quartile–third quartile)) after the joint lesion segmentation step are 0.60 (0.45–0.65), 0.64 (0.54–0.69), and 0.81 (0.72–0.87) respectively. Comparing these results with the the voxel-by-voxel accuracy of MSmetrix-long after the pruning step (see Table 2), we observe that the pruning step increases the overall Dice score by decreasing the false positive rate at the expense of a decrease in true positive rate.

In order to investigate the cause of low LTPR for cross-sectional accuracy of MSmetrix-long compared to MSmetrix-cross (see Table 2), we calculated the average LTPR for small (0.003–0.01 ml), medium (0.01–0.05 ml) and large (>0.05 ml) lesion volumes. The average LTPR for MSmetrix-long and MSmetrix-cross for small lesions is 0.13 and 0.27 respectively, followed by medium lesions 0.30 and 0.37 and large lesions 0.75 and 0.81. It can be seen that MSmetrix-long misses more small and medium size lesions. The primary cause of missing these lesions is that they are either iso-intense with GM intensities (thus missed by intensity threshold mask used in the pruning step) or they are removed by the binary false positive mask (used in the pruning step). However, it is important to note that both intensity threshold mask and binary false positive mask play a key role in reducing the false positives as described in the previous paragraph.

One important aspect of MSmetrix-long is that its performance is dependent on the cross-sectional lesion segmentation. This suggests that if MSmetrix-cross has either consistently missed a lesion, or segmented a non-lesion at both time points, then it will be either missed or retained by MSmetrix-long, respectively. As presented in the result section, MSmetrix-long is more accurate and reproducible than MSmetrix-cross. The increase in cross-sectional accuracy (Dice, F1 score) and lesion change accuracy for new lesions (F1 score) is due to the reduction in LFPR using the lesion segmentation information from the other time point. For enlarging lesions, a marginal increase in the median F1 score is observed for MSmetrix-long due to larger differences in the lesion segmentation boundary between the expert and MSmetrix-long. MSmetrix-long has also slightly better absolute lesion-wise change difference compared to MSmetrix-cross primarily due to a reduction in LFPR. A modest decrease in the absolute volume difference is due to the under-segmentation of lesions by MSmetrix-long (Figure 5) and the elimination of a few lesions that are close to the cerebral cortex. Interestingly, a substantial LFPR in MSmetrix-cross suggests that the false lesions compensate toward missed lesions volume resulting in a lower absolute volume difference compared to MSmetrix-long. The significant improvement in reproducibility (Dice, number of new lesions and absolute volume difference) of MSmetrix-long could also be explained by the benefit of using the lesion segmentation of the other time point.

In comparison to LST-long, MSmetrix-long is more accurate (Dice, F1 score) and slightly less reproducible. Cross-sectionally, LST-long has higher absolute volume difference and LFPR; lower LTPR and F1 score on dataset 1. The high absolute volume difference of LST-long could be explained by the over-segmentation of lesion boundaries. A high lesion-wise false positive rate of LST-long could be explained by the segmentation of FLAIR artifacts or cortical foldings as lesions. For the lesion change accuracy, MSmetrix-long has superior performance for all measures compared to LST-long. This could be explained by the fact that LST-long segments the most hyper-intense lesions and is thus very consistent (see Table 4), but misses many small less hyper-intense lesions (Figures 4, 6).


Table 4. The Dice score, the number (Nr.) of new lesions and the absolute volume difference (Abs. vol. diff.) between both time points for measuring the accuracy of the automatic methods MSmetrix-long, MSmetrix-cross and LST-long on dataset 2.

[image: image]



In conclusion, we have presented MSmetrix-long: an iterative two time point WM lesion segmentation method based on a joint EM framework using two time points. The proposed method is unsupervised and can segment new, enlarging, disappearing, shrinking and static lesions. We first analyse both time points separately followed by a joint lesion segmentation, which models the lesion evolution as a Gaussian mixture model. The accuracy and reproducibility of MSmetrix-long is compared with MSmetrix-cross and the publicly available lesion segmentation tool LST-long on two datasets that are representative for clinically feasible acquisition protocols. MSmetrix-long has outperformed MSmetrix-cross. Compared to LST-long, MSmetrix-long has better accuracy and similar reproducibility.
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Optical coherence tomography provides high-resolution 3D imaging of the posterior segment of the eye. However, quantitative morphological analysis, particularly relevant in retinal degenerative diseases such as glaucoma, has been confined to simple sectorization and averaging with limited spatial sensitivity for detection of clinical markers. In this paper, we present point-wise analysis and visualization of the retinal nerve fiber layer and choroid from cross-sectional data using functional shapes (fshape) registration. The fshape framework matches two retinas, or generates a mean of multiple retinas, by jointly optimizing the surface geometry and functional signals mapped on the surface. We generated group-wise mean retinal nerve fiber layer and choroidal surfaces with the respective layer thickness mapping and showed the difference by age (normal, younger vs. older) and by disease (age-matched older, normal vs. glaucomatous) in the two layers, along with a more conventional sector-based analysis for comparison. The fshape results visualized the detailed spatial patterns of the differences between the age-matched normal and glaucomatous retinal nerve fiber layers, with the glaucomatous layers most significantly thinner in the inferior region close to Bruch's membrane opening. Between the young and older normal cases, choroid was shown to be significantly thinner in the older subjects across all regions, but particularly in the nasal and inferior regions. The results demonstrate a comprehensive and detailed analysis with visualization of morphometric patterns by multiple factors.

Keywords: optical coherence tomography, computational anatomy, Bayesian estimation, retina, glaucoma, aging

INTRODUCTION

Volumetric optical coherence tomography (OCT) has emerged as a preferred diagnostic tool in ophthalmology for noninvasive, in-vivo, micrometer-resolution imaging of the eye. Recent progress in OCT imaging has allowed the acquisition of highly detailed 3D images from which morphometric measurements can be derived. Optic nerve head measurements and the thickness of the peri-papillary retinal layers have been used clinically to detect and monitor glaucoma progression (Leung, 2014). While these measurements are useful individually, a lack of clear spatial references for biomarkers limits the spatial and anatomical correspondence across multiple images. For example, in the common sectoral layer thickness analysis of OCT scans, the peri-papillary area is split into quadrants (superior, inferior, nasal, and temporal) which are then further subdivided into circumferential areas. This analysis relies on averaging over the local sectors to reduce noise, and to mitigate potential inconsistency in sectoral placement across individuals. Such a sectoral averaging approach is limited by a minimum size of sectors to achieve comparisons in the same vicinity in the different individuals. Hence, the sectorization approach reduces the spatial sensitivity of the measurements due to averaging over larger areas and could potentially impact clinical assessment. This motivates the need to develop tools that can generate measurements on a point-to-point basis, eliminating the need to average data in local regions.

Most previous studies involving registration of OCT images have averaged multiple serially acquired images for noise reduction and motion correction (Jørgensen et al., 2007; Young et al., 2011), or utilized rigid alignment of time-course images (Niemeijer et al., 2009). Relatively little attention has been given to registration of cross-sectional OCT data. Chen et al. (2014) performed intensity-based non-rigid registration of macular OCT scans by a combination of rigid alignment of foveae, and A-scan-wise affine and non-rigid registration using radial basis functions for refined alignment of the retinal layers (Chen et al., 2014). A more recent work (Anthony et al., 2016) by the same group applies this registration technique to perform voxel based morphometry in macular OCT of healthy controls and multiple sclerosis patients. Our group's approach has focused on retinal surface-based registrations and atlas generation. In (Gibson et al., 2010), 3D optic cup surfaces were registered to a single template surface, first by rigid and nonrigid intensity-based volumetric registration, followed by spherical mapping and spherical demons registration of the surfaces. This work was further expanded upon in Lee et al. (2015) which represented the retinal surfaces utilizing the framework of mathematical currents. Two surfaces were brought into close proximity by minimizing a functional of reproducing kernel Hilbert space norm-based energy and a dissimilarity term, then registered by spherical demons to establish homology. More recently, we introduced the functional shape (fshape), framework (Charlier et al., 2015; Lee et al., 2017). In this framework, the retinal surface (shape or geometry) and any value mapped on the surface, for example, retinal layer thickness (function or signal), are considered together as a single mathematical object called fshape. One fshape can be matched to another or the mean of multiple fshapes can be computed by joint optimization of the energies associated to varifold-based dissimilarity measures of geometry and function. For group analyses, the algorithm can generate population atlases and establish homology across the database, facilitating comparison of morphometric measurements in localized regions. Moreover, fshape mean computation or matching can be performed with flexible constructions of fshapes that can include multiple geometric shapes and function parameters; this allows the building of specific sets of geometry and function features to compare across multiple groups.

In this paper, we demonstrate the use of this algorithm for investigating the effect of age and glaucoma on retinal nerve fiber layer (RNFL) and choroid. Loss of RNFL in the optic nerve head (ONH) region is a well-known hallmark of glaucoma that leads to irreversible vision loss (Medeiros et al., 2005). Currently, the RNFL thickness profile along a circular scan centered at the ONH and the sectoral average thickness maps are used in clinics to assess the disease progression. Studies have shown regional patterns in glaucomatous RNFL thinning, with most significant changes in the inferior peripapillary region (Leung et al., 2010; Mwanza et al., 2011). Aging has been also associated with RNFL loss (Budenz et al., 2007; Parikh et al., 2007). The effect of glaucoma in the choroid has been more debated, with some studies reporting glaucoma-related thickness changes (Song et al., 2016; Li et al., 2017), and others reporting no changes (Ehrlich et al., 2011; Maul et al., 2011). Recent works on OCT angiography (Lee E. J. et al., 2016; Mammo et al., 2016) suggest vascular impairment in glaucoma, and this motivates simultaneous, localized analysis of the two layers to investigate possible connection in the structural changes due to glaucoma.

In this work, we aim to (i) examine the spatial RNFL thickness patterns by age and by presence of glaucoma by comparing the reference group of older healthy eyes with younger healthy eyes and with age-matched glaucoma eyes, and (ii) study whether there is spatial relationship between age-related changes and glaucoma-related changes.

MATERIALS AND METHODS

Participants and Image Acquisition

Thirty-eight eyes from five young healthy participants, five older healthy participants, and twelve older glaucoma patients were included in the study. The participant demographics are listed in Table 1. Before being included in the study, each participant was subject to optic nerve head OCT imaging, dilated stereoscopic examination of the optic nerve, stereo disc photography, intraocular pressure (IOP) measurement, and reproducible Humphrey perimetry at the Eye Care Center at Vancouver General Hospital. Eyes with retinal disease other than primary open-angle glaucoma, uveitis, IOP lower than 10 mmHg or greater than 20 mmHg, or optic neuropathy from causes other than glaucoma were excluded. The mean glaucoma duration at the time of imaging was 3.69 ± 3.80 years. A custom 1,060-nm swept-source OCT system by the Biomedical Optics Research Group at SFU was used for imaging. Each image consisted of 400 B-scans, with 400 A-scans per B-scan and 1,024 pixels per A-scan. The axial voxel resolution was 2.7 μm, the axial coherence length was ~6 μm, and the lateral pixel resolution ranged from 11.9 to 14.5 μm depending on the eye's axial length. The A-scan rate of 100 kHz resulted in ~1.6 s of acquisition time per volume.


Table 1. Participant demographics.
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Preprocessing, Segmentation, and Layer Thickness Measurement

Images with artifacts, such as large lateral motion artifact or the ONH not being at the center of the field of view were excluded from this analysis. The image underwent axial motion correction by B-scan cross-correlation and 3D bounded-variation smoothing for reducing the effect of speckles and enhancing the visibility of anatomical structures, with no additional normalization. An example of OCT B-scan before and after processing is shown in Figures 1a,b. Retinal nerve fiber layer (RNFL) and choroid were segmented automatically by delineating inner limiting membrane (ILM), RNFL-ganglion cell layer boundary, Bruch's membrane (BM), and the choroid-sclera boundary using a 3D graph-cut based algorithm (Li et al., 2006; Lee et al., 2013a,b). All automated segmentation results were checked by a trained rater, and incorrect segmentation was manually corrected using Amira (version 5, FEI). Bruch's membrane opening (BMO) was manually segmented on 80 radial slices extracted from the image volume. An example of the segmentation is shown in Figures 1c,d. A best-fit 3D BMO ellipse was computed using principal component analysis and least square fitting. The segmented RNFL and choroid were cropped at 0.25 mm from the BMO ellipse to account for the ambiguity in the retinal layer boundary close to the optic cup (Lee et al., 2014). Recent studies reported on inconsistencies resulting from using the conventional optic cup as a reference due to its ambiguous definition based on 2D projection fundus images, and showed the BMO was an viable alternative reference as a robust anatomical structure defined in 3D space (Chauhan and Burgoyne, 2013; Gardiner et al., 2014). The layer thickness was measured at each point as the closest 3D Euclidean distance between the posterior and anterior surfaces of the layer. Prior to the fshape registration step, all corresponding surfaces were rigidly aligned by matching the BMO ellipse centroid.


[image: image]

FIGURE 1. Example OCT B-scan (a) without processing, (b) after BV smoothing, and (c) with the segmentation of inner limiting membrane (purple), posterior boundary of retinal nerve fiber layer (cyan), Bruch's membrane (yellow), Bruch's membrane opening (green), and choroid-sclera boundary (red). 3D surface generation of the retinal layer boundaries is shown in (d).



Fshape Registration

The framework of functional shapes (or fshapes) provides a quantitative measure of inter-subject variability in the RNFL and choroid. In this section, we briefly summarize the algorithm which is detailed in Lee et al. (2017). Let the ith subject's RNFL or choroid thickness be represented by (Xi, fi), where X is the layer surface (geometry) and f is the surface-indexed function (thickness here) mapped on X. Let a template exemplar for this database be denoted by (X∗, f∗), consisting of a template surface geometry X∗ and an associated surface-indexed signal (thickness here) mapping f∗. Given (X∗, f∗) as the template fshape, and (Xi, fi) as the ith target fshape to be registered to the template, the fshape framework will estimate a smooth deformation ϕi of the template geometry X∗ and a residual ζi to be added to the template function f∗, such that after transformation of the template fshape with the mapping ϕi to the ith target fshape, the geometry of the transformed template matches the geometry of the ith target [image: image] and the transformed template function plus residual matches the function of the ith target i.e., [image: image]. Hence, for each of the target fshapes (Xi, fi) for all i = 1..N a pair (ϕi, ζi) consisting of a smooth deformation and a function residual are estimated such that:

[image: image]

The function residual added to the template function estimated by fshape matching effectively becomes the representative of the target function in the geometry of the template. By fixing a template geometry and function, a group of target fshapes can be brought into the coordinates of the template such that the residuals representing different target function values are now indexed on the same template geometry. The choice of the template is an important consideration and the mean of the observations in the database is a standard choice. A database fshape mean is hence estimated, to be used as a template, by an adaptive gradient descent algorithm that jointly optimizes a total fshape dissimilarity measure between each target fshape (Xi, fi) and the transformed template [image: image] for all i taken together. The process is summarized in Figure 2. A similar mean template generation procedure was repeated for the choroid. This maps all the target observations' function values (layer thickness) into a common coordinate system of the mean template where statistical analysis can be applied on the residuals (ζi) to compute the point-wise variability of the function values at each point on the template geometry across the database.


[image: image]

FIGURE 2. Computation of fshape mean template.



Sectorization

In order to compare the fshape analysis with more conventional “intrinsic” analysis where an individual-specific coordinate system is placed on each geometry separately such as using sectoral analysis, the peri-papillary retinal layers were divided into regional sectors (Lee et al., 2014) as shown in Figure 3. Unlike standard sectors defined by fixed distances from the center of the optic disk on the enface projection image that do not take into account the individually varying sizes of Bruch's membrane opening (BMO), the sectors in this study were defined in 3D in each eye by the distance from the BMO, which is a more reliable anatomical landmark than the optic disk (Lee et al., 2014). This normalizes the sectors for different retinal tilts and BMO/optic disks sizes. The sectors were first delineated by elliptical annuli at constant distances (0.25, 0.75, 1.25 mm) from the BMO ellipse. These were further divided by superior, nasal, inferior, and temporal sectors, and additionally into superior-nasal (SN), inferior-nasal (IN), inferior-temporal (IT), and superior-temporal (ST) sectors. The first four sectors are 60° wide and the latter are 30° wide. For each sector, the thickness measurements for all points in the sector for that individual eye are taken and averaged to create one scalar number representing the average sectoral thickness value.


[image: image]

FIGURE 3. Sectorization of the layer surface with reference to the Bruch's Membrane Opening (BMO) as reference.



Statistical Analysis

Group Analysis

Two analyses were conducted (1) the fshape analysis of computing the mean fshape geometry and function and the residual function for each subject indexed on the common mean template, enabling point-wise comparison across the subjects in the database and (2) sectoral averages within each subject that enable comparison across subjects by the sectors defined over the subject's layer geometry.

The database consisted of members from three groups: young normal (Group A), older normal (Group B), and older glaucomatous (Group C) individuals. These groups enable analyses of two main questions (1) the effect of age on RNFL and choroid layer thicknesses in healthy young and older individuals (Group A and B comparison) and, (2) the effect of glaucoma between age-matched individuals (Group B and Group C comparison). These two questions were analyzed by point-wise (fshape) and sector-wise group mean thickness difference maps and two-sample t-test maps.

Regression Analysis

The effect of age and glaucoma on RNFL and choroidal thicknesses was additionally examined by point-wise and sector-wise linear regression to quantify trend, on Group A and B for the effect of age, and Group B and C for the effect of glaucoma. Each layer thickness (RNFL or choroid) values from Group A and B were fitted to layer thickness = a*Age + b to estimate the rate of change (mm/year) in the cross-sectional healthy subjects. To assess change as a function of visual field mean deviation (VFMD), a measure of glaucomatous loss measured in decibels (dB), the layer thickness (RNFL or choroid) values from Group B and C were fitted to layer thickness = a*VFMD + b to estimate the rate of change per VFMD (mm/dB).

Point-Wise Visualization of RNFL and Choroid Thickness Pattern

To visualize the measurements across the database highlighting the variability and trends, the fshape measures for each subject on the common template were normalized by using a z-score computed by subtracting the mean of a reference group and dividing by the standard deviation of the measures in the reference group. The z-score was calculated point-wise as [image: image], where xk is the thickness at kth point for, [image: image] is the mean thickness of the reference group at kth point, and [image: image] is the standard deviation of the reference group at kth point. The reference groups were chosen to be Group A for age comparison and Group B for glaucoma comparison such that the average measures of the young normal (Group A) or older healthy (Group B) subjects are removed to visualize the residual effects of age and glaucoma, respectively. To present a compact visualization, measurement of each subject was unraveled into a column format by subdividing the mean template surface into sectors, and subdividing each sector into smaller sub-sectors, and arranging the z-score values by their sectors in a column format consistent across the database while preserving spatial adjacencies.

RESULTS

This section will present the results of point-wise (using fshape) and sectoral analysis of RNFL and choroid thickness across the three cohorts chosen for this study. All figures are right-eye oriented, with the left side temporal and the right side nasal. Group averages of RNFL thickness are visualized in Figure 4. The top row shows the point-wise average computed using fshapes and the bottom row shows the results using sectoral averaging. The point-wise fshape mean RNFL templates display detailed salient features from multiple, cross-sectional eyes in each group showing the characteristic hourglass pattern of healthy RNFL in both Group A (young normal) and Group B (older normal) whereas Group C (older glaucoma) show marked glaucomatous thinning. There is good correspondence between the fshape mean templates constructed from point-wise registration and sectoral average maps taken from unregistered RNFL thickness averages in each sector in each individual.


[image: image]

FIGURE 4. Retinal nerve fiber layer (RNFL) thickness using fshapes point-wise registration (top row) and sectorization (bottom row) for Group A (Young Normal), Group B (Older Normal), and group C (Older Glaucoma). The RNFL thickness in Group B is similar to Group A, indicating that RNFL is relatively better preserved with age, whereas in Group C, this layer undergoes marked thinning. All images are in the right-eye orientation.



The group averages of choroidal thickness by fshape (top row) and sectoral averaging (bottom row) is shown in Figure 5. All three groups display thicker choroid in the nasal and superior regions and thinner choroid in the inferior region. The choroid is visibly thinner with age as seen in Group B compared to Group A. As with RNFL thickness, there is overall correspondence between the fshape mean templates and sectoral average maps.


[image: image]

FIGURE 5. Choroid thickness using fshapes (top row) and sectorization (bottom row) for Group A (Young Normal), Group B (Older Normal) and Group C (Older Glaucoma). The choroid in the older normal subjects is markedly thinner than the choroid in the younger normal subjects revealing a thinning process that seems to be based on chronological age. All images are in the right-eye orientation.



The effect of age and glaucoma in RNFL thickness is shown by difference of group averages in Figure 6. The top row shows the effect of age in RNFL thickness in the healthy subjects comparing the mean RNFL thickness in young normal vis-a-vis the older normal individuals. The bottom row shows the effect of glaucoma in RNFL thickness by comparing age-matched older subjects with and without glaucoma. The left panel shows the point- and sector-wise difference of RNFL thickness from Group B by Group A (top, young vs. older) and from Group C by Group B (bottom, healthy vs. glaucoma) at each corresponding points / sectors. The right panel shows point and sector-wise t-test results indicating where the group difference is significant. The RNFL thickness is found to not change significantly over age across individuals (top row), whereas the difference due to glaucoma is apparent (bottom row). The loss of RNFL thickness is observed to be higher in regions where normal RNFL thickness is higher and suggests some regional correspondence between the degree of glaucomatous RNFL loss and the original RNFL thickness. The t-test significance map between the healthy and glaucoma subjects shows the highest statistical significance in the inferior region.


[image: image]

FIGURE 6. Effect of age (top row) and glaucoma (bottom row) on RNFL thickness. The point- and sector-wise subtraction of mean RNFL thickness between older normal (Group B) and young normal (Group A) is shown in the top left panel, and the p-values from point- and sector-wise t-test is shown in the top right panel. The point- and sector-wise subtraction of RNFL mean between older glaucoma (Group C) and older normal (Group B) is shown in the bottom left panel, and the p-values from point- and sector-wise t-test is shown in the bottom right panel. The RNFL layer is found not to change significantly with age, whereas it changes significantly with glaucoma. The fshapes point-wise comparison shows the pattern of change in greater detail than the sectorization, revealing the localized pattern of glaucomatous RNFL thinning. All images are in the right-eye orientation.



Similar group difference visualization for choroid is shown in Figure 7. Compared to RNFL, choroidal thickness is more different by age (top row, Group B − Group A) than by glaucoma (Group C − Group B). Choroidal thickness of Group B is consistently lower than that of Group A across all regions, but in particular in the nasal and superior regions. The locations of statistical significance, as shown in the t-test map, of the age-related group difference is found particularly in the nasal region. The choroidal thickness difference by glaucoma was not as strong as that due to age and although the choroidal thickness in Group B was overall larger than that of group C, the point- and sector-wise t-test show limited statistical significance.


[image: image]

FIGURE 7. Effect of age (top row) and glaucoma (bottom row) on choroidal thickness. The point- and sector-wise subtraction of mean choroidal thickness across older normal (Group B) and young normal (Group A) is shown in the top left panel, and the p-values from point- and sector-wise t-test is shown in the top right panel. The point-and sector-wise subtraction of mean choroidal thickness between older glaucoma (Group C) and older normal (Group B) is shown in the bottom left panel, and the p-values from point- and sector-wise t-test is shown in the bottom right panel. The choroid is found to thin significantly with age, whereas changes are relatively less with glaucoma. The fshapes point-wise comparison shows the pattern of change in greater detail, revealing the localized pattern of age-related choroidal thinning. All images are in the right-eye orientation.



The relationship of RNFL thickness to aging and severity of glaucoma was examined by point- and sector-wise linear regression in Figure 8. The estimated slope or the rate of change associated with aging (mm/year) in the cross-sectional healthy subjects was plotted in the top row along with the goodness of fit by r2. The estimated slope or the rate of change associated with visual field loss (mm/dB) in the cross-sectional age-matched subjects was plotted in the bottom row along with the goodness of fit by r2. Aging did not show consistent, significant trend with RNFL thickness, whereas increasing glaucoma severity (more negative VFMD) was correlated to decreasing RNFL thickness. Similar spatial patterns are observed as seen in the group difference maps shown in Figure 6. In the most severely affected regions of superior-temporal and inferior-temporal regions, RNFL thickness change per MD unit decrease exceeded 5 μm.


[image: image]

FIGURE 8. Linear regression plots of RNFL thickness v. age (top row) and v. visual field mean deviation (VFMD). The slope in RNFL thickness = a*Age + b is plotted point- and sector-wise in the top left panel, along with the goodness of fit (r2) in the top right panel. The slope of RNFL thickness = a*VFMD + b is plotted point- and sector-wise in the bottom left panel, along with the goodness of fit (r2) on the bottom right panel. As with the group difference, RNFL thickness is negatively correlated with VFMD. The point-wise maps reveal that the rate of change has distinct spatial pattern with greater thinning along the regions where RNFL is generally thicker in healthy subjects. All images are in the right-eye orientation.



The relationship of choroidal thickness to aging and severity of glaucoma was also examined by point- and sector-wise linear regression in Figure 9. The estimated slope or the rate of change associated with aging (mm/year) in the cross-sectional healthy subjects was plotted in the top row along with the goodness of fit by r2. The estimated slope or the rate of change associated with visual field loss (mm/dB) in the cross-sectional age-matched subjects was plotted in the bottom row along with the goodness of fit by r2. Again, compared to the RNFL thickness, change in the choroidal thickness was associated more with aging than glaucoma. Aging was correlated to globally decreasing choroidal thickness, most significantly in the nasal and inferior regions. In the most severely affected regions, the average choroidal thickness change per year was ~3–4 μm.


[image: image]

FIGURE 9. Linear regression plots of choroidal thickness v. age (top row) and v. visual field mean deviation (VMFD). The slope in Choroidal thickness = a*Age + b is plotted point- and sector-wise in the top left panel, along with the goodness of fit (r2) in the top right panel. The slope of Choroidal thickness = a*VFMD + b is plotted point- and sector-wise in the bottom left panel, along with the goodness of fit (r2) on the bottom right panel. As with the group difference, choroidal thickness is negatively correlated with age. The point-wise maps show the steepest change in the nasal and inferior regions. All images are in the right-eye orientation.



The point-wise nature of fshape metrics can be utilized by simultaneous visualization of all data points from multiple subjects. Figure 9 displays the RNFL fshape thickness in the order of VFMD, which measures the glaucomatous functional loss, for the age-matched normal and glaucomatous eyes of Group B and C. In the top panel, each column represents an eye's point-wise RNFL fshape thickness, which approximates the true RNFL thickness as the sum of the RNFL fshape mean template thickness and the residual (ti ≈ f∗ + ζi) at each point. Horizontally, the eyes are ordered by VFMD, plotted below the thickness plot in grayscale. Vertically, the points are ordered by sectors from Nasal (N) and counter-clockwise to Inferior Nasal (IN). Within each sector, the points are ordered by the distance from BMO center, from the closest to the farthest. This visualization allows one to compare all eyes at each spatial location. There is observed an overall group-wise difference between Healthy older subjects, Early Glaucoma, and Moderate to Severe Glaucoma subjects. Comparing vertically from the top to the bottom, the healthy eyes show the thickness pattern that follows the mean template for Group B in Figure 4 where the superior and inferior regions are the thickest, and within each region, RNFL is thicker toward BMO and thins farther from BMO.

The bottom panel of Figure 10 visualizes the f-shape thickness in the top panel using z-scores normalized by the group mean and standard deviation of the RNFL thickness of the young healthy group (Group A) at each point, with increasing magnitude indicating greater deviation from the reference group. The differences between the groups are more apparent in z-score plot, with clear regional characteristics. Regionally, inferior RNFL, and to a lesser degree, inferior-temporal RNFL, are consistently thinner in all glaucoma eyes. In other sectors, the magnitude of z-score is greater for the moderate to severe glaucoma group than early glaucoma. The plot also shows glaucomatous RNFL thickness change is greater nearer BMO by the vertical gradations within individual regions in the glaucomatous eyes.
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FIGURE 10. Multi-subjects RNFL thickness by visual field mean deviation (VFMD). By mapping to the common template space, all subjects have estimated thickness values (ti ≈ f∗ + ζi) at the same corresponding spatial points, visualized in the top panel. Vertically, the points are ordered by regions, from Nasal (N) to Inferior Nasal (IN). Within each region, the points are ordered by their distance from BMO center, from the closest to the farthest. Horizontally, the eyes are ordered by VFMD, plotted in grayscale below the thickness plot. In the bottom panel, the same data is visualized z-scores, which normalizes the values by the mean and standard deviation of the reference group (Group A, young healthy) and highlights the trend across regions and increasing VFMD magnitude.



Figure 11 displays the choroidal fshape thickness in the order of age for the normal eyes to show the thinning of the choroid observed with age. In the top panel, each column represents an eye's point-wise choroidal fshape thickness, which approximates the true choroidal thickness at each point. Horizontally, the eyes are ordered by age, plotted below the thickness plot in grayscale. As in Figure 10, the points are vertically ordered by sectors from Nasal (N) and counter-clockwise to Inferior Nasal (IN), and within each sector, the points are ordered by the distance from BMO center, from the closest to the farthest. In the bottom panel, the same data is visualized in z-scores normalized by the group mean and standard deviation of the choroidal thickness of the young healthy group. As shown in Figures 5, 7, there is a marked difference between the young healthy and older healthy eyes, and the choroid appears generally thicker in the superior half than the inferior half. Within the young eyes, the z-score is generally lower for the older eyes. As seen in Figure 7, the nasal region of the older eyes shows the highest magnitudes of z-score, suggesting the age-related choroidal thinning may be the most significant in the region.


[image: image]

FIGURE 11. Multi-subjects choroidal thickness by age. By mapping to the common template space, all subjects have estimated thickness values (ti ≈ f∗ + ζi) at the same corresponding spatial points, visualized in the top panel. Vertically, the points are ordered by regions, from Nasal (N) to Inferior Nasal (IN). Within each region, the points are ordered by their distance from BMO center, from the closest to the farthest. Horizontally, the eyes are ordered by age, plotted in grayscale below the thickness plot. In the bottom panel, the same data is visualized in z-scores, which normalizes the values by the mean and standard deviation of the reference group (Group A, young healthy), and highlights the trend across regions and increasing age.



DISCUSSION

The 3D OCT images reveal the structure of the ocular posterior segment in great detail so as to enable visualization and quantification of the retinal layer morphometry. Individual measurements of layer thicknesses can be pooled into population-wide assessments of normative layer thicknesses and any changes that may occur as a function of age and disease. These allow insights into whether age and disease have a stereotypical pattern of influence in the retina, with common shape features and localizations, as well as variability across individuals and deviation of a particular subject from a reference population. In this paper, we presented the effect of age and glaucoma on retina nerve fiber layer (RNFL) and choroid using our novel f-shapes approach, which enables a point-wise assessment of retinal morphometrics across individuals via a registration approach. The fshape registration estimates a residual function that is added to the template thickness such that the template geometry after transformation matches the subject geometry, and the template thickness plus the residual function after transformation matches the subject thickness. This maps an individual's layer thicknesses onto the common coordinate system of the template geometry via the specific residual function estimated for that individual. At each location on the template surface, subsequent statistical analysis across the database can reveal trends and features that are common across individuals as a function of age and disease. A more conventional approach utilizes sectorization of the layer surface by calculating the average of all thickness measurements within each sector for each individual eye. Assuming that the sectors are defined with consistent anatomical and spatial correspondence across individuals, within-sector average provides a single scalar summary measure for a given sector that can be statistically analyzed for cross-sectional data taken from the same sector across the individual eyes. However, such approach is limited in spatial sensitivity due to averaging of values in a region. We examined the effect of age and glaucoma in RNFL and choroidal thickness in both of these approaches with four quantitative visualizations: (i) group rages (Figures 4, 5), (ii) group-wise difference and t-test maps (Figures 6, 7), (iii) linear regression with age and visual field mean deviation (VFMD) as predictors (Figures 8, 9), and (iv) multi-subject fshape thickness and z-scores plots (Figures 10, 11). The computation time including automated segmentation and mean template generation was ~40 min on a high-performance GPU cluster.

With age, RNFL showed relatively little difference between the young and older healthy subjects, with regression estimating no strong relationship between age and RNFL thickness. In previous studies using OCT measurements, RNFL thickness has been negatively associated with age (Budenz et al., 2007; Parikh et al., 2007; Bendschneider et al., 2010; Sarunic et al., 2010; More et al., 2011). In this study, the mean age of the young healthy subjects was thirty, and that of the older healthy subjects was fifty-seven. The age difference between the two groups may be too small for any marked difference, especially with the small sample size in the study. Older age was, however, associated with markedly thinner choroid, and the point-wise registration showed the difference was more significant in the nasal and inferior regions. With the recent advancement in OCT devices enabling the posterior boundary of the choroid to be imaged, age-related choroid thinning has been reported by multiple groups (Manjunath et al., 2010; Maul et al., 2011; Barteselli et al., 2012). Our result suggests overall thinning of peripapillary choroid with age, but with regional differences. That the older healthy subjects had comparable RNFL but thinner choroid compared to the young healthy subjects may indicate the age-related choroidal thinning does not directly and concurrently impact RNFL thickness. Recent work using speckle-variance OCT (SV-OCT) (Mammo et al., 2016) has shown degradation of RNFL microcapillaries in glaucoma, and it has been suggested the glaucomatous tissue loss may be driven by changes to the microvasculature. Although the choroid is a vascular layer, it mainly supplies the outer layers of the retina that are unaffected in glaucoma, and may therefore be separate from the factors that drive the RNFL tissue and capillary loss in glaucoma.

Glaucoma, as expected, was observed to be associated with significant thinning of RNFL. The pattern of loss visualized in the point-wise maps forms the hourglass crescent-shaped ridge, particularly in the inferior arm, highest toward the middle of the ridge, decreasing further away from the ridge center. The same hourglass-like pattern is observed in young normal subjects. The results of our study are consistent with known patterns of RNFL loss in glaucoma, but more importantly, it shows that the glaucomatous RNFL loss occur in a specific, uneven pattern that follows the initial RNFL thickness, suggesting that the time of onset and significance of the RNFL loss may be proportional to the initial RNFL thickness in the region. The loss significance was also higher in the region closer to BMO. The fshape RNFL loss map elucidates the results of previous studies that found the highest diagnostic ability of the RNFL loss in the inferior and temporal-inferior sectors (Sehi et al., 2009; Mwanza et al., 2011). Although the choroidal thickness in the older glaucoma subjects seemed to be somewhat less than in the age-matched healthy subjects, it was still statistically comparable, indicating that glaucoma pathology may not have significant, direct impact on the choroid as it does on the RNFL. The role of choroid in glaucoma has been debated, and it is likely complex and multifaceted. Disturbed autoregulation of the choroid has been suggested as part of the disease pathology (Hayreh, 1969; Ulrich et al., 1996). Multiple studies using OCT images (Ehrlich et al., 2011; Maul et al., 2011; Li et al., 2013) consistently reported no changes in the peripapillary choroidal thickness in primary open angle glaucoma (POAG); however, Li et al. (2017) reported thicker temporal peripapillary choroidal area in POAG patients using enhanced depth imaging OCT, and Song et al. (2016) reported global and all 12 clock-hour peripapillary choroidal thickness thinner in OAG patients using swept-source OCT.

Figures 10, 11 presented a large-data visualization with each subject's point-wise thickness values color mapped in a single column, and multiple subjects' data columns displayed concurrently, arranged in the order of visual field mean deviation (VFMD, Figure 10) and age (Figure 11). This method allows for presentation of all data points from multiple subjects in a way that highlights the trend and discrepancies in the data. Normalizing the data by the mean and standard deviation of the young, healthy group as the reference removes the baseline in the data and further brings out the differences with respect to controls.

The patterns of change shown in the point-wise and sector-wise approaches were overall consistent. The point-wise registration was able to show localized features in higher resolution compared to the sectorization, revealing detailed regional patterns and potentially furthering our understanding of the disease mechanism. This approach may be useful for characterizing the focal localized patterns that are often seen in glaucoma, both in RNFL and in other subsurface structures such as lamina cribrosa and peripapillary tissues. In this work, we also examined multiple factors (age, glaucoma) in multiple layers (RNFL, choroid) concurrently for a more complete picture in understanding our data. The results showed glaucomatous thinning of RNFL, and age-related thinning of choroid and how the spatial patterns of the tissue loss in the two layers were localized and distinct. Limitations of this work include relatively small sample size, inclusion of fellow eyes, and light beam angle-related uncertainty in retinal layer thickness measurement, although given the relatively small size of the field of view in the images in this study, this effect is likely limited. Our future work will include expanding the analyses presented here to other retinal layers and to the macular region to build a comprehensive presentation of the retinal morphometrics, and incorporating retinal vessels and capillary density measures from SV-OCT as metrics along with layer thickness.
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The problem of estimating neuronal fiber tracts connecting different brain regions is important for various types of brain studies, including understanding brain functionality and diagnosing cognitive impairments. The popular techniques for tractography are mostly sequential—tracts are grown sequentially following principal directions of local water diffusion profiles. Despite several advancements on this basic idea, the solutions easily get stuck in local solutions, and can't incorporate global shape information. We present a global approach where fiber tracts between regions of interest are initialized and updated via deformations based on gradients of a posterior energy. This energy has contributions from diffusion data, global shape models, and roughness penalty. The resulting tracts are relatively immune to issues such as tensor noise and fiber crossings, and achieve more interpretable tractography results. We demonstrate this framework using both simulated and real dMRI and HARDI data.
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1. INTRODUCTION

This paper considers an important problem of estimating major white matter fiber tracts in human brain using diffusion magnetic resonance imaging (dMRI) images (Mori et al., 2005). The construction of fiber tracts connecting different brain regions is an important first step toward studying brain connectomics and its implications in assessment of brain functionality, including cognitive abilities and general health. Spurred by experimental development of large databases involving human subjects, with samples across different demographic groups, there is a emerging interest in representing and quantifying brain connectivity patterns. Therefore, efficient and reliable fiber tracking algorithms are urgently needed. However, the problem of estimating fiber tracts using dMRI data is far from being solved (Maier-Hein et al., 2016). The current solutions have many limitations, including inefficiency and susceptibility to noisy, corrupt, and low-quality data. The data mostly comes from pre-processed dMRI images, providing at each voxel a measure of diffusivity of water molecule at that location. The representation of this diffusivity is generally a 3 × 3 symmetric, positive definite matrix (SPDM), also called a tensor. In situations where higher resolution data are available, one constructs high angular resolution diffusion imaging (HARDI) data; at each spatial location the orientation diffusion function (ODF, a function on a unit sphere §2) is estimated (Descoteaux, 2015). Given these local diffusivity measures, one seeks to form fiber tracts, or their collections in the form of fiber bundles, between regions of interest (ROIs), and to further develops structural networks (Cheng et al., 2012; de Reus and van den Heuvel, 2013; Fornito et al., 2013; Durante and Dunson, 2017). This paper focuses on estimation of fiber tracts, also termed tractography, using dMRI and HARDI data. For any two regions (voxels) in a brain coordinate system, the goal is to estimate a collection of curves that follow an optimal pattern of fluid flow connecting these locations, while conforming to anatomical reasonings and interpretations.

Due to the importance of tract-based connectivity in brain connectomic analysis, there have been a number of solutions developed for estimating fiber tracts. They can be loosely grouped into two categories: local and global methods. Local methods construct fiber curves sequentially based on the estimated local diffusion directions. Depending on the mechanism for specifying a local propagation direction, one can further classify the local methods into deterministic methods (Mori et al., 1999; Basser et al., 2000) or probabilistic methods (Hagmann et al., 2003). While the deterministic methods mainly follow the local principal directions to grow fiber curves, the probabilistic methods propose a propagation direction from voxelwise probability distribution, e.g., orientation distribution function (ODF), for growing fibers. The first successful deterministic tractography algorithm was dubbed FACT (fiber assignment by continuous tracking), which has been widely studied in the literature (Mori and van Zijl, 2002). But the limitations of FACT and similar methods are obvious. They include sensitivity to initialization, the susceptibility of principal direction estimation to local noise, and lack of connectivity information between regions of the brain. These limitations drive people to use the probabilistic algorithms. One advantage of the probabilistic methods is that they are based on the full, albeit local, distribution of fiber directions, rather than just the principal direction. They can output a connectivity index measure, e.g., the number of fiber curves, between any two regions of interest, indicating the probability with which the regions are connected to one another. However, this creates problems when the local diffusion directions are not well estimated or are overly smooth. On the other hand, the global methods try to reconstruct fiber curves simultaneously by optimizing the configuration that best matches the given data. Finding the fiber curves that best matches the given data is a hard inverse problem. Current solutions are to translate this inverse problem into a forward problem using a Bayesian approach. For example, Reisert et al. (2011) used a Metropolis Hastings sampler to propose small line segments to fit the given dMRI data and use them to further generate long fiber curves. The global methods provide a better stability with respect to the noise and imaging artifacts. However, there are some issues with the current global methods also. The Bayesian methods typically have high computational cost and require huge memory space, to compute and store a whole ensemble of solutions. Also, in an optimization setting, it is difficult to avoid local solutions since no additional structure is imposed on the optimization.

We can summarize the limitations of current methods as follows: (a) The local methods are essentially sequential—they start fibers from one end and grow them over time. This one-boundary solution is not natural for tractography, which is actually a two-boundary problem. (b) The local tractography algorithms are highly susceptible to fiber crossing, noise and imaging artifacts. Incorrect recording or noisy observations of tensors can send algorithms in wrong directions and it is difficult to recover from such misdirections. (c) The global tractography algorithms achieve better stability with respect to noise, but they are very computationally expensive. (d) Both local and global methods tend to produce a large proportion of false positive fibers because of the noise and ambiguity at fiber crossings. Figure 1 shows some examples of limitations of a local streamline method, where the blue lines denote ground truth, the red and green lines are tractorgraphy results from the classic FACT method. The left panel shows the challenge of fiber crossing, where the sequential approach fails to reach the target region. The right panel shows the effect of having a patch of noisy data in the middle. The fibers from either regions run into this noisy patch and fail to reach the other end. Additional examples of the challenges faced by streamline methods on the real data, are shown later in the experimental results section. A global approach used for estimating fiber tracts, or curves in general image data, is called active contours, where one evolves a curve in order to minimize an energy functional (Pichon et al., 2005; Lankton et al., 2008; Melonakos et al., 2008; Eckstein et al., 2009; Mohan et al., 2009; Zach et al., 2009; Li and Hu, 2013). Other global techniques (Faugeras et al., 2004), including a variation of Kalman Filter (Cheng et al., 2015), have also been applied to this problem.


[image: image]

FIGURE 1. Two examples of the classic streamline method does not work. The blue lines are ground truth fibers. The red and green lines are the tractorgraphy results from the FACT method. Starting from area A, FACT failed to reconstruct the fiber tracts that connect A and B.



In this paper, we propose a new approach that is essentially a global method but using additional geometry information for ensuring optimal solutions. The proposed method is fast and easy to implement, and robust to the noise in the data. Most importantly, it can incorporate the prior knowledge from anatomical structure and brain connectomics. Rather than growing fiber tracts sequentially, our idea is to initialize fiber tracts between regions of interest as Euclidean curves and then deform them iteratively using gradients of a posterior energy. This approach, termed Bayesian Active Contours (Joshi and Srivastava, 2009; Bryner et al., 2013), estimates fiber tracts under an energy function that has contributions from three sources: the given data or the likelihood term, the prior knowledge on the geometric shapes of fibers connecting these ROIs, and a roughness penalty. The algorithm uses the gradient of this posterior energy to iteratively update curves into high probability and highly interpretable fiber tracts. The prior on the geometric shapes relies on developing statistical shape models of fiber curves between ROIs, using atlas data, and evaluating expressions for gradient of resulting shape model energy with respect to the shape variable. We use advances in elastic shape analysis of Euclidean curves to develop efficient statistical models for fiber bundles using training (or atlas) data. The training data can be generated using existing local or global tractography algorithms, or can use manual inputs. These models form prior information for future tractography and, in conjunction with diffusion data likelihood, they provide tract estimation results.

In contrast to the probabilistic tractography method (Behrens et al., 2003, 2007), the proposed Bayesian method is a global one. We start with an initial fiber connecting two pre-specified regions and update it under an energy function. The final fiber can best explain the diffusion data under the constraints of prior shape distribution and desired smoothness. Previously, there are some Bayesian tractography methods proposed in the literature (Friman et al., 2006; Cook et al., 2008; Yap et al., 2011). These methods are different from the proposed one: in our method, we assign a prior on the fiber shape space, while in (Friman et al., 2006; Cook et al., 2008; Yap et al., 2011), the prior is imposed on local fiber orientation distribution. Probably, the most similar work to ours is (Christiaens et al., 2014), where an atlas-guided global tractography is introduced with a prior on the local tract distribution. However, our work is different in two aspects: Firstly, we have a different energy function. We introduce a novel data term and a smoothness term separately to measure alignment between fibers and diffusion data, and the smoothness of fiber tracts. Secondly, we have a different prior. We incorporate the prior information of fiber shape from the atlas space while (Christiaens et al., 2014) obtains the prior information of local tract distribution from the atlas space.

The rest of this paper is organized as follows. We describe the three components of the posterior energy—data likelihood, shape prior and roughness penalty—and their gradients in Section 2. The resulting tractography algorithm is laid out in Section 3, and experimental results using both simulated and real data, the extension to HARDI data are presented in Section 4. We close the paper with a short discussion in Section 5.

2. MATHEMATICAL FRAMEWORK FOR BAYESIAN TRACTOGRAPHY

Although the framework can be easily generalized to 3D data, we will restrict to 2D data in this paper for simplicity. The theory is general enough to be applicable to 3D data directly.

First, we develop a mathematical framework for estimation of fiber tracts using tensor data and prior shape models. Let [image: image] be the set of 2 × 2 symmetric, positive definite matrices (or tensors). For the domain, D = [0, 1]2, let M : D → [image: image] denote a continuous vector field of tensors defined on this domain. Let β:[0, 1] → D be an absolutely continuous curve contained in this domain, and let [image: image] be the set of all such curves. Our goal is to find a β with certain boundary constraints that optimizes a chosen objective function that comes from a Bayesian formulation. Thus, we pose the problem of tractography as a MAP estimation. In this formulation we seek parameterized curve [image: image] that minimizes an energy functional according to: [image: image], where

[image: image]

This total energy functional has contributions from three different criteria that are weighted by the coefficients λ1, λ2, λ3 > 0. The data energy Edata is defined solely from the diffusion data in the image, Eprior is the prior shape energy defined from a statistical model on shapes of the fiber β, and the smoothing energy Esmooth is a penalty that ensures a certain amount of smoothness in the estimated fiber. In order to minimize Etotal we use a gradient descent procedure that updates the curve according to β ↦ β − δ∇βE, where

[image: image]

That is, we search for a local minimization of Equation (1) via gradient descent. The weights λi will certainly affect curve evolution, i.e., a large penalty on the smoothness term favors shorter fibers and so on. Through trial and error, one can adjust the λ's depending on the data and problem context. In the next three sections, we summarize the formulation of each of the three energy terms.

2.1. Data-Likelihood Term

The data term is designed to quantify the agreement of the fiber directions with the diffusion tensor at that location. Let M be a given tensor field and β be a curve lying in the domain D, as shown in the left panel of Figure 2. The data energy term is then given by:

[image: image]
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FIGURE 2. (Left) A schematic showing a curve β passing through a tensor field M. (Middle) An example of gradient-based optimization under Edata, where black is the initial curve and red is the final curve. (Right) The evolution of Edata during this optimization.



Here nβ(t) denotes the unit vector tangent to β at β(t) and Mβ(t) is the tensor at location β(t) ∈ D. The integrand is lower at the locations where the fiber tract is aligned with the tensor field and vice-versa.

We motivate the choice of this expression by focusing on some Riemannian frameworks used in tractography:

• Maximal Curves Matching the Given Tensor Field: One generally wants to find curves such that their velocity vectors maximally match the given diffusion tensors. Therefore, one may consider maximizing the term:

[image: image]

This quantity is nothing but the length of a curve β in D under a Riemannian metric defined by the tensor field M. The maximizers of LM are the longest paths between given points in D. However, the problem with this is that there is no upper bound on the length of the curve, and one can place arbitrarily long curves in D irrespective of M.

• Geodesics Under Inverse Tensor Field: A better idea is to use the inverse of the given tensor field at each point and then construct geodesic paths under that Riemannian metric (O'Donnell et al., 2002; Duncan et al., 2004; Melonakos, 2009), according to:

[image: image]

One can solve the optimization problem by minimizing an energy, without the square-root in the integrand, as follows:

[image: image]

This way one gets shortest curves such that their velocities agree with the dominant directions of the original tensor field. This formulation also agrees with a probabilistic approach where one uses the tensor field to define a Gaussian distribution at each point (Lenglet et al., 2004), and seeks maximum likelihood estimates. Although this method favors fiber directions similar to the dominant eigen vectors of the given tensor field, it additionally penalizes the lengths of the such fibers. Similar to the previous bullet, it may be possible to find shorter paths that do not agree with the tensor field. Some other papers (Fuster et al., 2014). Hao et al. (2014) have expressed this exact issue in different terms, citing the inability of this method to handle high curvature regions. They proposed a solution based on modifying the Riemannian metric by a curvature-based scalar field and then constructing geodesic paths (Hao et al., 2014). The real issue in these ideas is that there is no independent way to control the lengths of estimated fibers.

• Scale-Invariant Optimal Paths: We take a different approach where the length of the fibers is separated from the agreement of fiber directions with the given tensor directions. We weight these two quantities differently and are able to better control the length of the fibers. For the domain D, and a given tensor field M : D → [image: image], we define an energy term given by

[image: image]

where [image: image]. Note that if we scale the speed of traversal along β by a constant, the energy function remains unchanged. In other words, the integrand only depends on the agreement of the direction nβ(t) with the dominant eigen vectors of Mβ(t), and not on the speed of traversal at β(t). However, this energy function is not invariant to a re-parameterization of β. Let γ : [0, 1] → [0, 1] be a positive diffeomorphism, the β ◦ γ represents a re-parameterization of β. It can be seen that, in general, Edata[β] ≠ Edata[β ◦ γ]. If that invariance is desired, one can achieve it by changing the measure of integration from dt to [image: image] in Equation (4).

The next step is to derive the gradient of Edata with respect to β for use in gradient-based optimization. To specify the gradient of Edata, we need some additional notation. Note that for any location x = (x1, x2) ∈ D, the gradient of M : D → [image: image] has two components, ∇x1Mx, ∇x2Mx ∈ TMx([image: image]). Thus, the gradient vector ∇xMx is a higher-order tensor of the size 2 × 2 × 2. For any such tensor A ∈ ℝ2 × 2 × 2 and a vector x ∈ ℝ2, we will use the notation: 〈〈A, x〉〉 to imply x1A(:, :, 1)+x2A(:, :, 2) ∈ TM(x)([image: image]). Therefore, 〈(〈〈Ax〉〉)x〉 denotes a 2-vector given by [image: image]. With this notation, we can express the gradient of Edata as follows.

LEMMA 1. The gradient of Edata with respect to β, under the [image: image]2 norm, is given by:

[image: image]

where [image: image] is transpose of [image: image].

A derivation of this expression is presented in the Appendix. Having an analytical expression for ∇βEdata makes the optimization problem more efficient, as compared to purely numerical solutions.

Figure 2 shows an example of the gradient-based minimization of Edata in the middle panel. It shows a tensor field M and an initial curve β (in black). We update β iteratively using −∇βEdata and the result is drawn as a red curve. The corresponding evolution of Edata is plotted in the right panel.

2.2. Smoothness or Fiber Length Term

For regulating smoothness of the estimated curve, we follow a common approach from geometric active contours that is motivated in part by Euclidean heat flow. Define the smoothing energy function as [image: image], which is equal to the length of the curve and is naturally invariant to any re-parameterization. It is shown in Kichenassamy et al. (1995) that the gradient of Esmooth is given by the Euclidean heat flow equation ∇Esmooth(β) = κβnβ, where κβ is the curvature at each point of β and nβ is the unit normal field along the curve. It is well known that this particular penalty on a curve's length leads to simultaneous smoothing and shrinking of a curve. If we rescale the curve to keep the original length, the main effect is that of smoothing. An example of this idea is illustrated in Figure 3 that shows a curve evolving according to −∇Esmooth. The left panel shows the initial curve (in black), and its updates using the negative gradient of Esmooth. The corresponding decrease in Esmooth is plotted on the right.


[image: image]

FIGURE 3. Evolution of a curve using negative gradient of Esmooth. (Left) The initial curve in black, intermediate curves as dotted lines, and the final curve in red. (Right) The evolution of Esmooth.



2.3. Atlas-Based Shape Prior

The next term to consider is Eprior that forces the shapes of estimated fiber tracts to be similar to certain desired shapes. This term encodes the prior shape information about fibers connecting two ROIs, and is based on a statistical model that is learnt from the training or atlas data (generated by current local or global methods). In a brain connectome study framework, the brain is generally pre-segmented into small anatomical regions using software such as Freesurfer and ANTs (Avants et al., 2011), and fibers connecting two ROIs are extracted. However, due to differences in sizes, orientations, and coordinate systems, these fibers connecting the same ROIs across subjects can not be directly used as prior for future fiber tractography. Removing these nuisance variable requires a formal definition of shape and shape space, and then one needs to develop a statistical model on this mathematical representation. Here we use elastic shape analysis developed in Srivastava and Klassen (2016) to represent and model fiber shapes. Specifically, we define [image: image], the shape space of all curves in D and impose a truncated wrapped normal distribution on this space to reach a statistical shape model. The parameters of this model are estimated a priori from the training or atlas data. We present a brief summary of the elastic shape analysis here and refer the reader to the textbook (Srivastava and Klassen, 2016) for more details. For a curve β : [0, 1] → D, define [image: image] be the square-root velocity function (SRVF) of β. This SRVF representation has an important property that a re-parameterization invariant Riemannian metric on the space of curves becomes the simple [image: image]2 metric under transformation. As a corollary, for any q1, q2 ∈ [image: image]2, we have ‖(q1, γ) − (q2, γ)‖ = ‖q1 − q2‖, for any γ ∈ Γ, where Γ is the set of all orientation preserving diffeomorphisms of [0, 1]. Here (q, γ) stands for [image: image], representing the SRVF of the re-parameterized curve β ∘ γ. If we rotate β by O ∈ SO(2), we get O*β, and the corresponding SRVF is given by O*q.

Let β be a rescaled fiber curve such that it has unit length and let q be its SRVF. We define an orbit in the SRVF space as [image: image], which denotes an equivalence class representing a shape. Let [image: image] be the set of all such equivalence classes; [image: image] is called the shape space. The term Eprior in the active contour model is a function of β, but our statistical models are built on [image: image] such that Eprior can effectively encode the shape information and be invariant to the different sizes and coordinate systems of different brains. However, [image: image] is a nonlinear manifold space. To build a statistical model on [image: image], we need some elementary tools such as efficient methods to calculate the mean and covariance matrix for a given set of data. Here we employ Karcher mean to calculate the mean shape of given fiber curves and the covariance matrix is calculated on the tangent space of [image: image] at the estimated Karcher mean denoted by T[μ]([image: image]). The reader can refer to Srivastava et al. (2011) for the explicit procedures to calculate the Karcher mean and the covariance matrix.

Given a set of prior training shapes {[qi], i = 1, …n} in [image: image], let us assume that we have computed their Karcher mean [μ] and covariance K. We define the prior shape model using a truncated wrapped-normal density, which is estimated from the data as follows. First, obtain the singular value decomposition of K as [U, S, V] = svd(K), and let Um be the m-dimensional principal subspace of [image: image] spanned by the first m columns of U. The shape prior distribution is defined as a wrapping of the truncated normal distribution mapped from Um to [image: image] using the exponential map. The truncated normal density on Um is:

[image: image]

where [image: image], [image: image] is the projection of v into Um, v⊥ = v − Umv‖, Sm is the diagonal matrix containing the first m singular values, and Z is the normalizing constant. The scalar value δ is chosen to be less than the smallest singular value in Sm. Suppose now that we have a test shape [q] that represents a fiber tract during optimization process, and [image: image] be the shooting vector from the mean [μ] to [q]. Now define Eprior(q) to be the negative of the exponent in the shape prior given by Equation (6). That is, define [image: image]. Minimizing this functional is, therefore, equivalent to maximizing the likelihood of q under the chosen shape model. The gradient of Eprior with respect to v is equal to w = Av, where A is the matrix [image: image]. Notice that w is defined on the tangent space at μ rather than at q, so the final step is to parallel translate w from μ to q. Denote this parallel translation as [image: image]. An evolution of q along the negative gradient direction will result in an energy minimization precisely at the mean μ. The translated shooting vector [image: image] now represent the gradient of Eprior with respect to q. As the last step, this gradient is converted to ∇βEprior(β) using a numerical approximation.

Figure 4 shows a simple example of evolving a curve according to Eprior. The left panel shows the initial curve, and its updates using the negative gradient of Eprior. The corresponding decrease in Eprior is plotted on the right.


[image: image]

FIGURE 4. Evolution of a curve using negative gradient of Eprior. (Left) The initial curve in black, intermediate curves as dotted lines, and the final curve in red. (Right) The evolution of Eprior.



3. BAYESIAN TRACTOGRAPHY ALGORITHM

When we put together the three components of the energy, the shape of β is controlled by gradients of Edata, Eprior and Esmooth, the smoothness is controlled by Eprior and Esmooth, and the nuisance variables (placement, scale, and rotation) are controlled only by Edata. Now we summarize the overall algorithm for Bayesian tractography using the tensor field (Algorithm 1).


Algorithm 1: Bayesian Tractography Using Geometric Shape Priors

[image: image]



The advantage of the proposed framework is that it uses a global optimization to overcome issues such as fiber crossing and spatial noise. The final tracking result depends not only on the diffusion data, but also on prior shape information. The inclusion of shape prior distinguishes our method from other energy minimization based fiber-tracking algorithms, and is essential for the optimization procedure to come out of local solutions and reach a global solution. Most importantly, in our framework, the brain is parcellated into small regions, and the shapes of fibers connecting any pair of regions are found to be consistent. The proposed truncated wrapped-normal distribution can effectively capture the variation of shapes for each connection in the training data. In addition, since we reconstruct the whole fiber simultaneously by minimizing an energy function, the issue of fiber crossing has almost no detrimental effect of our fiber tracking algorithm.

As stated earlier, this Bayesian approach requires either a the training data or an atlas of fiber tracts between regions of interest, to estimate shape model and develop Eprior. We can construct such data using existing tractography algorithms with maybe human inspection for quality control. However, since such a construction is needed only once, it can be performed offline.

4. EXPERIMENTAL RESULTS

In this section we present some results using both simulated and real data to illustrate the performance of the proposed method.

4.1. Simulated 2-D Tensor Data

We first study our proposed tracking algorithm in the simulated settings. Let domain D = [0, 1]2 for all our simulation examples. The tensor field on D, denoted by M:D→[image: image], is generated using certain fibers that play the role of ground truth. We discretize the domain D into a 20 × 20 grid, and the tensor within each grid is decided by the tangent directions of the line segments within this grid. In addition, a 2D Gaussian smoothing is applied to smooth the tensor field before applying our algorithm.

In the experiment presented in Figure 5, we use the blue lines as ground truth fiber tracts and generate a tensor field as shown in these panels. Then, using this tensor data, we estimate the fiber tracts using our and other methods, and the results are shown in red lines. On the left side we show results from standard streamline tractography, using starting points on one end. Due to a crossing of fibers in the middle, these tracts get diverted and sent to wrong directions. In the middle panel, we show results from our method but without using the shape prior term. This time the end points of the tracts are correct (by initialization) but some of the fibers don't quite reach the desired shape. Finally, we optimize fiber tracts using the full energy functional, including the shape prior, and display these results in the right panel. By including all the three terms, we overcomed issues caused by fiber crossing and local noise, and reached correct global structures. To better evaluate the tractography results, we calculate the distance between reconstructed fibers and ground truth using the L2 norm. We first calculate the distance of each fiber from the ground truth and then use the mean of all distances to quantify the difference between reconstructed fiber bundle and ground truth fiber bundle. The distances for each method are given in Figure 5.


[image: image]

FIGURE 5. Tractography results on a simulated tensor field and distances from ground truth: (A) Streamline tractography from either region, d = 1.5e − 2, (B) our method without a shape prior, d = 2.2e − 3, and (C) our method with a shape prior, d = 3e − 4. The details of the prior are presented in Figure 6.



Additional details of this simulation experiment are presented in Figure 6, which shows evolution of a single fiber under Etotal. The left panel shows the initial curve (black), the final curve (red), and the ground truth curve (blue). The right panel shows the evolution Etotal during this iteration. In this experiment, we used the weights λ1 = 0.8, λ2 = 0.1, and λ3 = 0.1.


[image: image]

FIGURE 6. Detailed tractography results in the simulation example. Here we only focus on reconstruction of one of the curves. The black line is initialization, the red line is our result and the blue line is the ground truth.The right panel shows the evolution of the energy function.



4.2. Experiments Using Real Data

Next, we apply our method to some real datasets—dMRI images downloaded from the Human Connectome Project (HCP) (Van Essen et al., 2012). HCP contains about 900 subjects with diffusion MRI, but here we have used only 30 subjects for our experiments. The dMRI images in HCP has an isotropic resolution of 1.25 mm. To estimate a diffusion tensor at each voxel, we use the open source software Dipy (Garyfallidis et al., 2014). Figure 7A shows one slice of the 3 × 3 diffusion tensors estimated from a randomly selected dMRI image in HCP; a zoom-in of a small part of the image is shown on its right. Since in this paper we restrict to a 2D domain to illustrate our idea, we convert 3 × 3 diffusion tensors in the original data to 2 × 2 tensors by removing the diffusion directions perpendicular to the 2D slice plane. Figure 7B shows an example of this projection and shows the 2D tensors in form of their level sets or ellipses at each pixel location.


[image: image]

FIGURE 7. An example of a sagittal slice of diffusion tensor data. (A) Original data. (B) Projected 2D data.



In the results presented here, we focus on estimating a set of fiber curves connecting the left and right superior frontal gyri. In order to generate a prior shape model, we use tracts extracted for 30 subjects between these regions as the training dataset. These tracts were manually identified with the help of Freesurfer Destrieux Atlas (Destrieux et al., 2010) and the fiber curves built using the FACT method. These fibers are displayed on the left side of Figure 8. The Karcher mean μ of these fibers in the shape space [image: image] is shown in the middle panel and the five dominant principal components of the Karcher covariance are displayed in the right panel. These dominant directions are computed by projecting the given shapes [qi] in the tangent space T[μ]([image: image]) using the inverse exponential map, i.e., [image: image], and the computing principal components of the set {vi} in the vector space T[μ]([image: image]). These principal directions, which as straight lines in T[μ]([image: image]) passing through [μ] in the middle, are then wrapped back on [image: image] using the exponential maps. Each row of the right panel in Figure 8 shows plots one such direction, going from the largest variability to smallest from top to bottom.


[image: image]

FIGURE 8. Thirty training samples of fiber tracts, their Karcher mean and principal directions of shape variation. The rightmost panel from top to bottom represents the first 5 principal directions of variation in the training data.



Having developed a prior model for fiber shapes from the training data, we then apply our Bayesian method to the tensor data, especially focusing on the areas where the streamline method fails, and the results are presented in Figure 9. We first show the results of the streamline method, using seeds from either ROI, in the first two panels. While the left panel in the top row gives an appearance that we have some fibers connecting the two ROIs, a closer look shows that this is actually not the case. In the middle panel we color the curves differently depending on which ROI is the seed located in. One can see that the set of curves—red and green—do not not reach the other ROI. They start from the ROI containing the seeds and diverge in the middle. This is in contradiction to the anatomical knowledge that the two regions are indeed connected through white matter fiber tracts. Using the proposed Bayesian technique, we obtained result shown in the rightmost panel of the top row. This picture shows an arbitrarily initialized curve drawn in blue, and the final estimated curve drawn in red color. The corresponding evolutions of the three energy terms—Edata, Eprior, and Esmooth—are shown in the middle row of this figure. Each one of these terms show a substantial decrease in their values during the iteration process.


[image: image]

FIGURE 9. Results comparison between streamline method and our method. In the top row, the left panel shows the results using a streamline method, the middle panel shows some selected curves from that set that reach the two ROIs (different colors represent curves passing different regions), and the right panel shows tractography result using our Bayesian method. Here the blue line shows the initialization and red line is final result. The middle row shows the evolution of the three energy components in this estimation. The bottom row shows our tractography results under different weights of the energy components.



In order to study the impact of the weights λ1, λ2, and λ3 on the final result, we generated estimates for a few different combinations of these weights. The results are shown in the last row of this figure. In case where the weight for shape prior is high, the final result is close to the prior mean. In contrast, when the weight for the data term is high, there is a better agreement between the curve and the tensor field.

Another example of this Bayesian estimation is presented in Figure 10 with similar settings. In this case the ROIs used are right hippocampus and right percentral.


[image: image]

FIGURE 10. Another example similar to Figure 9.



4.3. Extension to Tractography Using HARDI Data

The proposed framework can be extended to HARDI data, where an ODF is used to better represent the underlying diffusion profile. The data term is now defined as:

[image: image]

Here nβ(t) denotes the unit vector tangent to β at β(t) and fp is the ODF at p ∈ D. The integrand is low at a location where the fiber tract is aligned with the ODF field and vice-versa. The next step is to derive the gradient of Edata with respect to β for use in gradient-based optimization. we can express the gradient of Edata as follows.

LEMMA 2. The gradient of Edata with respect to β, under the [image: image]2 norm, is given by:

[image: image]

A derivation of this expression is presented in the Appendix. We also show an experiment result on an ODF data in Figure 11. We use the blue lines as ground truth fiber tracts and generate ODF data as shown in Figure 11A. Under this ODF field, we estimate the fiber tracts using our method. The final reconstructed tracts are shown in red lines. In the middle panel, we show an evolution of a single fiber under Etotal. In the right panel, we show the evolution Etotal of each iteration.


[image: image]

FIGURE 11. Tractography results on simulated ODF data. (A) Red lines are reconstructed fibers using our method and blue lines are the ground truth used to generate the ODF field. (B) Evaluation of one curve under our method. (C) Evolution of energy term Etotal.



5. CONCLUSION AND DISCUSSION

This paper introduces a Bayesian approach for estimating fiber tracts, between given pairs of points in a human brain, using dMRI and HARDI data. The basic idea is to define a composite energy functional, using a linear combinations of terms that relate to data, curve smoothness, and a prior shape model, and then use the gradient of this energy to iteratively optimize a contour. There are several novelties in this setup: (1) the data term is locally scale-invariant and measures only the agreement of the fiber direction with the given diffusion tensor field, (2) the length of the fiber is kept as a separate term, in order to have an additional control over fiber size, and (3) an external term involving statistical shape models, of fibers tracts connecting given regions, is used to improve optimization and interpretability. These shape models can come from training data developed using manual interventions or population atlases established from previous studies. The gradients of all the terms have analytical forms, making the gradient-based optimization very efficient. This framework is demonstrated successfully using simulated 2D tensor fields and 2D slices of volume dMRI data.

One advantage of our method is that it can naturally handle crossing bundles since we construct the streamline as a whole object. Relying on the prior shape information, we can reconstruct a fiber curve that have similar geometry to the prior knowledge. Figure 12 illustrates one example that the proposed method is not sensitive to local fiber crossing. The blue lines are ground truth to generate the tensor field. From upper left to bottom left, more fibers were added to a region, which complicates the underlying tensor field. For the two selected regions, we initialize some black lines to connect them and the red lines are the final tractograhy results using our method. Those results indicates that our method can successfully reconstruct the fiber bundles in this challenge situation. The bottom right panel shows the shape prior that being used in our implementation.


[image: image]

FIGURE 12. Examples showing that the proposed method can handle crossing and kissing fibers. Red lines are our tractograhy results, blue lines are ground truth and black lines are initializations. From upper left panel to bottom left panel, more and more crossing bundles are added into the simulation. The bottom right panel shows the shape prior used in our model.



However, the proposed Bayesian method needs to specify the starting and ending points for each extracted tract. To ensure that there is a tract between two ROIs, we currently rely on the atlas data. This procedure may end up with false positives, e.g., identifying a tract that does not exist. A future pruning procedure can be added as a post processing step, relying perhaps on the minimum energy as the reviewer has suggested. As another criterion, the diffusion profile along a tract can possibly be used as a feature to determine whether a tract is a false or a true positive.

As a future work, this framework can be naturally implemented using 3D dMRI data, and resulted tractography can be compared with some state of the art techniques.
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Ataxia 16 4873 608:£68 1818 Philips, 3, 1.1 x 0.83 x 083, 16
HD

Farfrom onset 23 21-51 368£97 1013

Near to onset 16 20-55 45.1+86 1373 Philips, 3,0.9 x 0.9 x 0.9, 52
Early symptoms 18 30-59 508%79 76

AD 3 55-93 74105 40726 Siemens, 3,12 x 1x 1,27

Siemens, 1.5,1.2 x 1.25 x 1.25,7
Philips, 1.5, 1.2 x 0.94 x 0.94,7
Philips, 3,12 x 1x1,8

GE, 1.5,1.2 x 0.94 x 094,9
GE3,12x 1.02x 1.02,8
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Data: Training fiber tracts connecting a pair of ROIs and
the dMRI data

Result: Fiber tract # connecting the given two ROIs

Initialization: Calculate normalized mean shape 1« and

covariance K from training fiber tracts, perform SVD

[U, S, V] = svd(K). Use an existing method (e.g.,

probabilistic method) to obtain an initialization of 8,

denoted as ;.

for i < 1to iter do

. Calculate and save the length and the centroid of the
current curve fj;

2. Convert f; to SRVF representation g; and normalize it

3. Caleulate A = Uy S5, Uy, + (I = Uy, Uy,) /8%, where Uy,
be the first m columns of U and & < Ay, where A,y is
the m-th eigenvalue of K;

4. Calculate shooting vector from 1« to g;, v; = exp;' (9%
5. Parallel transport Av; from 4 to gi, Wi = (AV))y—s g5
6. Travel a short distance € from g; along the geodesic
defined by the shooting vector #;, g/ = expy,(—ei;);
7. Convert g°" to its curve representation
Brew = [ gy |47°" |du and scale and center A" to
obtain /' with the same length and centroid
as i
8. Set VEpior(Bi) =
9. Evaluate V Egqq(f;) using Equation (8).

-
L

10. Evaluate VEguo0m(B) = kpn, where kg is the curvature
ateach point of B

11. Update the curves:
Bis1 = Bi = 11VEdaia(B) = 22V Egpnaorn (B) — 23
VEprior(Bi)-

end
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