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White matter hyperintensity (WMH) seen on T2 fluid-attenuated inversion recovery 

(FLAIR) brain magnetic resonance imaging (MRI) is a neuroimaging sign observed in 

normal and abnormal aging. Severity of WMH is an important diagnostic criterion in 

vascular dementia, however severity is typically quantified using subjective visual rating 

scales, which have a number of significant limitations including poorly characterized 

reliability and low-fidelity output that communicates little detail about raters’ judgments. 

In the present work the author aims to 1) develop a novel and efficient three-

dimensional (3D) manual WMH mapping technique with high inter- and intrarater 

reliability, and 2) evaluate the convergent validity of this novel technique and an 

established WMH visual rating scale. Methods: In a cross-sectional observational 

design, two expert raters applied the novel WMH mapping technique to 15 T2 FLAIR 

MRIs previously scored with a widely-used WMH visual rating scale, the Junque scale. 

Each rater mapped WMH in each MRI twice, blind to identity, and one rater mapped all 

77 MRIs for which Junque scores were available. Results: Spatial overlap of 3D maps 

was high in all inter- and intrarater comparisons (Dice similarity coefficient grand mean 

= 0.84, SD = 0.12). Tissue volumes calculated from repeated WMH mappings were 
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reliable with each other (ICC = .96, p < 0.001), and were correlated with the previously 

obtained Junque visual ratings (all Spearman’s rho > 0.75, p<0.01). CONCLUSION: A 

novel technique for manual WMH segmentation is reliable within and between raters 

and with a well-known subjective rating scale previously shown to correlate with clinical 

and cognitive measures.  Benefits of 3D WMH mapping over visual rating scales are 

discussed.
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CHAPTER 1 
INTRODUCTION 

Methods for Measuring Severity of White Matter Hyperintensities 

White matter hyperintensity (WMH) is a neuroimaging sign frequently seen on T2 

fluid-attenuated inversion recovery (FLAIR) brain magnetic resonance images (MRI) of 

healthy and demented individuals (Figure 2-1). In these brain images, WMH is observed 

in the brain’s white matter, and represents damage to this axon-packed tissue 

responsible for the transport of neuronal impulses from gray matter neuron cell bodies 

to their eventual destinations. Evidence from post-mortem tissue examination (Young, 

Halliday, & Kril, 2008) suggests that WMH is a marker for white matter damage caused 

by the breakdown of intracranial vasculature (Pantoni & Garcia, 1997; Skoog, 

Marcusson, & Blennow, 1998; Vermeer et al., 2002). Though WMH is a common 

incidental finding in normally functioning individuals, WMH severity has been shown to 

be related to clinical and cognitive decline in patients (Libon, Price, Davis Garrett, & 

Giovannetti, 2004), and is currently used in the diagnosis of vascular dementia 

(Cosentino, Jefferson, M. Carey, Price, Davis Garrett, Swenson, et al., 2004a). In the 

present work the term “white matter hyperintensities” (or “WMH”) is used to refer to this 

neuroimaging sign, but a number of synonymous terms appear throughout the last 40 

years of literature, including age-related white matter changes, Binswanger’s disease, 

brain rust, deep white matter changes, diseased white matter, hyperintense white 

matter, leukoaraiosis (LA), leukoencepathology, leukomalacia, T1 hypointensities, 

senile leukoencephalopathy, T2 hyperintensities, white matter abnormalities (WMA), 

white matter alterations (WMA), white matter changes, white matter high signal areas, 

white matter hypodensities, white matter lesions (WML), white matter pathology, white 
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matter rarefaction, white matter signal abnormalities (WMSA), and unidentified bright 

objects (UBO).  

White matter hyperintensity on MRI is a biomarker that can be acquired quickly 

and non-invasively, requiring only five to fifteen minutes of MRI scanner time per whole-

brain T2 FLAIR image (Rydberg et al., 1994), and no ingestion or injection of a contrast 

agent. However, to explore the relationships among WMH severity, demographic 

variables, cognitive deficits, and underlying pathophysiology, investigators must quantify 

the severity of observed WMH with a method that is valid, reliable, and practical. Much 

of the literature describing relationships between WMH and cognitive variables is based 

on semi-quantitative subjective visual ratings of WMH severity. In contrast, the present 

work describes a novel and efficient technique for manual digital three-dimensional (3D) 

mapping of WMH tissue. Each of these two classes of techniques has merits and 

limitations, described below. 

Subjective Visual Ratings: Fast and Popular, but Low Fidelity 

Until recently, investigators characterizing the severity of WMH primarily used 

subjective visual rating scales to provide semi-quantitative ratings of severity. These 

subjective visual rating scales provide a variety of methods for characterizing the 

proportion of an individual’s brain tissue that appears as WMH on MRI images. 

Commonly these subjective visual ratings are performed by an expert rater who views 

an individual’s single-time-point (as opposed to longitudinal) T2 FLAIR MRI brain 

images on a computer screen, and applies a scoring rubric to produce a numerical 

rating that represents the rater’s judgment of the severity of WMH appearing on the 

MRI, with higher numerical ratings representing more severe WMH.  
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Though the present work employs just one visual rating scale for comparison with 

3D WMH mapping, the Junque scale (Junque et al., 1990) (subjective visual rating 

range of 0 to 40), a number of other subjective WMH visual rating scales have been 

used to characterize WMH, including the Fazekas (Fazekas, Chawluk, Alavi, Hurtig, & 

Zimmerman, 1987) and Schmidt (R. Schmidt et al., 1992) scale (range of 0 to 3), the 

Scheltens scale (Scheltens et al., 1993) (range of 0 to 84), the Age-Related White 

Matter Changes (Wahlund et al., 2001) (range of 0 to 30), and the Manolio scale 

(Manolio et al., 1994) (range 0 to 9).  These scales differ not only in range of final 

scores, but also in the anatomy attended to per each method’s rating guidelines. For 

example, periventricular and deep-white-matter lesions are scored separately in scales 

of Fazekas and Schmidt, the scale of Scheltens, and the scale of Junque, but not the 

scale of Manolio. Even among the methods that score periventricular lesions separately, 

there are differences in how those periventricular lesions are characterized, with the 

Junque score dependent upon the rater’s judgment of percentage of hyperintense 

tissue (< 25%, 25% to 50%, 50% to 75%, or > 75%), the Fazekas and Schmidt score 

dependent upon broad qualitative categories (“pencil-thin lining”, “smooth halo”, 

“irregular…extending into deep white matter”), and the Scheltens score dependent upon 

linear dimensions of observed WMH (<=5 mm, or > 5 mm). These scales also differ in a 

number of measured psychometric properties (Libon et al., 1998), but have all been 

used to report relationships between WMH severity and clinical, cognitive, and 

demographic variables. Unfortunately, comparisons among these visual rating scales 

have revealed inconsistent between-scale reliability and also variable sensitivity to 
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relationships between rated WMH severity and clinical, cognitive, and demographic 

variables (Kapeller et al., 2003; van Straaten et al., 2006). 

Merits and limitations 

Despite these questions of between-scale reliability, subjective visual rating scales 

do offer a number of methodological benefits. One is that subjective visual ratings are 

robust: humans build robust mental prototypes of what known patterns should look like, 

and can be easily trained to ignore irrelevant visual information. Our visual system is not 

easily confused by visual features that might confound automated computer algorithms, 

such as differences among MRI scanners or their settings, image artifacts from small 

head movements, or artifact generated by fluctuations in the functioning of MRI 

equipment.  Another methodological advantage is that visual rating scales are fast: once 

trained, an expert rater can assign a subjective rating to a brain’s WMH severity much 

faster than they can manually trace and quantify WMH on MRI. This efficiency is 

especially important given that the experts performing these ratings are typically clinical 

or research faculty with limited time.  Finally, subjective visual rating is convenient and 

low-capital: it can be performed with any MRI viewing software that allows the rater to 

control image brightness and contrast. This lowers equipment and software barriers that 

might otherwise deter an investigator with valuable WMH images from analyzing them. 

Despite these merits, subjective visual rating scales suffer from a number of 

methodological limitations sufficiently problematic to motivate the current work. Most 

egregious is the low fidelity output provided by subjective visual rating scales: 

everything an expert rater observes about a brain’s WMH tissue is reduced to a single 

score or, at best, a few scores per hemisphere. This fails to communicate valuable 

judgments about lesion characteristics, such as anatomical locations, boundaries, and 
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MR signal contrast with normal-appearing tissue. This lack of recorded detail can also 

make it difficult and time consuming to train new raters: completed subjective visual 

ratings do not implicitly produce visual records that could be used as training sets, so 

experienced raters are relegated to co-rating many time-consuming exemplars with new 

trainees. Finally, there are limits to the detail with which the reliability of repeated 

subjective visual ratings can be investigated. Two independent raters might arrive at 

identical visual rating scores for a given brain, but may have done so by chance, having 

unknowingly attended to substantially different anatomical areas or tissue 

characteristics.  

In addition to these methodological limitations, there is some evidence that 

subjective visual rating scales may not be as sensitive as WMH volumes calculated 

from WMH mapping techniques. A 2006 comparison of the Scheltens visual rating scale 

and an automated method for segmenting WMH and calculating WMH volume (den 

Heuvel et al., 2006) found that the baseline correlation between WMH severity and age 

was weaker when WMH severity was measured with the Scheltens visual scale than 

with the volumetric method.  Longitudinal analysis of follow-up images (delay mean, SD 

= 33, 1.4 months) revealed that the correlation between WMH progression and age was 

twice as high for WMH volume than WMH subjective visual rating. Sensitivity to 

longitudinal changes is especially important in light of recent findings suggesting that 

persistent cognitive impairment may be predicted by the progression of WMH severity 

but not baseline severity (Silbert, Howieson, Dodge, & Kaye, 2009). 

Use as a standard in the present work 

Though they suffer from the limitations described above, previously obtained 

Junque visual ratings of WMH severity are used in the present work for comparison with 
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a novel 3D WMH manual mapping method. The Junque scale offers a number of 

advantages over other WMH subjective visual rating scales: Junque scores are interval 

data that do not suffer from restricted range (Cosentino, Jefferson, M. Carey, Price, 

Davis Garrett, Swenson, et al., 2004a), and have psychometric properties shown to be 

appropriate for both dependent and explanatory variables (Libon et al., 1998). As of this 

writing 199 articles have cited the Junque scale, and it has been proposed for use as 

the sole neuroradiological criterion in diagnosis of vascular dementia (Cosentino, 

Jefferson, M. Carey, Price, Davis Garrett, Swenson, et al., 2004a).  A number of recent 

studies have used it to investigate links between WMH and motor or cognitive 

phenomena, including working memory deficits in dementia (Lamar et al., 2007; Lamar, 

Catani, Price, Heilman, & Libon, 2008), syntactic comprehension in dementia 

(Giovannetti et al., 2008), dementia symptom profiles (Libon et al., 2008; Price, 

Jefferson, Merino, Heilman, & Libon, 2005a), activities of daily living in dementia 

patients (Giovannetti, K. S. Schmidt, Gallo, Sestito, & Libon, 2006), clock drawing in 

dementia patients (Cosentino, Jefferson, Chute, Kaplan, & Libon, 2004b), and 

processing speed in aging adults (Junque et al., 1990). The specific Junque guidelines 

for scoring WMH severity are reproduced in the methods section below. 

Manual Lesion Mapping: Implemented and Analyzed in the Present Work 

The current work examines an alternative method of quantifying WMH: manual 3D 

lesion mapping, or “binary segmentation”, which does not suffer from the subjective 

visual rating scale limitations described above, and confers a number of methodological 

advantages, discussed below. In this technique an expert rater views each slice of a T2 

FLAIR brain MRI and uses software to create a slice-by-slice map of points in space 

they endorse as WMH. In the implementation developed for the present work, this takes 
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a trained rater approximately 5 to 30 seconds per slice, or less than 15 minutes per 

brain for the 26-slice T2 FLAIR images analyzed here. These per-slice WMH maps are 

automatically concatenated in space to produce a perfect 3D record of the tissue the 

rater endorsed as WMH. Although this technique carries greater time and equipment 

burdens than subjective visual rating scales, it confers a number of methodological 

advantages simply by recording a rater’s judgments as points in space.  

Merit: detailed evaluation of repeated-measure reliability 

The 3D lesion masks output during binary WMH segmentation facilitate detailed 

evaluation of agreement among repeated ratings. One form of evaluation is qualitative 

visual inspection of areas of non/overlap in repeated ratings, a procedure that is 

impossible with subjective visual rating scales but simple to perform for 3D tissue maps. 

This is useful during consensus conference or for individual raters, especially trainees, 

to directly visualize how WMH endorsements strategies or errors vary among repeated 

ratings of a given image. The spatial differences between two repeated ratings of the 

same brain become immediately obvious when the two lesion maps are displayed as 

translucent, overlapping, individually-colored layers. 

Three-dimensional digital segmentation also offers investigators a precise method 

for quantifying the reliability of repeated measures: the proportion of spatial overlap 

between repeated ratings provides an index of agreement that can provide even more 

information than the Pearson product-moment correlation or intra-class correlation (ICC) 

of endorsed lesion volumes. Intra-class correlation is a useful method for analyzing 

reliability of repeated quantitative measures that meet ICC distributional assumptions, 

but when the evaluated ratings exist in two-dimensional (2D) or 3D space, measures of 

spatial overlap provide richer reliability data by indicating not only whether the 
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calculated areas (or volumes) of two ratings are similar, but also the degree to which the 

endorsed regions overlap in space. As an analogy, imagine training cartographers to 

manually draw lakeshores from new, experimental satellite data. The true measure of 

whether two repeated ratings are reliable with each other is the degree to which the 

resulting lake areas overlap each other in 2D space, not just the similarity in the number 

of square miles encompassed by each rating’s lakeshore boundaries. Applied over a 

number of repeated ratings, ICC analysis might communicate that the square-millage of 

repeated ratings is similar, without communicating the degree to which those repeated 

ratings do or do not overlap in 2D space. The spatial overlap index chosen for the 

present work is the Dice similarity coefficient (DSC), calculated for pairs of repeated 

ratings. It is calculated as the overlap volume common to two ratings divided by one half 

the sum of their volumes. A DSC value of 1 represents perfect overlap, 0 represents no 

overlap, and values between 1 and 0 are interpreted like kappa, with > .7 indicating 

excellent agreement (Zijdenbos, Dawant, Margolin, & Palmer, 1994). This intuitive 

interpretation is why DSC was chosen from among a number of other reliability metrics 

that can be applied across space, including the Jaccard index (Jaccard, 1912) and the 

Tanimoto coefficiet (Crum, Camara, & Hill, 2006). The Sørensen similarity index 

(Sørensen, 1957) also appears in the literature but is computationally identical to the 

DSC.  

Investigators wishing to thoroughly characterize the inter- and intrarater reliability 

of WMH observations should use 3D mapping techniques when setting, time, and 

equipment permit. The 3D spatial output allows for direct visualization of areas in which 

repeated ratings agree or disagree. Discrepancies among ratings can be displayed as 
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overlays on the actual brain MRI, providing a useful training tool and method for efficient 

assessment of error or disagreement. Also, by employing overlap measures such as the 

Dice similarity coefficient, the proportion of spatial agreement in repeated ratings can be 

quantified, providing more information than metrics such as intraclass correlation, which 

conveys the relationships among the magnitude of repeated ratings but not the degree 

of spatial overlap between repeated ratings.  

Merit: provides a physical tissue volume 

Three-dimensional WMH segmentation allows for the calculation of the physical 

volume occupied by WMH tissue, which can then be analyzed against other biological, 

cognitive, or clinical variables. Because it is a physical volume, it can also be expressed 

as a proportion of other physical volumes, such as total intracranial volume, total 

parenchyma volume, or total white matter volume. This permits parity with many 

subjective visual rating scales in which scores are based on the proportion of affected 

tissue, instead of just the magnitude. 

Distributional qualities of output data limit the statistical approaches that can be 

applied to the data. Compared to visual rating scales, WMH volumes calculated from 3D 

mapping have distributions with superior statistical properties against which to examine 

clinical and cognitive variables: while subjective visual rating scales suffer from 

restricted range and a number of psychometric limitations (Libon et al., 1998), WMH 

volumes reflect the underlying physiological tissue volume to the degree that the MRI 

acquisition allows. This produces volumetric data with distributions that are readily 

addressable with parametric statistical techniques.  

In addition to these methodological advantages, recent empirical evidence 

suggests that calculating WMH volumes provides superior severity data. One recent 
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cross-sectional study established that WMH volume is a more sensitive indicator of 

WMH severity than WMH subjective visual ratings (den Heuvel et al., 2006). 

Additionally, a recent longitudinal study highlights the importance of calculating WMH 

volumes by demonstrating that persistent cognitive impairment was predicted by the 

progression of total and periventricular WMH volumes, but not by baseline WMH 

volumes (Silbert et al., 2009). In longitudinal studies, changes in individuals’ WMH can 

be measured as a difference in physical volume, providing a rate of WMH change 

expressed in unit of volume per unit of time. Furthermore these brain changes can also 

be localized by mapping the locations of WMH changes over time, creating a natural 

history of an individual brain’s pathological changes. This permits the study of how 

specific regional neuropathological changes are linked to progressive 

neuropsychological decline.  

Calculation of WMH volume is not unique to the manual 3D mapping technique 

presented in the current work. WMH tissue volumes can be similarly calculated from 

automated 3D mapping techniques, discussed later, and even by pixel-counting 

methods that do not produce verifiable 2D or 3D maps of WMH. Techniques of this 

second type are exemplified by (Price, Schmalfuss, & Sistrom, 2005b) and (Achiron, 

Gicquel, Miron, & Faibel, 2002), in which a rater uses image visualization software such 

as Scion Image (Scion Corporation, Frederick, MD) to view each slice of an MRI, and 

on each slice interactively adjusts a minimum and maximum threshold to visually 

highlight a continuous range of pixel intensities that the rater judges to represent WMH. 

The quantity of the slice’s highlighted pixels is then summed by Scion Image, and the 

user can subsequently obtain a per-slice volume of WMH by multiplying the number of 
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highlighted pixels by the physical tissue volume (voxel volume) represented by each 

pixel.  Per-brain WMH volumes are then obtained by summing per-slice WMH volumes. 

Though this does provide a per-brain WMH volume, there are a number of 

methodological limitations, including the inability to save the resulting WMH rating as a 

3D mask, leaving raters unable to implement spatial measures of reliability, or integrate 

results with other spatial tissue maps such as individual or atlas-based anatomical 

regions. Additionally, this process can be error-prone when performed in software 

packages such as Scion Image, due to confusion about change in pixel counts when a 

rater zooms in or out of an image, or application of incorrect voxel volume when 

multiplying pixel count to produce a physical tissue volume. Furthermore, Scion Image 

lacks a robust macro language, requiring raters to perform a number of time-consuming 

and error-prone digital housekeeping tasks that are automated in the method developed 

for the current work (file naming, image conversions, volume calculations, summing 

across slices, etc). 

Merit: allows integration with other spatial maps 

Creating 3D WMH maps as part of a severity rating protocol confers the ability to 

examine endorsed WMH lesions in space together with other data that also exist in the 

MRI space. Examples include T1 intensity data and masks of gray matter structures, T2 

FLAIR intensity data of WMH and surrounding WM, and diffusion-weighted image 

(DWI)-derived data such as white matter tract masks and fractional anisotropy values. 

These combinations facilitate both the anatomical localization of WMH lesions and 

further investigation of the tissue properties of the WMH lesions. 

White matter contains the axons projecting from neuron cell bodies to their targets, 

and some of those connections are more fragile than others, with specific effects when 
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lesioned. Identifying which of an individual’s white matter tracts are affected by WMH 

lesions is made possible by the 3D format of the maps output by segmentation: the 

resulting 3D map of an individual’s WMH tissue can be aligned with either a) a priori 

standard templates of white matter tracts (Mori et al., 2008; Mori & van Zijl, 2007), or b) 

white matter tracts derived from the individual’s own DWI data (Mahon et al., 2009; 

Nguyen et al., 2005). This allows analysis of the relationship between cognition and the 

identity of affected white matter tracts with specificity and reliability that is impossible 

with subjective visual rating scales.  

When this WMH localization is performed through alignment of an individual’s 

WMH lesion map with their own DWI data, an additional set of analyses becomes 

possible: fractional anisotropy, mean diffusivity, and other indices extracted from DWI 

data provide additional information about the health of the white matter inside and 

outside of the WMH regions, augmenting the T2-FLAIR-derived WMH maps. Similarly, 

alignment of the original T2 FLAIR intensity data with the WMH maps allows 

comparison of the T2 FLAIR intensity distributions of lesioned and non-lesioned white 

matter, as well as the relationship of those intensity distributions to the lesioned and 

non-lesioned intensity distributions of DWI-derived indices such as fractional anisotropy 

and mean diffusivity. Alignment can be achieved through careful acquisition in which 

participant movement between scans is minimized, or can be performed post-

acquisition using manual alignment or automated computer alignment algorithms.  

Three-dimensional mapping of WMH also facilitates localization of WMH lesions 

with respect to T1-derived brain structures, such as subcortical gray matter nuclei, 

specific gyri and sulci, divisions of the ventricular system, and lacunar infarcts. As WMH 
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represents insult to the brain’s communication system, proximity to functional structures 

visualized on T1 images may help explain selective deficits, and proximity to other 

pathological markers (lacunar infarcts, enlarged ventricles, wide sulci) may aid 

understanding of relationships among pathological processes. Alignment to whole-brain 

T1 anatomical images also allows for automated analysis of WMH distribution among 

gross regional divisions of the brain derived from T1 images such as 

frontal/temporal/parietal/occipital lobe divisions, periventricular/deep/juxtacortical 

divisions, and anterior/posterior or dorsal/ventral divisions.  

Merit: resulting maps can be used to train people and computers 

Because the product of 3D WMH lesion mapping is a 3D map that is easily 

visualized as a overlay on T2 FLAIR images from which the map was derived, the data 

implicitly generated by every rating also serve as ready visual training material for new 

raters. An expert rater’s every judgment about tissue boundaries or intensity differences 

is captured in the resulting WMH map, allowing for careful inspection and replication by 

trainee raters. This stands in stark contrast to the time-consuming co-rating usually 

necessary when training a new rater to reliability on subjective visual rating scales. 

Provided with only a brain’s expert Junque rating and the original T2 FLAIR image, a 

rater-in-training is unlikely to learn much about the specific decisions made during the 

rating without a detailed explanation from an expert rater. In addition to providing 

training materials for new raters, the maps produced by new raters themselves also 

serve as easy-to-audit data that can be inspected and corrected by a supervising rater. 

The 3D maps produced during expert ratings can also be combined with their 

original T2 FLAIR intensity data to train machine-learning algorithms in the performance 

of automated WMH segmentation (Lao et al., 2008). This approach combines the 
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advantages of human expertise with the efficiency of full computer algorithm 

automation. This training is one approach to an evolving set of computer techniques 

that generate automated or semi-automated WMH masks using a variety of algorithms.  

Automated Lesion Mapping: an Evolving Alternative 

For at least the last ten years, diverse groups of investigators have been 

developing computer algorithms designed to automatically segment WMH tissue from 

normal-appearing brain tissue (Achiron et al., 2002; Admiraal-Behloul et al., 2005; 

Anbeek, Vincken, van Osch, Bisschops, & der Grond, 2004; Beare et al., 2009; de Boer 

et al., 2009; Dyrby et al., 2008; Gibson, Gao, Black, & Lobaugh, 2010; Herskovits, Itoh, 

& Melhem, 2001; Jack et al., 2001; Jongen et al., 2009; Lao et al., 2008; Maillard et al., 

2009; Sachdev, Parslow, Wen, Anstey, & Easteal, 2009; Sachdev, Wen, Chen, & 

Brodaty, 2007; Wen & Sachdev, 2004a; Wu et al., 2006). This is motivated by the need 

to generate the rich spatial information contained in 3D WMH maps, and to obviate the 

relatively time-consuming process of manual WMH tracing normally required to create 

those maps. The reliable, efficient WMH maps manually generated by the 3D mapping 

technique described in the present work can aid the development of these automated 

methods in at least two ways.  First: manually created 3D binary maps of WMHs can be 

used as training input for automated machine-learning algorithms. Some of the 

automated approaches under development require the input of such training models in 

order to learn how expert human raters separate WMH from the surrounding tissue. 

Second, the 3D WMH maps manually produced with the technique presented here can 

be used as gold-standard human expert data against which researchers can evaluate 

the results of their automated segmentations.  
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Study Rationale 

Though severity of WMH is an important diagnostic criterion in vascular dementia, 

it is typically characterized using only semi-quantitative subjective visual rating scales, 

which have a number of significant limitations including poorly characterized reliability 

and low-fidelity output that communicates little detail about expert raters’ judgments. In 

the present work the author aims to 1) develop a novel, efficient implementation of 

three-dimensional (3D) manual WMH mapping with high inter- and intrarater reliability, 

and 2) evaluate the convergent validity of this novel technique and a widely-used WMH 

visual rating scale.  It is essential that clinicians using imaging in assessment and 

diagnosis choose imaging methods with high, well-characterized reliability and validity. 

This is also true for investigators making assertions about the relationship between 

biology and cognition, who bear the additional burden of extracting as much detail as 

possible from their imaging data to explain variance in clinical and cognitive variables.  

Aims and Hypotheses 

In the interest of advancing the methods used to investigate the relationship 

between WMH and cognitive decline, the present work is organized around two aims: 

 AIM 1: Develop a novel, efficient three-dimensional WMH manual mapping 
technique with high inter- and intrarater reliability. HYPOTHESIS 1: High reliability 
will be demonstrated within and between two raters, as measured by intraclass 
correlations (ICCs) of tissue volumes, and, more importantly, a measure of 
agreement based on spatial overlap of endorsed WMH. 

 AIM 2: Evaluate the convergent validity of the novel manual 3D WMH mapping 
technique and an established visual rating scale. HYPOTHESIS 2: Spearman’s 
rho will reflect acceptable reliability between the 3D WMH mapping and an 
established visual rating scale. 

If reliable, the authors propose that 3D digital segmentation of WMH should supplant 

subjective visual rating scales when possible.  
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The manual 3D digital segmentation technique developed for the present work 

was built upon the image processing and display capabilities of the NIH software 

package ImageJ and its macro language (Rasband, 1997). This allowed the creation of 

an interface that guides raters through WMH segmentation steps efficiently, while 

minimizing opportunities for raters to omit essential steps, misname output files, or 

accidentally overwrite existing images. Details are provided in the methods section 

below. 
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CHAPTER 2 
METHODS 

In a cross-sectional observational study of repeated measures, two expert raters 

used a novel technique to manually create 3D digital maps of WMH tissue from 15 

whole-brain MRIs previously scored with the Junque subjective visual rating scale 

(Libon et al., 2008). Inter- and intrarater reliability of these 3D segmentations were 

evaluated with 1) a measure of spatial overlap (Dice similarity coefficient) and 2) 

intraclass correlation (ICC) of the WMH tissue volumes computed from manual 3D 

segmentations. Convergent validity with previously acquired Junque subjective visual 

ratings was evaluated by Spearman’s rank correlation coefficient. To further evaluate 

the convergent validity of methods, one rater (SM) then created manual 3D digital maps 

for the remaining cases in the original dataset of 86, 77 of which had been previously 

assigned Junque subjective visual rating scores. This allowed convergent validity of 

methods to be evaluated across a larger dataset (n=77) than the 15 cases originally 

chosen for inter- and intrarater reliability of WMH volumes. 

Participants – Brain Magnetic Resonance Images 

The present work is a secondary analysis of single-time-point brain MRIs collected 

from dementia patients at the University of Medicine and Dentistry in New Jersey 

(UMDNJ). Informed written consent was obtained according to UMDNJ and University 

of Florida Institutional Review Board guidelines and the Declaration of Helsinki. For the 

present repeated-measure reliability analysis, 15 participants’ T2 FLAIR brain MRIs 

were chosen from a larger set of 86 two-dimensional (2D) T2 FLAIR brain MRIs (1.5T 

Siemens MRI: 26 slices, 5 mm thick, 1 mm gap), which were previously acquired from 

research participants diagnosed with dementia and enrolled in an ongoing investigation 
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of WMH severity and cognition (Libon et al., 2008). This larger set of 86 brain images 

were drawn from a sample of > 100 consecutive intakes at the UMDNJ Memory 

Disorders Clinic who were free of stroke and met criteria for probable AD per National 

Institute of Neurological Disorders and Stroke, Association Internationale pour la 

Recherché et l'Enseignement en Neurosciences (NINDS-AIREN). Demographic data 

are summarized in Table 2-1. The 15 images analyzed in the present work were 

selected based on their previously assigned Junque WMH severity ratings: five of each 

mild, moderate, and severe WMH cases were selected in order to maximize the range 

of WMH severity examined. Each of these 15 original MRIs were duplicated and 

pseudorandomly reblinded, so that each rater measured each of the 15 MRIs in two 

non-consecutive ratings while blind to the identity of repeated ratings and all previously 

acquired data. This subset was limited to 15 cases as a practical limitation of rater 

availability: (15 cases) X (two ratings per case) X (projected 15 minutes per rating) = 7.5 

hours of projected data collection per rater. 

Table 2-1.  Demographics of brain magnetic resonance image participants 

 
 

MRI dataset and subsets 

 
 
n 

 
 

Female 

Age  in 
years  

M (SD) 

Education 
in years  
M (SD) 

Available cases, WMH-mapped by 1 or 2 raters 86 65 80.06 
(5.45) 

12.05 
(2.89) 

Subset with previously assigned Junque scores 77 55 80.25 
(5.49) 

11.99 
(3.00) 

Subset mapped by 2 raters twice for reliability 15 11 82.76 
(3.64) 

12.60 
(3.29) 

Note. M = mean; MRI = magnetic resonance image; n = number of cases; SD = 
Standard Deviation; WMH = white matter hyperintensity. 
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Existing Subjective Ratings of White Matter Hyperintensities 

During data collection for previous work (Libon et al., 2008),each brain scan 

received a subjective visual rating of WMH severity by non-radiologist expert raters 

trained to 99% reliability on the Junque subjective visual rating scale for WMH (Junque 

et al., 1990). The method, resulting in a semi-quantitative rating of 0 to 40 per brain, is 

described on page 152 of the Junque 1990 article: 

A method for the systematic quantification of LA in MRI was developed 
using a modification of Rezek and coworkers’ criteria. The following five 
areas from the left and right sides were assessed: centra semiovale on the 
frontal region, centra semiovale on the parietal region, white matter 
surrounding the frontal horn of the lateral ventricle, white matter 
surrounding the corpus of the lateral ventricle, and white matter surrounding 
the atrium and occipital horn of the lateral ventricle. This analysis included 
the white matter regions where LA is common. Each area was evaluated on 
the coronal and transverse slices and the extension of white matter that 
appeared hyperintense on the T2-weighted images was assessed. 
Numerical scores of 0 through 4 were assigned for each area: 0, no 
changes; 1, <25% hyperintense; 2, 25% to 50% hyperintense; 3, 50% to 
75% hyperintense; and 4, >75% hyperintense. An LA score of 0 to 40 was 
possible for each patient (5 brain areas X 2 hemispheres, with a maximum 
score of 4 per area). 

Though there are a number of other WMH subjective visual rating scales in the 

literature, the Junque scale confers analytic flexibility that others do not: Junque scores 

are interval data that do not suffer from restricted range (Cosentino, Jefferson, M. 

Carey, Price, Davis Garrett, Swenson, et al., 2004a), and have psychometric properties 

shown to be appropriate for both dependent and explanatory variables (Libon et al., 

1998). 

Novel Manual Segmentation of White Matter Hyperintensities 

Raters CP and SM, who were proficient in Junque subjective visual ratings of 

WMH and digital brain tracing tools, were trained to produce 3D segmentations of WMH 

tissue using the novel manual segmentation method described below. They each then 
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applied this method to create 3D WMH segmentations of the 15 randomized and re-

blinded brain volumes in the sample, for 30 ratings per rater (15 cases x two ratings). 

One rater (SM) then applied this measurement technique to the remaining cases of the 

77 that had been assigned Junque subjective visual rating scores in previous work. 

Using ImageJ (Rasband, 1997) on Linux workstations, raters identified and 

“segmented” WMHs to produce a 3D digital tissue map, or “binary mask” (Figure 2-1).  

(The term “binary” here refers to the way WMH endorsement is coded in the resulting 

map:  all points in MRI space are represented as black background with intensity value 

zero, except for areas endorsed as WMH, which have an intensity value one.) Locally-

developed ImageJ macros reduced manual segmentation to less than15 minutes per 

FLAIR volume, performed in three steps per axial slice: 1) adjust brightness and 

contrast for subjectively best contrast between WMH and normal-appearing tissue, 2) 

use a computer mouse to draw gross, liberal boundaries around the regions containing 

WMHs, 3) highlight only the hyperintense voxels by adjusting upper- and lower-

threshold intensity sliders. Voxels that are both inscribed and highlighted are assigned 

intensity value one in the slice’s 2D WMH binary mask. This was repeated for each axial 

slice in the brain, and the resulting 2D per-slice masks were concatenated to form a 

single 3D binary mask for each brain.  
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Figure 2-1.  Raters manually segmented white matter hyperintensities from normal-
appearing tissue on individual two-dimensional slices, which were then 
concatenated into a three-dimensional binary mask for each rating. 

Statistical Evaluations of Reliability 

Inter- and Intrarater Reliability of White Matter Hyperintensity Segmentation 

Inter- and intrarater reliability of manual WMH segmentations were evaluated by 

calculating an index of spatial overlap, the Dice similarity coefficient (DSC), for pairs of 

repeated ratings. It is calculated as the overlap volume common to two ratings divided 

by one half the sum of their volumes. A DSC value of 1 represents perfect overlap, 0 

represents no overlap, and values between 1 and 0 are interpreted like kappa, with > .7 

indicating excellent agreement (Zijdenbos et al., 1994). This intuitive interpretation is 

why DSC was chosen from among a number of other reliability metrics that can be 

applied across 3D space. All calculations were performed by a locally written script 

incorporating FSL command-line programs fslmaths and fslstats (S. M. Smith et al., 

2004; Woolrich et al., 2009). 

A second measure of inter- and intrarater reliability, intraclass correlation (ICC), 

was calculated for the WMH mask volumes, providing a more commonly used reliability 

coefficient with which to compare DSC. Intraclass correlation was calculated as a two-
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way random effects model for absolute agreement using SPSS 17 for MS Windows 

(McGraw & Wong, 1996; Shrout & Fleiss, 1979). The ICC analysis does not account for 

degree of spatial overlap among repeated ratings. 

Convergent Validity of Methods 

Finally, the convergent validity of Junque subjective visual rating and 3D manual 

segmentation of WMH was evaluated by using Spearman’s rank correlation coefficient 

to characterize the reliability between Junque subjective visual ratings and WMH 

volumes calculated from 3D manual segmentation. Spearman’s rho was chosen due to 

the great difference in the methods’ range and psychometric properties, which renders 

parametric statistical comparisons inappropriate. A scatter plot of ranks reflects this 

nonparametric analysis..
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CHAPTER 3 
RESULTS 

High reliability was observed within and across raters (aim 1), and between the 

two WMH quantification techniques (aim 2), as detailed below. 

Aim 1: Inter- and Intrarater Reliability of White Matter Hyperintensity 
Segmentation 

High inter- and intrarater reliability of manual WMH segmentations were observed: 

large DSCs indicated high proportions of spatial overlap in repeated ratings (Table 3-1). 

The mean DSC for all 90 inter- and intrarater comparisons was .837 (SD = .115, 

minimum =. 39, maximum = .98.). High inter- and intrarater agreement was also 

observed in WMH volumes calculated from WMH maps: ICC was .960 across all four 

sets of ratings (95% Confidence Interval .882 to .986; Cronbach’s Alpha = .994).   

Table 3-1.  Manual three-dimensional digital white matter hyperintensity segmentations 
are reliable within and between raters. 

 Rater 1, rating a 
DSC: M [95% CI] 

Rater 1, rating b 
DSC: M [95% CI] 

Rater 2, rating a 
DSC: M [95% CI] 

Rater 2, rating b 
DSC: M [95% CI] 

Rater 1,       
rating a 

1 -- -- -- 

Rater 1,       
rating b 

.933 [.917, .950] 1 -- -- 

Rater 2,       
rating a 

.831 [.800, .862] .827 [.770, .884] 1 -- 

Rater 2,      
rating b 

.798 [.730, .866] .792 [.710, .873] .842 [.765, .918] 1 

Note. CI = confidence interval; DSC = Dice similarity coefficient; M = mean. Ratings a 
and b refer to a rater’s repeated ratings of the 15 MRIs. Cells contain mean DSC and 
95% confidence interval across all 15 MRIs. DSC >.7 indicates highly reliable repeated 
ratings per spatial overlap. 
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Aim 2: Convergent Validity of Methods 

High convergent validity was observed between the previously acquired Junque 

subjective visual rating scores and the WMH volumes for all sets of WMH masks 

(Spearman’s rho in Table 3-2). A scatter plot depicts the bivariate relationship of these 

measurements for all 77 cases (Figure 3-1), as does a scatter plot of their ranks (Figure 

3-2), which more closely represents the relationship expressed by Spearman’s rho. 

Descriptive statistics for both measures are summarized in Table 3-3. 

Table 3-2.  White matter hyperintensity map volumes are reliable with previously 
assigned Junque scores. 

 

Data subset  

 

n 

WMH map volume correlation with 
previously acquired Junque scores 

(Spearman’s rho) 

Rater 1, rating a 15 .845 (p < .01) 

Rater 1, rating b 15 .858 (p < .01) 

Rater 2, rating a 15 .849 (p < .01) 

Rater 2, rating b 15 .831 (p < .01) 

Rater 1, ratings of all cases that had 

previously assigned Junque scores 

77 .760 (p < .01) 

Note. n = number of cases; WMH = white matter hyperintensity. Ratings a and b refer to 
a rater’s repeated ratings of an image set. 
 
Table 3-3.  Summary statistics of Junque scores and white matter hyperintensity map 

volumes analyzed for convergent reliability of methods (n = 77) 

Note. M = mean; n = number of cases; SD = standard deviation; WMH = white matter 
hyperintensity.

Measure n M (SD) Minimum Maximum 

Junque  
subjective visual rating scale 
(score) 

77 9.87 (7.25) 0 37 

WMH map volume 
(microliters) 

77 20818.08 (18581.63) 1833.40 117268.30 
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Figure 3-1.  Scatter plot, best-fit line, and 95% confidence interval of Rater 1 white 
matter hyperintensity volumes and previously acquired Junque scores (n=77). 

 
Figure 3-2.  Scatter plot, best-fit line, and 95% confidence interval of Rater 1 white 

matter hyperintensity volume ranks and ranks of previously acquired Junque 
scores (n=77). 
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CHAPTER 4 

DISCUSSION 

Using subjective visual rating scales, investigators have previously established 

that WMH severity is a clinically and cognitively significant neuroimaging sign (Libon et 

al., 2008; Silbert et al., 2009). By demonstrating convergent validity with the well-

established Junque subjective visual rating scale, the present study provides support for 

conducting future T2-FLAIR-based WMH measurements with manual 3D digital 

segmentation, a precise tissue measurement technique with a number of 

methodological advantages over subjective visual rating scales. This technique, 

demonstrated to be reliable and efficient in the present work’s novel implementation, 

produces a perfect 3D digital map of the tissue a rater endorses as WMH. This high-

fidelity output confers a number of advantages over subjective visual rating scores. First 

is the detailed characterization of repeated rating reliability by analysis of the mutual 

spatial overlap of the 3D WMH maps produced. This not only includes the intuitive 

visual inspection of areas of non/overlap in repeated ratings, but also the quantification 

of repeated-measure reliability by an index of spatial overlap such as the Dice similarity 

coefficient. A second advantage over subjective visual rating scales is the ability to 

calculate a physical WMH tissue volume from each 3D WMH map. This allows WMH 

severity to be expressed in proportion to other physical tissue volumes such as total 

white matter volume or total intracranial volume, and produces data free of 

psychometric problems identified in some subjective visual rating systems. A third 

advantage over subjective visual rating scales is the ability to combine the resulting 3D 

WMH map with other 3D brain data that exist in MRI space. This facilitates both the 

anatomical localization of WMH tissue (e.g., by three-dimensionally superimposing 
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individual anatomical maps or standard atlases), and deeper investigation of WMH 

tissue properties (e.g., by examining the MR-diffusion properties of expert-endorsed 

WMH tissue). A fourth advantage over subjective visual rating scales is that 3D WMH 

maps are easily implemented in training and auditing new raters and machine-learning 

algorithms. This obviates the intensive co-rating and full-time supervision usually 

necessary to train a new rater to reliability with a subjective visual rating scale: every 

expert manual 3D WMH rating produces output that serves as a readily-inspected 3D 

gold-standard model against which a trainee can compare their own ratings.  Similarly, 

3D WMH maps from expert manual ratings can be used as input to train WMH 

segmentation machine-learning algorithms, and as a gold-standard against which the 

results of automated computer algorithm WMH mapping techniques can be compared.     

Clinical Relevance of White Matter Hyperintensity Severity 

The present work is motivated by a desire to improve tools for investigating the 

relationship between damage to the brain’s circuitry and individuals’ abilities and 

experiences. The last forty years of clinical research has revealed that WMH is both a 

common incidental finding in normally functioning individuals and a biomarker linked 

with clinical and cognitive decline in patients (Libon et al., 2004). Improving WMH 

quantification techniques may help describe the complicated relationships among 

clinical, cognitive, demographic, and physiological variables.  

White Matter Hyperintensity is Associated with Clinical and Cognitive Deficits 

Though healthy older adults commonly present with WMH as an incidental finding, 

older adults with cognitive impairment present with WMH more frequently and with more 

severe WMH. This is especially true when cardiovascular risk factors are comorbid with 

their cognitive symptoms (Junque et al., 1990). The received science so convincingly 
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links WMH and cognitive decline that presence and severity of WMH in a cognitively 

compromised patient is a criterion for the diagnosis of Vascular Dementia (VaD) under 

many classification schemes (Cosentino, Jefferson, M. Carey, Price, Davis Garrett, 

Swenson, et al., 2004a). Existing literature suggests that location, severity, and 

progression of WMH severity may explain significant portions of the variance in WMH-

linked cognitive deficits. Our hope is that these relationships may be further clarified by 

the precise WMH measurements obtained from the technique presented in the current 

work.  

Severity matters  

The high prevalence of WMH as an incidental finding in asymptomatic aging adults 

suggests that the mere presence of WMH is not a sensitive or specific predictor of 

cognitive decline. Previous works suggest that there may be a threshold effect in which 

some proportion of the brain’s white matter must be affected before cognition is 

impacted (Erkinjuntti et al., 1987; Erkinjuntti, Haltia, Palo, Sulkava, & Paetau, 1988). In 

fact, NINDS-AIREN research criteria for VaD require that at least “one quarter” of a 

brain’s white matter be affected by WMH for the patient to be classified as VaD (Román 

et al., 1993). Unfortunately these severity thresholds are based on subjective visual 

rating scale data, which are subject to the limitations described above. The manual 3D 

WMH mapping method presented in the current work can be used to confirm or 

disconfirm hypothesized thresholds by providing a valid and reliable measure of WMH 

tissue volume, which can also be easily expressed as a physical proportion of total 

white matter volume, total parenchyma volume, or total intracranial volume. 

Severity of WMH may also have a relationship with the type of deficits experienced 

by a patient. Price et al. (2005) examined the relationship between dementia symptom 
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profile and WMH severity. In a sample of probable AD patients the authors confirmed 

that the patient group with the most severe WMH had primarily executive-

visuoconstruction deficits, while the group with the least severe WMH had primarily 

memory and language deficits. (The group with only moderate WMH fell somewhere in 

between, with executive deficits only slightly worse than memory-language deficits). 

This association between more severe WMH and more severe executive dysfunction is 

also supported by an analysis of clock-drawing errors: in a comparison between low-

WMH individuals and high-WMH individuals, the high-WMH individuals produced more 

clock executive errors (Time, Spatial Layout, Preservation/Pull to Stimulus subscales) 

than the low-WMH group (Cosentino, Jefferson, Chute, Kaplan, & Libon, 2004b). 

Unfortunately these findings were derived from WMH subjective visual rating scale data, 

the distributions of which necessitated categorical analysis of high- and low-WMH 

groups instead of parametric analysis of WMH as a continuous variable. The manual 3D 

WMH mapping technique presented in the current work can be used to provide 

volumetric measures of WMH, avoiding these distributional limitations and facilitating 

parametric analyses of the relationship between WMH severity and specific cognitive 

deficit profiles. 

The predictive value of volumetric measurement of WMH tissue is supported by a 

recent longitudinal study of 307 community-dwelling elderly individuals (Carmichael et 

al., 2010).  Measures of WMH volume, episodic memory, semantic memory, and 

executive function were analyzed. Individuals with less severe WMH at baseline 

demonstrated slower declines in executive function and semantic memory over the 

subsequent four years. This work is of particular value due to its longitudinal design and 
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the construction of its large and diverse sample: the WMH volume finding survives a 

number of demographic variables that are frequent confounds in smaller cross-sectional 

studies, including ethnicity, socioeconomic status, education, baseline cognitive 

function, cardiovascular health, early life experiences, and environmental exposures. 

Though these results are based on WMH volumes generated by automated (histogram-

based) computer algorithm segmentation of WMH from non-WMH white matter, the 

manual 3D WMH mapping technique presented in the current work can be used to 

replicate and extend this important volume-based analysis with WMH volumes 

produced by expert manual mappings of WMH. 

Location matters 

Given the presumed vascular etiology of WMH, it is not surprising that the 

distribution of WMH across the brain varies just as vascular supply varies throughout 

the brain. In the literature first recognizing WMH as a neuroimaging sign, authors noted 

that it tended to be more present in periventricular white matter than other white matter 

regions (De Reuck, 1971). Modern neuroimaging techniques now permit a higher-

resolution analysis of the topographical distribution of WMH, and thus far the findings 

are largely consistent with the historical view that WMH appears most commonly in the 

periventricular white matter surrounding the lateral ventricles and deep subcortical 

nuclei (e.g., thalamus, caudate), but is also detectable in the juxtacortical (u-fiber) 

regions of white matter (Geurts et al., 2005).  As neuroimaging technology improves we 

are also able to more closely examine the overlap in vascular and WMH territories: in 

one recent high-resolution MRI study of 477 healthy participants aged 60-64 y, authors 

found that the greatest concentration of WMH was in the territories of the lenticulostriate 

arteries (Wen & Sachdev, 2004b).  
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It is reasonable to expect that the cognitive effects of WMH vary as a function of 

location in the brain, just as the role of white matter varies with location in the brain. The 

juxtacortical white matter is largely composed of short mu-fibers that connect areas of 

local cortex, while deep periventricular white matter is largely composed of long cortical-

subcortical, subcortical-spinal, cortical-spinal, and interhemispheric connections. It is 

reasonable to hypothesize that cognitive domains associated with cortical gray matter, 

such as language and immediate and delayed memory, would be not be as affected by 

periventricular and deep WMH as they would juxtacortical WMH that interferes with 

cortical association networks. Similarly, it is unlikely that domains linked with the 

subcortical nuclei, such as language, motor performance,  processing speed, and 

executive function, would be affected by juxtacortical WMH (Alexander, DeLong, & 

Strick, 1986). Recent work supports these hypotheses, with one analysis of the 

relationship between regional WMH and a number of cognitive domains finding a 

significant relationship between measures of attention and processing speed, and the 

amount of WMH surrounding the ventricles and deep cortical nuclei (Tate et al., 2008). 

Another recent study found that higher-level working memory tasks are more impacted 

by left-hemisphere WMH than right-hemisphere WMH, and that even within the left 

hemisphere, higher-level working memory mental manipulations of disengagement and 

temporal re-ordering were disrupted by WMH in the frontal centrum semiovale but not 

by more anterior WMH surrounding the frontal horn of the left ventricle (Lamar et al., 

2008). 

Careful analysis of factors related to the location of WMH tissue requires accurate 

anatomical localization of WMH tissue. The manual 3D WMH mapping technique 



 

43 

presented in the current work provides a 3D map of the tissue a rater endorses as 

WMH. Because this map exists in MRI space it is easily combined with localizing data 

that also exists in MRI space, including vascular territory maps generated by MR 

angiograms, white-matter tract maps generated from an individual’s MR-diffusion data, 

and standard atlas-based maps of gray and white matter regions. This provides 

researchers with a number of objective, reliable approaches for characterizing the 

anatomical location of WMH tissue. 

Progression matters 

Refining WMH measurement methods is especially important given recent findings 

that the progression of WMH is a better predictor of cognitive impairment than baseline 

WMH (Silbert, Nelson, Howieson, Moore, & Kaye, 2008). Further supporting the 

importance of accurate longitudinal quantification of WMH is the possibility that WMH 

tissue volume may be a useful biomarker in prospective risk assessment: a 2009 study 

found that every 1 mL per year increase in periventricular WMH volume was associated 

with a 94% increased risk of persistent cognitive impairment (Silbert et al., 2009). 

Reliable WMH measurement techniques are required for replication of these sensitive 

longitudinal analyses, and unfortunately recent findings suggest that that subjective 

visual rating scales of WMH are not sufficiently reliable or sensitive for measuring these 

longitudinal WMH changes (den Heuvel et al., 2006; Gouw et al., 2008; Kapeller et al., 

2003; Prins et al., 2004). In contrast, the preset work demonstrates that manual 3D 

WMH mapping provides a reliable measure of WMH tissue volume similar to the WMH 

volumes generated for these important longitudinal findings. 
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White Matter Hyperintenisty is Associated with Advancing Age and 
Cardiovascular Risk Factors 

Though WMH severity is currently considered a biomarker associated with 

vascular dementia, WMH severity is not exclusively a marker of cognitive decline. WMH 

has independent associations with age and cardiovascular health. Researchers have 

long recognized that the WMH observed on CT and MRI is frequently incidental and can 

be observed without neurological or cognitive sequelae (I. A. Awad, Spetzler, Hodak, C. 

A. Awad, & R. Carey, 1986). A 1995 literature review (Pantoni & Garcia, 1995) revealed 

almost unanimous agreement that frequency and severity of WMH increase as adults 

age, and that the increase is independent of cardiovascular risk factors in persons older 

than 60 years. Depending on the population being studied, authors have found that 

WMH is present in 15% to 65% of adults (Breteler et al., 1994; Liao et al., 1996; 

Lindgren et al., 1994; R. Schmidt et al., 1993; R. Schmidt, Fazekas, Kapeller, H. 

Schmidt, & Hartung, 1999; Tomimoto et al., 1996; Ylikoski et al., 1993), with a three-fold 

increase In older relative to younger adults (Hogervorst, Ribeiro, Molyneux, Budge, & A. 

D. Smith, 2002). The relationships among cognitive decline, WMH, aging, and 

cardiovascular risk factors could be explained by a single three-component model in 

which 1) cognitive function is negatively impacted by cumulative white matter damage, 

which can be 2) caused by cerebrovascular pathology, which 3) increases with both 

advancing age and cardiovascular risk factors.  

This model is thus far supported by post-mortem histopathological studies of 

WMH, which have led to wide acceptance that WMH is a marker of white matter 

damage caused by disruptions in vascular integrity. A number of cellular pathologies 

have been observed in WMH, including demyelination, axon loss, gliosis, and 
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spongiosis (Chimowitz, Estes, Furlan, & I. A. Awad, 1992; Munoz, Hastak, Harper, Lee, 

& Hachinski, 1993; Scarpelli et al., 1994). In a 2008 histopathological study of WMH in 

20 consecutive cases from the Australian Brian Donor programs, Young et al. examined 

areas of WMH for histopathological signs of damage and for vascular integrity 

(measured by the presence of CD31, a major component of the cell junctions that form 

the blood-brain barrier). They found that decreased vascular integrity was the best 

predictor of increased WMH severity, and that WMH tissue had abnormally low 

expression of P-gp, a molecular pump that maintains the internal environment of the 

brain by transporting unwelcome substances from the brain back into the bloodstream. 

This histopathological evidence supports the theory that increased permeability of 

intracranial vasculature is the final common pathway by which a number of 

cardiovascular risk factors cause damage to the brain’s white matter. Diabetes mellitus, 

smoking, hypertension, hypercholesterolemia, obesity, atherosclerosis, and embolic 

cerebral injury can all impact the functioning of the blood-brain barrier in this way, 

thereby creating areas of damaged white matter that appear as WMH. Replicating and 

extending these histopathological findings requires a precise 3D map of WMH tissue in 

order to prescribe the boundaries for histopathological analysis. The method presented 

in the current work is an efficient, reliable technique with which an expert rater may 

create 3D maps of WMH tissue to be used in postmortem histopathological analysis of 

the processes underpinning the development of WMH. 

Ongoing Extension 

The present work is currently being extended in a number of ways. First, the 

relationship between cognitive decline and the anatomical location of WMH is being 

investigated. Automated methods separate each brain’s white matter into three mutually 
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exclusive compartments: periventricular, deep, and juxtacortical. By superimposing 

these regions on the 3D WMH maps produced in the present work, we are able to 

examine the relationship between cognitive performance and the regional volume (i.e., 

location) of WMH. This general approach of intersecting WMH maps with a priori 

regions of interest is equally applicable to analyzing the intersection of WMH maps and 

anatomical regions derived from any combination of MR imaging (DWI, FMRI, arterial 

spin labeling) and brain segmentation technique. Second, we are examining interactions 

with gross anatomical variables, including the volume of the intracranial vault, total brain 

volume, and total white matter volume.  It is possible that relationship between WMH 

and cognitive decline is most clear when WMH volume is expressed as a percentage of 

one of these larger volumes, rather than a raw tissue volume. It is easy to imagine how 

some large N cubic millimeters of WMH might impact a given brain less than it might 

impact a much smaller brain. This proportional expression of endorsed WMH volume is 

especially important for achieving parity with clinically-validated subjective visual rating 

scales that employ scores representing the proportion, not volume, of white matter 

affected.  

Limitations 

A technical limitation of the technique presented here is that it is not presently 

capable of presenting the user with images from multiple types of MRI to aid the 

creation of WMH maps. Though T2 FLAIR images are the accepted standard for 

making clinical decisions based on WMH, white matter imaging methods based on MR 

Diffusion Weighted Imaging (DWI) are maturing quickly, and will likely come to augment 

T2 FLAIR images in clinical judgments of white matter health. Once a DWI-derived 

metric, such as fractional anisotropy or mean diffusivity, is found to be useful in WMH 
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analysis, the method presented here can be extended to include those additional 

images either by presenting DWI-derived images adjacent to the FLAIR images, or by 

overlaying the two.  

The present work was conducted under an untested assumption common to the 

visual rating scale and pixel-counting work that preceded it: that the single-time-point T2 

FLAIR images analyzed are a reliable and stable indicator of actual tissue condition at 

the time of image acquisition. Water content affects the MR signal used to create FLAIR 

images, and it is possible that water concentration and other physiological variables 

may produce variability in FLAIR results that confounds the quantitative analysis of 

cross-sectional single-time-point images. Serially acquired scans repeated within days 

or weeks of each other would confirm or disconfirm this assumption, but they were not 

part of the original protocol from which these scans were acquired.  

The present work was performed on relatively low resolution T2 FLAIR images (26 

slices per brain). Though this resolution is commonly acquired for clinical and research 

studies, newer high-resolution T2 FLAIR sequences with gapless slices as thin as 1 mm 

will become faster and easier to acquire as MRI technology progresses. At 5 to 30 

seconds per slice, the manual 3D WMH mapping method presented here will require 

substantially more time for a 160-slice high-resolution T2 FLAIR than the 26-slice 

images measured in the present work. 

Though the methods presented in the present work may be equally useful in 

research and clinical settings, clinical use within the United States would first require 

FDA clearance as a Class II medical device. An efficient solution would be the re-
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implementation of the present methods using existing FDA-cleared software. Interested 

investigators should seek advice from their institution’s regulatory specialists.
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