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Background. The evaluation of effective disease-modifying therapies for neurodegenerative disorders relies on objec-
tive and accurate measures of progression in at-risk individuals. Here we used a computational approach to identify
a functional brain network associated with the progression of preclinical Huntington’s disease (HD).

Methods. Twelve premanifest HD mutation carriers were scanned with [18F]-fluorodeoxyglucose PET to measure
cerebral metabolic activity at baseline and again at 1.5, 4, and 7 years. At each time point, the subjects were also
scanned with [1!C]-raclopride PET and structural MRI to measure concurrent declines in caudate/putamen D, neu-
roreceptor binding and tissue volume. The rate of metabolic network progression in this cohort was compared with
the corresponding estimate obtained in a separate group of 21 premanifest HD carriers who were scanned twice over
a 2-year period.

Results. In the original premanifest cohort, network analysis disclosed a significant spatial covariance pattern char-
acterized by progressive changes in striato-thalamic and cortical metabolic activity. In these subjects, network activ-
ity increased linearly over 7 years and was not influenced by intercurrent phenoconversion. The rate of network
progression was nearly identical when measured in the validation sample. Network activity progressed at approxi-
mately twice the rate of single region measurements from the same subjects.

Conclusion. Metabolic network measurements provide a sensitive means of quantitatively evaluating disease progres-
sion in premanifest individuals. This approach may be incorporated into clinical trials to assess disease-modifying

agents.

Trial registration. Registration is not required for observational studies.

Funding. NIH (National Institute of Neurological Disorders and Stroke, National Institute of Biomedical Imaging

and Bioengineering) and CHDI Foundation Inc.

Introduction

The identification of objective and accurate biomarkers of dis-
ease progression will help expedite the evaluation of effective
disease-modifying therapies for neurodegenerative disorders.
Brain imaging provides one such opportunity through the
characterization of large-scale networks associated with the
specific disease process (1-4). To date, disease-related brain
networks have been identified mainly by analyzing functional
imaging data from clinically affected individuals who vary in
the duration and severity of symptoms (1, 4, 5). Nonetheless,
few approaches have been developed to isolate specifically those
networks that relate to the progression of the underlying pro-
cess. Such networks are particularly relevant to the study of “at-
risk” individuals, in whom consistent clinical manifestations of
the disease have yet to appear. Indeed, accurate determination
of the preclinical progression rate is crucial for the evaluation
of interventions designed to delay, or altogether prevent, the
onset of symptoms.
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Huntington’s disease (HD) is an inherited neurodegenerative
disorder characterized by progressive impairments in motor, cog-
nitive, and affective functions. Because it is an autosomal domi-
nant disorder with near 100% penetrance, offspring of affected
individuals can be tested for the presence of unstable CAG
expansions in the gene encoding the huntingtin protein years
before the onset of clinical symptoms. This presents an unusual
opportunity to use brain imaging to identify a potential progres-
sion biomarker in premanifest carriers of this mutation, which
would greatly facilitate the development of disease-modifying
therapies for this illness.

Clinical rating scales, such as the Unified Huntington’s Dis-
ease Rating Scale (UHDRS), are currently the “gold standard”
for assessing HD severity. However, such measures are insensitive
to disease progression in the preclinical period as well as during
symptom onset. Alternatively, imaging tools such as [!'C]-raclo-
pride with PET (to measure reductions in binding to caudate and
putamen dopamine D, neuroreceptors) and volumetric MRI (to
assess tissue loss in these brain areas) have been used to determine
the rate of disease progression in at-risk individuals (6). That
said, in vivo measurements of neurodegeneration in single brain
regions provide scant information concerning the broader func-
tional topography of the underlying disease process (7, 8).
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Figure 1

Flow diagram illustrating the design of the study. 109 participants (47 HD gene carriers and 62 age-matched healthy control [HC] subjects)
were enrolled. A metabolic progression pattern was identified from the FDG PET scans obtained in a longitudinal cohort (HD1) comprising 12
premanifest HD carriers. Pattern expression was prospectively validated in a crosssectional validation cohort (HD2) comprising 9 premanifest
carriers (for the evaluation of test-retest reliability) and 5 early-stage symptomatic HD subjects. The rate of network progression was validated in
an independent longitudinal cohort (HD3) comprising 21 premanifest carriers. Metabolic network values were computed in a control group (HC1)
comprising 12 healthy subjects and were used to standardize pattern expression in each subject. A second control group (HC2) comprising 20
healthy subjects was used to prospectively evaluate pattern expression in gene-negative individuals. A volume-loss progression pattern was iden-
tified in the structural MRI scans obtained in the longitudinal HD1 subjects. Progression rates for this pattern were assessed in both the HD1 and
HD3 longitudinal cohorts. Individual scores of the volume-loss pattern were standardized with reference to values computed from a control group
(HC4) comprising 18 healthy subjects. In the longitudinal HD1 cohort, the rates of network progression were compared with analogous regional
measurements obtained in the caudate and putamen with [''C]-raclopride (RAC) PET (D- receptor binding) and structural MRI (tissue volume).
These regional values were standardized with reference to the corresponding HC3 (comprising 12 healthy subjects) and HC4 control groups.

Network analysis has been increasingly applied to rest-state
brain imaging data to identify and measure the expression of
characteristic spatial covariance patterns in patients with neuro-
degenerative disorders (1,4, 5,9). In an earlier crosssectional analy-
sis of metabolic images from premanifest HD mutation carriers
and healthy control subjects, we reported a reproducible disease-
related topography that discriminated between the 2 groups (10).
Nonetheless, the expression of this pattern in gene carriers did not
change consistently over time, thus limiting its utility as a network
biomarker of preclinical disease progression. Recently, however, a
spatial covariance algorithm has been developed for longitudi-
nal imaging applications (11). By searching for functional brain
networks with monotonically changing expression over time, this
approach can be used to identify significant progression-related
covariance topographies in disease populations. Once validated,
such networks can be used to quantify the rate of progression of a
neurodegenerative process at the systems level. This strategy can
also be applied to assess rates of progression in at-risk individuals,
such as presymptomatic carriers of disease mutations.
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In the current study, we demonstrate the feasibility of this net-
work-based approach by using longitudinal metabolic imaging
data from premanifest HD carriers to identify and prospectively
validate a distinct spatial covariance pattern associated with the
underlying disease progression. Changes in pattern expression
over time were used to quantify the rate of progression in the
preclinical period, which was then confirmed in an independent
cohort of at-risk individuals.

Results

The HD metabolic progression pattern

Pattern identification. In this study, we posited that as a fully pen-
etrant, dominantly inherited neurodegenerative disorder, preclini-
cal HD is likely to exhibit consistent subject-by-subject changes
in network activity over time. To examine this proposition, we
analyzed longitudinal metabolic imaging data from a group of
12 premanifest mutation carriers (designated HD1; Figure 1 and
Supplemental Table 1; supplemental material available online
Volume 123~ Number 9
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Figure 2

HD metabolic progression pattern. (A) This spatial covariance pattern was characterized by areas of declining (blue) and increasing (red) meta-
bolic activity over time. The pattern is displayed as a reliability map of voxel weights thresholded at z =2.33, P < 0.01 (1-tailed), using a bootstrap
resampling procedure (ICV range = —6.02, 5.63, P < 0.0001; 1,000 iterations). (B) All premanifest HD1 subjects exhibited a monotonic increase
in pattern expression (P < 0.001; permutation test) across the first 3 time points. (C) In the HD1 longitudinal cohort, pattern expression increased
linearly with disease progression (P < 0.0001; IGM) at an estimated progression rate of 0.21/year (95% Cl = 0.15, 0.27). Values from the 5 early
symptomatic members of the HD2 testing cohort (yellow triangles) are provided for reference. (D) In the HD3 longitudinal testing cohort, pattern
expression exhibited a similar linear increase with advancing disease (P < 0.0001; IGM) at a nearly identical rate of 0.19/year (95% Cl = 0.11, 0.26).
The longitudinal data from each subject are connected by lines. Red lines denote the initially premanifest HD1 subjects who subsequently pheno-
converted (i.e., were clinically diagnosed as HD); blue lines denote their counterparts who did not phenoconvert during the study. Values before
and after phenoconversion are represented by open and filled symbols. The horizontal broken line represents the mean (equal to 0) of the HC1
healthy control group; the dotted lines represent 2 SD above and below the normal mean. In C and D, the solid lines represent the best model-

fitted lines with a 95% CI (broken curves).

with this article; doi:10.1172/JCI69411DS1) using a special com-
putational algorithm (11) designed to detect patterns of regional
functional connectivity (i.e., brain networks) with monotonically
changing expression over time (the details of this procedure for
pattern discovery and validation are provided in Methods). Analy-
sis of ['8F]-fluorodeoxyglucose (FDG) PET scans acquired at base-
line, 1.5, and 4 years revealed a significant metabolic progression
pattern (Figure 2A) that accounted for 9.7% of the overall variance.
This network (Table 1) was characterized by declining metabolic
activity in the caudate, putamen, thalamus, insula, and posterior
cingulate gyrus, and in the prefrontal and occipital cortex, associ-
ated with covarying increases in the cerebellum, pons, hippocam-
pus, and orbitofrontal cortex.

This metabolic network was quantified by computing subject
scores (i.e., pattern expression) in the individual scans that the
derivation set comprised (used to identify the network) and pro-
spectively in the scans the various testing sets comprised (used to
validate the network) (Figure 1). The resulting values for each sub-
ject and time point were standardized by z transformation to cor-
responding subject scores computed in the scans from the healthy
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control (HC1) reference cohort (Supplemental Table 1). In this
way, these measures assayed the degree to which network activ-
ity deviated from normal in each subject and time point. Without
exception, each of the 12 premanifest subjects in the HD1 cohort
(Figure 2B) exhibited monotonic increases in pattern expression
over time (P < 0.001, permutation test). Pattern expression at each
time point was elevated in this group relative to the 12 neurologi-
cally normal subjects of the HC1 healthy control group (baseline:
P <0.05; 1.5 year: P=0.001; 4 year: P < 0.001; Student’s ¢ tests). Of
note, this covariance pattern was specified by the significant ordi-
nal trend in subject expression that was present over time in the
individual HD1 gene carriers, without requiring or using descrip-
tors such as age, CAG repeat length, or disease burden indices,
such as the predicted years to onset (YTO) (an empirical estimate
of the time remaining until phenoconversion based on a subject’s
age and CAG repeat length; ref. 12). Likewise, demographic and
imaging data from healthy subjects were not employed in the iden-
tification of the progression-related metabolic pattern. Although
the network was derived entirely from the imaging data acquired
in the gene carriers without regard to genotypic descriptors or
Number 9
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Table 1

Regions with significant loadings on the HD metabolic progression pattern

Coordinates?

Brain region X y z
Declining activity

Caudate/putamen 10 12 10
Thalamus (mediodorsal) -2 -16 6
Posterior cingulate (BA 23/30/31) 4 44 18
Prefrontal (BA 9/8) lateral 32 40 30
Prefrontal (BA 9/8) medial 2 50 40
Insula -40 10 -8
Medial occipital (BA 17/18) left 10 -92 0
Medial occipital (BA 17/18) right -10 -74 -2
Increasing activity

Cerebellum, hemisphere, lobule VIII-IXF 26 -46 -50
Pons -2 -24 -40
Temporal (BA 37/38) left —26 -6 -34
Temporal (BA 37/38) right 42 14 -38
Orbitofrontal (BA 11) -6 22 -26
Lateral occipital (BA 19) 48 —-66 2
Hippocampus 34 —28 -14

AMontreal Neurological Institute (MNI) standard space (35). BRegions with significant load-
ings on the metabolic progression pattern. Z values at peak voxel are given for each region
(°P < 0.001; PP < 0.05; EP < 0.01). Additionally, the weights on each of the regions were

found to be reliable on bootstrap estimation (P < 0.001; 1,000 iterations). FAccording to the

Atlas of Schmahmann (36). BA, Brodmann area.

age, post hoc analysis revealed significant correlations (r > 0.70,
P < 0.05) between pattern expression values and the YTO at each
time point (Supplemental Figure 1, A-C). This suggests an associa-
tion between network activity and individual subject differences in
measures of disease burden.

Pattern validation. Nine HD1 subjects returned for final imaging
assessment at 7 years, by which time 4 had phenoconverted, i.e.,
received a clinically definite diagnosis of HD by an experienced
movement disorders specialist. Pattern expression was computed
on a prospective single-case basis for these 9 subjects. Network
activity values at 7 years were significantly higher than at baseline
(P <0.001, paired Student’s t test) and were also elevated (P =0.001,
Student’s ¢ test) with respect to HC1 reference values. Of note, each
of the phenoconverted subjects exhibited substantial elevations in
network activity (>3 SD above the normal mean; range 3.6-6.3 SD)
at 7 years. As with the first 3 longitudinal time points, pattern
expression at the final time point correlated (r = 0.69, P < 0.05)
with predicted YTO (Supplemental Figure 1D).

We next validated the metabolic progression pattern in HD2, a
separate testing group comprising 14 gene carriers (9 premanifest

Figure 3

Measurements of the HD metabolic progression pattern expression:
test-retest reproducibility. Test-retest reproducibility was excellent
(intraclass correlation coefficient [ICC] = 0.96, P < 0.001) for metabolic
pattern expression values computed prospectively in the 9 premani-
fest HD2 subjects who underwent repeat FDG PET studies at 4 imag-
ing sites as part of the PREDICT-HD consortium. The line of identity
(dotted line) falls within the 95% CI (broken curves) of the test-retest
regression line (solid line). Data from the 4 imaging laboratories that
participated in the test-retest study are signified by color. Site 1: North
Shore University Hospital (n = 1); site 2: Indiana University (n = 2); site
3: University of lowa (n = 3); site 4: University of Toronto (n = 3).
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and S early symptomatic) (Figure 1 and Supplemental
Table 1). Each subject was scanned with FDG PET at
1 of 4 collaborative imaging sites (see Methods). We
also quantified pattern expression in HC2, a second

Zmax8 healthy control group comprising 20 age-matched

normal subjects. Prospectively computed network val-
—516¢ ues were elevated in the HD2 gene carriers (1.8 + 2.2,
—2.38D mean + SD) relative to HC2 (-0.1 £ 1.3) control sub-
-2 67E jects (P < 0.005, Student’s ¢ test). Moreover, values
—2.80F in the S early symptomatic HD2 subjects (mean
-2.64F 3.0yearsafter diagnosis) were elevated (range: 3.4-4.8 SD
-3.74° above the normal mean) to levels similar to those
_2'98E observed in the 7-year scans of the HD1 phenocon-
—2.82 verters (mean 4.5 years after diagnosis). Scans in the 9

premanifest HD2 subjects were repeated over a 3-week
2.190 interval to evaluate the test-retest reproducibility of
3.11E the pattern expression measure. Network values
2.35° computed in these premanifest carriers were highly
2'31E reproducible (intraclass correlation coefficient = 0.96,
gg;c P <0.001) on repeat measurements at multiple imaging
2:050 sites (Figure 3). As in the HD1 cohort, the premanifest

HD?2 carriers exhibited correlations between network
activity and predicted YTO in both the test (r = 0.65,
P =0.06) and retest (r = 0.72, P < 0.03) data (Supple-
mental Figure 1, E and F). Of note, pattern expression
in the HC2 control subjects did not differ from HC1
values (P = 0.76), confirming that pattern expression
is low or absent in subjects lacking the HD mutation.
Nodal analysis. The regional topography of the metabolic progres-
sion network was examined by post hoc analysis of the changes in
local activity at the major network nodes. Over time, regional activ-
ity declined in the caudate/putamen (P < 0.0001, repeated measures
ANOVA (RMANOVA); Figure 4A), mediodorsal thalamus (P < 0.005;
Figure 4B), insula (P < 0.0001), posterior cingulate cortex (P < 0.005)
as well as in the prefrontal (P < 0.0001; Figure 4C) and medial
occipital (P < 0.005) regions. Progressive increases in regional activ-
ity were present concurrently in the pons (P < 0.001; Figure 4D),
orbitofrontal cortex (P < 0.05), hippocampus (P < 0.01), and in the
temporal (P < 0.01) and lateral occipital (P < 0.005) cortices.

Measurement and confirmation of the network progression rate

After identifying a significant metabolic progression topography
in the HD1 data, we used individual growth modeling (IGM), a

7 1cc =0.96, P<0.001
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HD metabolic progression pattern: regional
changes. In the premanifest HD1 cohort, pro-
gressive declines (black lines) in regional met-
abolic activity (P < 0.005, RMANOVA) were
present in (A) the caudate nucleus and ante-
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who remained clinically premanifest at follow-up
(blue). Regional metabolic activity concurrently
increased in several regions (Table 1), including
(D) the pons (P < 0.001), in which the subse-
quent phenoconverters exhibited higher values
than their nonphenoconverting counterparts at
each time point. For each region, MNI coordi-
nates at the peak voxel are given in parenthe-
ses. The y axes denote regional metabolic activ-
ity ratio-normalized to the global mean. Error
bars represent 1 SE above or below the mean
of the HD subjects. The broken line represents
mean metabolic activity for the HC1 healthy
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statistical technique designed to assess longitudinal changes
occurring in individual subjects (13), to evaluate the changes in
pattern expression that were observed in the HD1 and HD3 lon-
gitudinal cohorts as a function of “disease time,” defined as the
estimated YTO for each subject. (For the 4 HD1 premanifest car-
riers who subsequently phenoconverted during the study, we used
the actual number of years until the clinical diagnosis of HD was
made.) The details of the IGM analyses that were performed are
provided in Methods.

A significant linear relationship was evident between increasing
network activity and declining time to phenoconversion (Figure 2C),
with an estimated progression rate of 0.21/year (P < 0.0001, 95%
CI =0.15, 0.27). To determine whether phenoconversion altered
the rate of network progression, we reanalyzed the data using only
the 8 HD1 premanifest carriers who did not phenoconvert (i.e., the
“nonphenoconverters”) over the course of the follow-up period.
The findings were very similar to those for the whole group, with a
highly significant rate of increase in pattern expression (Figure SA)
of 0.20/years (P = 0.001, 95% CI = 0.09, 0.31; IGM). Importantly for
the whole cohort as well as the nonphenoconverter subgroup, the
growth models rejected the possibility that network progression
was a nonlinear function of disease time (see Methods). Hence, the
results suggest that pattern expression progresses at a constant
rate in premanifest gene carriers, independently of the proximity
of an individual premanifest mutation carrier to clinical diagnosis.
Indeed, network values for the 5 early symptomatic HD2 subjects
(Figure 2C) fell close to the best-fit line for the HD1 longitudinal
data, compatible with a continuous linear trajectory spanning the
period of phenoconversion. In this vein, we also note that the meta-
bolic network increases observed in the individual HD1 subjects did
not correlate with concurrent changes in UHDRS motor ratings
(r=0.25, P =0.20, Bland-Altman within-subject correlation). This
is perhaps not surprising, given that the nonphenoconverters had
low UHDRS motor scores at baseline (2.5 + 2.5, mean + SD), which
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control group; the dotted lines represent 1 SE

4 7 above and below the normal mean.

Time (yr)

did not change over time (Supplemental Figure 2 and Supplemental
Table 2). This contrasted with the pattern expression measured con-
currently in the same subjects, which exhibited a significant increase
over the same time period (Figure SA).

To confirm the estimate of the progression rate, network activity
values were computed on an individual basis in metabolic scans
from a separate longitudinal cohort of gene carriers, designated
HD3 (Figure 1 and Supplemental Table 1). This group consisted
of 21 premanifest carriers scanned twice with FDG PET over a
period of 2.3 + 0.3 (mean + SD) years. None of these individuals
progressed clinically to receive a diagnosis of HD during this time
interval. As observed in the HD1 and HD2 groups, network activ-
ity in the HD3 subjects correlated with predicted YTO (r > 0.48,
P <0.03) at both time points (Supplemental Figure 1, G and H).
More importantly, a significant linear relationship (Figure 2D)
was present between increases in network activity and concurrent
changes in disease time in this testing group. The rate of network
progression estimated in this sample was 0.19/year (P < 0.0001,
95% CI=0.11,0.26), which was nearly identical to that determined
in the original HD1 cohort (0.21/year). Additionally, we note that
in the 2 longitudinal data sets, variability in pattern expression
declined as subjects neared phenoconversion. Thus, the reliability
of the network measure is likely to improve with the emergence
of clinical manifestations. In aggregate, these findings point to a
stable and reproducible rate of metabolic network progression in
premanifest HD subjects.

Network progression and volume loss

HD is associated with progressive volume loss in multiple brain
regions, even prior to symptom onset (14-16). Thus, the measured
rate of network progression may represent the effects of ongoing
atrophy in key nodal regions rather than metabolic dysfunction
per se. To determine whether this was indeed the case, we conduct-
ed a parallel spatial covariance analysis of longitudinal volumet-
Volume 123
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Longitudinal changes in preclinical HD progression markers: analysis of nonphenoconverters.
(A) In the nonphenoconverting HD1 subjects, pattern expression increased linearly with dis-
ease progression (P = 0.001; IGM) at an estimated rate of 0.20/year (95% Cl = 0.09, 0.31).
(B) Caudate D, receptor—binding values measured in the ["'C]-raclopride PET scans of the
nonphenoconverters exhibited a linear decline with advancing disease (—2.1% of normal
mean per year, P < 0.0001; IGM). (C) A similar decline was noted for concurrent MRI mea-
surements of caudate tissue volume in the same subjects (—1.5% of the normal mean per
year, P = 0.001; IGM). The solid line depicts the best fitted line with the corresponding 95% Cl
(broken curves). The dotted lines represent 2 SD above and below the normal mean (dot-
ted horizontal line) for each measure. In B and C, the individual data are represented as
percentage of the mean value for age-matched healthy controls. (D) The rate of increase
in the expression of the HD metabolic pattern (red) was greater (P < 0.001, IGM) than the
rates of decline measured for caudate D, receptor binding (light blue) and tissue volume
(dark blue). To compare network progression (increasing time course) with the correspond-
ing changes in the region-based measures (declining time course), the latter values were
flipped (i.e., reflected above the x axes) and plotted as absolute values (dotted lines). The
y axes represent the standard z-scale. The horizontal dotted line represents the normal
mean (equal to 0) for each parameter. The vertical dotted line represents the estimated time
of phenoconversion (i.e., when YTO was 0).

clinical medicine

between the metabolic and volume-loss progres-
sion topographies, a quantitative comparison
disclosed only a modest voxel-wise correlation
(R? = 0.14) between the regional loadings on the
2 patterns. Indeed, volume loss was present in
many regions not involved in the metabolic pro-
gression topography, such as the premotor cor-
tex, supplementary motor area, and precuneus.
Importantly, the metabolic progression pattern
was distinguished by areas of increasing activity
(Figure 2A) that were not present as part of the
volume-loss topography.

The differences between the metabolic and
volume-loss progression patterns were more
striking on analysis of the subject expression
data. First, in contrast with the metabolic
pattern, volume-loss pattern expression did
not correlate (P > 0.12) with the predicted
YTO at any of the HD1 time points. That
said, longitudinal analysis of the volumetric
MRI data from these subjects revealed a sig-
nificant linear relationship between increasing
volume-loss pattern expression and changes in
disease time (Figure 6C). The estimated rate
of progression for this pattern was 0.16/year
(P < 0.0001, 95% CI = 0.12, 0.21), which was
30% slower (P < 0.05, IGM) than for measure-
ments of metabolic pattern expression in the
same subjects (estimated difference in slope =
-0.063/year, 95% CI = -0.003, -0.123). Similar-
ly, mean subject expression of the volume-loss
pattern at phenoconversion (i.e., when predict-
ed YTO equals zero) was estimated to be 2.63,
which was lower (P = 0.005; IGM) than for its
metabolic counterpart (estimated difference
in Y-intercept = -1.47, 95% CI = -0.55, -2.39).
Indeed, in the 5 early symptomatic HD2 sub-
jects (Figure 6C), the mean expression of the
volume-loss pattern was lower (less abnormal)
than for the metabolic pattern (2.54 vs. 4.24,
P <0.004; Student’s ¢ test).

Of note, the volume-loss pattern was found
to be less generalizable when applied to pro-
spective data from independent groups of gene
carriers. Prospective computation of subject
scores for the volume-loss pattern in the longi-

ric MRI scans from the HD1 subjects. These scans were obtained
concurrently with FDG PET at each longitudinal time point. The
analysis disclosed a significant pattern of progressive regional vol-
ume loss in the subjects (Figure 6A) that accounted for 5.2% of
the overall variance. Similar to the metabolic pattern, a monotonic
increase in the expression of the volume-loss pattern (Figure 6B)
was evident in all subjects (P < 0.005, permutation test).

This pattern (Supplemental Table 3) was characterized by cova-
rying volume loss in the caudate, putamen, insula, and in the pre-
frontal and occipital cortical regions — areas found consistently
to exhibit atrophy in volumetric MRI studies of premanifest gene
carriers (14, 15). These regions, notably, were also distinguished by
declining functional activity as part of the HD metabolic progres-
sion pattern (Figure 2A). Nonetheless, despite qualitative similarities
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tudinal HD3 MRI data did not reveal significant correlations with
YTO values at the individual time points (P > 0.83) or between
changes in these variables over time (P = 0.40, Figure 6D). These
findings contrasted with the significant relationships noted above
(Figure 2D and Supplemental Figure 1, G and H) for the metabolic
pattern in the same subjects.

To directly evaluate the influence of volume loss on the meta-
bolic network progression rate, we included volume-loss pattern
expression as a covariate in the growth model. We found that the
relationship between increasing metabolic network activity and
declining YTO remained significant after adjusting for volume
loss at the network level (slope = 0.07/year, P = 0.01). These results
support the notion that progression in metabolic network activity
is not driven by concurrent volume loss.
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HD volume-loss progression pattern. (A) This spatial covariance pattern was characterized by progressive loss of tissue volume (blue) in several
brain regions (see text). The pattern is displayed as a reliability map thresholded at z = 2.33, P < 0.01 (1-tailed) using a bootstrap resampling
procedure (ICV =-8.78, 6.81, P < 0.0001; 1,000 iterations). (B) All premanifest HD1 subjects exhibited a monotonic increase in pattern expres-
sion (P < 0.005; permutation test) across the first 3 time points. (C) In the HD1 longitudinal cohort, pattern expression increased linearly with
disease progression (P < 0.0001; IGM) at a rate of 0.16/year (95% Cl = 0.12, 0.21). (D) In the HD3 cohort, however, longitudinal changes in the
expression of the volume-loss pattern were not significant (P = 0.40). Red lines denote the initially premanifest HD1 subjects who subsequently
phenoconverted. Blue lines denote their counterparts who did not phenoconvert by the end of the study. Post-phenoconversion values are rep-
resented by filled symbols. The horizontal broken line represents the mean (equal to 0) for the healthy control group; the dotted lines represent
2 SD above and below the normal mean. In C and D, the solid line represents the best fit according to the model; the broken curves represent

the 95% Cl of the fitted line.

Striatal D receptor binding and tissue volume

Measurements of the rate of progression in the premanifest
HD1 cohort using conventional region-based methods, such as
caudate/putamen D, binding measured in ['!C]-raclopride PET
scans and tissue volume measured in MRI scans (Supplemental
Table 2), yielded results similar to those appearing in the pub-
lished literature (15, 17-20). In this cohort, baseline caudate and
putamen D,-binding values were lower (P < 0.005, Student’s ¢ test)
than for control subjects (Figure 7A), with reductions of 35.7%
and 33.8% of the normal mean. Over time, D, binding exhibited a
linear decline, with disease progression in the caudate (Figure 7B)
(P <0.0001; IGM) and putamen (P < 0.005). The rate of decline
was faster (P < 0.002) in the caudate (-2.1% of the normal mean/
year, 95% CI = -2.7%, -1.5%) relative to the putamen (-1.8%/year,
95% CI =-2.9%,-0.8%).

At baseline, caudate volume (Figure 7C) was lower in the HD1
subjects than control values (P < 0.02, Student’s ¢ test), with a
reduction of 21.5% of the normal mean. Baseline putamen
volume was reduced by only 12.4%, which did not differ from
normal (P = 0.13). Over time, there was a linear decline in tissue
volume (P < 0.0001) in the caudate (Figure 7D) (-2.3% of the nor-
mal mean/year, 95% CI =-2.9%, -1.6%) and putamen (-1.7%/year,
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95% CI = -2.3%, -1.2%). In contrast to D, binding, the rate of
decline in tissue volume did not differ for these regions (P =0.27).

Restricting the analysis to the nonphenoconverters (Figure 5,
B and C) revealed significant declines in caudate D, binding (-2.1%
of the normal mean/year, 95% CI = -3.0%, -1.2%, P < 0.0001) and
volume loss (-1.5%/year, 95% CI = -2.3%, -0.7%, P = 0.001) at rates
similar to those for the whole HD1 cohort.

Comparison of the network and regional measures
Following z transformation of the imaging measures (see Meth-
ods), we directly compared the rates of progression that were
estimated at the network level (from changes in the expression of
the metabolic and volume-loss patterns) with the corresponding
region-level estimates (from parallel measurements of caudate D,
binding and tissue volume) in the longitudinal HD1 data. Substan-
tial differences (P < 0.0001; IGM) were evident in these estimates
(Figure 8) in that the rate of increase in metabolic pattern expres-
sion was faster than for its volume-loss counterpart (P < 0.05)
as well as for region-level estimates based on either caudate D,
binding (P < 0.0001) or tissue volume (P < 0.0005).

These measures also differed with regard to estimated values at phe-
noconversion (P = 0.001; IGM), with higher expression of the meta-
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Figure 7

Longitudinal changes in striatal D, receptor binding and tissue volume. (A) Composite [''C]-raclopride PET images from healthy control subjects
(left) and premanifest HD carriers (right) scanned at baseline, 1.5, 4, and 7 years. In each image, dopamine D, receptor binding was computed
voxel-wise as (voxel/occipital-1) and displayed in standard space. The display was thresholded from 1.0 to 3.5. (B) Caudate (left) and putamen
(right) D2 receptor—binding values measured using [''C]-raclopride PET exhibited a linear decrease with advancing disease (—2.1% and —1.8%
of normal mean per year, P < 0.005; IGM); the decline in the caudate was faster than for the putamen (P < 0.002). (C) Gray matter tissue prob-
ability maps from healthy control subjects (left) and the premanifest HD carriers described above (right). Each map represents the average of
the gray matter—-segmented MRI scans from each group/time point. The display was thresholded from 0.0 to 1.0. (D) Caudate (left) and putamen
(right) MRI-based tissue volume measurements also declined linearly with advancing disease (—2.3% and —1.7% of the normal mean per year,
P < 0.0001; IGM). Progression rates did not differ for the 2 regions (P = 0.27). In B and D, individual values are represented as percentage of the
mean (broken line) for an age-matched healthy control group; the dotted lines represent 2 SD above and below the normal mean. The data from
the phenoconverters and nonphenoconverters in the longitudinal HD1 cohort are presented by red and blue lines, respectively. Caudate and
putamen values for the symptomatic HD2 subjects (yellow triangles) are provided for reference.

bolic pattern (Figure 8) relative to the volume-loss pattern (P =0.001)
as well as the 2 regional measures (P < 0.001 for caudate D, binding
and tissue volume). Of note, volume-loss pattern expression pro-
gressed faster than concurrent declines in either caudate D, binding
(P <0.005) or tissue volume (P < 0.02). That said, no difference was evi-
dentin the progression rates estimated for the 2 region-level measures
(P=0.62),although the mean value at phenoconversion was lower (more
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abnormal) for caudate D, binding relative to tissue volume (P < 0.05).
Progression rates and estimated values at phenoconversion are shown
for the various imaging markers in Figure 8 (inset) and Table 2.

Of note, restricting the analysis to the nonphenoconverters
(Figure 5D), we found that the rate of metabolic network progres-
sion remained faster (P < 0.001, IGM) than for either caudate D,
binding or tissue volume. The estimated mean value for metabolic
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tion carriers. In addition to exhibiting excellent
test-retest replicability at multiple imaging sites,
pattern expression measurements were found
to increase linearly at nearly identical rates in 2
independent longitudinal cohorts of premanifest
individuals. Moreover, of the imaging markers
analyzed, metabolic network activity proved to
be the most sensitive to disease progression, as
demonstrated by its rapid rate of progression and
high expression at the time of phenoconversion.
This has practical implications for the assessment
of disease-modifying therapies for HD and poten-
tially also for other neurodegenerative disorders.
The longitudinal data also allow for the cre-
ation of a theoretical timeline for the various
anatomical/functional changes that underlie
disease progression in the preclinical period of
HD. Growth modeling suggests that metabolic
network progression begins 19-20 years before
phenoconversion, anteceding the rise of the vol-

Time course of disease progression: network vs. regional biomarkers. Linear trajec-
tories (solid lines) of the network and regional imaging measures for the premanifest
HD1 longitudinal cohort according to the best-fitting models. The rate of increase in
the HD metabolic pattern expression (red) was greater than that for the volume-loss
progression pattern (orange; P < 0.05, IGM) and the rates of decline measured for
caudate D, receptor binding (light blue; P < 0.0001) and tissue volume (dark blue;
P < 0.0005) (Table 2). To allow for direct comparison of network progression (increas-
ing time course) with corresponding changes in regional measures (decreasing time
course), the values for caudate D, receptor binding and tissue volume were flipped and
analyzed as increasing mirror lines (dotted lines). The y axis represents the standard
z scale. The horizontal dotted line represents the normal mean (equal to 0) for each
parameter. The vertical dotted line represents the time of phenoconversion (i.e., YTO
was zero). The estimated value for the metabolic progression pattern at phenoconver-
sion (i.e., the y axis intercept) is signified by a red arrow. The estimated “start time” for
the decline of caudate D, receptor binding (i.e., the x axis intercept) is signified by a
light blue arrow. Inset: Bubble plots depicting the estimated rates of disease progres-
sion and values at phenoconversion (see Methods) for the HD metabolic and volume-
loss patterns (red and orange discs) and for caudate D, receptor binding and tissue
volume (light and blue discs).The diameter of each disc is proportional to the SE for

ume-loss pattern by 3 years and continuing at a
constant rate in the remaining preclinical years
and in the period following phenoconversion.
Moreover, metabolic network activity reaches the
2 SD threshold for abnormality approximately
10 years before phenoconversion, roughly at the
same time as caudate D, receptor binding and
before regional or network-level measures of vol-
ume loss. Metabolic network values progressively
increase to approximately 4 SD above the normal
mean at phenoconversion — a level significantly
greater than corresponding measures of volume-
loss pattern expression or of caudate D, binding
and tissue volume.

Of note, the progressive increase in metabolic
network activity remained significant after adjust-

each parameter estimate.

network expression at phenoconversion was also higher than for
the 2 regional measures (P < 0.03). Thus, the findings of the restrict-
ed analysis are consistent with those of the whole cohort. It is there-
fore unlikely that the observed differences in the sensitivity of the
various imaging measures to disease progression are attributable to
the inclusion of the premanifest subjects who were near phenocon-
version at the time of enrollment.

It is noteworthy that the findings do not change when a differ-
ent descriptor of disease burden (21) is used as the predictor vari-
able in the growth models. Indeed, significant linear relationships
were present between changes in this index and increasing meta-
bolic network activity (P < 0.0001) as well as declining caudate D,
binding (P < 0.01) and tissue volume (P < 0.0001) (Supplemental
Figure 3, A-C). As above, metabolic network activity was compara-
tively more sensitive to progression (Supplemental Figure 3D),
with a faster rate of change (P < 0.0001, IGM) and higher values
at phenoconversion (P < 0.005) than the other imaging measures.

Discussion
In this study, we identified a specific metabolic brain network
associated with disease progression in premanifest HD muta-
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ment for volume loss. This suggests that metabol-
ic network activity is a reflection of structural as
well as functional progression effects. Moreover,
the data indicate that metabolic pattern expression, even without
adjustment for volume loss, can be viewed as a sensitive measure
of progression that can potentially be incorporated into disease
modification trials. Indeed, a preliminary power/sample-size cal-
culation was performed using this measure as a progression bio-
marker. We found that randomizing 120 premanifest HD carriers
may be sufficient for detecting a 30% reduction in the progression
rate at a power of 0.90 in a 2-year disease modification trial. This
sample size is substantially smaller than that required based on
clinical outcome measures or volumetric MRI measurements from
single brain regions (22).

The IGMs also provide valuable insights into the natural his-
tory of preclinical HD. Analysis of the longitudinal data sug-
gests that striatal D, receptor binding is perhaps the earliest
observable imaging change (Figure 8), beginning approximately
28 years before phenoconversion. Although [''C]-raclopride PET
and volumetric MRI provided similar estimates of the rate of
decline in striatal signal, D, binding loss is likely to have begun
at an earlier stage of the neurodegenerative process (23). Thus,
despite its comparatively slow rate of deterioration, the early
“start time” of the caudate D,-binding measure highlights its
Number 9
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Table 2
Time course of disease progression: network vs. regional biomarkers

Rate of progression® Start time®
(per year) (year)
Metabolic progression network 0.21 -19
Volume-loss progression network 0.16 -16
Caudate volume -0.11 -21
Caudate D, binding -0.10 —28

AThe estimated rate of change for each measure in the HD1 longitudinal cohort, according to the IGM
analysis. BThe estimated time (years prior to phenoconversion) at which each measure begins to devi-
ate from the normal mean. ¢The estimated value (z score) for each measure at the time of clinical

diagnosis as HD.

potential use as a progression biomarker in the period between
25 and 10 years before phenoconversion.

Additionally, the data suggest that the presence of abnormal
elevations in metabolic network activity (i.e., subject scores >2
SD above the normal mean) at baseline is associated with a high
likelihood of phenoconversion over the ensuing years. Indeed,
each of the 4 premanifest gene carriers who were ultimately diag-
nosed with clinically definite HD had baseline expression above
this threshold. In other words, a critical threshold of metabolic
pattern expression may exist above which premanifest subjects
have a substantially greater risk of phenoconversion in the ensu-
ing 5-year period.

Several of the current observations warrant additional study. For
example, it is important to determine whether metabolic network
activity continues to increase beyond the first 5 years after pheno-
conversion and whether a plateau in pattern expression is reached
at longer disease durations. It is important to know whether, at
later disease stages, the metabolic pathology of HD becomes domi-
nated by covariance topographies relating specifically to symptom
severity (7). Of note, changes in regional glucose metabolism have
been reported in a preclinical mouse model of HD (24). Network
analysis may be applied to these data to identify a progression-
related metabolic covariance pattern in the mouse analogous to
that observed in the human cohort. Changes in pattern expression
in the mouse can be monitored during experimental treatment
with potential disease-modifying agents.

In aggregate, the metabolic progression network provides a sensi-
tive and robust descriptor of the HD disease process in the decade
prior to clinical diagnosis. Moreover, the linear increase in network
activity observed before symptom onset appears to evolve further
after diagnosis. Whether treatment can slow the progression of
these changes in at-risk individuals is a topic for future study.

Methods

Subjects

Derivation. Demographic data for the HD and healthy control samples are
presented in Supplemental Table 1. For pattern identification and mea-
surement of the progression rate, we studied a group of 12 premanifest
HD mutation carriers, designated HD1 (male/female: 5/7; baseline age:
46.8 +11.0 [mean + SD|, range 25-62 years; CAG repeat length: 41.6 + 1.7,
range 39-45; predicted YTO: 10.3 + 8.6, range 1-25 years) who under-
went serial imaging with FDG and [!!C]-raclopride PET, structural MRI,
and UHDRS clinical ratings at baseline and again after 1.6 + 0.1 (n = 12),
3.7+0.3 (n=10),and 7.2 £ 0.4 (n = 9) years. Limited metabolic and caudate/
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putamen D, receptor-binding data from the
first 3 time points have been reported previ-

ously (10). Mean total motor UHDRS ratings

Value at are presented in Supplemental Table 2 and
phenoconversion® Supplemental Figure 2. At baseline, all HD1
3.99 subjects were considered to be “premanifest”

2.63 in that none was judged to have had a clini-

_ggg cally definite diagnosis by a trained move-

ment disorders specialist who was blind
to the imaging data. The mean diagnostic
confidence score at baseline was 1.3; the dis-
tribution of scores was as follows: 0 (n = 5),
1(n=2),2(n=2),and 3 (n = 3). Two of the
initially premanifest HD1 subjects were
judged at 1.5 years to have “phenoconverted,”
i.e., received a clinical diagnosis of definite HD; 2 others were found to
have phenoconverted between then and the 4-year time point. We refer to
the 4 premanifest subjects who subsequently developed sufficient clinical
manifestations for diagnosis as “phenoconverters” and the remaining 8
premanifest subjects as “nonphenoconverters.”

Validation. We analyzed FDG PET scans from 2 preclinical/early symp-
tomatic cohorts of HD gene carriers. The first cohort, designated HD2,
comprised 14 gene carriers: 9 subjects were premanifest (male/female: 3/6;
age: 38.5 + 12.3, range 20-55 years; CAG repeat length: 41.4 + 1.4, range
40-44; predicted YTO: 13.8 + 5.9, range 7-21 years), and S subjects were
early symptomatic HD (male/female: 0/5; age: 53.8 + 6.3, range 43-59 years;
UHDRS motor ratings: 42.8 + 4.4, range 38-50 years). The premanifest
HD2 subjects were scanned twice with FDG PET (between-scan interval
of 24.5 = 10.5 days) at 1 of 4 imaging sites (see below). This was done to
assess the test-retest variability of prospectively computed network expres-
sion values in individuals not utilized for pattern discovery. The symptom-
atic subjects were scanned at a single time point between 2 and 4 years
(3.0 0.7 years) after diagnosis. The second testing group, designated HD3,
was studied longitudinally. This cohort comprised 21 premanifest HD car-
riers (male/female: 9/12; age: 40.3 + 6.8, range 29-57 years; CAG repeat
length: 42.9 + 2.3, range 39-47; predicted YTO: 11.7 + 6.5, range 1-25 years)
who were scanned at baseline and again after 2.3 + 0.3 years. Limited
regional data from this cohort have been reported previously (25, 26).

Healthy control subjects. Two groups of age-matched healthy volunteer sub-
jects served as controls for the FDG PET study. The first healthy control
group (HC1) consisted of 12 subjects (male/female: 6/6; age: 40.8 + 14.7,
range 27-66 years) who were age matched to the HD1 subjects at baseline.
Pattern expression values measured in this group were used to standardize
the network values computed in all subjects and time points of the HD1,
HD2, and HD3 cohorts. The second healthy control group (HC2) consisted
of 20 subsequent age-matched healthy subjects (male/female: 10/10; age:
47.7 +13.5, range 21-68 years). Pattern expression in this group was used to
verify the absence of network activity in prospectively imaged gene negative
subjects. Separate age-matched groups of healthy subjects, each imaged at
a single time point, served as controls for the [''C]-raclopride PET (HC3:
n =12, male/female: 5/7, age: 42.5 + 15.6, range 22-64 years) and the MRI
(HC4:n =18, male/female: 7/11, age: 39.8 + 15.1, range 22-66 years) studies.

Imaging procedures

PET. The HD1 subjects underwent FDG and [!'C]-raclopride PET over
a 2-day period at each of the 4 time points using the GE Advance tomo-
graph (General Electric Medical Systems) at North Shore University Hos-
pital (Manhasset, New York, USA) (27). In the HD2 group, the 5 symp-
tomatic patients and 1 of the 9 premanifest subjects participating in the
test-retest study were scanned with FDG PET on the GE Advance device
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at North Shore University Hospital. The remaining 8 premanifest HD2
subjects underwent FDG PET test-retest studies on the Siemens HR* scan-
ners at Indiana University (Indianapolis, Indiana, USA) (» = 2) and the
University of [owa (n = 3), and on the Siemens HRRT tomograph at the
University of Toronto (n = 3). The HD3 subjects were scanned with FDG
PET using the Siemens ECAT Exact HR* scanner (Siemens) at University
Medical Center Groningen.

For FDG PET, a 10-minute scan was acquired in 3D mode beginning
35 minutes after the intravenous injection of 5 mCi of radiotracer. The stud-
ies were performed after an overnight fast, with the subjects’ eyes open in a
dimly lit room and with minimal auditory stimulation. Longitudinal scans
from each premanifest HD1 subject were realigned and spatially normal-
ized to a standard Talairach-based FDG PET template, and smoothed with
an isotropic Gaussian kernel (10 mm) in all directions to improve the sig-
nal-to-noise ratio (10, 28). The scans from the prospective HD and healthy
control groups were individually preprocessed using the same method.

For [!!C]-raclopride PET, the subjects received 15 mCi of radiotracer by
intravenous injection and dynamic images were acquired over 70 minutes
(7 x 10 minutes), as described previously (10). The individual frames were
spatially realigned to compensate for potential movement during scanning
and were transformed into standard Talairach brain space. All normalized
images involving the striatum were integrated into a single slice. Regions
of interest (ROIs) were defined anatomically on each image with reference
to a template in standard space using an automated procedure. Specifi-
cally, ROIs were placed bilaterally on the caudate nucleus, putamen, and
occipital regions of each scan, blind to subject identity, mutation status
(gene positive or negative), clinical status (premanifest or symptomatic),
and time point. D; receptor-binding affinity was separately estimated for
the caudate and putamen by computing the striatal-occipital ratio (ROI/
occipital-1) between 50 and 60 minutes after injection. The same set of
standardized ROIs was used for the longitudinal scans from the premani-
fest subjects and for the prospective HD and healthy control scans. For
each ROI, left and right values from the gene carriers were averaged and
compared with the corresponding control values.

MRI. Premanifest subjects in the HD1 longitudinal cohort and early
symptomatic members of the HD2 cohort were scanned on the 1.5T GE
Signa Echo Speed scanner at North Shore University Hospital. T1-weight-
ed images were acquired with a 3D spoiled gradient recall sequence (SPGR)
(echo time [TE] = 5 ms, reception time [TR] = 24 ms, flip angle = 20°), with
matrix size 256'256'124, giving a resolution of 1-1.5 mm in the transverse
and axial planes. These images were used to measure caudate and putamen
volume at each time point and to identify and validate a volume-loss pro-
gression pattern in the MRI data from these subjects (see below).

To assess changes in striatal volume over time, manual segmentation was
performed to measure caudate and putamen volume in the original MRI
scans. This was performed with MRIcro software (available at htep://www.
cabiatl.com/mricro/mricro/index.html) utilizing the aligned MRI scans in
native space. In each MRI scan, contours of caudate and putamen were
separately outlined in the axial slices in which these structures were clearly
visible. For each region, volumes on the left and right sides of the brain
were separately calculated across all slices and then averaged across hemi-
spheres. Caudate and putamen volumes were measured for the premani-
fest HD1 subjects at all 4 longitudinal time points and for the prospective
HD and control groups at a single time point.

Similar procedures were applied to the 2 time-point longitudinal
MRI data from the HD3 cohort. These subjects were scanned at each
time point using a 1.5T Siemens scanner at the Groningen University
Medical Center. T1-weighted images were acquired using a 3D magne-
tization-prepared 180° radio-frequency pulses and rapid gradient-echo
(MPRAGE) sequence with 1.5-mm contiguous slices covering the whole
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brain. The images at baseline and follow-up were preprocessed and seg-
mented into gray matter tissue probability maps using the same meth-
ods as for the HD1 cohort.

Network analysis
The metabolic progression pattern. In the current study, we used Ordinal
Trends Canonical Variance Analysis (OrT/CVA) (software available at
http://www.nitrc.org/projects/gcva_pca), a within-group network model-
ing approach (11, 29), to search for a significant HD progression covari-
ance pattern in the longitudinal FDG PET data of the premanifest HD1
mutation carriers. Specifically, we used OrT/CVA to identify patterns
of regional connectivity in the premanifest HD1 mutation carriers that
increase monotonically in their expression with disease progression. In
general terms, this multivariate repeated measures technique interrogates
the data for the presence of networks with consistent changes in activity
across conditions on a subject-by-subject basis. This contrasts with mass-
univariate methods that require significant change to be present at the
group mean level.

More specifically, OrT/CVA is a special form of supervised principal
component analysis. This mathematical-statistical algorithm searches
for specific patterns of functional connectivity (i.e., large-scale brain net-
works) in serial imaging data acquired over multiple ordered experimental
conditions. OrT/CVA uses a specially formulated transformation of the
data matrix prior to single-value decomposition. In this way, the analysis
seeks to detect a specific class of spatial covariance patterns characterized
by monotonically increasing pattern expression over time on an individual
case basis, while the functional relationships between the brain regions
that make up the pattern topography remain constant. Thus, the algo-
rithm identifies significant functional brain networks that exhibit an ordi-
nal trend in subject activity, i.e., a consistent increase in pattern expression
in all or most members of the derivation cohort, while rejecting other pat-
terns that do not satisfy this requirement. Notably, OrT/CVA is guided
solely by the design variables, which in this analysis encode the temporal
ordering of the scans for each subject; other subject variables such as CAG
repeat length, age, or predicted YTO are not utilized in the pattern iden-
tification procedure. The significance of candidate progression topogra-
phies is determined by nonparametric inferential tests (4). Permutation
tests of the associated principal component scalars (subject scores) are
performed to assess the possibility that the monotonic changes in pattern
expression (i.e., the ordinal trend) observed across subjects/conditions in
the derivation data set had occurred by chance. The voxel loadings (region
weights) on the covariance pattern specify the spatial topography of the
network, reflecting local contributions to its overall activity. The reliability
of each voxel weight can be estimated and mapped using bootstrap pro-
cedures (30). In addition to the identification of relevant spatial covari-
ance pattern(s) in the longitudinal imaging data, OrT/CVA quantifies the
expression of the corresponding pattern(s) in each subject and condition in
the derivation cohort and in prospective testing populations.

In this study, the HD progression covariance pattern was sought among
the linearly independent (orthogonal) principal component (PC) patterns
that resulted from the OrT/CVA of the metabolic imaging data from the
first 3 time points of the HD1 longitudinal cohort, based upon the fol-
lowing criteria: (a) the search for appropriate patterns was limited to the
PCs with the highest eigenvalues; and (b) subject scores for these PCs were
entered singly and in all possible combinations to achieve the maximal
separation between subject contrast scores. This analysis was conducted
within a standard brain mask defined by thresholding at 0.5 the tissue
probability map of gray matter derived from MRI scans of 421 healthy sub-
jects as part of statistical parametric mapping software (available at: htep://
www.fil.ion.ucl.ac.uk/spm). The Akaike information criterion (AIC) was
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used to specify the optimal linear combination of subject contrast scores,
i.e., the set of PCs with the best bias-variance trade-off (31). The resulting
HD progression covariance pattern was considered significant if the asso-
ciated subject scores exhibited a monotonically increasing trend over time
that differed from chance (P < 0.05, permutation test). The reliability of
the voxel weights on the pattern was tested using a bootstrap resampling
procedure with 1,000 iterations (30). The significance level for voxel weight
reliability was set at an inverse coefficient of variation (ICV) threshold of
z=1.64, corresponding to P < 0.05, 1-tailed.

Pattern validation and regional analysis. Following pattern identification,
we quantified pattern expression on a single subject/scan basis in several
prospective testing data sets: (a) the fourth time point (7 years) of the HD1
cohort (n =9); (b) the HD2 group (n = 14); (c) both time points of the HD3
cohort (n =21); and (d) the HC1 (n = 12) and HC2 (n = 20) healthy control
groups. Pattern expression values for all the scans were individually stan-
dardized by z transformation with respect to the HC1 control group, such
that these normatives had a mean subject score of 0 and an SD of 1. All
network quantification procedures were performed blind to time point,
subject, YTO, clinical diagnosis, and UHDRS ratings.

Finally, a nodal analysis was performed in which we tracked the time
course of local metabolic activity in the major network regions. Spheri-
cal volumes of interest (VOIs) (radius = 4 mm) were centered on the peak
voxel of each region. The mean metabolic activity in each VOI was ratio-
normalized by the global metabolic rate measured in the corresponding
scan and plotted for each longitudinal time point.

The volume-loss progression pattern. A segmentation algorithm (available
at heep://dbm.neuro.uni-jena.de/vbm/) was used in standard space to
delineate gray matter voxels in each MRI scan (32, 33). Using the same
OrT/CVA procedures described above, we analyzed the voxel-based mor-
phometric scans from the first 3 time points (acquired on the same day as
the FDG PET scans) of the longitudinal HD1 cohort. To facilitate spatial
comparison with the metabolic network topography, covariance analysis
of the volumetric MRI data from the HD1 cohort (to derive the volume-
loss progression pattern) was conducted using the same gray matter
mask and threshold as was used in the analysis of metabolic PET data
from the same subjects. In addition, we determined the degree of similar-
ity/difference between the metabolic and volume-loss topographies by
computing the variance shared (R?) among all the corresponding non-
zero voxel weights on the 2 pattern images utilizing the MATLAB statis-
tical routine “corr” (34). Subject scores for the volume-loss covariance
patterns were standardized with respect to values from an age-matched
group of 18 healthy control subjects (HC4; Supplemental Table 1). For
validation, pattern expression was quantified on a prospective case basis
in the fourth time point MRI scans of the HD1 cohort and in the longi-
tudinal scans of the HD3 cohort.

Statistics

Calculation of progression rates. For each of the network or regional progression
measures, the longitudinal HD1 data from all 4 time points were entered
into IGMs (13), including the cases with incomplete data. Longitudinal tra-
jectories were examined as a function of disease time, i.e., YTO, in linear and
curvilinear (YTO? or In[YTO]) models. One of the 8 nonphenoconverters
declined release of CAG information because of confidentiality concerns.
The subject’s scan data were therefore not used in the IGM analysis. The
model with the best fit to the data, i.e., that with the lowest AIC value, was
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selected (31). For validation, subject scores for the metabolic and volume-
loss progression patterns were computed prospectively in the independent
HD3 testing sample. The resulting progression rates were compared with
the corresponding estimates from the original HD1 sample.

Comparison of progression indices. Growth models were also used for the
direct comparison of the progression rates of the different imaging mea-
sures in the HD1 cohort. To compare the rates of the regional measures
with those determined at the network level, the striatal progression indi-
ces were z scored with respect to the corresponding healthy control val-
ues such that each normal reference group had a mean of 0 and an SD
of 1. This allowed the network and regional imaging measures, and their
corresponding longitudinal trajectories, to be rigorously compared and
displayed on a common z scale. Moreover, because caudate/putamen D,
receptor binding and tissue volume measurements declined over time
while pattern scores increased, the corresponding regression lines were
flipped for the 2 region-based measures (Figure 8) so that the slopes of
all the progression parameters were positive. This allowed for a direct
comparison of the magnitude of the various imaging measures within
a single growth model. In addition to the estimated rate of progression
for each measure, the growth models provided several other key param-
eters: (a) the “start time,” at which each measure was estimated to have
begun to deviate from the normal mean (represented by the x axis inter-
cept when the value equaled zero); (b) the time at which each measure
reached an abnormal expression level (defined as 2 SD above the normal
mean value for that measure); and (c) the estimated mean value for each
measure at phenoconversion (represented by the y axis intercept, when
the YTO equaled zero).

All statistical analyses were performed using SAS 9.1 (SAS Institute Inc.),
and the significance level was set at P < 0.05.

Study approval

Ethical permission for these studies was obtained from the Institutional
Review Boards of the participating institutions. Written informed con-
sent was obtained from each subject following detailed explanation of
the procedures.
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