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Abstract

Amnestic Alzheimer’s disease is characterized by early atrophy of the hippocampus and medial
temporal lobes before spreading to neocortex. In contrast, non-amnestic Alzheimer’s patients have
relative sparing of the hippocampus, but the pattern in which disease spreads is unclear. We
examined spreading disease in non-amnestic Alzheimer’s disease using a novel magnetic
resonance imaging-based analysis adapted from pathologic staging studies, applied here to cross-
sectional imaging data. We selected 240 T1-weighted scans from 129 patients with pathology
confirmed by autopsy or cerebrospinal fluid, and atrophy maps were computed relative to 238
scans from 115 elderly controls. For each phenotype, the frequency of atrophy in 116 brain regions
was used to infer the anatomical origin of disease and its progression across 4 phases of atrophy.
Results from the amnestic cohort were used to determine appropriate parameter settings for the
phase assignment algorithm, based on correspondence to Braak pathology staging. Phase 1
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regions, which represent the origin of disease, included hippocampus for the amnestic group
(comprising 33 scans); left lateral temporal lobe for logopenic-variant primary progressive aphasia
(88 scans); occipito-parietal cortex for posterior cortical atrophy (51 scans); temporo-parietal
cortex for corticobasal syndrome (31 scans); and fronto-temporal cortex for behavioral/
dysexecutive variant Alzheimer’s disease (37 scans). In non-amnestic patients atrophy spread to
other neocortical areas in later phases, but the hippocampus exhibited only late-phase atrophy in
posterior cortical atrophy and corticobasal syndrome. Region-specific phase values were also
associated with regional measures of tau, amyloid-beta, neuronal loss, and gliosis for the subset of
patients (n=17) with neuropathology findings; this comparison represented a first validation of the
phase assignment algorithm. We subsequently assigned a phase to each patient scan based on the
similarity of regional atrophy patterns with atrophy predicted for the corresponding phenotype at
each phase. Scan-specific phases were correlated with disease duration as well as global and
domain-specific cognition, supporting these phase values as global estimates of patients’ disease
progression. Logistic regression models based on spatial overlap with model-predicted atrophy
patterns reliably discriminated non-amnestic phenotypes from each other and from amnestic
Alzheimer’s disease. The frequency-based phase assignment algorithm employed in the current
study thus represents a promising approach for studying the neocortical origin and spread of
disease in non-amnestic Alzheimer’s disease.

Graphical Abstract

1 Introduction

The Braak model (Braak and Braak, 1991; Braak et al., 2006) defines distinct stages of
pathology in typical, amnestic Alzheimer’s disease (aAD) based on postmortem
examination. Corresponding /n vivo neuroimaging measures of progression including grey
matter (GM) atrophy (Scahill et al., 2002; Whitwell et al., 2013) and tau PET imaging
(Schwarz et al., 2016) parallel these postmortem results. However, atypical, non-amnestic
AD (naAD) phenotypes differ from aAD patients both in patterns of underlying pathology
(Gefen et al., 2012; Giannini et al., 2017; Josephs et al., 2013; Murray et al., 2011; Whitwell
et al., 2012) and neuroimaging atrophy (Ossenkoppele et al., 2015a). These differences
highlight a greater burden of neocortical disease and relative sparing of the hippocampus and
medial temporal lobes (MTL) in naAD (Murray et al., 2011; Ossenkoppele et al., 2015a). In
this study, we examine unique patterns of progressive disease in naAD phenotypes.

NaAD phenotypes are characterized by an initial non-amnestic presentation, phenotype-
specific cognitive impairment, and focal disease in associated neocortical areas (Alladi et al.,
2007; DuBois et al., 2014; Mendez et al., 2012). Postmortem studies have found primary
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AD pathology in approximately 70% of patients with logopenic-variant primary progressive
aphasia (IvPPA; Giannini et al., 2017; Mesulam et al., 2014a,b), which is marked by left-
lateralized atrophy in parietal and posterior temporal areas; recent evidence indicates that tau
and amyloid accumulation are similarly lateralized in IvPPA (Martersteck et al., 2016;
Ossenkoppele et al., 2016; Xia et al., 2017). These anatomical markers are accompanied by
deficits in lexical access and repetition (Bonner et al., 2010; Gorno-Tempini et al., 2008,
2011). AD pathology is also found in approximately 70% of patients with posterior cortical
atrophy (PCA; Crutch et al., 2017; Tang-Wai et al., 2004); these patients are distinguised by
deficits in vision and visuospatial function, which may manifest as Balint’s syndrome and
visuospatial neglect or agnosia (Dubois et al., 2014). Indeed, this variant has been
recognized as an atypical presentation of AD pathology since it was first described by
Benson et al. (1988). PCA patients exhibit atrophy in bilateral or right-hemisphere parietal,
posterior temporal, and occipital lobes (Crutch et al., 2017). AD pathology is the primary
cause in approximately 40% of patients with corticobasal syndrome (CBS; Murray et al,
2007; Burrell et al., 2013; Lee et al., 2011; Ouchi et al., 2014), characterized by widespread,
often asymmetric atrophy in frontal, temporal and parietal lobes (McMillan et al., 2016).
Clinically, CBS patients exhibit disturbances of motor function, spatial cognition, number
processing, and other cortically-mediated cognitive functions (Medaglia et al., 2017; Morgan
etal., 2011; Spotorno et al., 2014). CBS and PCA thus share clinical features and have an
overlapping distribution of atrophy. Finally, a fourth naAD variant consists of a behavioral/
dysexecutive syndrome (bvAD; also referred to as frontal-variant AD; Dubois et al., 2014;
Johnson et al., 1999). BVAD patients have disturbances of social behavior (including apathy
and disinhibition) or executive function coupled with atrophy in bilateral temporoparietal
and frontal cortices (Blennerhassett et al., 2014; Dubois et al., 2014; Ossenkoppele et al.,
2015b).

To date, differences between aAD and naAD have principally been investigated through
cross-sectional comparisons. Consequently, most studies do not attempt to model the spread
of disease over time. Understanding this progression in naAD is critical for diagnosis,
clinical trial selection, and elucidating how AD pathology spreads throughout the brain. In
the present study, we present models of disease progression in aAD and naAD based on T1-
weighted MRI data, validated with comparison to pathological and neuropsychological data.
The current analysis infers the anatomical origin of disease from the frequency of atrophy in
each region within a patient cohort. Our model is inspired by autopsy staging studies of
neurodegenerative patients pioneered by Braak and colleagues (Braak and Braak, 1991;
Braak et al., 2003; Brettschneider et al., 2013), in which cross-sectional autopsy data is used
to construct a hypothetical model of disease progression based on patterns of pathology
across individuals. Here areas with the highest frequency of atrophy are interpreted as
representing the origin of disease; areas with progressively lower frequencies of atrophy are
interpreted as reflecting later stages of disease. Comparative investigation of the anatomical
progression of disease in naAD phenotypes additionally allowed us to assess commonalities
and differences in regional atrophy across these naAD variants. We predicted that the most
frequently atrophied regions would be unique for each naAD phenotype and would
correspond to previously reported loci of atrophy for each naAD variant, suggesting
phenotypic differences in the anatomical origin of atrophy. Additionally, we expected that
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naAD variants would continue to display relatively less MTL atrophy and thus differ from
aAD throughout the course of disease.

2 Materials and methods

2.1 Participant characteristics

A retrospective query was performed using the Integrated Neurodegenerative Disease
Biobank (INDD, Toledo et al., 2014), a database from the Center for Neurodegenerative
Disease Research (CNDR) of the University of Pennsylvania that gathers data from almost
15,000 subjects. A first gross selection was performed for patients recruited through the
Penn Frontotemporal Degeneration Center (FTDC) or the Penn Memory Center with at least
one MRI scan and either a confirmation of Alzheimer’s disease pathology through autopsy
or no autopsy data at all (thus excluding different primary neuropathological diagnoses); this
initial cohort numbered 3322 patients. Of these patients, 2060 also lacked cerebrospinal
fluid (CSF) biomarker results and were excluded; and 432 patients had CSF data not
consistent with AD pathology (total tau/beta-amyloid 1-42 ratio less than 0.34). The
remaining 830 had either neuropathological or biomarker evidence of AD. We then reviewed
the clinical diagnoses of these 830 patients, retaining only those with potentially relevant
clinical syndromes (including aAD; non-amnestic mild cognitive impairment; IvPPA or an
unspecified PPA variant; PCA, CBS or progressive supranuclear palsy (PSP); and frontal-
variant AD, behavioral-variant frontotemporal dementia, or an unspecified behavioral/
dysexecutive syndrome). This step resulted in the exclusion of 256 patients with clinical
phenotypes of no interest for our research. Of the remaining 574 patients, we retained only
those with scans performed on the same scanner (3.0-Tesla Siemens TIM Trio scanner) and
with the same MRI protocol; this selection resulted in the final cohort of 129 patients. A
detailed breakdown of the rates of AD pathology in phenotypes of interest (irrespective of
MRI availability) is given in Supplementary Table 1.

Research protocols were approved by the Institutional Review Board of the University of
Pennsylvania, and all patients or caregivers acting on their behalf gave informed written
consent in accordance with the principles of the Declaration of Helsinki. All patients were
clinically diagnosed by experienced neurologists from April 2001 to June 2016. Diagnoses
were confirmed in consensus meetings by clinicians with expertise in dementia. General
selection criteria included native English speaking ability; age of 45+ years; no evidence of
major cerebrovascular disease, history of stroke or head trauma; and no comorbid
psychiatric, neurodegenerative, or developmental disorders. Additional criteria included
insidious onset, gradually progressive cognitive symptoms, and (for naAD patients)
relatively preserved episodic memory. Patient MRIs were reviewed for cerebrovascular
disease, hydrocephalus, or white matter lesions; however, GM atrophy was not considered in
diagnosis in order to avoid circularity with imaging analyses. AD pathology was confirmed
through autopsy (n=22) or cerebrospinal fluid (CSF) total tau/beta-amyloid 1-42 ratio
greater than 0.34 (n=107); this cutoff discriminates AD pathology from normal cognition
(Shaw et al., 2009) and frontotemporal lobar degeneration (FTLD) (Irwin et al., 2012) with
high sensitivity and specificity. CSF protein quantification was performed using the
Luminex platform or by enzyme-linked immunosorbent assay (ELISA); ELISA
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measurements were harmonized with Luminex values using published methods (Irwin et al.,
2012).

Criteria for aAD followed McKhann et al. (2011) and included primary memory impairment
plus deficits in one or more additional cognitive domains. Patients were classified as aAD if
they followed an amnestic course across all observations; 6 patients initially diagnosed with
amnestic mild cognitive impairment (aMCI) subsequently progressed to AD. Conversely, all
scans for a patient with an initial non-amnestic presentation were analyzed as the same
naAD phenotype, even if that patient subsequently developed memory deficits. Criteria for
IVPPA were based on Gorno-Tempini et al. (2011): 24 of 41 cases met full criteria, while 17
of 41 met relaxed criteria allowing the presence of additional semantic or grammatical
impairments or the preservation of sentence repetition abilities (Giannini et al., 2017). PCA
diagnosis required visuospatial disturbances (e.g., deficits in object and spatial perception,
visual neglect, or oculomotor apraxia) and preservation of other cognitive abilities (Crutch et
al., 2017; Tang-Wai et al., 2004). CBS was diagnosed on the basis of asymmetric
extrapyramidal symptoms, corticosensory loss, ideomotor apraxia, and deficits in spatial
cognition (as well as other cognitive domains). Finally, bvAD cases were diagnosed on the
basis of deficits in executive function or social behavior.

Demographic characteristics and Mini-Mental Status Exam (MMSE) total scores are shown
in Table 1. The Philadelphia Brief Assessment of Cognition (PBAC; Avants et al., 2014a;
Libon et al., 2011) was used to support patient diagnoses (Supplementary Figure 1).
Demographic differences were assessed using analyses of variance (ANOVAS) with
subsequent Tukey’s tests for pairwise comparisons (for continuous variables) and X2 tests
(for dichotomous data). The threshold for statistical significance was p<0.05 (two-tailed) for
all tests; post-hoc tests were Bonferroni-adjusted for multiple comparisons. Differences in
age, disease duration, and Mini-Mental Status Exam (MMSE) score at time of baseline MRI
scan were marginally significant [F(4, 124)=2.3, p<0.07; F(4,124)=2.0, p<0.1; and
F(4,110)=2.4, p<0.06, respectively]; no pairwise differences on these variables were
statistically significant (all p<0.1, corrected for multiple comparisons). Education did not
differ between groups [F(4, 124)=1.1, p<0.4], nor did sex [X2(4)=0.8, p>0.95]. The aAD
cohort’s mean age of 64.9 years facilitates comparison with naAD patients, who tend to have
a younger disease onset, but it may limit generalization of aAD results to late-onset AD
patients.

Patients were characterized on cognitive assessments within 6 months of MRI dates
(Supplementary Table 4). Global cognition was evaluated by two multidomain assessment
scales: the MMSE (Folstein et al., 1975) and the PBAC. Additionally, we analyzed multiple
domain-specific cognitive tasks, including the Philadelphia Verbal Learning Test (PVLT;
Libon et al., 2011), from which trials 1-5 total recall, delayed free recall, and recognition
discrimination were analyzed; animal category fluency (Weintraub et al., 2009); F-letter
fluency (Spreen and Strauss, 1998); forward and reverse digit span (Wechsler et al., 1987);
the Rey Figure (Osterrieth, 1944; Rey, 1944) copy score; and Pyramids and Palm Trees
(Howard and Patterson, 1992).
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2.2 Neuroimaging sample selection

We retrospectively selected 279 T1-weighted anatomical MRI scans from cognitively
normal seniors (controls) and 414 patient scans on the same 3.0-Tesla Siemens TIM Trio
scanner. We limited the sample to T1-weighted scans acquired with a uniform protocol; this
criterion excluded 39 scans. Quality scores were assigned on a 5-point scale by two raters
blinded to each other (JP and FDR); an average score of 3/5 was required for inclusion.
Cases in which these ratings resulted in differing opinions about whether to include a scan
were resolved by consensus. This quality check excluded 117 scans, primarily due to patient
head motion and poor tissue contrast. A single rater (FDR) similarly evaluated control scans,
excluding 41 images. Patients could contribute multiple observations; however, in order to
prevent overrepresentation of any individual, no patient could contribute more than three
scans or 5% of the scans for a given phenotype, whichever was more inclusive. For patients
with more than the allowable number of available scans, we first removed scans acquired
within 3 months of each other; if the remaining scans still exceeded this limit, timepoints
with an excessive amount of outliers (i.e., ROIs whose standardized volumes differed from
the control mean by 3+ SD) were removed; and for those few patients who still exceeded the
allowable number of scans at this point, we selectively removed scans to keep the widest
temporal span between patient’s timepoints. These procedures excluded 18 scans. No
additional constraints were placed on the time interval between scans; however, this interval
was generally 6-12 months, and the mean interval between scans was 405.9 (SD=220.8)
days; only 8 scans occurred within 3 months of another scan. The final sample comprised
238 scans from 115 controls and 240 scans from 129 patients (Table 1).

The frequency-based algorithm for phase assignment (section 2.4, “MRI phase assignment
algorithm”) treated each scan as an independent observation, as this novel non-parametric
method did not allow us to model patient-specific random effects. We thus performed
supplementary analyses using only the first scan available for each patient (Supplementary
Tables 6-7, Supplementary Figure 10). Analyses of associations with neuropathology and
clinical variables (sections 2.6-2.7) used mixed-effects modeling to account for the inclusion
of multiple observations from individual patients.

2.3 Neuroimaging acquisition and processing

All T1-weighted images were acquired axially with voxels of 0.98 mm x 0.98 mm x 1 mm
in a 256 x 192 matrix, a repetition time of 1620 ms, inversion time of 950 ms, and flip angle
of 15. Images were processed using the ANTsCortical Thickness function implemented in
Advanced Normalization Tools (ANTS; Avants et al., 2014b; Tustison et al., 2014), which
implements a symmetric diffeomorphic algorithm (Avants et al., 2011; Klein et al., 2009)
with N4 bias-field correction (Sled et al., 1998; Tustison et al., 2010). Images were
segmented into 6 classes (cortical GM, subcortical GM, deep white matter, CSF, brainstem,
and cerebellum) using template-based priors. We selected 116 regions of interest (ROIs)
from the Mindboggle label set (Klein et al., 2012), which were aligned to each T1-weighted
image and intersected with GM probability maps to obtain GM volume estimates for each
ROI. Volume was computed from voxels in each ROI with a GM probability greater than 50
percent. GM volumes were normalized by intracranial volume and converted to z-scores
based on GM volume in control images. To control for changes over time in scanner
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hardware and acquisition methods, control groups were created for 3 acquisition periods:
2003-2008, 2008-2012 and 2012-2016. Patients and controls were pair-matched in each
subgroup based on age at MRI, education, sex, race, and ethnicity. ROl volumes were
statistically adjusted for age at MRI. We then performed outlier checks (i.e., z-scores with an
absolute value > 3.0) to identify extreme values due to segmentation error or other artifacts.
One scan with outlier values in more than 29 ROIs (representing 25% of the data for that
scan) was excluded on this basis.

2.4 MRI phase assignment algorithm

We used a frequency-based phase assignment algorithm (Figure 1) to model disease
progression in each cohort. Paralleling the approach of histopathology staging studies, areas
with more frequent atrophy were assumed to represent areas of earlier disease. Areas with a
normalized grey matter volume below a z-score threshold (see below) were considered
atrophied. First, the ROI with the highest frequency of atrophy was found for each
phenotype, and ROIs with atrophy between 90% (inclusive) and 100% of this value were
designated Phase 1 regions. Similarly, Phases 2-4 comprised ROIs with atrophy rates of 80—
90%, 70-80%, and 60-70% of this highest atrophy rate. Higher ROI phases thus represented
late or inconsistent atrophy across participants. Regions that did not appear in Phases 1-4
represent a hypothetical “Phase 5”, i.e., regions expected to atrophy in more advanced stages
of disease. ROI phase values were subsequently compared to regional measures of pathology
(section 2.5, “Parameter choice based on comparison to Braak stages”, and section 2.6,
“Associations with neuropathological measures™). Each MRI scan was then compared to the
cumulative atrophy patterns predicted in Phases 1-4 for the corresponding phenotype. A
scan was assigned the highest phase value for which it exhibited atrophy in at least 75% of
the ROIs associated with that phase (as well as all preceding phases). This scan-specific
phase value (hereafter referred to as “MRI phase” to distinguish from region-specific ROI
phase values) was interpreted as a global measure of disease progression for that individual
at the time of the scan; higher MRI phases thus indicated more severe global atrophy (Figure
1d). If a scan did not meet criteria for MRI Phase 1, it was classified as a “Phase 0” image.

2.5 Parameter choice based on comparison to Braak stages

The focus of the current study was disease progression in naAD; thus, the aAD group was
used to determine appropriate parameters for ROI phase assignment. The chief parameter
tested in this analysis was the z-score threshold used to classify regions as atrophic, which
indicates GM volume in units of standard deviation relative to controls, adjusting for
intracranial volume and age at time of scan. Threshold values of -2.0, -1.5, -1.0, —0.5, and
0 were assessed; we additionally varied the interval used to delineate one phase from another
over values of 5, 10, and 15 percent. We determined the combination of parameters that
maximized the association (measured by Spearman’s correlation) between ROI phases in the
aAD model and Braak staging of AD pathology. Each ROI was assigned a Braak stage based
on the earliest appearance of tau neurofibrillary tangle (NFT) pathology in that region, as
described by Braak and colleagues (Braak and Braak, 1991, 1995; Braak et al., 2006).
Because Braak stages 1-2 are generally thought to correspond to an asymptomatic state, and
all patients in the current sample were symptomatic, Stages 1-2 regions were collapsed with
Stage 3. The z-score threshold (-1.0) and frequency interval (10%) that produced the highest
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correlation (p=0.35, p<0.001) were applied to the phasing analysis of naAD phenotypes
(Figure 2).

2.6 Associations with neuropathological measures

The MRI phase assignment algorithm was evaluated by assessing associations between ROI
phase and postmortem histopathologic ratings from the Integrated Neurodegenerative
Disease Database (Toledo et al., 2014). These ordinal ratings assessed phosphorylated tau
(evaluated using anti-PHF1 antibody), p-amyloid plaques (stained with thioflavin-s),
neuronal loss severity, and gliosis (both visually assessed) (Irwin et al., 2016; Montine et al.,
2012). Amnestic AD patients were excluded from this analysis to avoid potential bias
introduced by the parameter-fitting analysis described in the previous section.
Histopathology was performed by expert neuropathologists (EBL and JQT) from the Center
for Neurodegenerative Disease Research; data were available for 6 IvPPA, 3 PCA, 4 CBS,
and 4 bvAD patients. All measures were represented by scores from 0 (absence of
pathology) to 3 (most severe grade) with 6-9 distinct levels, sampled from 11 different
regions from a single, randomly-selected hemisphere. The 11 rated regions were the
amygdala, hippocampus (average of dentate gyrus and CA1/subiculum ratings), enthorinal
area, middle frontal gyrus, angular gyrus, superior/middle temporal gyri, cingulate gyrus,
occipital cortex, caudate/putamen, globus pallidus, and thalamus. We used linear mixed
effects models (Laird and Ware, 1982) to test associations between these scores and ROI
phases for corresponding regions in the same hemisphere. A random intercept term was
included in the mixed-effects model to account for correlations among pathology measures
from multiple regions. Additionally, we used general estimating equations (GEEs; Zeger et
al., 1988) with a logit link function and exchangeable correlation structure to test the
hypothesis that higher ROI phase (indicating later regional onset of atrophy) was associated
with lower pathology scores. In this analysis, each pathology variable was binarized such
that scores of 2 or higher represented a null outcome, while scores less than 2 represented a
positive outcome. This coding scheme was used in order to yield an intuitively interpretable
odds ratio (OR) from GEE models. The GEE method accounts for correlations among the
binary pathology measures from multiple regions. ORs were computed by exponentiating
the ROI phase coefficient from each GEE model; 95% confidence intervals (Cls) were
computed by exponentiating the coefficient +/— 1.96 times its standard error. Finally, we
compared the strength of association with ROI phase for each pair of pathology variables
using GEEs that additionally included a factor of pathology measure (e.g., tau vs. amyloid)
as well as its interaction with ROI phase. Due to the scarcity of autopsy data, all associations
with pathology measures were analyzed by collapsing over phenotypes; each patient’s
histopathology data were compared to ROI phases for the appropriate phenotype. In both
linear mixed effects models and GEEs, disease duration at death was included as a covariate.
For mixed effects and GEE models, the threshold for statistical significance was p<0.0125,
corresponding to a threshold of p<0.05 with Bonferroni correction for tests of the 4
pathology measures.

2.7 Associations with clinical measures

Linear mixed-effects models were used to assess associations of MRI phase with age,
disease duration, and neuropsychological performance. Fixed effects included MRI phase,
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phenotype, and (for cognitive measurements only) patients’ baseline values for each
outcome, while a random effect of patient was used to model the dependency between
repeated measurements collected for each participant across time.

2.8 Model-based discrimination of clinical phenotypes

3 Results

To assess the similarity of atrophy patterns across naAD phenotypes, we first computed each
scan’s similarity to model-predicted atrophy patterns for all phenotypes using the Sgrensen-
Dice coefficient (Yushkevich et al., 2010). In pairwise phenotype contrasts, we computed
each scan’s similarity to both the true and contrasting phenotypes in the MRI phase
associated with that scan. We then used logistic regression to classify each scan based on
these similarity values; discrimination was assessed in terms of sensitivity and specificity.
The analyses presented in Figure 6 included patients from all MRI phases; Supplementary
Figures 8-9 present separate analyses in early and late disease (MRI phases 1-2 and 3-4,
respectively). In each model, the phenotype represented by more scans formed the reference
group of the regression model (i.e., the “control” outcome), while the phenotype with the
smaller sample formed the positive outcome (i.e., “cases™). Clinically similar phenotypes
were expected to exhibit more similar patterns of atrophy, resulting in poorer discrimination;
clinically dissimilar phenotypes were expected to be well differentiated by patterns and thus
have good discriminability.

Sample sizes did not permit testing in an independent validation cohort. Furthermore,
methods such as leave-one-out or k-fold cross-validation were not well suited to our
frequency-based algorithm, as each iteration of cross-validation would generate a new phase
model for each phenotype, with substantial variation in the number of classificatory features
(i.e., the number of ROIs newly atrophied in each phase). We thus present discrimination
results for the study cohort, with the caveat that discrimination performance in independent
datasets must be assessed in future research. Supplementary Figure 10 illustrates
discrimination results when the dataset was restricted to the first scan available for each
patient, thus eliminating possible patient-specific bias.

3.1 Atrophy originates in and progresses throughout the neocortex in naAD

We observed a unique distribution of atrophy for each phenotype. As in autopsy studies of
pathology, which assume that areas commonly affected across the brains of both mild and
more advanced patients are chronologically the first to develop such pathology, Phase 1
ROIs are interpreted as the anatomical origin of atrophy (Figure 3 and Supplementary
Figures 2—6). Over phases 1-4, the aAD group showed severe involvement of medial and
lateral temporal lobes with slight right lateralization. Phase 1 ROIs for the aAD group
included right hippocampus and superior temporal gyrus (STG) as well as bilateral middle
temporal gyrus (MTG), left anterior insula, and left supramarginal gyrus (SMG). In
subsequent phases, this atrophy appeared to spread to the left hippocampus and bilateral
MTL,; left lateral temporal, parietal, and ventral prefrontal lobes; right temporal and dorsal
prefrontal lobes; and bilateral medial parietal regions. In comparison, naAD groups
exhibited unique profiles of progression that differed from aAD. The IVPPA cohort exhibited
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strong asymmetry, with frequent atrophy in Phase 1 focused on left MTG and STG. The
IVPPA model indicated progression to ipsilateral parietal and frontal lobes and the
contralateral temporal lobe. The PCA model indicated an asymmetric onset in Phase 1 in
right angular (ANG) gyrus, superior parietal lobule (SPL), precuneus, SMG, and MTG;
subsequent progression was notable throughout left parietal and bilateral temporal, occipital,
and (to a lesser extent) frontal lobes. The CBS group exhibited a left-dominant atrophy
onset, with Phase 1 involving left ANG, SMG, MTG, precuneus, and planum temporale as
well as bilateral SPL; disease progression heavily involved the remaining neocortex, from
lateral occipito-parietal regions to temporal and frontal cortices. Finally, Phase 1 ROIs in the
bvAD model included left MFG, left anterior insula, and right MTG. This model indicated a
subsequent spread of atrophy to bilateral prefrontal, temporal, and inferior parietal cortices.
Notably, aAD was the only phenotype that showed early involvement of the hippocampus
and MTL, which were relatively spared in the other phenotypes. Indeed, only the CBS and
PCA groups exhibited hippocampal atrophy, which occurred in Phases 3—-4. Atrophy
patterns increasingly overlapped across phenotypes as disease progressed (Supplementary
Figure 7), as indicated by a main effect of phase on model-based atrophy predictions [t(38)=
—7.6, p<0.001]. Furthermore, ROIs with lower phase values were more severely atrophied:
across phenotypes, mean adjusted volume for Phase 1 ROIs was —2.7 (1.3); for Phase 2,
-2.1 (1.4); for Phase 3, —1.8 (1.4); for Phase 4, —1.5 (1.4); and for Phase 5, —0.5 (1.3). These
means reflected a significant linear relationship between ROI phase and adjusted ROI
volume [B=-0.32, t(27710)=-58.8, p<0.001]. Supplementary Table 5 shows the number of
MRIs per phase by phenotype. Additionally, restricting the dataset to include only the first
available scan for each patient yielded highly similar ROI phase assignments, particularly
for Phase 1 (Supplementary Tables 6-7, Supplementary Figure 10).

3.2 ROI phase is associated with multiple histopathologic measures

In each phenotype, Phase 1 ROIs were few in number, consistent with a relatively focal
disease origin; in contrast, the Phase 5 ROI category represented the largest category for
each phenotype. Among early-phase brain areas, which begin to atrophy early in the disease
course, nearly all exhibited severe pathology in postmortem examination. Conversely, late-
phase brain areas, which were presumed to be atrophied only late in the disease course, had
a wider distribution of pathology scores, including a higher proportion of regions with
minimal pathology. In linear mixed effects models, all four neuropathological measurements
were thus inversely associated with ROI phase in naAD phenotypes (Figure 4): tau burden
[=-0.14, t(168)=-3.2, p<0.005], p-amyloid plaque burden [f=-0.22, t(168)=-4.2,
p<0.001], neuronal loss severity [p=—0.21, t(155)=-3.7, p<0.001], and gliosis [=-0.20,
t(162)=-3.8, p<0.001]. Similarly, analysis of binarized pathology outcomes indicated that
higher ROI phase was associated with lower scores for all measures. The greatest effect
based on OR magnitude was observed for tau pathology (OR=2.2, 95% Cl=1.1, 4.1),
followed by amyloid pathology (OR=1.7, 95% Cl=1.1, 2.5), neuronal loss (OR=1.4, 95%
ClI=1.1, 1.8), and gliosis (OR=1.4, 95% Cl=1.1, 1.7). In direct comparisons, however,
associations with ROI phase did not significantly differ for any of the pathology variables
analyzed (i.e., no interactions of ROI phase and variable type, all z<1.3, p>0.17).
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3.3 Clinical profile is associated with MRI phase

Across the entire cohort, MRI phase was associated with disease duration [ = 0.71,
t(109)=9.4, p<0.001], indicating that a 1-phase increment was associated with approximately
8.5 months of disease duration. Additionally, MRI phase was associated with two
multidomain cognitive measures (Figure 5b—c): MMSE [$=-0.92, t(74)=-4.2, p<0.001] and
PBAC [B=-1.1, t(17)=-2.7, p<0.05]. Figures 5d-i illustrate associations with MRI phase for
domain-specific neuropsychological assessments: associations included measures of verbal
learning and recall, lexicosemantic retrieval, executive control, short term and working
memory, and visuospatial cognition (see regression coefficients in figure). MRI phase was
not associated with recognition [=-0.01, t(37)=-1.2, p<0.3], letter fluency [f=-0.3, t(51)=
-2.0, p<0.06], or the Pyramids and Palm Trees task (word stimuli, even trials only) [f=-0.3,
t(21)=-2.0, p<0.06].

3.4 Logistic regression based on MRI phase models discriminates clinical phenotypes

Logistic regression models accurately distinguished AD phenotypes based on similarity to
atrophy patterns predicted by phase models (Figure 6). Moreover, sensitivity and specificity
varied with the clinical similarity of AD phenotypes. Perfect separation was observed for
comparison of bvAD scans (which most frequently exhibited prefrontal and temporal
atrophy) to both PCA and CBS scans (which exhibited frequent parietal and posterior
temporal atrophy). The contrast of PCA and CBS yielded the poorest performance of all 10
models, reflecting similar atrophy in these two phenotypes. Atrophy patterns in aAD and
naAD became more similar with higher MRI phases (Supplementary Figure 7), reflecting
the convergence of phenotypes in advanced disease; however, sensitivity and specificity
values remained high in late phases (3-4) and did not differ from discrimination
performance in early (1-2) disease phases (both t<1.2, p>0.2; see Supplementary Figures 8—
9). When disease progression models were calculated based on a restricted dataset, including
only the earliest observation for each patient, the resulting discrimination analyses
(Supplementary Figure 10) produced decreased sensitivity (mean change: 11.8%; SD:
12.5%) and specificity (mean change: 3.8%; SD: 5.2%). However, model performance
remained well above chance (mean accuracy: 87.1%; range: 66.7—-100%).

4 Discussion

4.1 Anatomical progression of disease in non-amnestic AD

The present study demonstrates unique atrophy signatures for each phenotype in the earliest
stages of naAD. Furthermore, in one of the largest neuroimaging samples of naAD
assembled to date, we provide a detailed model of spreading disease in each phenotype
based on methods derived from autopsy studies. Our findings corroborate the hypothesis that
naAD patients have a neocortical origin of disease that differs according to clinical
phenotype, and that this disease progresses over time throughout the neocortex while leaving
the hippocampus and MTL relatively intact. This patterns contrasts with aAD, where the
hippocampus and MTL are involved early in disease. Although these profiles of disease
progression converge over time, MRI-based phase models allowed us to distinguish between
similar clinical phenotypes even in advanced disease.
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In each naAD phenotype, Phase 1 regions encompassed unique and canonical areas of
degeneration associated with clinical features that distinguish these syndromes, as reported
in autopsy studies of patients with each phenotype: left temporal and inferior parietal areas
for IVPPA (Gefen et al., 2012; Giannini et al., 2017); right temporo-parietal and bilateral
occipital regions for PCA (Crutch et al., 2017; Tang Wai et al., 2004); bilateral posterior
parietal and left temporal areas in CBS (McMillan et al., 2016); and prefrontal and temporal
cortices in bvAD (Blennerhassett et al., 2014; Ossenkoppele et al., 2015b). As disease
progressed, moreover, many areas of neocortex exhibited atrophy in common across
phenotypes.

Importantly, the hippocampus and medial temporal lobes were relatively preserved in naAD:
hippocampal atrophy was observed only in the PCA (Phase 4) and CBS (Phases 3-4)
groups, and the parahippocampal gyrus did not appear among Phases 1-4 in any of the
naAD phenotypes. These models thus support an association between naAD phenotypes and
a hippocampal-sparing pattern of disease reported in some patients with AD pathology
(Murray et al., 2011; Whitwell et al., 2012). This previous work demonstrated neuroimaging
and clinical differences between AD subtypes; the current study not only corroborates those
differences but demonstrates how distinct disease courses in naAD phenotypes can all lead
to this hippocampal-sparing end stage.

4.2 Pathological evaluation of frequency-based ROI phases

The algorithm used to construct MRI-based progression models was validated by multiple
pathological measures. ROI phases for the aAD model were significantly associated with the
Braak stages in which these areas first exhibited NFT pathology (Braak and Braak, 1991,
1995; Braak et al., 2006). This association supports the inference that the most commonly
atrophied ROIs reflect the anatomical origins of atrophy; these areas are also assumed to
represent areas of initial pathology accumulation. Furthermore, we evaluated disease
progression models by comparing them with available histopathology results. ROl phase
values for each phenotype model were significantly associated with multiple markers of
pathology, including not only NFT burden but also amyloid plaques, gliosis, and neuronal
loss. These findings support the biological validity of the phase assignment algorithm,
including the assumption that atrophy frequency reflects the chronology of disease.
Determining the optimal pathologic predictors of atrophy and disease progression will be
valuable for translating imaging results into predictions of pathology accumulation and
disease risk.

The role of ROIs included in the hypothetical Phase 5 warrants closer investigation. These
regions, which are presumed to represent areas of later involvement during the disease,
account for the largest part of the brain map in each phenotype group. Analysis of
associations with neuropathology indicated that Phase 5 regions were more likely than early-
phase ROIs to have lower pathology scores, although high tau and amyloid burdens were
still observed in a significant proportion of Phase 5 regions. The relative sparing of these
ROIs from atrophy (and in some cases pathology) is intriguing and could indicate a
protected status within the brain. In such a case, our assumption that all Phase 5 ROIs will
(given indefinite time) develop atrophy may not be valid. An extended discussion of such
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possibilities is beyond the scope of the current study; nevertheless, the current findings raise
further questions about the differential involvement of brain regions in naAD.

4.3 Clinical associations with MRI phase estimates

The clinical relevance of the MRI phases assigned to individual scans is supported by
associations with multiple clinical measures, including disease duration as well as tests of
general cognition, episodic memory, lexical retrieval, executive function, phonological short-
term memory, and visuospatial function (Figure 5). These associations suggest that MRI
phase represents the severity of patients’ clinical symptoms. Episodic memory recall was
associated with MRI phase despite minimal hippocampal atrophy in naAD patients. In this
context, we note that episodic recall depends on multiple brain regions for lexical retrieval,
maintaining retrieval targets and instructions in working memory, and monitoring retrieval
(e.g., Cruse and Wilding, 2009; Phillips et al., 2009; Wolk and Dickerson, 2011). No
association between MRI phase and recognition memory was found. Indeed, recognition is
often preserved in individuals with impaired recall; aAD patients had the lowest mean
recognition score of the analyzed phenotypes (Supplementary Table 4). Similarly, semantic
retrieval did not decline with increased MRI phase; however, this null result may reflect the
fact that none of the naAD phenotypes investigated here is characterized by specific
semantic deficits. Phase values were associated not only with cognition but also with disease
duration, which can be difficult for clinicians to estimate due to omissions or inaccuracies in
patient histories. These histories may be particularly flawed for naAD patients, who are
often misdiagnosed in primary and secondary care facilities. In contrast, the MRI phase
estimates described here are derived from imaging data; thus, they may offer an empirical
measure of disease progression.

4.4 Comparison to extant findings in naAD

Prior analyses of atrophy in naAD have relied on standard cross-sectional analysis methods
(e.g., between-group contrasts in case-control designs) because of the relative scarcity of
naAD cases and the difficulty of assembling longitudinal imaging datasets in these
phenotypes, particularly as many patients are diagnosed later in their disease course than
aAD patients. Like the current study, one previous study employed a frequency-based
method to identify clusters of co-atrophying ROIs in a cross-sectional dataset (Duara et al.,
2013). In another study, MRI scans from mild naAD patients were ranked by the spatial
extent of atrophy to represent greater or lesser progression of disease and were analyzed by
quartiles to infer disease spread in key brain networks (Ossenkoppele et al., 2015a). In
contrast to previous work, the current study incorporates data across a range of disease
durations and severities. This variation facilitates the detection of linear associations
between MRI-based phase scores and clinical measures.

Phenotype-specific results in the current study were consistent with previous findings.
Recent work has confirmed the strong left-lateralization of disease in IvPPA with PET
imaging measures of tau and amyloid pathology (Martersteck et al., 2016; Ossenkoppele et
al., 2016; Xia et al., 2017); these pathologic accumulations are accompanied by asymmetric
atrophy (Rogalski et al., 2016). In our atrophy progression model, atrophy originated in the
left middle and superior temporal gyri, subsequently spreading to adjacent portions of
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inferior temporal and parietal cortices as well as medially to the posterior cingulate gyrus.
Atrophy appeared in the right temporal lobe only in Phase 3, suggesting that bilateral
atrophy is a marker of relatively advanced disease.

Conversely, atrophy in the PCA group was right-lateralized in Phase 1; Phase 2 included left
superior and inferior parietal cortices. Recent consensus criteria for PCA describe a common
bilateral parietal presentation (Crutch et al., 2017). However, PCA patients vary in the
lateralization of hypoperfusion (Andrade et al., 2013; Kas et al., 2011), and at least one
study has found biparietal atrophy with more severe involvement of the right hemisphere
(Whitwell et al., 2007). Crutch et al. (2017) interpret heterogeneous PCA presentations in
terms of variability along multiple dimensions of a single phenotype rather than as reflecting
distinct subtypes of the disease. A larger, multi-site replication of the current analysis may
thus find more symmetric progression of atrophy in PCA patients, originating in bilateral
temporoparietal areas. Future analyses should also investigate the possibility of a different
progression pattern in the less-frequent ventral occipitotemporal presentation of PCA
(Crutch et al., 2017).

Phase 1 regions in CBS-AD patients included bilateral superior parietal lobes as well as the
left precuneus, supramarginal gyrus, and temporal areas. Similar patterns of atrophy were
observed by Medaglia et al. (2017) relative to elderly controls, and the authors reported
greater left precuneus atrophy in CBS due to AD than in CBS due to other pathologies. The
marked involvement of parietal cortex is also consistent with Whitwell et al.’s (2010) report
that CBS due to AD was associated with greater parietal atrophy than CBS due to other
pathologies. CBS typically involves asymmetric disease patterns (Boeve, 2011; Whitwell et
al., 2010); thus, the leftward asymmetry observed in the current sample may be reduced or
reversed in other cohorts.

Phase 1 regions for bvAD patients in the current study included both left prefrontal and right
temporal cortices, with parietal involvement in later phases. Consistent with these results,
Dronse et al. (2017) reported that bvAD patients have greater hypometabolism in prefrontal
than posterior cortices, and that this pattern distinguishes bvAD patients from other AD
phenotypes. Single-center autopsy studies assessing pathological heterogeneity in
behavioral/dysexecutive patients are scarce; however, one of the largest such studies
(Blennerhassett et al., 2014) confirmed that patients with AD pathology had a higher ratio of
frontal:occipital pathology than in typical AD, and that this atypical distribution was
associated with a behavioral/dysexecutive phenotype irrespective of the type of pathology
(AD vs. FTLD). In contrast, one recent study of AD patients with behavioral and
dysexecutive presentations (Ossenkoppele et al., 2015b) found that each of these groups
exhibited atrophy primarily in posterior temporal and parietal cortices (although the
combined behavioral/dysexecutive group had prefrontal atrophy in contrasts with controls
and typical amnestic AD). These varied results suggest heterogeneity among bvAD patients
that future studies may be able to resolve by distinguishing between initial behavioral vs.
dysexecutive presentations (e.g., Ossenkoppele et al., 2015b) and by using uniform selection
criteria.
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4.5 Model-based discrimination of clinical phenotypes

Discrimination analyses allowed us to effectively distinguish naAD phenotypes from aAD
and from each other. Clinically dissimilar phenotypes, such as bvAD and PCA or IvPPA and
PCA, could be effectively distinguished from one another on the basis of atrophy alone, even
in advanced disease (Figure 6 and Supplementary Figure 9). The efficacy of our disease
progression models for distinguishing these phenotypes is likely to result from the fact that
disease originates and spreads differently in these phenotypes: for example, bvAD and PCA
patients have more anterior and posterior disease origins, respectively, while IvPPA and PCA
patients differed in the lateralization of early-phase disease. Conversely, clinically similar
syndromes such as PCA and CBS, which have similar profiles of cognitive impairment, have
similar patterns of disease progression which make them more difficult to distinguish.

We caution that these discrimination analyses were implemented primarily to quantify the
similarity of atrophy patterns across phenotypes. Due to sample size limitations, results
could not be validated in an independent cohort, although such validation is a primary goal
for future research. Discrimination for independently acquired scans (e.g., those collected on
different scanners or with different MRI protocols) is likely to be lower than that observed in
the current study. We note that in supplementary analyses including only the first available
scan from each patient, both the sensitivity and specificity of model-based classification
were reduced. These reductions may reflect an overall reduction in sample size (leading to
greater noise in both disease progression models and the subsequent discrimination
analyses); the elimination of patient-specific biases created by the inclusion of longitudinal
data for a subset of patients; or a combination of the two factors.

Nevertheless, we demonstrate potential clinical applications of MRI-based disease
progression models. A major challenge of clinical neuroscience research is translating
group-average results to the individual patient. The current study provides a proof of concept
for determining clinical phenotype from competing alternatives based on atrophy patterns.
Although some phenotypes are easily distinguished from clinical observation without
recourse to neuroimaging, in other cases they are more ambiguous. In such cases, disease
progression models such as those presented in the current study can generate specific
atrophy predictions conditioned upon disease severity.

4.6 Limitations

The present study focuses on naAD phenotypes that have different clinical and pathological
characteristics than in aAD; thus, it is fundamentally more exploratory than an investigation
of a well-studied disease phenotype. Moreover, although the current study includes one of
the largest naAD imaging datasets to date, the cohort remains relatively small. Furthermore,
the aAD reference group comprised patients with a relatively young age of onset, which
facilitated comparison to naAD phenotypes but limits generalization to typical, late-onset
aAD. Additionally, we note that the algorithm employed here is an inherently cross-sectional
method, and a longitudinal dataset would be preferable for confirming correlations with
clinical outcomes. However, the low incidence of naAD phenotypes complicates this goal, as
acquiring a sufficiently large dataset requires many years, during which scanner hardware,
software, and pulse sequences may undergo multiple changes, adding variability to the
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underlying data. Although ROI phases were significantly associated with histopathology,
autopsy data were available for relatively few participants. As a consequence, pathological
associations were computed across phenotypes. A larger clinical-pathological sample would
allow us to evaluate these associations independently for each naAD phenotype and would
additionally help us to better understand the relationship between gross atrophy and
pathology, which is likely to be complex. Finally, sample sizes did not permit us to train and
test discrimination models in separate cohorts. Future studies will investigate the
replicability of these discrimination analyses in independently-acquired scans from naAD
and aAD patients.

4.7 Future directions

By including information concerning disease progression over time, we hope that models
such as those presented in the current study can be used to improve neuroimaging-based
diagnosis and prognosis, e.g., by extending the current models to distinguish between naAD
and clinically-overlapping phenotypes caused by non-AD pathology. Such an application
would be consistent with the recommendation of Rogalski and colleagues (2016) to
incorporate biomarker evidence into diagnosis of PPA subtypes: for example, non-fluent/
agrammatic PPA (naPPA) is difficult to distinguish clinically from IvPPA but is typically due
to non-AD pathology (Grossman, 2012; Rogalski et al., 2016). Giannini et al. (2017) found
that impaired forward digit span was 94% sensitive and 62% specific for IvPPA due to AD
relative to IVPPA due to other causes; it is likely that combining this clinical marker of AD
pathology with an atrophy-based classification could improve patient diagnosis even further.
Additionally, although we have focused on naAD in the current project, disease progression
models are still needed for investigation of aAD. The present approach could be easily
adapted to tau or amyloid PET imaging rather than grey matter atrophy; such PET-based
models will be valuable for informing continuing debates regarding the temporal sequence
of regional tau and amyloid accumulation in aAD.

5 Conclusion

Our disease progression models not only corroborate a neocortical disease origin in naAD,
with preservation of the hippocampus and MTL, but additionally provide anatomically
specific predictions of disease spread over time. Furthermore, we found that MRI-based
phase models allowed us to distinguish naAD phenotypes from each other and aAD with
high accuracy not only in early disease, when naAD phenotypes had highly distinct atrophy
patterns, but also in later phases, when atrophy patterns became more similar between
phenotypes. Continued research into spreading disease patterns is critical for evaluating how
AD pathology propagates throughout the brain. Future clinical applications of such research
could include using model-based phenotype discrimination to aid physicians in determining
patients’ eligibility for treatment trials; however, such translational applications would first
require extensive model validation in independent cohorts supported by gold-standard
histopathology results. Further research is also required to identify genetic or environmental
factors that contribute to the heterogeneity of disease patterns and clinical phenotypes in
naAD.
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. Disease spread in non-amnestic Alzheimer’s disease (naAD) is not well
understood.

. We defined phases of atrophy in naAD from 240 structural brain images.

. Neocortical atrophy patterns distinguished naAD variants, even in advanced
disease.

. Phase values were associated with clinical and histopathological disease
measures.

. In contrast to amnestic patients, naAD patients’ hippocampi remained largely
intact.

Neurobiol Aging. Author manuscript; available in PMC 2019 March 01.



1duosnuen Joyiny 1duosnuen Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Phillips et al.

a. Estimate normalized GM

C.

volume in ROIs

Assign ROI phases based
on frequency of atrophy
within phenotype

ROI PHASE 1
Most frequently
atrophied ROIs
(90-100% of max
frequency)

ROI PHASE 2
80-90% of max

atrophy
frequency
ROI PHASE 3
70-80% of max
atrophy
frequency
ROI PHASE 4

ROI PHASE 5 60-70% of max
< 60% of max atrophy
atrophy frequency

frequency

Figure 1.

Page 23

b. Create binary atrophy map of
each MRI

Atrophy
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d. Determine phase of each MRI
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Frequency-based MRI phase assignment algorithm. Within each patient group, ROIls were
ranked by frequency of atrophy. Phase 1 comprised ROIs with an atrophy frequency of 90—
100 percent of the maximum frequency; Phase 2 represented ROIs atrophied in 80-90
percent of the maximum; Phase 3 included ROIs atrophied in 70-80 percent of the
maximum; and Phase 4 included ROls atrophied in 60-70 percent of the maximum. ROls
with less frequent atrophy constituted a hypothetical Phase 5, i.e., they were assumed to be
atrophic only in late disease stages. Each scan was subsequently assigned the highest phase
value for which it exhibited atrophy in at least 75 percent of the corresponding ROIs. Scans
that did not meet criteria for Phase 1 are classified as “Phase 0” and assumed to reflect very

mild disease progression.
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Figure 2.
Scatterplot of ROI phases for the optimal aAD model vs. the stage in which tau

neurofibrillary tangle pathology first appears, according to the Braak model. Numbers
within each black circle indicate the number of data points overplotted in that circle. The
blue line is the best-fit regression line. The optimal aAD model used a Z-score threshold of
-1 to determine atrophy and a frequency interval of 10% to distinguish ROI phases. ROI
phase was correlated with Braak stage (p=0.35, p<0.001).
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hippocampus

: <

AD: Alzheimer's disease; PPA: primary progressive aphasia

ok
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Figure 3.
Results of the MRI phase assignment algorithm for each phenotype indicate a continuous

anatomical progression of atrophy from early- to late-phase regions. Phase 1 (brown):
putative anatomical origins of atrophy. Phase 2: red; Phase 3: orange; Phase 4: yellow. Left:
cortical surface views of atrophic regions. Right: coronal slices through the hippocampus
and precuneus. Hypothetical Phase 5 regions, comprising the remainder of the brain, are left
uncolored.
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Figure 4.

Associations between ROI phase and regional micropathology ratings. Top left: tau
neurofibrillary tangle (NFT) burden; top right: B-amyloid burden; bottom left: neuronal loss;
and bottom right: gliosis burden. Each data point represents one of 11 brain areas in one of
17 naAD patients. Numbers within each circle indicate the number of observations
overplotted in that circle. The dashed black line in each plot is plotted from the slope and
intercept terms of the corresponding linear mixed effects model.
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Figure 5.

Associations between MRI phase and (a) disease duration or (b—i) neuropsychological
performance. Each data point represents a single observation associated with a single scan.
All phenotypes are plotted together; the x-axis indicates the MRI phase associated with each
scan, as a measure of disease progression. Each plot title includes the regression coefficient
for the association with MRI phase, the number of observations in each analysis, and the p-
value for the MRI phase regression coefficient.
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Figure 6.
Phenotype discriminability based on disease progression models. Each panel represents a

logistic regression model trained to discriminate between two AD phenotypes. Each point
represents a single scan from a patient with one of the two clinical phenotypes. The x- and
y-axes represent spatial overlap (expressed by Sorensen-Dice coefficients) between the
binary atrophy map for a single scan and the model-predicted atrophy map for the
appropriate phenotype and MRI phase. Sen: sensitivity, indicating proportion of scans
correctly identified for the phenotype on the y-axis; Spec: specificity, indicating scans
correctly identified for the phenotype on the x-axis.
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