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The objective of this study was to assess how longitudinal change in the quantity and quality of white
matter signal abnormalities (WMSAs) contributes to the progression from mild cognitive impairment
(MCI) to Alzheimer’s disease (AD). The Mahalanobis distance of WMSA from normal-appearing white
matter using T1-, T2-, and proton densityeweighted MRI was defined as a quality measure for WMSA.
Cross-sectional analysis of WMSA volume in 104 cognitively healthy older adults, 116 individuals with
MCI who converted to AD within 3 years (mild cognitive impairment converter [MCI-C]), 115 individuals
with MCI that did not convert in that time (mild cognitive impairment nonconverter [MCI-NC]), and 124
individuals with AD from the Alzheimer’s Disease Neuroimaging Initiative revealed that WMSA volume
was substantially greater in AD relative to the other groups but did not differ between MCI-NC and MCI-
C. Longitudinally, MCI-C exhibited faster WMSA quality progression but not volume compared with
matched MCI-NC beginning 18 months before MCI-C conversion to AD. The strongest difference in rate of
change was seen in the time period starting 6 months before MCI-C conversion to AD and ending
6 months after conversion (p < 0.001). The relatively strong effect in this time period relative to AD
conversion in the MCI-C was similar to the relative rate of change in hippocampal volume, a traditional
imaging marker of AD pathology. These data demonstrate changes in white matter tissue properties that
occur within WMSA in individuals with MCI that will subsequently obtain a clinical diagnosis of AD
within 18 months. Individuals with AD have substantially greater WMSA volume than all MCI suggesting
that there is a progressive accumulation of WMSA with progressive disease severity, and that quality
change predates changes in this total volume. Given the timing of the changes in WMSA tissue quality
relative to the clinical diagnosis of AD, these findings suggest that WMSAs are a critical component for
this conversion and are a critical component of this clinical syndrome.
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1. Introduction

White matter (WM) damage is a common occurrence in older
adults and is often incidentally detected throughmagnetic resonance
imaging (MRI). These patches of tissue damage are increasingly
recognized as a substantial correlate of age-associated cognitive
decline (de Leeuwet al., 2001; Frisoni et al., 2007;GrueterandSchulz,
2012). Althoughmostoften recognizedas a hyperintense signal onT2
and fluid-attenuated inversion recovery MRI, this damage can also
appear as hypointense on T1-weighted images and therefore, are
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more generically referred to as white matter signal abnormalities
(WMSAs). Vascular dysfunction is a primary mechanism of WM
damage in older adults, and this damage is likely to contribute to the
development of cognitive impairment and dementia (Barker et al.,
2014; Bocti et al., 2005; Brickman et al., 2009a, 2009b; Debette and
Markus, 2010; DeCarli et al., 2005; Delano-Wood et al., 2009; Fri-
soni et al., 2007; Gurol et al., 2006; Iadecola, 2013; Levy-Cooperman
et al., 2008; Tullberg et al., 2004; Yoshita et al., 2006). Little is known,
however, about the development and time course of WM tissue
damage inpatients transitioning fromnormal cognition to dementia.
Additionally, little is known regarding the degree to which WMSAs
contribute to different states of cognitive declinedfor example,
whether WMSAs are associated with conversion from a cognitively
healthy status to mild cognitive impairment (MCI), or from MCI to
dementia such as Alzheimer’s disease (AD) (DeCarli et al., 1996;
Medina et al., 2006; Smith et al., 2008; Wolf et al., 2000).

There is currently a strong interest in predicting individuals that
will eventually develop AD as it is now assumed that trials for novel
therapeutics will require intervention before substantial neuro-
degeneration (Jack et al., 2013). Studies using structural imaging
have demonstrated a greater total WM damage burden in in-
dividuals with AD compared with those with MCI (Huang et al.,
2012; Pievani et al., 2010; Prins et al., 2004). Several groups have
highlighted promising evidence of WMSAs potentially being a
structural predictor of AD development (Carmichael et al., 2010);
some suggesting that this measure is on par with hippocampal
volume (a traditional imaging marker of AD) (Brickman et al., 2012;
Canu et al., 2012).

Neuropathology studies demonstrate histopathologic and im-
aging heterogeneity within and across WM lesions (Gouw et al.,
2011; Iadecola, 2013; Maillard et al., 2014; Pettersen et al., 2008;
Viswanathan, 2014; Wardlaw et al., 2013; Young et al., 2008), sug-
gesting that quantifying WMSA on MRI by measuring total volume,
as is usually done, may not accurately reflect the total severity of the
damage. For example, on a T2-weighted scan some damaged tissue
may evince signal intensities as bright as fluid, while other locations
exhibit just a slight brightening relative to normal-appearing white
matter (NAWM) intensities. These irregular signal properties
contribute to poorly-defined boundaries and create difficulties in
automatically segmenting damaged tissue from healthy tissue.
Previous attempts at automatic segmentation have obtained
increased sensitivity and specificity using a combination of T1-
weighted, T2-weighted, proton density (PD), and fluid-attenuated
inversion recovery imaging, demonstrating advantages of a multi-
spectral approach (Maillard et al., 2008; Schwarz et al., 2009).
Additionally, the current “gold standard” for WMSA quantification
and validation is the manual delineation of WMSA labels. This is
labor intensive and suffers from poor levels of both inter-rater and
intrarater reliability (Grimaud et al., 1996; Zijdenbos et al., 1994).
Thus, improvements in the automated segmentation and quantifi-
cation of WMSAs would contribute to increased reliability, and
potentially enhance the clinical utility of this marker of tissue
damage (García-Lorenzo et al., 2013; Mortazavi et al., 2012).

In the present study, we examine how the quality of WMSAs
change over time with respect to NAWM via a novel image quan-
tification technique that implements the Mahalanobis distance
(MD) of WMSA to NAWM. The implementation of WM lesion
quality to study cognitive decline is relatively novel but is well-
supported by studies describing heterogeneity in healthy WM as
well as within lesions in the context of vascular integrity, normal
aging (Chen et al., 2013; Spilt et al., 2006), and cognitive impair-
ment (Delano-Wood et al., 2009; Viswanathan, 2014). We demon-
strate here for the first time that WM damage and within-lesion
quality in individuals with MCI changes in a manner that is closely
timed to their conversion to a clinical diagnosis of AD. Furthermore,
associations betweenWMSAquality andMCI conversion are similar
to those exhibited by hippocampal volume, a known structural
imaging indicator of AD (Convit et al., 1997; Gosche et al., 2002; Jack
et al., 1999). These novel findings provide critical information for
understanding the pathophysiology of the clinically manifested AD
dementia syndrome, asWMdamage is not considered in traditional
models (e.g., Jack et al., 2013) of AD pathology and may provide an
important and tenable mechanism for therapeutic targeting.

2. Materials and methods

2.1. Data

Data used in the preparation of this article were obtained from
the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database
(adni.loni.usc.edu). The ADNI was launched in 2003 by the National
Institute on Aging, the National Institute of Biomedical Imaging and
Bioengineering, the Food and Drug Administration, private phar-
maceutical companies, and nonprofit organizations, as a $60
million, 5-year public-private partnership. The primary goal of
ADNI has been to test whether serial MRI, positron emission to-
mography, other biological markers, and clinical and neuropsy-
chological assessment can be combined tomeasure the progression
of MCI and early AD. Determination of sensitive and specific
markers of very early AD progression is intended to aid researchers
and clinicians to develop new treatments and monitor their effec-
tiveness, as well as lessen the time and cost of clinical trials.

The principal investigator of the ADNI initiative is Michael W.
Weiner, MD, VA Medical Center and University of CaliforniaeSan
Francisco. ADNI is the result of efforts of many coinvestigators from
a broad range of academic institutions and private corporations,
and subjects have been recruited from over 50 sites across the
United States and Canada. The initial goal of ADNI was to recruit 800
subjects, but ADNI has been followed by ADNI Grand Opportunity
(ADNI-GO) and ADNI-2. To date, these 3 protocols have recruited
>1500 adults, ages 55e90 years, to participate in the research,
consisting of cognitively normal older individuals, people with
early or late MCI, and people with early AD. The follow-up duration
of each group is specified in the protocols for ADNI-1, ADNI-2, and
ADNI-GO. Subjects originally recruited for ADNI-1 and ADNI-GO
had the option to be followed in ADNI-2. For up-to-date informa-
tion, see www.adni-info.org.

All data in the present study are taken from ADNI-1. A cross-
sectional analysis was conducted using images across 4 diagnostic
groups, and a longitudinal analysis was then conducted on 2 of
these groups. The first set of images comprised a single scanning
time point for 459 individuals. These data encompass individuals
who fall into 1 cognitive status categories: (1) older controls
without clinical diagnosis during the study (other controls [OC], n¼
104), (2) MCI without conversion to AD during the course of the
study (mild cognitive impairment nonconverters [MCI-NC], n ¼
116), (3) MCI with conversion to AD during the study (mild cogni-
tive impairment converters [MCI-C], n ¼ 115), and (4) those diag-
nosed with AD throughout the study (AD, n ¼ 124) as described by
ADNI (www.adni-info.org). Briefly, all MCI participants have re-
ported a subjective memory concern either autonomously or via an
informant or clinician but do not have significant levels of impair-
ment in other cognitive domains and have essentially preserved
activities of daily living with no signs of dementia (i.e., all MCI in-
dividuals are amnestic MCI only). AD participants were evaluated
and met the National Institute of Neurological and Communicative
Disorders and Stroke/Alzheimer’s Disease and Related Disorders
Association criteria for probable AD. Through this evaluation pro-
cess, ADNI aims to reduce the risk of including subjects with
vascular and other types of dementia.

http://adni.loni.usc.edu
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The data for the longitudinal analysis comprised all 115 MCI-C
individuals and 115 of the MCI-NC individuals from the cross-
sectional analysis and was used to study the progression (we use
the term “progression” to refer to the change of a voxel fromNAWM
to WMSA. In contrast, we use the term “conversion” to refer to the
change of diagnosis of a subject from MCI to AD) of WMSAs. These
individuals all had between 3 and 6 sets of longitudinal imaging
data that were acquired at months 0, 6, 12, 18, 24, and 36 during the
ADNI study. Each MCI-C individual converted to AD at some point
along this time course. For the longitudinal analysis, all MCI-C in-
dividuals were aligned to each other based on time of AD conver-
sion. Next, each MCI-C individual was age-matched to an MCI-NC
individual and these were also aligned to the AD conversion time
point of the corresponding MCI-C individuals, for a total-study
timeline of 66 months (36 months before MCI-C conversion to AD
until 30 months after AD conversion; Fig. 1). This matching proce-
dure was done to analyze structural changes that occur in the time
surrounding AD conversion in individuals with MCI while con-
trolling for the strong effects that age is known to have on brain
structure. For each time point, data were only included if both the
MCI-C individual and the matched MCI-NC individual had imaging
data, leading to a differing number of data points for each time
point. Because of this, the 60-month and 66-month time points
only had 7 and 4 subjects per group, respectively and were not
included in the subsequent analyses. Subjects in the present study
were included from ADNI-1 based on the availability of at least 3
longitudinal T1, T2, and PD data sets that were of high enough
quality for preprocessing through the robust FreeSurfer longitudi-
nal registration stream (Reuter et al., 2012).
2.2. MRI acquisition

All data were acquired on a 1.5-T scanner at rigorously validated
sites, which all followed a previously described standardized pro-
tocol (Jack et al., 2008). The protocol included a high-resolution, T1-
weighted sagittal volumetric magnetization prepared rapid
gradient echo sequence and axial PD and/or T2-weighted fast spin
echo sequence. The ADNI MRI core optimized the acquisition
Fig. 1. MCI-C individual alignment to point of AD conversion on a total-study timeline. Bold
from MCI-C individuals at each time point. Each gray bar represents the set of all MCI-C ind
line represents a data collection point during the ADNI study. The red dashed line indicates
NC, and this MCI-NC was aligned with its MCI-C counterpart on the total-study timeline. Abb
MCI-C, mild cognitive impairment converters. (For interpretation of the references to color
parameters of these sequences for each make and model of scanner
included in the study. All scanner sites were required to pass a strict
scanner validation test before being allowed to scan ADNI partici-
pants. Additionally, each scan of ADNI participants included a scan
of the phantom, which was required to pass strict validation tests.

2.3. MRI preprocessing

The WMSA segmentation procedure was developed within the
FreeSurfer image analysis suite, which allowed this procedure to be
performed in the context of robust whole-brain labeling. Cortical
reconstruction and volumetric segmentation was performed using
FreeSurfer (surfer.nmr.mgh.harvard.edu/, version 5.1). The technical
details of these procedures are described in prior publications (Dale
and Sereno, 1993; Dale et al., 1999; Fischl and Dale, 2000; Fischl
et al., 1999, 2001, 2002, 2004a, 2004b; Han et al., 2006; Jovicich
et al., 2006).

Data were then processed by the longitudinal FreeSurfer stream
(Reuter et al., 2012). Specifically, an unbiased within-subject tem-
plate space and image was created using robust, inverse consistent
registration (Reuter et al., 2010). Several processing steps, such as
skull stripping, Talairach transforms, atlas registration, and spher-
ical surface maps and parcellations were then initialized with
common information from the within-subject template which
significantly increases reliability and statistical power (Reuter et al.,
2012).

2.4. Atlas creation

The WMSA atlas was created as an extension of FreeSurfer’s
unimodal T1-weighted atlas used for standard automatic segmen-
tation of healthy gray and WM structures (Fischl et al., 2002).
WMSAs were manually labeled on 7 subjects by a trained expert
(Eric E. Smith) using T1, T2, and PD images as a guide. WMSAs were
defined based on consensus guidelines for measurement of WM
hyperintensities of presumed vascular origin (Wardlaw et al., 2013).
Using these new WMSA labels in conjunction with all standard
FreeSurfer labels, a multimodal Gaussian classifier array (MMGCA)
numbers on the x-axis are months. Light numbers represent the number of data sets
ividuals who converted at the same time point on the ADNI timeline, and each dividing
the time of AD conversion. Each MCI-C was then matched for age and sex with an MCI-
reviations: ADNI, Alzheimer’s Disease Neuroimaging Initiative; AD, Alzheimer’s disease;
in this figure legend, the reader is referred to the Web version of this article.)

http://surfer.nmr.mgh.harvard.edu
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was created that contained a 3-dimensional covariance matrix (T1,
T2, and PD) for each structure at each voxel in addition to spatial
and neighborhood prior information. The following results present
volumes in terms of number of voxels, where 1 voxel corresponds
to 1 mm3 of tissue.

2.5. Automatic WMSA segmentation, classification, and
quantification

Visual guides to supplement the following automatic segmen-
tation methodology are provided in Fig. 2. A voxel is first classified
based on the maximum a posteriori probability that it is in a given
class given the voxel’s T1/T2/PD intensity profile and the MMGCA
probabilities at that location. We note that, this first step extends
prior work with T1/T2/PD modalities in WMSA labeling (Maillard
et al., 2008; Schwarz et al., 2009). Although this simple atlas
approach successfully labels many WMSAs, it is not sufficient
generally because WMSAs can occur anywhere in WM (not just in
likely atlas locations) and because the intensities are highly variable
(and so not fit well by a Gaussian model; Fig. 2C.3). We, therefore,
follow up the MMGCA procedure with several refinements
designed to catch unlabeled WMSAs. These refinements rely
heavily on the MD (Mahalanobis, 1936) of a WMSA voxel from
NAWM. The MD gives a voxel’s distance away from a distribution
and is defined as:

MD ¼ ðyv � mHÞTS�1
H ðyv � mHÞ (1)

where, yv is the vector of multimodal signal intensities at voxel v, mH
is the vector of mean multimodal intensities in NAWM, and

P
H is
Fig. 2. (A) Flowchart of major steps involved in automatic WMSA labeling pipeline. (B) Vis
randomly selected NAWM voxels from an Alzheimer’s Disease Neuroimaging Initiative data
blue dots indicate positions of NAWM voxels. The WMSA voxel’s MD is measured from NAWM
automatic WMSA labeling with only the MMGCA step to the manual labels (C.3) and comp
subject is a representation of the general trend seen in the ADNI data, where the MMGCA la
by a manual labeler, and these sections were corrected with the MD refinement step. We add
actually reflect damaged tissue that was undetected by the human rater. Subtle differences
Abbreviations: MMGCA, multimodal Gaussian classifier array; NAWM, normal-appearing w
pretation of the references to color in this figure legend, the reader is referred to the Web
the covariance matrix of the multimodal intensities in NAWM
(Fig. 2B). We interpret the MD as a measure of WM damage.

In the first refinement step, non-WMSA neighbors of voxels
initially labeled as WMSA were examined. Using a heuristic that
combined information regarding the voxel’s number of WMSA
neighbors, its intensity values in relation to the MMGCA intensity
values for other tissue types, and the MD of the intensity values
from other tissue types defined in the MMGCA, they were relabeled
as WMSA or left unchanged. In the second refinement step, the
MMGCA atlas parameters were abandoned in favor of using sta-
tistics from the subject’s own NAWM and WMSA as a reference. It
follows a similar region-growing procedure as in the first step but
uses these individual-based values instead (Fig. 2A). This yields a
final binary labeling of WMSAs. Although the final labeling retains
some “false” positive (FP) labeling (Fig. 2C.4) compared with the
manual label, analyses described in the following Section 2.6 sug-
gest that a portion of these voxels are in fact unique and are
representative of changing tissue. Difference in signal tissue in-
tensity can be seen in the subject’s T1-weighted image in these FP
regions (Fig. 2C.1).
2.6. Validation

We used 2 methods to validate the automatic procedure. First, a
set of manual labels was created from 9 of the 459 ADNI subjects by
a trained labeler (Khoa Nguyen; example in Fig. 2C.2). This datawas
used as an independent test set for the WMSA segmentation al-
gorithm. For each of these data sets, the overlap between the
ual representation of Mahalanobis distance (MD), using a single WMSA voxel and 100
set. Red point indicates a single WMSA voxel’s position in T1/T2/PD intensity space, and
by extracting yv, mH, and S�1

H and plugging them into Equation 1. (C) Comparison of the
arison using the automatic labeling using MMGCA þ MD refinement (C.4). This single
beling frequently failed to label connected sections of WMSA voxels that were detected
itionally note that the “false” positives seen in (C.4) are addressed in the Section 2.6, and
in tissue signal intensity in these regions can be seen in the T1-weighted image (C.1).
hite matter; PD, proton density; WMSA, white matter signal abnormality. (For inter-
version of this article.)



Table 1
Demographics for the 4 diagnostic groups

Older controls (OC) Mild cognitive impairment
nonconverters (MCI-NC)

Mild cognitive impairment
converters (MCI-C)

Alzheimer’s disease (AD)

Number of subjects 104 116 115 124
Age (y), mean (SD) 76.6 (5.8) 75.6 (6.8) 75.2 (6.9) 77.0 (5.7)
Sex (% male) 50 62.93 55.65 50.81
Years of education, mean (SD) 15.9 (2.7)a 15.7 (3.2)a 15.7 (3.0) 14.7 (3.1)
MMSE score, mean (SD) 29.1 (0.9)b 27.1 (1.8) 26.5 (1.7) 23.2 (2.0)b

History of hypertension (% of total) 42.31 47.41 50.43 46.77
History of hypercholesterolemia (% of total) 11.54 13.79 13.04 16.94
History of endocrine-metabolic disorder (% of total) 40.38 31.90 39.13 47.58

Key: MMSE, Mini-Mental State Examination; SD, standard deviation.
a Significantly different from AD, p < 0.05.
b Significantly different from MCI-C, p < 0.05.
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manual and automatic WMSA labels was quantified using the Dice
coefficient:

Dice ¼ 2� jAXBj
jAj þ jBj (2)

where, A corresponds to the set of voxels labeled by the manual
rater, and B corresponds to the voxels labeled by the automatic
procedure.

Low Dice scores were predominantly because of voxels being
labeled as WMSA by the automated procedure that were not
labeled by the manual rater (i.e., putative FPs Fig. 2C.4). On closer
visual inspection, these FP did not appear to be healthy WM; yet,
theywere not labeled asWMSA by themanual rater. This motivated
a second validation procedure to determine whether the voxels
labeled WMSA by the automated procedure, but not by the manual
rater, were indeed different from NAWM. The basic idea is that, if
these voxels are truly healthy, then they should appear healthy in
future time points and should not progress like WMSAs. To test our
hypothesis, we identified FP voxels and extracted their T1/T2/PD
intensity profiles at baseline (the time of manual labeling) as well as
at 6 and 12 months post labeling, for a total of 9 intensity values for
each FP voxel. The mean T1/T2/PD intensities of NAWM at baseline
were also calculated. For each FP voxel, the mean baseline NAWM
intensity was subtracted from each of the 3 time points, for a total of
9 FPeNAWM difference values. A 1-sample t test was then per-
formed with the 9 values for each voxel, with the null hypothesis
that these values came from a 0 mean distribution, and were
therefore not significantly different from NAWM. All voxels
resulting with p < 0.01 were used as new “true positives” in the
recalculation of an updated Dice score.

We note that, the purpose of this longitudinal validationmethod
is to demonstrate the cross-sectional validity of the automatic
Table 2
Dice coefficients between all WMSAs labeled by automatic procedure and human
rater for 9 data sets with manual labels available (column 2); percent of FPs whose
longitudinal NAWM-subtracted intensities resulted in a p-value <0.01 with a 1-
sample t test (column 3); updated Dice coefficients using significant FP voxels as
new true positives (column 4)

Subject Dice coefficient % FPs with p < 0.01 Updated Dice coefficient

1 0.7897 82.4 0.8741
2 0.7008 81.95 0.9260
3 0.7368 81.93 0.9186
4 0.6934 74.32 0.8840
5 0.1613 83.32 0.9086
6 0.7180 65.63 0.8913
7 0.6691 64.16 0.7887
8 0.5916 71.38 0.8891
9 0.7033 78.09 0.9053

Key: FPs, false positives; NAWM, normal-appearing white matter; WMSAs, white
matter signal abnormalities.
segmentation tool, and longitudinal data is not necessary for ac-
curate WMSA segmentation. Additionally, for all clinical analyses in
this study only automatic segmentations were used, not manual
labels.

2.7. Statistical analyses

All statistical analyses were conducted in MATLAB version
R2013b (2013). Cross-sectional analyses with age, years of educa-
tion, Mini-Mental State Examination, and baseline WMSA volume
were conducted using a 1-way analysis of variance (ANOVA) with
follow-up Tukey tests in cases where the ANOVA resulted in a
significant group difference. Cross-sectional group differences in
sex, history of hypertension, hypercholesterolemia, and history of
endocrine-metabolic disorders were determined using a c2 test.
Tests for group differences in WMSAwere subsequently controlled
for the effects of all other demographic variables.

For each time point of theMCI-C v. MCI-NC longitudinal analyses
of WMSA volume, WMSA quality, and hippocampal volume, a 2-
sample t test was conducted to determine if there existed a differ-
ence between the 2 groups. Next, for each set of 3 consecutive time
points (1 year), a repeated-measures ANOVA was conducted to
determine if there was a significant difference between groups in
the rate of change in the variable of interest.

3. Results

3.1. Group demographics

The 4 groups (OC, MCI-NC, MCI-C, and AD) did not differ
significantly in age, sex distribution, history of hypertension, hy-
percholesterolemia, or endocrine-metabolic disorder, but there
existed a significant difference in years of education between AD
and MCI-NC as well as between AD and OC (p < 0.05) (Table 1). As
expected, significant differences in Mini-Mental State Examination
score existed between AD, OC, and MCI groups but not between the
MCI-C and MCI-NC (p < 0.05). Distribution of sex, history of hy-
pertension, history of hypercholesterolemia, and history of
endocrine-metabolic disorder did not differ between groups.
Although data presented in this study comprise only a subset of all
available ADNI-1 data, this subset did not differ significantly from
the overall ADNI-1 cohort in terms of age, sex, years of education,
history of hypertension, history of hypercholesterolemia, history of
endocrine-metabolic disorder, or cognitive scores (data not shown).

3.2. Baseline WMSA volume group findings

WMSA volume was evaluated both as an absolute number and
as a ratio of total WM volume. Total WMSA was significantly
different across the 4 groups (p < 0.0001) as was total WMSA/total
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WM (p < 0.0001) (Fig. 3). These results remained at their signifi-
cance levels after controlling for all demographic variables in
Table 1. Total WM did not differ between groups (including be-
tween MCI-C and MCI-NC). Post hoc Tukey tests demonstrated that
OC, MCI-NC, and MCI-C had significantly lower values compared
with AD for both WMSA measures.

3.3. Longitudinal WMSA volume findings in MCI-C and MCI-NC

We next examined whether WMSA volume differed between
MCI-C and MCI-NC across the time frame 36 months before MCI-C
conversion to AD until 18 months after conversion. Volume was
measured both in raw mm3 units, as well as a ratio of WMSA vol-
ume to total WM volume. The time courses of these 2 measure-
ments were extremely similar and so only the ratio of WMSA
volume to total WM is shown in Fig. 4.

No single time point demonstrated a significant difference in
volume or ratio betweenMCI-C and MCI-NC, but there was a trend-
level difference at 18 months and at 30 months (p ¼ 0.07). Addi-
tionally, no consecutive 3 time points demonstrated a significant
difference in rate of growth.We note, however, that of the 32MCI-C
individuals depicted at time point 48 months, 18 individuals actu-
ally had an increase in volume ratio from 42 months, and we
attribute the dip in Fig. 4 to a loss of data from individuals with the
highest ratios at time point 42 months.

3.4. Longitudinal hippocampal volume findings in MCI-C and
MCI-NC

As hippocampal volume is a known marker of AD, we analyzed
its volumetric trajectory in both MCI-C and MCI-NC for a compar-
ison to WMSA trajectories. Hippocampal volume measurements
Fig. 3. Cross-sectional group differences in total WMSA volume and WMSA to total WM volu
are standard error of the mean. Abbreviations: AD, Alzheimer’s disease; MCI-C, mild cognitiv
controls; WM, white matter; WMSA, white matter signal abnormality.
were corrected for total intracranial volume and were produced
automatically by FreeSurfer with no manual intervention. These
time courses are demonstrated in Fig. 5. Hippocampal volume was
significantly different at 12 and 18 months (p < 0.05) and at all
consecutive time points until 48 months (p < 0.001). A significant
difference in the rate of hippocampal volume change was observed
between 30 months and 42 months (p < 0.01).

3.5. Longitudinal WMSA quality findings in MCI-C and MCI-NC

For subjects in the longitudinal group, WM damage expanded
outward from an initial lesion over a 3-year period. This expansion
consisted of the progression of NAWM toWMSA, generally in voxels
that neighbored an existing lesion. To analyze the qualitative
changes of WMSAs over time, we tracked 2 different sets of voxels:
(1) voxels that started out as WMSA in each individual’s first
scanning session (enduring WMSA) and (2) voxels that started out
as NAWM in the first scanning session but progressed to WMSA by
the end of the individual’s enrollment in ADNI (incident WMSA).
Voxels that remained NAWM from the first scanning session
through the last scanning session were also isolated (enduring
NAWM), and their baseline T1/T2/PD values alonewere extracted as
a reference NAWM distribution with which to calculate MD values
for the 2 WMSA groups. Both WMSA sets were followed over time,
and at every available time point the mean MD of these voxels to
the reference NAWM distribution was calculated. The time courses
of these changes in enduring WMSA MD and incident WMSA MD
are depicted in Fig. 6.

The MD of enduring WMSA from enduring NAWM was signifi-
cantly different between groups at the point of AD conversion and
at 42 months (p < 0.01) as well as at 48 months (p < 0.05). A sig-
nificant difference between groups in the rate of enduring WMSA
me ratio. **Significantly different from OC, MCI-NC, and MCI-C (p < 0.0001). Error bars
e impairment converters; MCI-NC, mild cognitive impairment nonconverters; OC, older



Fig. 4. Time courses of WMSA to total WM volume ratio in MCI-C and MCI-NC in-
dividuals. Error bars are standard error of the mean. Red vertical line indicates time of
Alzheimer’s disease conversion in MCI-C group. Abbreviations: MCI-C, mild cognitive
impairment converters; MCI-NC, mild cognitive impairment nonconverters; WM,
white matter; WMSA, white matter signal abnormality. (For interpretation of the ref-
erences to color in this figure legend, the reader is referred to the Web version of this
article.)
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MD change was observed between 18 months and 30 months (p <

0.05), between 24 months and AD conversion (p < 0.05), and be-
tween 30 months and 42 months (p < 0.001). The MD of incident
WMSA from enduring NAWM was significantly different between
groups at the point of AD conversion, at 42 months and at
54 months (p < 0.05). A significant difference in the rate of MD
change in incident WMSA was observed between 24 months and
AD conversion (p < 0.05) as well as between 30 months and
42 months (p < 0.01).

We note that, the T1/T2/PD trajectory of change in both NAWM
and WMSA is generally consistent within subject; that is, the
compression of the intensity vector into a single MD value does not
exaggerate differences between NAWM and WMSA.
Fig. 5. Time courses of hippocampal volume change in MCI-NC and MCI-C individuals.
**Significant interaction in rate of change (p < 0.01). Error bars are standard error of
the mean. Red vertical line indicates time of Alzheimer’s disease conversion in MCI-C
group. Abbreviations: MCI-C, mild cognitive impairment converters; MCI-NC, mild
cognitive impairment nonconverters. (For interpretation of the references to color in
this figure legend, the reader is referred to the Web version of this article.)
3.6. Manual label agreements

The Dice coefficients between manual and automated labels are
reported in Table 2. There was variation in the overlap across sub-
jects. A 1-sample t test was used to compare FP voxels over time to
baseline NAWM as described in the Section 2. Under the assump-
tion that these voxels truly were NAWM and were mislabeled by
the automatic segmentation, the null hypothesis was that the in-
tensity differences of these voxels from baseline NAWM would
resemble values from a zero-mean distribution. Table 2 also shows
the percent of all FP voxels whose intensity difference from NAWM
intensities remained significant at p < 0.01, indicating a true dif-
ference from NAWM. These significant voxels were then relabeled
as “true positives” and a new Dice coefficient was calculated,
resulting in a substantial improvement for many subjects.

4. Discussion

Several prior studies have demonstrated increased WM lesion
burden in individuals with AD compared with cognitively healthy
matched individuals (Barber et al., 1999; Bowen et al., 1990; Tanabe
et al., 1997; Yoshita et al., 2006), as well as between individuals with
MCI and healthy individuals (Silbert et al., 2012). To date, however,
it is unclear if this burden is a simple comorbidity due to vascular
disease or if there is an AD-related pathophysiological process
within the WM tracts. We employ MD as a novel image quantifi-
cation procedure to demonstrate that, although WM lesions do not
differ at baseline, there is a difference in the trajectory of lesion
progression and accumulation in individuals with MCI that convert
to AD compared with MCI that do not convert. We additionally
show that the progression of healthy WM to damaged WM dem-
onstrates a distinct temporal dynamic synchronized to the period
just before conversion to a clinical diagnosis of AD, with greater
deviation from normal T1, T2, and PD intensities based on MD,
suggesting that this change may be a direct determinant of this
conversion. The associations that we present between these labels
and clinical profiles indicate that there are subtle changes in the
WM that can be detected on MRI before a diagnosis of AD. These
data may even suggest that WMSA progression is a robust
component of the conversion from MCI to AD. The significant in-
crease in WMSA volume in individuals with an AD diagnosis pro-
vides additional support for this interpretation. Finally, we
implement a novel tool that has the capability of automatically
identifying WMSAs in the context of a whole-brain segmentation
procedure, and this tool will be made available in a future public
release of FreeSurfer.

Many biological indicators have been proposed for tracking AD
progression (Jack et al., 2013), yet little attention has been given to
the use of WMSAs as a predictive tool. Furthermore, the only
structural measures that have been robustly indicated as a predictor
of AD development thus far have been hippocampal and entorhinal
volumes (Convit et al., 1997; Dickerson et al., 2001; Gosche et al.,
2002; Jack et al., 1999; Schuff et al., 2009; Shi et al., 2009). We
believe that the longitudinal information presented here in the
context of MCI may be critical to understanding the biological dif-
ferences between individuals with MCI that are subsequently
diagnosed with AD and those who are not. To describe our findings,
we present the new predictive model depicted in Fig. 7. This model
contains several key components that differentiate MCI-C in-
dividuals from MCI-NC individuals. First, the data in Fig. 6 suggest
that the rate at which WM tissue becomes damaged differs be-
tween the 2 groups during a time frame that begins roughly around
18 months before MCI conversion to AD. We capture this in our
model by showing the MCI-NC damage profiles as a slow progres-
sion and the MCI-C individuals exhibiting a steeper slope starting



Fig. 6. Time courses of enduring WMSA MD from enduring NAWM (top) and incident WMSA from enduring NAWM (bottom) in MCI-NC and MCI-C individuals. *Significant
interaction (p < 0.05), **p < 0.01, ***p < 0.0001. Error bars are standard error of the mean. Red vertical lines indicate time of AD conversion in MCI-C group. Abbreviations: MCI-C,
mild cognitive impairment converters; MCI-NC, mild cognitive impairment nonconverters; MD, Mahalanobis distance; NAWM, normal-appearing white matter; WMSA, white
matter signal abnormality. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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18 months before AD onset. We demonstrated in Fig. 6 that this
difference in trajectory can be seen both in enduring WMSAs as
well as in incident WMSAs which are classified as NAWM at an
individual’s baseline scan. Our model also indicates where the
meanMD ofWMSAvoxels becomes higher in the MCI-C group than
the MCI-NC at the point of MCI-C conversion to AD. These results
may indicate differing pathophysiological processes in the WM in
MCI-C compared with MCI-NC.

The second critical component of this model is the increase in
WMSA volume that occurs in the MCI-C group relative to the MCI-
NC group after MCI-C conversion to AD. Fig. 4 demonstrates that as
a percent of total WM, differences in WMSA volume demonstrate
only trend-level significance before MCI-C conversion to AD. In our
cross-sectional analyses, shown in Fig. 3, individuals with AD show
a significant increase in WMSA volume from individuals with MCI.
This is consistent with previous reports in which AD individuals
show higher levels of WMSAs than either subjects with MCI or
healthy controls (Canu et al., 2012; Pievani et al., 2010; Tanabe et al.,
1997; Xie et al., 2006). Although we see a difference in WMSA
volume in our cross-sectional analysis between AD and MCI-C in-
dividuals, we do not see where this change becomes significant in
the MCI-C cohort in the longitudinal analysis. We speculate that the
increase in WMSAvolume occurs gradually after the onset of AD, as
the AD individuals in the ADNI cohort have had a clinical diagnosis
of AD for a varying number of years. It is possible that a significant
difference in WMSA volume is not present until 3 or more years
after AD conversion, and our findings suggest that a change in
WMSA quality precedes a change in WMSA quantity. We addi-
tionally note that, volume measurements are likely to be noisier
than quality measurements (MD) in the WM as volume can change
with basic physiological properties such as hydration level.

We compare our longitudinal WMSA findings to longitudinal
hippocampal volumemeasures, a knownmarker of AD, in the same
MCI-C and MCI-NC individuals. Conflicting evidence has been pre-
sented about when a significant difference in hippocampal volume
can be seen between these 2 groups before MCI-C conversion to AD
(Dickerson et al., 2001; Shi et al., 2009). Others have demonstrated
that the combination of hippocampal atrophy and WMSA burden
can differentiate between different subtypes of MCI (van de Pol
et al., 2009), and furthermore that both of these changes are
associated with brain hypoperfusion inMCI (Caroli et al., 2007). Our
findings indicate that a difference in hippocampal volume can be
seen 24 months before MCI-C conversion to AD. A significant group
difference in the rate of hippocampal volume decline is not seen
until 6 months before AD conversion, which is when the greatest
change in rate of WMSA quality progression is seen. We interpret
this finding to mean that some triggering event for hippocampal
volume decrease in those with MCI on a trajectory to AD occurs >3
years before AD onset, and a second event potentially occurs
6 months before AD onset in the MCI-C cohort, as seen in Fig. 5. As
this second event is timed to the change in WMSA progression rate
as well as MCI-C conversion to AD, we speculate that these different
biological indicators are both important to AD, and future work will
attempt to determine whether these events are independent or
related to one another.

Previous studies have demonstrated there is an association
between WMSA burden and the rate of cognitive decline in MCI and
AD individuals (Smith et al., 2008; Tosto et al., 2014;Wolf et al., 2000).



Fig. 7. Hypothetical model of the trajectories of WM damage progression over the course of MCI development in populations that do and do not convert to AD. The width of each
bounded region corresponds to the percent of the total WM that is damaged (WMSA to total WM volume). The dashed line in the middle of each region corresponds to the mean MD
of all WMSAs from NAWM (degree of damage within lesions). At 18 months before AD conversion, the MCI-C group exhibits a faster increase in WMSA development than the MCI-
NC group. After AD conversion in the MCI-C group, volume differences start to be seen between the groups, and the MCI-C group exhibits a larger volume increase. Abbreviations:
AD, Alzheimer’s disease; MCI-C, mild cognitive impairment converters; MCI-NC, mild cognitive impairment nonconverters; MD, Mahalanobis distance; NAWM, normal-appearing
white matter; WM, white matter; WMSA, white matter signal abnormality.

E.R. Lindemer et al. / Neurobiology of Aging 36 (2015) 2447e2457 2455
Additionally, the notion of differing levels of WM damage (Maillard
et al., 2013), particularly a penumbra encircling a central damage
region, have been addressed before (Maillard et al., 2014;
Viswanathan, 2014), and there is an extensive body of literature of
the heterogeneous histological profiles of WM lesions that appear
similar on MRI (Erten-Lyons et al., 2013; Gouw et al., 2011; Young
et al., 2008). Taken together, these studies suggest that WMSAs
containmore information than just their overall volume, and that the
subtle heterogeneities within lesions may provide further informa-
tion to help differentiate between clinical populations. Our findings
regarding the group differences in WMSA progression profiles indi-
cate that different biological processes may be at play. Differences in
cerebrovascular integrity may help to explain these differences in
WM damage progression, and this issue has gained increasing in-
terest in the AD community (Barker et al., 2014; Iadecola, 2013;
Pettersen et al., 2008). WMSAs have long been used as an indirect
marker of small-vessel disruption (Huang et al., 2010; Pantoni, 2010;
Topakian et al., 2010), and it is possible that the differences in damage
progression rate that occur before AD conversion are linked to dif-
ferences in small-vessel vulnerability to damage. There is also evi-
dence that WM damage burden is related to future amyloid
accumulation (Grimmer et al., 2012; Gurol et al., 2006) as well as
neurofibrillary tangles (Erten-Lyons et al., 2013), both of which are
classic markers of AD. These are particularly novel findings in that
they present the possibility that between MCI-C and MCI-NC in-
dividuals, different biological processes may occur at the sub-voxel
level before clinical symptoms of AD are present, and may be valu-
able as a prognostic tool or as a marker of therapeutic intervention
efficacy.

One of the main sources of difficulty in validating any automatic
segmentation tool forWMSAs lies in the lack of a true gold standard
for comparison. Manual labeling of WMSAs suffers from low inter-
rater and intrarater reliability. Dice coefficients can vary widely
between subjects in the same study, as well as across studies with
different manual raters (van Straaten et al., 2006). Additionally,
because the Dice coefficient is defined by true positives, false
negatives, and FPs, 2 individuals with the same number of erro-
neous labels may have very different scores, depending on the
amount of true lesion as defined by a manual labeler (i.e., subjects
with much larger lesion loads will tend to have significantly higher
Dice scores). The Dice coefficients calculated for our data indicate
high precision for some subjects, but low precision for others as
compared with manual labels. This phenomenon is common in the
literature (Cerasa et al., 2012; García-Lorenzo et al., 2008, 2009),
and we attempted to investigate the validity of our FPs, which were
the major cause of low Dice values, with longitudinal data. Our
results suggest that while a manual labeler may not have recog-
nized these voxels as lesions, they contain subtle intensity infor-
mation that differentiates them from truly NAWM, and can be
followed in time to show more profound differences. By following
an initial time point’s FPs voxels longitudinally, we show compel-
ling evidence that our technique is actually more sensitive to
detecting WMSAs than a human rater. We suggest from these
findings and the difficulty in manual labeling that future WMSA
segmentation procedures be compared with quantitative gold
standards derived from signal properties in addition to manual
confirmatory procedures.

Future work will better characterize the damage reported here
with the use of high-resolution structural sequences. Additionally,
the WMSA labeling procedure was developed specifically for these
combined image types (T1/T2/PD), which limited the number of
ADNI data sets available for WMSA labeling and longitudinal
analysis. We are currently extending the procedures described here
to be more generalizable to a range of imaging data as well as more
quantitative output describing the degree of abnormality from
NAWM. Moreover, how MD properties relate to other imaging
markers or histological properties is unknown, and this is the focus
of ongoing research. Future research will also focus on regionally
specific changes in WMSA quality over time, as the current findings
are limited to whole-brain analyses and do not specify whether or
not these changes are driven by specific types of WMSA, namely
periventricular lesions. Additionally, this method of analyzing
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WMSA is limited clinically, in that it cannot be used to diagnose a
single subject as other methods can (Sheltens et al., 1992). Future
work will be directed toward this goal by analyzing WMSA quality
with respect to other clinical biomarkers for AD such as Pittsburgh
compound B status seen in positron emission tomography. Despite
any limitations, this work demonstrates the utility of the developed
automated WMSA labeling tool in clinical assessment and dem-
onstrates potentially novel mechanisms governing the conversion
of MCI to AD. It is important to note that “conversion” as defined
clinically has some ambiguity and does not occur at 1 precise time.
The changes that we measure occur along a continuum that pre-
dates the actual conversion period and extends beyond, and
therefore, we use the conversion point as a guideline for when
clinical change is apparent.
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