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Abstract

Introduction: Alzheimer’s disease (AD) is a phenotypically and pathologically heterogenous 

neurodegenerative disorder. This heterogeneity can be studied and disentangled using data-driven 

clustering techniques.

Methods: We implemented a self-organizing map clustering algorithm on baseline volumetric 

MRI measures from nine brain regions of interest (ROIs) to cluster 1041 individuals enrolled in 

the placebo arm of the EXPEDITION3 trial. Volumetric MRI differences were compared among 

clusters. Demographics as well as baseline and longitudinal cognitive performance metrics were 

used to evaluate cluster characteristics.

Results: Three distinct clusters, with an overall silhouette coefficient of 0.491, were identified 

based on MRI volumetrics. Cluster 1 (N = 400) had the largest baseline volumetric measures 

across all ROIs and the best cognitive performance at baseline. Cluster 2 (N = 269) had larger 

hippocampal and medial temporal lobe volumes, but smaller parietal lobe volumes in comparison 

with the third cluster (N = 372). Significant between-group mean differences were observed 

between Clusters 1 and 2 (difference, 2.38; 95% CI, 1.85 to 2.91; P < 0.001), Clusters 1 and 3 

(difference, 1.93; 95% CI, 1.41 to 2.44; P < 0.001), but not between Clusters 2 and 3 (difference, 

0.45; 95% CI, −0.11 to 1.02; P = 0.146) in ADAS-14.
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Conclusions: Volumetric MRI can be used to identify homogenous clusters of amyloid 

positive individuals with mild dementia. The groups identified differ in baseline and longitudinal 

characteristics. Cluster 1 shows little ADAS-14 change over the first 40 weeks of study on placebo 

treatment and may be unsuitable for identifying early benefits of treatment.
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1. INTRODUCTION

Alzheimer’s disease (AD) is a neurodegenerative condition that exhibits phenotypical and 

pathological heterogeneity. The recent introduction of ATN research framework (Jack et 

al., 2018), a clinically agnostic conceptual framework focused on a biological definition 

of AD is expected to change the landscape of clinical trials through pathway-based 

therapeutic approaches. The current framework is largely based on using biomarkers 

cutoffs for stratification of individuals. It is expected that modifications to the ATN 

framework will be made through the addition of other pathophysiological process, including 

neuroinflammation, vascular damage, and accounting for spatial distribution of pathology 

(Gauthier et al., 2018).

Hypothesis-driven studies have successfully identified atrophy-related subtypes. However, 

this approach is limited due to its reliance on prior knowledge and definitions of 

neuropathological subtypes (Habes et al., 2020). Data-driven methods combined with 

advances in neuroimaging, on the other hand, offer the opportunity to find novel subtypes 

from in-vivo spatial patterns of pathology within diverse patient populations (Habes et al., 

2020). Individuals with similar spatial patterns of AD pathology are more likely to show the 

same clinical course (e.g., cognitive decline) and are more likely to response to the same 

treatment (Ezzati et al., 2021). Until recently, standard unsupervised clustering techniques 

have most commonly been used to identify subtypes using regional neuroimaging data 

(Habes et al., 2020). A recent meta-analysis of reported brain atrophy subtypes related to 

AD found studies consistently identified up to four subtypes: typical, limbic-predominant, 

hippocampal-sparing, and minimal atrophy (Ferreira et al., 2020). Additionally, they 

identified several common differences between subtypes including age at onset and at 

assessment, sex, years of education, APOE4 status, cognitive status, disease duration, and 

cerebrospinal fluid biomarker levels (Ferreira et al., 2020).

In this study, we have implemented an unsupervised learning clustering technique based 

on artificial neural networks called Self-Organizing Maps (SOM) (Kohonen, 1982/01) to 

identify patient sub-groups using volumetric MRI data. To our knowledge, this approach 

clustering technique of regional neuroimaging data has not previously been applied to 

identifying atrophy subtypes of AD. We used volumetric measures of nine brain regions of 

interest (ROIs) in amyloid positive patients with mild dementia enrolled in the placebo arm 

of EXPEDITION 3, a Phase 3 clinical trial of Solanezumab, an anti-amyloid monoclonal 

antibody binding soluble amyloid-β peptide. Differences in baseline characteristics between 
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clusters were assessed as well as differences in longitudinal cognitive performance using the 

ADAS-14 score, the primary outcome of EXPEDITION 3.

2. METHODS

2.1. Participants

We used data from the placebo arm the of the double-blind, placebo-controlled phase 

3 trial of Solanezumab for mild AD (EXPEDITION 3) trial. EXPEDITION 3 was a 

phase 3 interventional clinical trial conducted between 2013 and 2017. Participants of the 

placebo arm received a placebo every 4 weeks for 76 weeks with an additional 4 weeks 

of assessments. The criteria for inclusion for male and female patients were to be between 

the ages of 55 and 90, to meet the National Institute of Neurological and Communicative 

Disorders and the Stroke/Alzheimer’s Disease and Related Disorders Association (NINCDS/

ADRDA) criteria for probable AD, and to have biomarker evidence consistent with the 

presence of amyloid at screening based on florbe-tapir PET scan or CSF. Exclusion criteria 

can be found elsewhere (Doody et al., 2014; Siemers et al., 2016). The clinical trial was 

approved by the by the ethics and institutional review boards of all sites. Participants 

provided written consent before trial participation.

For inclusion in this study, participants had baseline measures of demographics, 

neuropsychological tests, and volumetric magnetic resonance imaging. A subset of 

participants with longitudinal MRI were used to assess cluster differences in volumetric 

MRI changes.

2.2. Neuropsychological tests

The primary outcome measure for the trial was change in baseline in the Alzheimer’s 

Disease Assessment Scale-Cognitive 14 item Subscore (ADAS-14, score range: 0–90, 

higher scores imply more impairment) (Rosen et al., 1984; Mohs et al., 1997). Secondary 

outcome measures include change from baseline on the following tests: Mini-Mental State 

Examination (MMSE, score range: 0–30, lower scores imply more impairment) (Folstein 

et al., 1975), Clinical Dementia Rating-Sum of Boxes (CDR-SB, score range: 0–18, higher 

scores imply more impairment) (Berg et al., 1988), Alzheimer’s Disease Cooperative Study-

Instrumental Activities of Daily Living (ADCS-iADL, score range: 0–78, lower scores 

imply more impairment) (Galasko et al., 2006), Functional Activities Questionnaire (FAQ, 

score range: 0–100, higher scores imply more impairment) (Pfeffer et al., 1982), and 

Integrated Alzheimer’s Disease Rating Scale (iADRS, score range: 0–146, lower scores 

imply more impairment) (Wessels et al., 2015). The Geriatric Depression Scale (GDS, score 

range: 0–15, higher scores imply more impairment) (Sheikh and Yesavage, 1986) was used 

to assess depressive symptoms.

2.3. Magnetic resonance imaging

Participants had Volumetric MRI at screening visit. ROI-based volumetric analysis 

was performed using the FreeSurfer software (https://surfer.nmr.mgh.harvard.edu/). A 

detailed explanation of the procedure has previously been described (Schwarz et al., 

2019). Available ROIs included: entorhinal cortex, hippocampus, inferior parietal lobe, 
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cingulate isthmus, lateral parietal lobe, medial temporal lobe, precuneus, prefrontal cortex, 

and superior temporal lobe. To account for differences in intracranial volume (ICV), 

ROIs volumes were adjusted (ROIa) using a residual correction approach such that 

ROIa = ROI ‐ B⋆(ICV ‐ mean(ICV)) where B is obtained as a regression coefficient when 

ROI volume is regressed against ICV.

2.4. Unsupervised clustering vis self-organizing maps

A multistep procedure was used for clustering of MRI volumetric data using Self-

Organizing Maps, an artificial neural network approach trained using competitive learning. 

First, MRI data was normalized to the interval [0,1] and highly correlated regions removed. 

Second, principal component analysis was performed such that only components that 

increased the cumulative explained variance (CEV) by at least 10% were utilized in the 

clustering resulting in four principal components being used. Third, the SOM Toolbox uses 

the heuristic d = ceil((5⋆N0.54321)1 ∕ 2) = 15 (where N = 1041 is the number of participants) 

to determine the grid size such that the original data is projected onto a 15x15 grid of 

neurons using the SOM algorithm (Vatanen et al., 2015). The U-matrix and component 

planes associated with the SOM can be found in Supplementary Figs. 1 and 2. Finally, the 

SOM neurons were grouped using repeated K-mean clustering algorithm examining between 

2 and 10 possible clusters. The optimal number of clusters was assessed using four metrics 

that include the Gap Statistic, Silhouette, Calinski-Harabbasz, and Davies-Bouldin values.

2.5. Statistical analysis

Statistical analysis of characteristic data was performed using MATLAB (version 2021a) 

and the SOM Toolbox 2.0 was used for implementing the self-organizing maps algorithm 

(Vatanen et al., 2015). All tests were two-tailed and the level of significance was taken at α 
= 0.05. Characteristics among clusters were assessed using analysis of variance (ANOVA) 

for continuous variables and χ2 tests for categorical variables. Post hoc analysis was 

performed using the least significant difference test. A repeated measures model was used to 

assess least square mean change from baseline of the ADAS-14 stratified by cluster at weeks 

12, 28, 40, 52, 64, and 80. Spider plots were created of normalized neuropsychological 

tests and MRI volumes for each cluster. Plots were produced at the beginning and end of 

the study to assess change in each measure. Normalized values of the MMSE, iADRS, and 

ADL scores have been reversed such that an increase in normalized values corresponds 

to worse performance for all neuropsychological measures. Decrease in normalized MRI 

values corresponds with neurodegeneration. To investigate the stability of clusters as well 

as implications regarding severity, the SOM mapping trained on baseline data was used to 

predict cluster membership of individuals with follow-up data. An alluvial plot was used to 

visualize cluster membership at baseline and the follow-up visit.

3. RESULTS

3.1. Sample characteristics

The 1041 participants included in this study had an average age of 73.03 (SD = 7.81), had 

on average 13.67 (3.75) years of education, 58.6% were female, and 66.0% were APOE4 
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positive. In the entire population at baseline, the mean ADAS-14 was 29.65 (8.50), mean 

MMSE was 22.66 (2.88), mean CDR-SB was 3.91 (1.92), ADCS-iADL was 40.80 (11.54), 

FAQ was 10.57 (7.08), GDS was 1.65 (1.46) and IADRS was 105.77 (13.94). Table 1 

summarizes sample characteristics of demographics, neuropsychological tests, and MRI 

regional volumes for the entire population and the clusters. Characteristics for the subgroup 

with longitudinal MRI can be found in Supplementary Table 1.

3.2. Unsupervised clustering

Different metric identified different optimal values of clusters. The Gap Statistics, 

Silhouette, and Calinski-Harabasz values favored a smaller number of clusters whereas 

the Davies-Bouldin value favored five or more clusters. Balancing these and noting abrupt 

changes in the Gap Statistic and Silhouette value at three clusters we identified three clusters 

as optimal (Supplementary Fig. 3).

3.3. Neuropsychological tests

ANOVA followed by post hoc analysis comparing baseline measures of neuropsychological 

tests was done. ANOVA comparing baseline neuropsychological measures between clusters 

indicated significant differences among all measures except GDS (p = 0.384). From post hoc 

analysis we found, for all measures, there to be significant differences at baseline between 

clusters except for Clusters 2 and 3 on the MMSE and between Clusters 1 and 2 on FAQ and 

ADCS-iADL. A summary of post hoc analysis results can be found in Supplementary Table 

2. Spider plots show normalized test performance at baseline and follow-up in the subgroup 

(Fig. 1) where larger values corresponding to worse test performance.

Results from repeated measure models for ADAS-14, found between-cluster differences in 

the rate of change in ADAS-14 score during 80 weeks of trial (Fig. 1). The mean change 

from baseline to week 80 in ADAS-14 score for Cluster 1 was 4.28 (95% confidence interval 

[CI] = 3.60–4.96), for Cluster 2 was 10.14 (CI = 9.15–11.14), and for Cluster 3 was 7.90 (CI 

= 7.06–8.74). Significant between-group mean differences were observed between Clusters 

1 and 2 (difference, 2.38; 95% CI, 1.85 to 2.91; P < 0.001), Clusters 1 and 3 (difference, 

1.93; 95% CI, 1.41 to 2.44; P < 0.001), but not between Clusters 2 and 3 (difference, 0.45; 

95% CI, −0.11 to 1.02; P = 0.146) in ADAS-14.

3.4. Baseline differences in volumetric MRI

Table 1 and Fig. 1 summarize baseline volumetric MRI measures and show significant 

differences in the pattern of ROI volumes between clusters. Cluster 1, the largest group 

(38.4% of the cohort), had the least neurodegenerative changes indicated by the largest 

ROI volumes. Cluster 2, the smallest group (25.8% of the cohort), exhibited little atrophy 

in ROI volumes in the entorhinal cortex, hippocampus, and medial temporal lobe but 

increased atrophy in the inferior and lateral parietal lobes, precuneus, and isthmus port of 

cingulate. Cluster 3 (35.7% of the cohort) had the lowest volumes of the entorhinal cortex, 

hippocampus, and medial temporal lobe of the three clusters, but slightly larger volumes 

than Cluster 2 for the inferior and lateral parietal lobes, precuneus, and isthmus port of 

cingulate. Spider plots of regional MRI volumes show smaller volumes for Clusters 2 and 3 

compared to Cluster 1 (Fig. 1). ANOVA and post hoc analysis of longitudinal MRI measures 
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can be found in Supplementary Tables 3 and 4 Notably, asymmetries were observed that 

reflect regional differences in atrophy.

Additionally, using the SOM mapping trained on baseline data, we predicted cluster 

membership according to follow-up visit data. We found the majority of individuals remain 

in their baseline clusters, that is, 84.3%, 88.2%, and 91.0% or individuals remained in 

Clusters 1, 2, and 3, respectively, between Visits 1 and 22. Looking at transitions between 

clusters, we found 12.6% of individuals in Cluster 1 at baseline transitioned to Cluster 3 

and 8.1% of individuals in Cluster 2 at baseline transitioned to Cluster 3. An alluvial plot of 

cluster memberships between Visit 1 and Visit 22 can be found in Supplementary Fig. 4.

4. Discussion

In this study, we explored whether data-driven SOM clustering of individuals exclusively 

based on their regional brain volumes would lead to identifying clinically different subtypes. 

We found three distinct MRI-based clusters: 1) least atrophy across all regions, 2) largest 

atrophy of the frontal and parietal lobes, and 3) largest atrophy of the temporal lobe. Cluster 

1 had the lowest rate of cognitive decline based on ADAS-14, while Cluster 2 exhibited the 

highest rate of decline. Clusters were determined to largely be stable over the course of the 

clinical trial with the majority of transitions between clusters resulting in individuals moving 

towards the more atrophied Cluster 3. These two characteristics align with the proposed core 

dimensions of heterogeneity: typicality and severity (Ferreira et al., 2020).

Additionally, we showed the feasibility of a straightforward application of using SOM 

clustering to identify atrophy-related AD subtypes. Importantly, SOM-based clustering has 

several advantages. First, it is ideal for studies involving truly large datasets as a dimension 

reduction technique that preserves data topology and other key features (Villmann et al., 

1997). Second, SOMs can be extended to supervised and semi-supervised models that 

account for both labeled and unlabeled data that can improve clustering performance (Braga 

and Bassani, 2018; Riese et al., 2020).

Identifying heterogeneity in AD neuroimaging patterns are largely based on two methods of 

hypothesis-driven and data-driven approaches. In hypothesis-driven method, classification 

is based on “a prior” atrophy subtypes such as medial temporal versus neocortical 

patterns (Habes et al., 2020). While this method provides important information on 

differential clinical, biomarkers and prognostic characteristics of subgroups, they are limited 

to previously discovered neuropathological subtypes and cannot provide information on 

whether the classification is representative of the larger population of patients. Data-driven 

neuroimaging methods commonly confirm the predefined neuropathological subtypes, while 

potentially identifying novel neuropathological patterns. Unsupervised clustering, such as 

SOM, is the most common way of subtyping neuroimaging patterns (Hastie, 2009).

The clusters identified in our study share similarities with those found in previous research, 

but also exhibit differences that may be related to our specific methodology and study 

population. For instance, one study applied robust collaborative clustering to MRI scans 

and identified three atrophy clusters (Toledo et al., 2022), one cluster of individuals with 
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dementia exhibited hippocampal sparing followed by another cluster characterized with 

limbic predominant atrophy. Our Cluster 2, characterized by frontal and parietal atrophy, 

differs from their hippocampal sparing cluster. This discrepancy might be due to the 

inclusion/exclusion criteria of the EXPEDITION 3 trial, which focused on individuals with 

mild dementia and amyloid positivity, potentially excluding certain atrophy patterns seen in 

broader populations.

Our results also show parallels with other work which identified typical and atypical 

subtypes including minimal atrophy, limbic-predominant, and hippocampal sparing patterns 

(Poulakis et al., 2018/05). However, our clustering approach, based solely on MRI 

volumetric data, may have captured different aspects of brain atrophy compared to their 

random forest-based method, which incorporated additional clinical variables. Finally, a 

third study combined clustering of subcortical and cortical volumes, for individuals across 

the AD continuum, with event-based modeling (Young et al., 2018).

Importantly, recent work has applied clustering approaches to neuroimaging data such as 

tau PET. For example, a recent study identified four distinct spatiotemporal trajectories of 

tau pathology in Alzheimer’s disease (Vogel et al., 2021). Our MRI-based clusters do not 

directly map onto these tau-based subtypes as differences are expected as atrophy patterns 

and tau accumulation represent different aspects of the disease process. However, there are 

potential parallels. Their findings of distinct demographic and cognitive profiles associated 

with tau subtypes align with our observations of differential cognitive outcomes across 

MRI-based clusters. Their findings suggest that distinct neural network patterns may be 

associated with different disease progression trajectories, which aligns with our observations 

of heterogeneous atrophy patterns across clusters. Future research combining longitudinal 

MRI and tau PET data could elucidate the relationships between tau accumulation and 

atrophy across different AD subtypes.

To address potential entangling of phenotype differences with disease severity, we examined 

the temporal consistency of cluster classifications across visits. Analysis comparing initial 

cluster assignments to those at follow-up revealed high stability 88.1% maintaining their 

original cluster classification. Specifically, retention rates for clusters were 84.3% Cluster 

1, 88.2% for Cluster 2, and 91.0% for Cluster 3. This high degree of consistency 

suggests that our identified clusters likely represent stable phenotypic differences rather 

than transient states of disease severity. The observed stability is particularly noteworthy 

for Cluster 3, which showed the highest retention rate. While some individuals transitioned 

between clusters (11.9% overall), these changes were relatively balanced and could reflect a 

combination of factors including disease progression or measurement variability. The overall 

consistency supports the robustness of our subtype classifications and their potential utility 

as meaningful disease phenotypes rather than merely reflecting varying levels of disease 

severity.

A key implication of this work is its potential impact on clinical trial design. By identifying 

distinct subtypes within a population already fitting clinical trial criteria, we provide 

a method for further stratification of participants. This approach could be particularly 

valuable when designing clinical trial that aim to enroll participants likely to show disease 
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progression in the placebo arm and demonstrate treatment effects in the intervention arm. 

The ability to identify and potentially predict different progression rates among subtypes 

could inform sample size calculations, enhance statistical power, and allow for pre-specified 

subgroup analyses in future trials. Additionally, stability of these subtypes over the course of 

a trial could be used as a basis for long-term stratification in longitudinal studies.

Several limitations of this study should be noted. First, this study was limited to individuals 

enrolled in a randomized control trial (RCT) who met certain enrollment criteria. As such, 

this study and its implications are limited to particular stages of AD progression. Second, 

this study did not have healthy individuals available to for use as a control group could 

be used for differentiating healthy and diseased aging as well as accounting for potential 

confounding variables and selection bias in the sample. Third, limited by data accessibility, 

no harmonization of MRI data was performed to account for different scanner types. Finally, 

we did not have access to other similar studies for external validation of our results. One 

potential issue with unsupervised clustering approaches is that variance captured by the 

identified subtypes may be related to different disease stages rather than to different disease 

expression patterns. This limitation has led other investigators to move toward disentangling 

AD heterogeneity through newer semi-supervised learning methods (Dong et al., 2016; 

Yang et al., 2021/12). Considering that we used data from a more homogenous group of 

individuals from an RCT who were all amyloid positive and in the same stage of disease, the 

latter limitation should be less of an issue.

Future directions of this work include applying this approach to additional datasets that 

cover the larger continuum of AD progression. Second, this work could be extended through 

implementation of novel semi-supervised and supervised SOM clustering that would aim to 

cluster disease effects in addition to clustering individuals (Braga and Bassani, 2018; Riese 

et al., 2020). Additionally, integrating our MRI-based clustering approach with tau PET data 

could provide a more comprehensive understanding of AD subtypes and their progression.

This work demonstrates the potential for advanced unsupervised learning methods to 

identify disease subtypes that were demonstrated to largely be stable over the course 

of this clinical trial with the majority of cluster transitions occurring towards Cluster 3. 

The subtypes show different patterns of cognitive decline, which might have implications 

in patient selection and design of interventional studies. Future studies are required to 

externally validate our findings and evaluate utility of clustering based on longitudinal 

imaging data, potentially incorporating multiple imaging modalities to capture the full 

spectrum of AD pathology.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. 
Regional MRI and cognitive profiles across three clusters. Top Left: Comparison of 

normalized regional volumetric MRI measures at baseline across clusters, revealing a 

gradient of neurodegeneration. Cluster 3 shows the most severe atrophy, particularly in 

the entorhinal cortex and hippocampus, while Cluster 1 exhibits the least overall atrophy. 

Top Right: Longitudinal changes in ADAS-cog14 scores, demonstrating differential rates 

of cognitive decline. Cluster 2 shows the steepest decline (increased score), Cluster 3 an 

intermediate rate, and Cluster 1 the slowest, delayed progression, suggesting varying disease 

trajectories. Bottom: Spider plots illustrating the multi-dimensional nature of cognitive 

decline and brain atrophy. (Top) Neuropsychological test scores at baseline (purple) and 

follow-up (green), normalized to a 0–1 scale. Cluster 1 consistently shows the best 

performance, with the least deterioration over time across all measures. (Bottom) Volumetric 
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MRI measures at baseline (purple) and follow-up (green), normalized to a 0–1 scale. Cluster 

3 exhibits the most pronounced brain volume reductions, particularly in regions associated 

with early Alzheimer’s disease. Note: For neuropsychological measures, higher normalized 

values indicate worse performance. For MRI volumes, decreases correspond to greater 

neurodegeneration. This visualization underscores the heterogeneity in disease presentation 

and progression across patient subgroups.

Abbreviations ADAS14, ADAS-cog14; ADL, instrumental subscale of the Alzheimer’s 

Disease Cooperative Study Activities of Daily Living Inventory; iADRS, Integrated 

Alzheimer’s Disease Rating; FAQ, Functional Activities Questionnaire; MMSE, Mini-

Mental State Examination; CDRSB, Clinical Dementia Rating Sum of Boxes; ERCV, 

Entorhinal Cortex Volume; HV, Hippocampus Volume; MTLV, Medial Temporal Lobe 

Volume; STLV, Superior Temporal Lobe Volume; IPLV, Inferior Parietal Lobe Volume; 

LPLV, Lateral Parietal Lobe Volume; PCV, Precuneus Volume; PFLV, Prefrontal Lobe 

Volume; ISCV, Isthmus Port of Cingulate Volume. (For interpretation of the references to 

colour in this figure legend, the reader is referred to the Web version of this article.)
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