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Abstract. Brain network disruption is often seen in preclinical Alzheimer’s dis-
ease (AD) however, it is unclear whether network alterations precede atrophy in
the disease progression sequence. To address this gap, this study incorporates
graph-theory derived measures of network integrity and regional brain volumes
derived from T1w brain MRI scans into SuStaln, a disease progression and sub-
typing model. Using the data of 1,699 ADNI participants, two SuStaln models
were created: a baseline model containing only regional brain volumes, and a
model including both volumetric and network measures. The volumetric-only
model reproduced previously established atrophy-based subtypes, including a
Typical, Cortical, and Subcortical group. In the combined model, the Typical
group split into two subtypes which both showed early network changes, fol-
lowed by atrophy in the amygdala and hippocampus. However, the Typical 1
subtype showed initial alterations in network integration and Typical 2 demon-
strated early alterations in network segregation. This suggests that network alter-
ations precede atrophy for participants with typical progression patterns, high-
lighting their potential as an early disease marker.

Keywords: Graph theory, Structural similarity networks, Disease progression
modeling.

1 Introduction

Alzheimer’s disease (AD) is characterized by a long preclinical window, with an esti-
mated 10-20 years between disease onset and the emergence of cognitive symptoms
when AD is typically diagnosed [1]. With the advent of anti-amyloid treatments, there
is a pressing need for earlier diagnostics, as these are most effective before irreversible
damage such as atrophy and cognitive decline has occurred. Identifying early disease
markers, however, is complicated by heterogeneity in disease progression. Data-driven
disease progression models (DPM) such as Subtype and Stage Inference (SuStaln) have
been developed to address this heterogeneity by identifying groups of patients with
similar progression patterns while simultaneously considering disease stage [2]. When
applied to imaging markers, SuStaln has primarily incorporated regional brain volumes
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to identify subtype-specific patterns of neurodegeneration. However, given that atrophy
represents a process occurring late in disease progression [3], these models are limited
in their ability to identify early disease markers that support timely diagnostics.

Incorporating measures of brain network integrity into DPMs may help capture ear-
lier disease effects that precede atrophy or cognitive decline. PET studies have shown
that early AD pathology tends to accumulate within connectivity networks [4,5], con-
tributing to altered connectivity seen in preclinical AD [4,6—8]. Moreover, in autosomal
dominant AD, reduced network integrity can be detected up to 12 years before symptom
onset [9] and is predictive of future cognitive decline [10]. Thus, measures of network
integrity may represent a link between early pathological processes and later cognitive
decline, highlighting their potential for detecting and tracking disease progression.

Importantly, these network measures can be derived from routine TIw MRI scans
by constructing structural similarity networks (SSN), which model connectivity as the
statistical similarity of gray matter morphometry [11]. In AD, SSNs capture coordi-
nated patterns of atrophy, as degenerating regions show similar gray matter properties
[12]. However, given that patterns of atrophy overlap with known connectivity net-
works [13] and morphometrically similar regions tend to be structurally or functionally
connected [12], these patterns remain interpretable in terms of connectivity, and offer
a practical way to assess networks from the same MRI scan used to assess volumetry.

Yet, no studies have incorporated these network measures alongside volumetrics into
disease progression and subtyping models. Consequently, it remains unclear whether
network alterations precede regional atrophy in the inferred disease sequence and
whether this ordering is consistent across subtypes. To address this gap, this study ap-
plies SuStaln to regional brain volumes and graph theory-derived measures of network
integrity computed from SSNs to assess the ordering of network and volumetric
changes across AD subtypes. This model which combines network and volumetric
measures will be compared to a baseline model which includes only brain volumes. It
is expected that the atrophy-based subtypes from the volumetric-only model will be
preserved in the combined model, and that network alterations will emerge at an earlier
SuStaln stage than volumetric changes for some subtypes.

2 Methods

2.1 Data

Population. Data was obtained from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) database (adni.loni.usc.edu). Participants from ADNI 1/2/GO who had availa-
ble T1 scans acquired within 6 months of their baseline diagnostic visit were eligible
for inclusion. For participants with multiple scans, the earliest scan was selected. The
study population encompassed cognitively normal (CN) controls, as well as patients
with mild cognitive impairment (MCI), and mild AD. A total of 1,721 participants were
eligible for inclusion. However, 5 were excluded because the time between scan and
diagnostic visit exceeded six months, and 17 additional participants were excluded be-
cause their network topology was too constrained to generate degree-preserving null
models. The remaining 1,699 participants were included in the analysis.
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MRI Acquisition and Processing. T1-weighted structural MRI data was acquired us-
ing 1.5T and 3T scanners. These scans were processed using FreeSurfer version 7.0 and
segmented into 80 cortical and subcortical regions based on the Desikan-Killiany atlas.
ComBat harmonization was performed across field strengths, including age and sex as
covariates [14]. Images were further processed using FMRIB Software Library (FSL)
version 5.0.6 to produce voxel-based morphometry (VBM) maps. Following a standard
preprocessing pipeline, gray matter voxels were extracted from the FreeSurfer output
and nonlinearly registered to the Montreal Neurological Institute (MNI) gray matter
template at a 1x1x1 mm? resolution. Following modulation, the maps were smoothed
with a 6-mm full width at half-maximum Gaussian kernel, as this has been shown to
improve the reliability of graph theory metrics derived from VBM maps [15].

Cognitive Data. Various neuropsychological tests were used to assess cognitive pro-
files across subtypes, including the Boston Naming Test, Animal Fluency, Rey Audi-
tory Verbal Learning Test (RAVLT) delayed recall, Logical Memory Test immediate
recall, and Trail Making Test parts A and B. Only participants with cognitive data ac-
quired within 6 months of the diagnostic visit and MRI scan were included. All cogni-
tive tests were normalized with respect to the CN group and adjusted for age, sex, and
years of education using linear regression.

2.2 Structural Similarity Networks

Following the approach outlined by Kong et al. (2015), the SSNs were constructed by
modeling connectivity as the statistical similarity of gray matter distributions. This
method was chosen because it retains spatial information about cortical thickness and
folding structure, which is associated with white matter connectivity and vulnerability
in dementia [16,17]. As such, it may yield a more biologically grounded connectivity
map compared to other SSN approaches that rely on a single morphometric feature.
To construct the SSNs, the VBM maps were first parcellated into 90 regions based
on the automated anatomical labeling (AAL) atlas. These regions defined the nodes of
the network. Then, gray matter values were extracted for each node, and a probability
density function was estimated using Kernel Density Estimation (KDE) (SciPy pack-
age, v1.16.3), with bandwidths chosen automatically using Scott’s rule [ 18]. Next, sim-
ilarity of gray matter distributions was calculated for each pair of regions using the
symmetric Kullback-Leibler divergence formula converted into a similarity metric. The
resulting Kullback-Leibler similarity (KLS) values represented the edges, or connec-
tions between nodes. These KLS values used to generate a 90x90 connectivity matrix
for each individual subject, where high similarity is a proxy for connectivity.
Following matrix construction, spurious connections were removed by converting
the matrices into binary, adjacency matrices using sparsity thresholding. Matrices were
binarized across a range of sparsity levels (5-30% in steps of 2%). However, only den-
sities ranging from 15-30% were used for graph theory calculations because at lower
densities the largest connected component contained <80% of nodes in >10% of par-
ticipants [19]. Graph theory metrics, including local efficiency, global efficiency, and
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small-worldness were calculated at each sparsity level using the Python package Net-
workX (v3.6.1) [20]. All metrics were normalized against 100 random networks gen-
erated via Maslov and Sneppen rewiring, and the normalized metrics were averaged
across sparsity levels to produce a single value per metric per subject.

2.3 SuStaln

This study implemented the z-score version of SuStaln, which models disease progres-
sion as the linear accumulation of biomarkers from one z-score to the next. The z-score
SuStaln algorithm identifies groups of subjects (subtypes) with a shared sequence of z-
score events, and the position of a subject in the sequence determines their stage.

Two SuStaln models were specified: Model 1 included 13 brain volumes, covering
the frontal, temporal, parietal, and occipital lobes, as well as the cingulate, insula, nu-
cleus accumbens, amygdala, caudate, hippocampus, pallidum, putamen, and thalamus.
These regions were selected to reproduce previously established ADNI atrophy-based
subtypes [2]. Model 2 contained all volumes from Model 1, plus graph theory measures
of small-worldness, local efficiency, and global efficiency. These metrics were selected
as they each assess unique aspects of network topology: small-worldness measures the
balance between integration and segregation, as assessed by path length and clustering
respectively; local efficiency was selected as an alternative measure of segregation, and
global efficiency was included as a measure of integration. Additionally, local and
global efficiency were selected because they can be computed on disconnected graphs.

All biomarkers were normalized relative to the CN group using regression-based
norming and corrected for age, sex and total intracranial volume for volumetric fea-
tures. Additionally, volumetric biomarkers were multiplied by -1 to increase with dis-
ease progression. For each biomarker, the integer nearest the 99th percentile determined
the maximum z-score, and each preceding integer was used as a z-score event, with the
first event starting at a z-score of 1. Lastly, 10-fold cross-validation was performed
separately for Models 1 and 2 to determine the optimal number of subtypes. The model
with the lowest cross-validation information criterion (CVIC) and highest log likeli-
hood was selected.

2.4  Statistical Analysis

ANOVA was used to assess differences in demographics and biomarker profiles across
subtypes. However, as group differences may be confounded by different stage distri-
butions per subtype, all metrics were adjusted for disease stage using linear regression.
Tukey HSD post-hoc test was used to determine which groups showed statistically sig-
nificant differences across these stage-adjusted metrics. All analyses were performed
in Python v3.11 and the threshold for statistical significance was set at p <0.05.
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3 Results

3.1 Model1

In line with past findings, Model 1 identified 3 atrophy-based subtypes: a Typical group
(N =580) with atrophy beginning in the amygdala and hippocampus; a Cortical subtype
(N = 283) with early volume loss in the frontal, temporal, and parietal lobes; and a
Subcortical subtype (N = 191) with atrophy beginning in the pallidum, putamen, and
caudate. Participants whose biomarkers did not differ significantly from healthy con-
trols, and could not be reliably subtyped, were assigned to the Stage 0 group (N = 645).

Table 1. Descriptives statistics for the full sample and subtypes from Model 1 (including volu-
metric and network measures). Continuous variables are presented as the mean (standard devia-
tion) and categorical variables are presented as n (%). All biomarkers represent stage-adjusted z-
scores, that increase with disease progression.

Full sample Stage 0 Typical Cortical Subcortical
N 1699 645 580 283 191
Sex (N males) 934 (55%) 338 (52%) 320 (55%) 162 (57%) 114 (60%)
Age 73.32(7.16) 73.09 (6.96)  73.46 (6.83) 72.66 (8.03)  74.66 (7.37)
Education 15.82 (3.1) 16.15 (2.64)  15.38 (3.50) 15.65(3.25) 16.29 (2.84)
CN 512 (30%) 316 (49%) 50 (9%) 83 (29%) 63 (33%)
MCI 851 (50%) 297 (46%) 319 (55%) 129 (46%) 106 (55%)
AD 336 (20%) 32 (5%) 211 (36%) 71 (25%) 22 (12%)
Amygdala - -0.26 (0.89)  1.22(0.78) 0.23 (0.74) -0.12 (0.73)
Hippocampus - -0.24 (0.81)  1.36(0.75) 0.32 (0.8) 0.1(0.72)
Global Efficiency - 0.05 (0.97) 0.52 (0.85) -0.31(1.03)  0.07 (1.03)
Local Efficiency - 0.05 (1.0) 0.16 (1.03) 0.11(1.18) 0.02 (1.03)
Small-worldness - 0.06 (0.97) 0.28 (0.94) 0.07 (1.08) 0.07 (0.99)

3.2  Model 2

The combined SuStaln model incorporating network measures revealed a 4-subtype
structure (A CVIC > 8 over the 3-subtype solution), which included a Cortical (N =
407) and Subcortical (N = 139) subtype whose progression patterns mirrored those from
Model 1. Additionally, two Typical subtypes were found, which showed distinct net-
work profiles. The Typical 1 (N =411) showed early changes in network integration,
with global efficiency reaching a z-score of 1 in the first SuStaln stage, followed by
volume loss in the amygdala and hippocampus. The Typical 2 (N = 183) subtype
showed initial changes in network segregation, with local efficiency and small-world-
ness reached z-scores of 2 in the first SuStaln stages, followed by atrophy in the amyg-
dala and hippocampus. Post-hoc analyses showed that the Typical 1 group had signifi-
cantly increased global efficiency compared to all other subtypes (p < 0.001), more
atrophy in the amygdala and hippocampus (all p <0.001), and performed worse on
memory (all p <0.01) and language tests (all p <0.05). Conversely, the Typical 2 group
showed significantly increased network segregation (p < 0.001 for both local efficiency
and clustering) and small-worldness (p < 0.001).
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Table 2. Descriptives statistics for the subtypes from Model 2. Continuous variables are pre-
sented as the mean (standard deviation) and categorical variables are presented as n (%). All
biomarkers represent stage-adjusted z-scores, that increase with disease progression.

Stage 0 Typical 1 Cortical Typical 2 Subcortical
N 559 411 407 183 139
Sex (N males) 300 (54%) 240 (58%) 221 (54%) 87 (48%) 86 (62%)
Age 73.29 (7.00)  73.80 (6.63) 72.79 (7.63)  72.57(7.39)  74.57(7.49)
Education 16.16 (2.68)  15.54 (2.94) 15.39 (3.84)  1597(2.78)  16.35(2.88)
CN 287 (51%) 43 (10%) 89 (22%) 51 (28%) 42 (30%)
MCI 244 (44%) 230 (56%) 204 (50%) 91 (50%) 82 (59%)
AD 28 (5%) 138 (34%) 114 (28%) 41 (22%) 15 (11%)
Amygdala -0.33 (0.86) 1.14 (0.74) 0.3 (0.68) 0.28 (0.94) -0.29 (0.76)
Hippocampus -0.28 (0.82) 1.26 (0.72) 0.39 (0.79) 0.32(0.9) -0.03 (0.76)
Global Efficiency -0.02 (0.94) 0.84 (0.66) -0.3 (0.98) 0.04 (0.95) -0.08 (0.94)
Local Efficiency -0.17 (0.87) 0.01 (0.8) -0.18 (0.93) 1.72 (0.75) -0.18 (0.95)
Small-worldness -0.16 (0.86) 0.12 (0.75) -0.08 (0.88) 1.64 (0.66) -0.06 (0.9)

Typical 1 (N = 411) Cortical (N = 407)

Sustain Stage Sustain Stage

Typical 2 (N = 183) Subcortical (N = 139)

1734567 5 51001121514151617181972021227324 2526272293031 32 3334 35 36 37 38 30 T 235567 6 51011120304151617 1810207122 2324 75 2627 20293031 323334 35 35 37 38 39
Sustain Stage Sustain Stage

Fig. 1. Positional Variance Diagrams for subtypes from Model 2. The x-axis depicts disease stage
and y-axis contains the biomarkers. The colors represent the z-score value for each biomarkers:
red indicates a biomarker reaching a z-score of 1, magenta corresponds to z-score of 2, and blue
corresponds to a z-score of 3. Higher z-scores correspond to more abnormal biomarkers. The
opacity of the color reflects the certainty of a biomarker reaching a particular z-score at that stage.

3.3  Subtype Consistency Between Models

To assess consistency of subtype assignment across models, we computed the propor-
tion of participants who were assigned the same subtype in Model 1 and Model 2. The
Stage 0 and Cortical subtypes showed the highest consistency across models (83%),
followed by the Subcortical subtype (70%). The Typical subtype from Model 1 showed
61% consistency. This is due to the fact that many subjects (N = 150) who were classi-
fied as Typical in Model 1 shifted to the Cortical subtype in Model 2. However, these
participants were classified at late stages in both models, and subtype uncertainty is
higher at late stages when most biomarkers reach abnormality. In addition, a portion of
Stage 0 subjects from Model 1 were reclassified into the Typical 2 subtype in Model 2,
suggesting that the inclusion of network measures in Model 2 enabled better classifica-
tion of these participants within a subtype, as fewer participants were left unstaged.
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4 Discussion

By incorporating network measures and regional brain volumes into SuStaln, this study
showed that network alterations precede atrophy in the inferred disease sequence for
certain AD subtypes. The baseline, volumetric-only model replicated the established
three-subtype structure, whereas the combined model revealed a four-subtype structure,
including two Typical groups (Typical 1 and Typical 2) with distinct network profiles.
The Typical 1 subtype showed initial alterations in network integration, whereas Typi-
cal 2 demonstrated early alterations in network segregation. These findings suggest that
graph-theory derived measures of network integrity capture unique information about
brain topology that helps distinguish AD subtypes, and that network alterations repre-
sent an early disease marker in these Typical groups.

4.1 Network Biomarkers Reveal Novel Subtype Structure

The Typical 1 subtype from the combined model closely resembled the Typical subtype
from the volumetric-only model, with both groups showing significant atrophy in the
amygdala and hippocampus, impaired memory, and increased segregation, as assessed
by global efficiency. In contrast, the new Typical 2 subtype showed significantly in-
creased integration, measured by local efficiency. This group was also younger, had
relatively preserved cognition and mild global atrophy, suggesting it may represent a
less advanced group of patients. The finding that the less impaired Typical 2 subtype is
characterized by altered segregation and the more impaired Typical 1 group shows al-
tered integration is in line with past literature showing that changes in segregation pre-
cede changes in integration. fMRI studies have reported increased segregation in pre-
clinical AD due to amyloid induced hyperconnectivity within the Default Mode Net-
work (DMN) [4,6]. However, as the disease progressed and amyloid accumulation plat-
eaued, the DMN became disconnected. As a compensatory response, connectivity with
other networks increased, leading to decreased segregation and a more integrated but
less specialized connectome.

Thus, the Typical 1 and 2 groups may represent different positions along the same
progression trajectory rather than truly distinct subtypes. The Typical 2 group may re-
flect an earlier stage, with increased segregation due to amyloid induced hyperconnec-
tivity as seen in preclinical AD, whereas the Typical 1 group may represent a more
advanced stage where increased global efficiency reflects a more integrated but ran-
domly organized connectome. Therefore, the splitting of these two subtypes may reflect
a limitation of the SuStaln model, which assumes that biomarkers increase monoton-
ically over time. However, this assumption that may not hold for measures of segrega-
tion, which have been shown to rise and fall as the disease progresses [6].

Regarding other network measures, the Typical 2 group also showed increased
small-worldness which is calculated as the ratio between path length and clustering.
However, path length measures showed large variability at lower densities (<20%)
across both Typical groups, suggesting that the observed differences in small-worldness
are likely driven by increased segregation (clustering) rather than increased integration.
Additionally, it is notable that early network alterations were absent in the Cortical and
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Subcortical groups. This could reflect the fact that early AD pathology preferentially
targets the DMN, which is functionally and structurally connected to regions affected
in the Typical subtypes, namely the amygdala and hippocampus. In contrast, the Corti-
cal and Subcortical groups may not experience the same early, pathology-driven net-
work disruption, which could explain why adding network measures did not alter their
progression patterns.

4.2 Direction of Network Alterations

Another notable finding was that the Typical AD subtypes exhibited increased network
segregation and integration relative to Stage 0 subjects. This may seem counter-intui-
tive; however, this finding is a consequence of defining connectivity as the statistical
similarity of gray matter distributions: as regions atrophy, their gray matter distributions
shift leftward in unison, which mathematically increases their similarity. Consequently,
the graph metrics pick up on coordinated patterns of atrophy, as regions that show high
similarity (connectivity) are atrophying in parallel. Therefore, increased segregation in
the Typical groups may reflect spatially patterned atrophy due to a prion-like spread of
amyloid within the DMN resulting in increased segregation [5]. Conversely, the Corti-
cal and Subcortical subtypes may not show network alterations because their patterns
of atrophy occur in a more diffuse or random way.

4.3 Limitations

There are several important limitations of this study. First, the measures of network
segregation may violate SuStaln’s monotonicity assumption, which limits the ability to
infer whether changes in network segregation precede changes in integration. Follow-
up longitudinal analysis is necessary to validate the true ordering of network and volu-
metric changes. Second, this study used binarized graphs to compute graph theory met-
rics, which improves the interpretability of graphical analyses, but may provide a less
accurate characterization of connectivity compared to weighted graphs [21]. Third, this
study was performed in a presumed AD population, and similar network alterations
occur in other neurodegenerative diseases. Thus, it remains unclear if these network
changes are specific to early-stage AD.

4.4 Conclusion

By integrating individual-level network measures into SuStaln, this study demonstrated
that structural network alterations — which capture coordinated patterns of atrophy —
emerged at an earlier stage than regional volumetric changes in Typical AD subtypes.
The inclusion of network measures revealed heterogeneity within the Typical subtype,
with one group showing early increased segregation and the other showing increased
integration. This suggests that network measures capture early, disease-related changes
that are not detectable using only volumetric biomarkers. In sum, these findings suggest
that coordinated patterns of atrophy may be a more sensitive marker of early disease
changes than volumetric measures in patients with Typical AD progression patterns.
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