









	
 Home

	 Add Document
	 Sign In
	 Create An Account














[image: PDFKUL.COM]






































	
 Viewer

	
 Transcript













Psychiatry Research: Neuroimaging 148 (2006) 133 – 142 www.elsevier.com/locate/psychresns



A fully automated method for quantifying and localizing white matter hyperintensities on MR images Minjie Wua , Caterina Rosanob , Meryl Buttersc , Ellen Whytec , Megan Nablec , Ryan Crooksb , Carolyn C. Meltzer d , Charles F. Reynolds III c , Howard J. Aizensteinc,⁎ a



Department of Electrical and Computer Engineering, University of Pittsburgh, USA b Department of Epidemiology, University of Pittsburgh, USA c Department of Psychiatry, University of Pittsburgh, USA d Department of Radiology, University of Pittsburgh, USA



Received 13 December 2005; received in revised form 16 June 2006; accepted 11 September 2006



Abstract White matter hyperintensities (WMH), commonly found on T2-weighted FLAIR brain MR images in the elderly, are associated with a number of neuropsychiatric disorders, including vascular dementia, Alzheimer's disease, and late-life depression. Previous MRI studies of WMHs have primarily relied on the subjective and global (i.e., full-brain) ratings of WMH grade. In the current study we implement and validate an automated method for quantifying and localizing WMHs. We adapt a fuzzy-connected algorithm to automate the segmentation of WMHs and use a demons-based image registration to automate the anatomic localization of the WMHs using the Johns Hopkins University White Matter Atlas. The method is validated using the brain MR images acquired from eleven elderly subjects with late-onset late-life depression (LLD) and eight elderly controls. This dataset was chosen because LLD subjects are known to have significant WMH burden. The volumes of WMH identified in our automated method are compared with the accepted gold standard (manual ratings). A significant correlation of the automated method and the manual ratings is found (P b 0.0001), thus demonstrating similar WMH quantifications of both methods. As has been shown in other studies (e.g. [Taylor, W.D., MacFall, J.R., Steffens, D.C., Payne, M.E., Provenzale, J.M., Krishnan, K.R., 2003. Localization of age-associated white matter hyperintensities in late-life depression. Progress in Neuro-Psychopharmacology and Biological Psychiatry. 27 (3), 539–544.]), we found there was a significantly greater WMH burden in the LLD subjects versus the controls for both the manual and automated method. The effect size was greater for the automated method, suggesting that it is a more specific measure. Additionally, we describe the anatomic localization of the WMHs in LLD subjects as well as in the control subjects, and detect the regions of interest (ROIs) specific for the WMH burden of LLD patients. Given the emergence of large NeuroImage databases, techniques, such as that described here, will allow for a better understanding of the relationship between WMHs and neuropsychiatric disorders. © 2006 Elsevier Ireland Ltd. All rights reserved. Keywords: White matter hyperintensity; Late-onset late-life depression
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1. Introduction A number of previous studies have shown that white matter hyperintensities (WMH), also called leuokoaraiosis, commonly seen on T2-weighted FLAIR MR images, are associated with neuropsychiatric disorders, including vascular dementia (van Gijn, 1998), Alzheimer's disease (Mirsen et al., 1991), and late-onset late-life depression (Hickie and Scott, 1998; Thomas et al., 2004). Two analysis strategies have been used to evaluate WMHs on MR brain images: (1) semi-quantitative rating systems and (2) quantitative volumetric analyses. In semi-quantitative system, the WMHs are visually graded by trained expert raters. The rater assigns each MR image a WMH severity score based on its visual similarity to ‘prototype’ MR images. Typical scales range from low to high severity using 4-point or 10-point scales (Fazekas et al., 1987; Bryan et al., 1994; Yue et al., 1997). This method requires subjective judgment; it describes the WMHs through 4 or 10 crude grades. It does not allow accurate information about the location or volume of the WMHs, and thus may ignore some subtle WMH differences across groups. Also different visual rating scales make it difficult to compare or reproduce the findings on WMHs across centers (Davis et al., 1992). For the quantitative analyses on WMHs, several methods have been explored to automatically or semiautomatically segment the WMHs. For example, K-Nearest Neighbor (KNN) classification method was used to automatically or semi-automatically label the T2-weighted MR brain images as gray matter, CSF and white matter lesions (Kikinis et al., 1992; Swartz et al., 2002; Anbeek et al., 2004b,a). In this method, the classification of an image voxel from a new patient relies on the voxel intensities and spatial information of a previously manually classified training set. Since the MR image of different subjects at the same center or across centers may have different intensity distribution ranges, and the normal anatomic variations across subjects lead to variability in the spatial features, this method may encounter difficulties for some subjects. Other machine learning algorithms including artificial neural networks (Pachai et al., 1998) have also been investigated for WMH segmentation, which may face similar dependencies on a training set. An automated method from Stamatakis is used to delineate large brain lesions on T1weighted structural images, which involves comparing the smoothed individual T1-weighted image to a control group using general linear model (GLM). The accuracy of this method depends on the performance of the spatial normalization technique. The normal anatomical variations in brain structure between the individual subject and the control group may present a problem for the registration



accuracy and GLM, so a Gaussian smoothing filter is used to smooth out the anatomical differences, which may also affect the reliability of the volumetric quantification of the lesions (Stamatakis and Tyler, 2005). On T2-weighted FLAIR MR images, the WMHs usually have a higher intensity than normal white matter (WM). Some methods automatically or semi-automatically segment the WMHs on FLAIR images by defining a cut-off threshold on the images. For example, 3.5 standard deviations (S.D.) of the intensity value of the normal WM has been used as the lower intensity threshold for WMH segmentation (Hirono et al., 2000). The histogram of the FLAIR image has been used in a regression model to decide on a cut-off intensity threshold, with the pixels above the threshold classified as WMHs (Jack et al., 2001). Another method uses the mean and standard deviations of the gray matter, white matter and CSF to estimate the intensity threshold for WMH, in which a probability map is used to favor the most likely WM regions (Wen and Sachdev, 2004). These methods use only a single intensity threshold to segment the WMHs for the whole brain or for each slice of the brain images, which may misclassify some nonWMHs as WMHs, since some gray matter demonstrates signal intensity above the threshold (Hirono et al., 2000), and also the image intensity inhomogeneities may be problematic. To exclude the misclassified voxels, a manually outlined mask of WMHs with surrounding WM, GM and CSF has been used as WMH mask in Hirono's paper, while in Wen's paper a WM probability map (MNI 152 brains) has been used to favor the most likely WM regions. Manually outlining the WMH mask of a 3D brain volume is time-consuming and labor-intensive, while using a WM probability map in a MNI template to favor the WM regions in the WMH segmentation of the subjects will make the segmentation accuracies dependent on an accurate inter-subject registration. Previous research suggests that the location or distribution of WMHs is associated with specific symptoms (Benson et al., 2002). Most previous research focused only on WMH visual inspection or volume measurement and did not distinguish anatomically distinct WMHs, while a few groups have explored semi-automated or automated methods to localize WMHs into large compartments or categories such as periventricular white matter hyperintensities (PVWMHs) and deep white matter hyperintensities (DWMHs). For example, in (Swartz et al., 2002), a 3D classification algorithm was applied to separate DWMHs from PVWMHs. Other investigators have used nonlinear image registration methods to convert the WMHs across subjects into a standard space (Taylor et al., 2003; DeCarli et al., 2005).
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In the current study, we present an alternative automated method for WMH quantification and localization, which uses a fuzzy-connected algorithm to segment the WMHs, and the Automated Labeling Pathway (ALP) to localize the WMHs into the anatomical space (Wu et al., 2006). Previous research used fuzzy-connected algorithm for semi-automated WMH segmentation (Miki et al., 1997; Udupa et al., 1997), which required some user interaction and did not give spatial information on the WMHs. Our automated method uses the histogram of the FLAIR image to automatically generate the WMH seeds, and then the fuzzy-connected algorithm uses specific parameters to form a WMH cluster (containing the respective seed). The system updates the seeds iteratively and combines the scattered WMH clusters into the final WMH segmentation. Since the fuzzyconnected algorithm uses different parameters for each seed, this method enables different threshold for each WMH cluster and avoids a single cut-off threshold for the whole brain or brain slice. This potentially offers more precise WMH segmentation. The method automatically identifies WMH seeds and generates WMH segmentation, which is objective and does not require any manual interaction. A fully deformable registration (ALP; Wu et al., 2006), which combines the piecewise linear registration for coarse alignment with Demons algorithm for voxel-level refinement, is used for accurate WMH localization on the Johns Hopkins University White Matter Atlas (Wakana et al., 2004). We report the results of a quantitative assessment WMH of a group of elderly control subjects compared to a group of LLD subjects. This group was chosen because it is known that these subjects have a high WMH burden (O'Brien et al., 1996). We compare the WMH volumes identified with our approach to the gold standard assessments based on manual expert ratings. Additionally, the anatomical localization of the WMHs found with our approach is described, and the WMH burden of the control group is region-wise statistically compared to that of the LLD patient group.



evaluation, which was reviewed in a diagnostic consensus conference. Eleven of the 19 subjects were diagnosed as depressed patients; while the remaining eight subjects were termed control subjects. The 11 patients had late-onset late-life depression; they met DSM-IV criteria for Major Depressive Disorder (American Psychiatric Association, 2000) and their depression began at the age of 60 years or older. The mean Hamilton Depression Rating Scale on patients was 20.3 (S.D. = 4.9). The subjects did not have significant cognitive impairment; mean Mattis Dementia Rating Scale was 136.3 (S.D. = 5.9). They were all participants in a research trial of antidepressant medications. Other than Major Depressive Disorder (for subjects in the depressed group) and anxiety disorders, all other Axis I psychiatric disorders were used as exclusion criteria. We chose to include subjects with co-morbid anxiety disorders due to the high prevalence (48%) of anxiety disorders in subjects with late-life depression (Beekman et al., 2000). Each subject was assessed by the Mini Mental State Examination (MMSE), Hamilton Rating Scale for Depression (Hamilton), and Mattis Dementia Rating Scale (Mattis). Clinical characteristics of the subjects (patients and controls) are summarized in Table 1. The 2 groups were well balanced with respect to gender and age. The MR images used in the current analyses were obtained at the time of subject enrollment, before the antidepressant medication was started. This study was approved by the University of Pittsburgh Institutional Review Board (IRB). Written informed consent was obtained. 2.2. MR imaging parameters Magnetic resonance images were acquired on a 1.5 T Signa Scanner (GE Medical Systems, Milwaukee, WI). The 3D structural MR images were acquired at sagittal orientation using 3D Spoiled GRASS (SPGR, TR/TE = Table 1 Clinical characteristics of the subjects



2. Materials and methods 2.1. Subjects The 19 subjects (eleven patients and eight controls) were recruited through the University of Pittsburgh Intervention Research Center for Late-Life Mood Disorders. Subjects were 63 to 81 years of age (mean age = 72.3, S.D. = 4.86), whose WMH visual scores ranged from 0.5 to 6.5 (mean WMH score = 2, S.D. = 1.6). All subjects (controls and depressed) received a SCID-IV
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No. of subjects Age, year (range) Gender, M/F WMH scores ± S.D. MMSE ± S.D. Hamilton ± S.D. MATTIS ± S.D.



Group I (depressed)



Group II (controls)



11 72.2 ± 5.3 (63–80) 5/6 2.55 ± 1.9 27.7 ± 3.6 20.3 ± 4.9 136.3 ± 5.9



8 72.3 ± 4.8 (67–81) 4/4 1.25 ± 0.5 28.8 ± 1.5 2 ± 2.07 139.9 ± 3.4



t-test probability 0.93560809



0.05412192 0.40560931 2.2477E−08 0.11628563



Statistical comparisons utilized a two-sample, unequal variance, twotailed Student's t-test.
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Fig. 1. WMH segmentation flowchart. The processing steps used to automatically segment the WMHs on FLAIR MR brain images.



5/25 ms; flip angle = 40°; FOV = 24 × 18 cm2, slice thickness = 1.5 mm, matrix = 256 × 192 matrix). The following axial series were also obtained: T1weighted (TR/TE = 500/11 ms, NEX = 1); fast fluidattenuated inversion recovery (fast FLAIR) (TR/TE = 9002/56 ms Ef; TI = 2200 ms, NEX = 1). Section thickness was 5 mm with a 1-mm inter-section gap. All axial sequences were obtained with a 24 cm field of view and a 192 × 256 pixel matrix. Slice thickness and orientation



were chosen so that the acquired images would be compatible with the WMH rating scales described below. 2.3. White matter hyperintensity ratings The WMH ratings were based on a system developed for the Cardiovascular Health Study (CHS; Bryan et al., 1994; Yue et al., 1997). A numerical rating for the WMHs was assigned by the comparison of each subject's



Fig. 2. ALP flowchart. The processing steps that constitute our automated labeling pathway (ALP), which is used to generate regional brain volume estimates. The process uses a variety of publicly available packages, as well as some locally developed programs, for atlas-based segmentation of MR images.
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imaging data to predefined CHS visual standards and representative of progressive severity within a 10-point scale (0 through 9). Two raters independently evaluated WMH on the FLAIR images. If they differed in their ratings by one point, the final rating was the mean of the two values. A greater than 1-point difference between raters was considered as a disagreement, and was adjudicated by consensus. 2.4. Automated WMH segmentation and localization The major steps of the automated WMH segmentation procedure involved (1) image preprocessing, (2) automated WMH segmentation, and (3) automated WMH localization. Image preprocessing included skull stripping of the SPGR and FLAIR brain images, which improved the accuracies of WMH segmentation and localization. For the skull stripping on the FLAIR images, we used the Brain Extraction Tool (BET, Smith, 2002) on the T1-weighted images, which were acquired at the same location and voxel-size as the FLAIR images. The resulting stripped T1-weighted image was then used as a brain mask to remove the skull and scalp from the FLAIR image. This automated WMH segmentation method involved four steps: (1) automatically identifying WMH seeds based on the intensity histogram of the FLAIR image, (2) using a fuzzy-connected algorithm to segment the WMH clusters, (3) iteratively updating the set
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of seeds, and (4) combining the WMH clusters into the final WMH segmentation. The histogram of the skullstripped FLAIR image was used to define a threshold (mean ± 3 S.D.) for seed selection; voxels beyond this threshold were classified as WMHs, which were used as seeds in the fuzzy-connected algorithm to segment surrounding WMH voxels. The background of the FLAIR image was excluded when calculating its intensity histogram, mean intensity and standard deviation. In the fuzzy-connected algorithm, the fuzzy adjacency and affinity, both between 0 and 1, are defined for each pair of voxels (a,b): the fuzzy adjacency μα(a,b) defines how close the two voxels are, while the affinity μk(a,b) (determined based on adjacency degree μα(a,b) and intensity similarity) indicates how strongly the two voxels “hang together” in space and intensity. A fuzzyconnected object is a set of voxels O with properties as follows: any two voxels (a,b) from O have an affinity μk (a,b) N x, 0 ≤ x ≤ 1, and for any pair a ∈ O, b ∉ O, the affinity μk(a,b) b x,0 ≤ x ≤ 1, a detailed and precise mathematics definition is given in Udupa and Samarasekera (1996) and Udupa et al. (1997). For each selected WMH seed the fuzzy-connected algorithm generates a fuzzy object, within which each pair of voxels has a strong fuzzy-connectedness or affinity (above certain threshold, 0.5 in this study), and the system automatically delineates a 3D WMH cluster containing the respective seed. Multiple 3D FLAIR image WMH clusters are generated from the set of



Fig. 3. An overview of the WMH localization procedure.
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automatically selected seeds and then combined to form an overall WMH segmentation volume. The flow chart of the WMH segmentation is shown in Fig. 1. The fully automated WMH segmentation system was implemented in C++ and ITK. The WMH segmentation algorithm is available to the readers upon request through our website (http://www.pitt.edu/~aizen/ GPN_Home.html). Automated Labeling Pathway (ALP, see Fig. 2) is an automated method we developed in a series of functional and structural MRI studies to automatically label specific anatomic regions of interest (Rosano et al., 2005; Aizenstein et al., 2005; Wu et al., 2006). The pathway combines a series of publicly available software packages such as AFNI (Cox, 1996), BET (Smith, 2002), FLIRT (Jenkinson et al., 2002) and ITK (Yoo, 2004), as well as some locally developed programs to implement atlas-based segmentation of MR images. ALP is used to automatically label ROIs on the SPGR image of a subject. In ALP described in Wu et al. (2006), the inter-subject registration (template colin27 → subject 3D SPGR) is done using a fully deformable registration model similar to that described by Chen (1999). We have implemented this using the registration library in Insight Segmentation and Registration Toolkit (ITK, Yoo, 2004). This method starts with a grid-based piecewise linear registration and then uses a demons registration algorithm as a fine-tuning procedure for a voxel-level spatial deformation. The fully deformable registration allows for a high degree of spatial deformation, which seems to give it a particular advantage over other standard registration packages, such as Automated Image Registration (AIR) and Statistical Parametric Mapping (SPM). An overview of WMH localization procedure is summarized in Fig. 3. The high-resolution reference image (MNI colin27) is registered to the T1-weighted SPGR high-resolution image of the subject using ALP, and the Johns Hopkins University White Matter Atlas (defined on the reference brain MNI colin27 image) is warped into each individual's anatomic image space. Then the anatomic information in subject SPGR space is transformed further into the subject's FLAIR image space by rigid-body registration between the subject SPGR image and subject T1 in-plane image, which was acquired the same slice prescription as the subject's FLAIR image. In this way, the anatomical information in the atlas is carried into the subject's FLAIR space and the ROIs labeled on the subject's FLAIR image are used as binary masks to localize the WMHs. In this procedure, the WMH localization task is viewed as a registration procedure. The Johns Hopkins University White Matter



Atlas we used in the current study is based on highresolution diffusion tensor MR imaging and 3d tract reconstruction. The atlas has 17 prominent white tracts including anterior thalamic radiation (ATR), cingulum (Cg) and other tracts (Wakana et al., 2004), as listed in Table 2. Prior to the ALP registration procedure, the nonbrain tissues such as skull and scalp are stripped from the subject's 3D SPGR image using BET (Smith, 2002). A simple morphological method involving threshold, erosion, dilation and hole-filling is used to improve the skull stripping result (Wu et al., 2005). Also a rigid alignment of the anterior and posterior commissures (AC–PC) and intensity normalization are done on each subject's 3D SPGR image as well as on the template colin27, which gives each subject the same orientation and image intensity distribution as the template, and therefore improves the registration accuracy. Table 2 Mean volumes of WMH (mm3) per region for the control group (8 controls) versus the patient group (11 patients) and the t-test results on normalized WMHs Region/ Group



Whole brain ATRL ATRR CCF CCO CSTL CSTR CgLL CgLR CgUL CgUR IFOL IFOR ILFL ILFR SLFBL SLFBR SLFTL SLFTR UNCL UNCR



Mean WMH volume (mm3) Control



Patient



Two-tailed t-test on normalized WMH



2737.3437 649.7712 821.34 201.6846 416.1456 148.2975 158.3361 35.1351 8.6697 11.8638 24.1839 338.1183 478.6587 192.5586 214.9173 273.3237 156.9672 128.6766 46.5426 104.0364 139.1715



8541.030942 2211.418354 1764.802473 1165.593838 1529.608106 309.167762 652.5467107 110.2963835 40.42591736 550.094162 29.50488595 1226.836086 2039.035002 716.5644694 860.4083306 929.735762 1441.153785 717.4695273 761.4553388 430.2645025 327.8119537



0.042665436 0.055444463 0.018656432 0.016828416 0.012737393 0.057927493 0.060871669 0.081089283 0.060644356 0.136364206 0.818743765 0.034295001 0.039086461 0.018575153 0.038395966 0.35930778 0.300544506 0.405860665 0.297697885 0.168513136 0.030380464



Keys: ATRL/R – anterior thalamic radiation (left or right), CCF/O – corpus callosum (frontal or occipital), CSTL/R – corticospinal tract (left or right), CgLL/R – cingulate (lower part left or right), CgUL/R – cingulate (upper part left or right), IFOL/R – interior fronto-occipital fasciculus (left or right), ILFL/R – inferior longitudinal fasciculus (left or right), SLFBL/R – entire superior longitudinal fasciculus (left or right), SLFTL/R – superior longitudinal fasciculus (the branch to the temporal lobe, left or right), UNCL/R – uncinate fasciculus (left or right).
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3. Results and discussion A subject with some discrete lesions (as well as confluent lesions) is chosen to demonstrate the results of this WMH extraction algorithm. Nine pairs of the segmented WMH slices versus corresponding FLAIR slices from the subject are displayed in Fig. 4, showing this method's effectiveness in the segmentation of discrete as well as confluent WMHs. 3.1. WMH segmentation evaluation The WMH segmentation results of 19 subjects using this automated method were statistically compared to the WMH visual grades from the manual ratings. The comparison was done with a linear regression model. In this study we chose to use semi-quantitative CHS ratings as the gold standard for comparison. An alternative approach would have been to use manually segmented WMH tracings. Since the two measures being compared used different metrics, we are only demonstrating a correlation between the measures rather an absolute agreement. The WMH volumes of the 19 subjects from the automated segmentation method were found to be significantly correlated to the visual grades with a R2 = 0.909 and F(1,18) = 170.7, P b 0.0001. Since the visual grade is
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a global index to the WMH severity on the subject brain image, the WMH volume is normalized by the overall WM volume (calculated from SPGR brain image). The normalized WMH results were also significantly correlated to the visual grades [R2 = 0.909, F(1,18) = 170.3, P b 0.0001]. This WM normalization method may not be the best way for whole brain adjustment, since previous studies have showed that WMH are significantly related to atrophy (Capizzano et al., 2004; Schmidt et al., 2005). A whole brain normalization method, which takes brain atrophy into consideration, may be better for WMH assessment. The high correlation between the normalized WMH quantifications from the automated method and the visual grades demonstrates that this automated method can successfully segment the WMHs on MR FLAIR images. 3.2. Localization of WMHs Using ALP, the Johns Hopkins University White Matter Atlas was transferred to subject's 3D SPGR image and further carried into subject FLAIR image space. The atlas regions in the subjects' FLAIR image space were then used as ROI masks to localize the WMHs. Fig. 5 shows the segmented ROIs in MNI



Fig. 4. Automated WMH segmentation results on the FLAIR MR images of one subject. Nine paired image slices on the subject are shown here. In each paired slices, the left slice is the FLAIR slice and the right one is the associated automated WMH segmentation result.
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template colin27 space, the individual SPGR structural space and FLAIR image spaces; respective MR images are also shown as underlay images. The localized WMH volumes were quantified by multiplying voxel size by the number of WMH voxels inside the ROIs including anterior thalamic radiations, corticospinal tracts, etc., as listed in Table 2. The WMH volume estimates from WMH localization describe the spatial distribution of the WMH burden, which can facilitate further research on the role of WMH in pathogenesis of neuropsychiatric disorders. In Table 2, for each region of interest, the WMH volumes of the LLD patient group were statistically compared to the WMH volumes of the control group using two-tailed two-sample unequal variance t-test. We found a significant difference in whole brain WMH volume between the LLD patient group and the control group; however, the results from the WMH localization method provide more anatomical specificity. As shown in Table 2, there was significant difference in WMH spatial distribution between LLD patient group and control group in regions including right anterior thalamic radiation, corpus callosum (CC), in-



ferior fronto-occipital (IFO), inferior longitudinal fasciculus (ILF), and right uncinate fasciculus (UNC), while no significant difference was found in cingulum (CgLL, CgLR, CgUL, CgUR) and superior longitudinal fasciculus (SLFBL, SLFBR, SLFTL, SLFTR). The current study is limited by the low-resolution FLAIR image, as well as the limited number of subjects (11 patients and 8 control subjects). The analyzed FLAIR images were acquired with a slice thickness of 5 mm and a 1 mm gap, which may be an inadequate resolution for accurate volumetric quantification of the WMHs, which accordingly may affect the reliability of the group comparison results. A higher image resolution, such as a slice thickness of 2 mm and with no gap, could improve the WMH quantification, and improve the registration accuracy, which would lead to more accurate WMH localization. Also a larger group of well-characterized LLD subjects with a matched elderly non-depressed control group would add confidence to the WMH localization findings in Table 2 that are specific for LLD. The WMH segmentation and localization method we described provides more specific and more accurate



Fig. 5. The result of atlas-based segmentation from ALP. Segmentation results are shown at axial orientation in the top row and the coronal orientation in the bottom row. (a) The MNI template colin 27, overlapped with the John Hopkins University White Matter Atlas (i.e., anterior thalamic radiation, corpus callosum, corticospinal tract, inferior fronto-occipital, inferior longitudinal fasciculus, superior longitudinal fasciculus, right uncinate fasciculus, etc. (b) A single subject 3d SPGR image, overlapped with the transformed ROIs. (c) The same single subject FLAIR image, overlapped with the transformed ROIs.
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information about WMH volume and spatial distribution than visual WMH grades. Also the fully automated method is objective and it does not require any manual interventions. Unlike different visual grading systems, it is very easy to compare the WMH findings from this method across different centers. The method relies on the properties of subject's own FLAIR image such as the intensity distribution of WMHs, the connectivity and the diffusivity of the WMHs for the WMH segmentation, which does not rely on any training dataset as do some of the reviewed methods (Kikinis et al., 1992; Swartz et al., 2002; Anbeek et al., 2004b,a).



chiatric treatment on WMHs in LLD; and 5) modeling of cognitive impairment in LLD: e.g., is diminution in speed of information processing driven primarily by WMH, beta amyloid deposition, or both?



4. Conclusion
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In this report we presented and validated a new method for fully automated segmentation and localization of WMHs on MR images. The method adapts the fuzzy-connected algorithm for WMH segmentation and uses a demons-based fully deformable registration for WMH localization. The automated WMH segmentation method was evaluated by comparing the resulting WMH quantifications (non-normalized or normalized by total WM volumes) of the 19 elderly subjects (11 late-life depressed subjects and 8 elderly controls) with the standard visual grading approach for estimating WMH burden. In the comparisons we found a high correlation of the WMH ratings between our new semi-automated approach and the manual ratings. Specifically, the two methods correlate with R2 = 0.909, P b 0.0001. Further localization of WMH follows the expected patterns of LLD, i.e., high WMH burden in the subcortical, and frontal regions. Quantification and localization of WMH volumes is critical for research into the risk factors and pathogenesis of neuropsychiatric disorders. Most previous methods were labor-intensive, subjective, and provided little if any anatomic localization. The current method solves many of the previous limitations: it does not require any manual intervention, provides WMH volume estimates, and localizes the WMH burden to a number of anatomic ROIs. Methods such as described here are particularly relevant given the emergence of large MRI databases, such as that provided by the Alzheimer's Disease Neuroimaging Initiative (http:// www.loni.ucla.edu/ADNI/). The development and implementation of an automated method for quantifying and localizing WMH will facilitate further, fine-grained understanding of: 1) shortand long-term treatment response; 2) evolution of cognitive functioning in late life depression; 3) evolution of leukoarisosis in LLD; 4) impact of medical and psy-
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