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Deep learning reveals pathology-confirmed neuroimaging
signatures in Alzheimer’s, vascular and Lewy body

dementias

Di Wang,! Nicolas Honnorat,'! Jon B. Toledo,? Karl Li,! Sokratis Charisis,! Tanweer Rashid,’
Anoop Benet Nirmala,' Sachintha Ransara Brandigampala,! Mariam Mojtabai,! Sudha Seshadri,!

the Alzheimer's Disease Neuroimaging Initiative and Mohamad Habes!-?

Abstract

Concurrent neurodegenerative and vascular pathologies pose a‘diagnostic challenge in the clinical
setting, with histopathology remaining the definitive modality for dementia-type diagnosis. To
address this clinical challenge, we introduce a neuropathology-based, data-driven, multi-label deep
learning framework to identify and quantify in-vivo biomarkers for Alzheimer's disease (AD),
vascular dementia (VD), and Lewy body dementia’(LBD) using antemortem T1-weighted MRI
scans of 423 demented and 361 control participants from NACC and ADNI datasets. Based on the
best-performing deep learning model, explainable heatmaps are extracted to visualize disease
patterns, and the novel Deep Signature of Pathology Atrophy REcognition (DeepSPARE) indices
are developed, where a higher DeepSPARE score indicates more brain alterations associated with
that specific pathology.

A substantial discrepancy in clinical and neuropathology diagnosis was observed in the demented
patients: 71%_of them had more than one pathology, but 67% of them were clinically diagnosed
as AD only. Based on these neuropathology diagnoses and leveraging cross-validation principles,
the deep learning model achieved the best performance with a balanced accuracy of 0.844, 0.839,
and 0.623 for AD, VD, and LBD, respectively, and was used to generate the explainable deep-
learning heatmaps and DeepSPARE indices. The explainable deep-learning heatmaps revealed
distinct neuroimaging brain alteration patterns for each pathology: the AD heatmap highlighted
bilateral hippocampal regions, the VD heatmap emphasized white matter regions, and the LBD

heatmap exposed occipital alterations. The DeepSPARE indices were validated by examining their
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associations with cognitive testing, neuropathological, and neuroimaging measures using linear
mixed-effects models. The DeepSPARE-AD index was associated with MMSE, Trail B, memory,
hippocampal volume, Braak stages, CERAD scores, and Thal phases (Prpr—gajustea < 0-05). The
DeepSPARE-VD index was associated with white matter hyperintensity volume and cerebral
amyloid angiopathy (Prpr—qqjustea < 0-001). The DeepSPARE-LBD index was associated, with
Lewy body stages (Prpr-qajustea < 0-05). The findings were replicated in an out-of-sample ADNI
dataset by testing associations with cognitive, imaging, plasma, and CSE'measures. CSF and

plasma pTaul81 were significantly associated with DeepSPARE-AD.in"the AD/MClap+ group
(Prpr-adjustea < 0-001), and CSF o-synuclein was associated solely with DeepSPARE-LBD

(pFDR—adjusted =0.036).

Overall, these findings demonstrate the advantages of our innovative deep-learning framework in
detecting antemortem neuroimaging signatures linked to different pathologies. The newly deep
learning-derived DeepSPARE indices are precise, pathology-sensitive, and single-valued
noninvasive neuroimaging metrics, bridging. the traditional widely available in-vivo T1 imaging

with histopathology.
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Introduction

Aging is associated with the accumulation of neurodegenerative and vascular pathologies.in the
brain, which can lead to the development of cognitive impairment and demential. In 2024, an
estimated 6.9 million Americans aged 65 and older live with Alzheimer's disease (AD), the most
common cause of dementia, with vascular dementia (VD) and dementia with Lewy bodies (LBD)
following?3.

Clinical dementia diagnosis work-up relies on history taking, physical exam, cognitive testing,
blood work, and neuroimaging biomarkers*. Neuroimaging biomarkers are particularly
interesting due to the range of modalities and sequences available. MRI scans are usually included
as a part of the initial clinical assessment of dementia, providing the opportunity to detect and
quantify different neurodegenerative pathologies’='°. MRI has been most frequently used for
detecting and quantifying AD-related hippocampus atrophy’”-!'-13, as well as different
endophenotypes of vascular brain injury;-such as white matter hyperintensities (WMHs)!!#415,
hemorrhages!®, infarcts'’, and enlarged perivascular spaces'8. For LBD, MRI scans usually present
preserved medial temporal lobe volume!® and occipital atrophy??—22. Other neuroimaging
biomarkers, such as amyloid-f# (A f), tauopathy captured with PET scans, and «-synuclein
detected by seed amplification assays (SAA) for Lewy body pathology?3-?4, can also support the
diagnosis?>2°, However, those are not usually included in the initial assessment and thus have
limited clinical availability. Therefore, many MRI-based neuroimaging studies have been designed
to use machine leaming models to predict clinical dementia diagnosis’-27-2%,

However, clinical diagnosis faces multiple challenges regarding diagnosis accuracy3°-32, where
neuropathology is considered the diagnostic gold standard33-3¢ because neurodegenerative diseases
are. histopathologically characterized by the deposition of misfolded proteins with different
spreading patterns and underlying biological mechanisms. Thus, machine learning-based
biomarker development using clinical rather than neuropathological diagnosis may lead to
misestimation, inaccurate cutoffs3¢, and limited accuracy®-37-49.

Recently, the emergence of deep learning has significantly transformed the traditional machine

learning approach*!. With their flexible architectures, deep learning models require only minimal
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pre-processing while reaching state-of-the-art diagnostic accuracy*?. However, most deep
learning-based biomarker developments*! still leverage clinical diagnosis, potentially limiting
their accuracy in predicting histopathology outcomes. Moreover, recent work has shown that deep
neural network decisions are biologically informed, as evidenced by hippocampal-focused
explainable heatmaps in AD classification tasks*3~43, which is not the case for the ‘traditional
machine learning models*’. Most previous studies have focused on binary tasks. This work could
be among the first attempts to extract explainable heatmaps for multiple co=pathologies from a
single multi-label model.

Previously, we have developed a set of machine learning-derived SPARE (Spatial Pattern of
Atrophy for Recognition) single-valued metrics that capture distinct dimensions of brain
alterations linked to cognitive decline*®. For instance, SPARE-AD*”quantifies AD-like atrophy,
while SPARE-BA“*® measures atrophy related to brain aging. However, these indices relied on
traditional support vector machine (SVM) methods and did not consider the possibility of co-
pathologies?0-32:4%, Postmortem studies showed that'most dementia cases are heterogeneous with
multiple co-pathologies®®. This underscores. the need for more sophisticated methods to
disentangle dementia heterogeneity>? using in-vivo imaging.

In this study, we develop a multi-label deep learning network trained with neuropathologically
confirmed diagnoses to quantify how atrophy relates to the three most common co-pathologies.
We utilize a combined dataset fromtwo large neuroimaging repositories: the Alzheimer's Disease
Neuroimaging Initiative (ADNI)?7 and the National Alzheimer's Coordinating Center (NACC)3!.
Specifically, our. models are trained to detect the presence of AD, VD, and LBD pathologies in a
total of 423 «demented and 361 control participants using their antemortem T1-weighted MRI
scans. In addition,”we benchmark our deep learning model against traditional machine learning
techniques by training multi-label random forest (RF)>2 and linear SVM?>3 models for comparative
analysis. ‘Then, we generate explainable deep-learning heatmaps to reveal the brain changes
detected by the model and develop DeepSPARE indices, the advanced indices specifically
designed to detect brain changes associated with multiple co-pathologies: AD (DeepSPARE-AD),
VD (DeepSPARE-VD), and LBD (DeepSPARE-LBD). The DeepSPARE indices are further
validated using a set of cognitive, neuropathology, and neuroimaging measures, and our findings

are replicated on an out-of-sample cohort of ADNI participants.
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Materials and methods

Neuroimaging data and neuropathology diagnosis criteria

The machine learning models were trained with 3D T1-weighted MRI scans provided by NACC3!
and ADNI?’. For each study participant, the most recent MRI scan was selected to optimize the
proximity between these antemortem scans and the neuropathological diagnosis obtained at the
time ofdeath. A total of 784 participants were included in this study to derive ourmachine learning
models: 423 neuropathology-identified demented participants and 361 cognitively healthy
controls. The 423 demented participants were identified as having AD, VD, or LBD pathology
based on the following criteria. Participants had AD pathology if their AD neuropathological
change scores, a composite score of Braak staging>#, Thal phase’3, and CERAD score>®, reflected
moderate or high AD neuropathological change®’. Participants<who had VD pathology were
selected by the presence of moderate or severe arteriosclerosis, cerebral amyloid angiopathy
(CAA), or infarcts and hemorrhages®®. LBD pathology-participants were selected based on limbic
or neocortical Lewy body pathology presence'?. An out-of-sample ADNI dataset was included in
the study to validate our findings, consisting of 1041 participants diagnosed with AD, mild

cognitive impairment (MCI), and.contrels. Table 1 describes their demographical characteristics.

Data processing

A fully automatic image segmentation pipeline, the multi-atlas region segmentation utilizing
ensembles pipeling, was used to correct field bias and skull-strip all the T1-weighted brain scans>®.
The skull-stripped scans were then registered to the 1 cubic millimeter resolution 2009c¢ version of
the ICBM152 MNI atlas®® of size 193x229x193 using the non-rigid SyN registration method®'
provided with the ANTSs library (version 2.3.4)%2. Then, all scans were downsampled to a size of
65x77x65 using the Nilearn Python package resample img. This downsampling was introduced
to.reduce computational time, allowing for the exploration of a broad set of statistical models and
the conducting of extended cross-validation and replication experiments. The downsampling has
also produced smaller deep networks, usually associated with lower risks of overfitting®3 and
improved accuracy®*. After downsampling, each scan intensity was normalized using the min-max

normalization approach.
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Multi-label classification models

Three machine learning models were trained to predict the neuropathology diagnosis from the
processed 3D T1-weighted MRI scans: RF models, ensemble linear SVM models, and deep neural
networks based on a 3D ResNet architecture®’. In a multi-label classification task, the model aims
at predicting more than one mutually non-exclusive label. This framework allows each mput to be
associated with multiple labels simultaneously. Here, the model must predict three labels for each
subject, representing the likelihood of AD, VD, and LBD. This approach allows the model to
independently identify the presence or absence of each condition, providing a comprehensive
assessment of the subject's potential pathologies. A detailed explanation can be found in
Supplementary S2. A multi-label asymmetric loss was adopted to mitigate the effects of class
imbalance for multi-label deep neural networks®®. This asymmetri¢ loss exhibits two advantages:
it reduces the impact of imbalanced classes during binary e¢lassification, and it reduces the
influence of easily classified negative samples®®. The asymmetric loss was compared to a standard
binary cross-entropy loss. A detailed explanation can'be found in the Supplementary S2. Because
a multi-label classification cannot be directly conducted using a single SVM, an ensemble of three
linear SVM binary classifiers was trained, one per pathology, to accomplish each multi-label task.

The code from this study is available at https://github.com/UTHSCSA-NAL/DeepSPARE.

Model evaluation

The classification petformance was tenfold cross-validated and evaluated by the following
classification metrics: -a multi-label precision, a multi-label recall, a multi-label F1, a balanced
accuracy (BACC)for each dementia pathology, an average balanced accuracy (BACC,, ), and the
area under the ROC curve (AUC) for each dementia pathology. These metrics are defined below,
and-a more.detailed explanation of those metrics can be found in the Supplementary S3. Here,
TPand TN denote true positive and true negative values, and FP and FN denote false-positive and
false-negative values. BACC,,, BACC,,, and BACC g, denote the balanced accuracy for AD,
VD, and LBD pathology, respectively.

TPyp+TPyp+ TP gp

precision = 1)

TPyp+TPyp+ TP gp

recall = )

2xprecision srecall
F1==2 3)

precision+recall
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For the three types of multi-label models, the model achieving the best F1 and BACC,,,, among

tested parameters was retained to derive ROC curves and further analyses. The AUC of those three

best models was compared using the Delong test®”.

Model interpretation

The machine learning models were first interpreted by deriving pathology probability charts
directly from the outputs of best RF, SVM, and deep neural networks to evaluate how well they
disentangle dementia pathologies. A silhouette score®® was calculated for each machine learning
model to quantify its ability to separate the three pathologies. The silhouette score is a standard
measure of cluster separability®®, where a higher silhouette score indicates better separability
between given clusters. Three pathology probability charts were derived for each model: one plot
for each pair of pathologies, reporting the likelihood of one T1 MRI scan having the pathology
investigated in this study. The RF model and deep neural networks can output predicted probability
directly, while the SVM scores produced by the SVM models were transformed into probabilities
using the default cross-validated logistic regression method implemented in the scikit-learn
library®®.

Then, a set of explainable heatmaps was derived to highlight the brain regions considered by the
best SVM and the best deep learning model to support their predictions. SVM heatmaps were
generated from SVM coefficients, and each pathology heatmap was generated from the
corresponding ‘binary’ SVM model. Based on our previous study*’, where we observed that the
Integrated Gradients (IG)’? heatmaps were better at capturing brain alterations associated with AD
than heatmaps generated via Guided Grad-CAM’! and Layer-wise Relevance Propagation*4, the
IG method is used to derive both group and individual explainable deep-learning heatmaps. Group
deep-learning heatmaps are created by averaging the heatmaps of all subjects within the same
pathology group, resulting in a robust representation of brain alterations specific to each
pathology*+#. Individual deep-learning heatmaps, derived directly from each subject, may serve
as a diagnostic fingerprint tool**. Gaussian noise with a zero mean and a standard deviation of 0.1,

similar to the noise introduced during data augmentation, is used as the baseline for IG. All maps
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were smoothed by applying a Gaussian kernel with a size of one voxel of standard deviation. A

detailed explanation of IG can be found in the Supplementary S4.
DeepSPARE indices evaluation against cognitive testing,

neuropathology, and neuroimaging measures

The DeepSPARE indices were generated by performing the logit transformation of the probability
of the best-performing deep learning model. Three indices were generated for each pathology:
DeepSPARE-AD, DeepSPARE-VD, and DeepSPARE-LBD. A set of measures-was used to
validate further these indices: three cognitive scores, six neuropathology rmeasures, and two
neuroimaging measures. Specifically, three scores capturing the global, executive, and episodic
memory cognitive performance were investigated: the Mini-Mental State Examination (MMSE)’2,
the Trail Making Test B (Trail B)73, and the immediate logical memory subtest of the Wechsler
Memory Scale-Revised’4. Six neuropathology measures~were examined: arteriolosclerosis’?,
CAA’% Thalphase’3, Braak stage®*, CERAD"” score;and Lewy body stages’®. Twoneuroimaging
measures were also evaluated: the hippocampal and white matter hyperintensity (WMH) volumes.
Those imaging measures were performed by-the IDeA Lab for the NACC dataset, following ADNI
protocols. Gray matter segmentation-is. based on an Expectation-maximization algorithm’®-8°, and
WMH is calculated based on fluid-attenuated inversion recovery (FLAIR) and 3D T1 MRI®!. For
more details, please refer to the NACC and ADNI websites.

The associations between the aforementioned measures and the DeepSPARE indices were
examined using generalized linear mixed models (GLMMs). A Gaussian conditional distribution
with an identity link function was specified for continuous outcomes, and a binomial conditional
distribution with alogit link function was specified for dichotomous outcomes. In these models,
the respective cognitive, neuropathology, or neuroimaging measure of interest was the outcome,
and the DeepSPARE indices were the main predictors (expressed as z-scores to facilitate
comparisons between their effect estimates). The models were adjusted for age and sex, and
included random intercepts for different study sites and different MRI scanners, assuming a
partially crossed random effects design (for more details, see Supplementary S5). Considering
the possibility of strong correlations between the different DeepSPARE indices (due to the frequent
occurrence of co-pathologies), we calculated their respective variance inflation factors (VIF) in

each model, to assess the degree of collinearity®?. VIF values of more than 5 were considered

$20Z Jaquieoa( | Z U0 Jasn Jajua) Jaoue) ‘0osioueld ues ‘vo 10 AlsieAlun Aq 6296 1.6.//88EeEME/UIRIG/SE01 0 | /I0P/3]01IB-00UBAPR/UIRIG/WOD dNO-OIWSpEo.//:Sdly WOol) papeojumoq



concerning for collinearity, based on more conservative literature-derived thresholds®?-#3. False
discovery rate (FDR)-adjusted p-values®* and 95% confidence intervals for coefficient®> were

computed for all models. A FDR-adjusted p-value below 0.05 is considered as significant.

DeepSPARE indices evaluation using out-of-sample dataset

Atotal of 1041 ADNI participants, independent of the model training group, were used to generate
the pathology probability charts and validate the DeepSPARE indices. ADNI participants were
divided into three groups: AD and MCI amyloid-f positive (AD/MClap+)group, MCI amyloid-3
negative (MClap-) group, and control group (CN). The AD/MClap+ group was: selected based on
positive amyloid PET, or CSF amyloid < 977 pg/mi®¢. The MClag- and CN.groups were selected
based on negative amyloid PET and CSF amyloid = 977 pg/ml. The total number for AD, MClag-,
MClap-, and CN groups were 314, 420, 161, and 146, respectively.

The DeepSPARE indices for these 1,041 ADNI participants were generated through the
following process. First, the ten models from the best-performing multi-label deep learning model,
developed during tenfold cross-validation, were applied to each of the processed T1-weighted MRI
scans. This results in ten results for each'subject and for each pathology. Then these ten results
were averaged and converted into a probability for each pathology using a sigmoid transformation.
These probabilities were used to create pathology probability charts. Finally, the probabilities were
transformed into the DeepSPARE indices using the logit function.

For this out-of-sample” dataset, the associations of DeepSPARE indices with cognitive scores,
neuroimaging, plasma, and CSF measures were tested with GLMMs structured similarly to those
described in_the previous section. Those measures are MMSE, Trail B, ADAS-Cog 1337, the
volume of the hippocampus and WMH, SPARE-Tau®® (a machine learning-derived index based on
tau PET scans), plasma A[-428°, plasma tau phosphorylated at threonine-181 (pTaul81)°?, the
ratio of CSF pTaul81/AB42°!, CSF pTaul81°!, and the presence of a-synuclein in CSF by using
the seed amplification assays’* (SAA) method provided by Amprion Clinical Laboratory®>3
(please refer to ADNI website for more details).

$20Z Jaquieoa( | Z U0 Jasn Jajua) Jaoue) ‘0osioueld ues ‘vo 10 AlsieAlun Aq 6296 1.6.//88EeEME/UIRIG/SE01 0 | /I0P/3]01IB-00UBAPR/UIRIG/WOD dNO-OIWSpEo.//:Sdly WOol) papeojumoq



N

O O 00 N OO 0o M W

Results

Clinical and neuropathology diagnoses

Figure 1A summarizes the 423 neuropathology-confirmed diagnoses of the demented participants
and 361 control participants included as the training set in our machine learning models: The mean
age of demented and control participants is 76.8, and 75.6, respectively. The number of
female/male participants in demented and control participants are 130/231, and 146/277,
respectively. There were no significant age (p = 0.11), sex (p = 0.9),.or education (p = 0.08)
differences between the demented and control participants. The mean time interval between death
and the scan date of included MRI scans of the demented participants was 4.9 years. The majority
of the 423 demented participants presented multiple co-pathologies: 300 participants had at least
two different neurodegenerative pathologies (70.9%), including 54 participants who had all three
pathologies (12.8%). Only 123 participants had a single.pathology (29.1%): 51 had AD (12.19%)),
51 had VD (12.1%), and 21 had LBD (4.9%).~Those three pathologies formed seven
neuropathology-confirmed diagnostic categories, and they were compared to the clinical diagnoses
released by the NACC and the ADNI consortia, as shown in Figure 1B. Among the 312
participants who had AD pathology, 242 (77.6%) had received a clinical diagnosis of AD, 52
(16.7%) had received an MCI clinical diagnosis, and 70 (22.4%) had received a non-AD clinical
diagnosis. A total of 243 (72.8%) ofthe 334 participants who had VD pathology had been clinically
diagnosed as having. AD, and 3 (0.9%) had been clinically diagnosed as having VD. Of the 131
participants who had LBD pathology, only 23 (17.6%) had been clinically diagnosed as having
LBD, with most of the remaining individuals having received an AD diagnosis (75, 57.3%). These
counts indicate a considerable pathology overlap among dementia individuals and a substantial
diserepancy-between clinical and neuropathology diagnoses. Tables indicating the demographics
of seven neuropathology-confirmed groups and the clinical diagnoses of each group are provided
in Supplementary Tables 1 and 2, respectively. The MR scanner magnetic field strength,
manufacturer, model name, and clinical site location used to acquire the brain scans included in
the machine learning model training and validation sets are reported in Supplementary Figures

1 and 2, respectively.

10
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Multi-label classification performance

The deep neural networks trained with an asymmetric loss function and a batch size of 8 reached

the overall best performance, achieving the best F1, the best BACC for all three pathologies, and

the best BACC,,,,, compared to all tested RF and ensemble linear SVM models. The deeplearning

avg»
model training was completed within 3 hours for each fold (using the GPU described in
Supplementary S2).

Table 2 reports the tenfold cross-validated metrics measured for the six RFs, the six ensemble
SVMs, and the six deep neural networks compared in this work. The traming parameters of
asymmetric loss were selected by conducting a preliminary experiment reported in
Supplementary Table 3. The best ensemble SVM was obtained for a ¢ parameter of 0.01. This
SVM model achieved a lower balanced accuracy than the‘best deep neural networks for the AD
and VD classification but could not classify LBD participants. It also achieved better precision but
a worse recall for a lower F1 than deep neural networks. Lastly, the best RF was obtained when
combining 300 trees, which had the worst balanced accuracies, a lower F1, and the worst recall.
These three models were selected to derive the ROC curves and AUC, as shown in Figure 2A.
The AUC separately generated for the three neuropathology diagnoses confirmed that the SVM
and deep network models were associated with similar AUC for the three diagnoses, and the RF
achieved the worst classification -petformance. More specifically, the AD AUC of 0.866 obtained
for the RF was significantly lower than the AUC of 0.907 obtained for the deep neural networks
according to the Delong statistical test®’ (p = 3.5 x 10~7). The RF AUC of 0.859 measured for
diagnosing VD'was also significantly lower than the AUC of 0.901 obtained for the deep neural
networks (p.=8.3 X 1077, Delong test). For LBD, RF achieved an AUC of 0.728, but the
difference was not significant (p = 0.51, Delong test) compared to the deep neural networks' AUC

of 0.719.

Pathology probability charts

The AD, VD, and LBD probabilities directly generated by the three best machine learning models
were used to produce the pathology probability charts shown in Figure 2B. A larger silhouette
score was measured for the deep learning model (0.209) compared to the SVM model (silhouette
score = -0.162) and RF model (silhouette score = -0.193) (Figure 2B), indicating a better
separability of the pathology groups from the deep learning model. Deep learning model was the

11
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only multi-label model able to disentangle all the pathologies: it performed well in AD and VD
classification and reached a BACCLrsp 0f0.623 for LBD. The SVM model was able to differentiate
between AD and VD but struggled to detect LBD, achieving a BACCrsp of 0.531. The RF model
failed to distinguish the different neurodegenerative pathologies and only categorized® study

participants as diseased or healthy.

Explainable deep-learning heatmaps

Figure 3 presents the group deep-learning heatmaps generated by the IG method from the best
deep neural networks and the SVM coefficient maps from the best linear SVM model. Deep-
learning heatmaps reflect distinct imaging patterns associated with‘each type‘of pathology, but the
SVM maps do not separate the pathologies. The AD deep-learning heatmaps indicated changes in
bilateral hippocampal regions. The VD heatmap focused on more white matter regions. Lastly, the
heatmap derived for the LBD captured occipital regions. Supplementary Figure 3 presents the
individual heatmaps, indicating that, despite higher noise levels, the key features observed in the

group heatmaps remain visible in the individual heatmaps.

DeepSPARE indices validation against cognitive testing,

neuropathology, and neuroimaging measures

The associations between the" DeepSPARE indices and cognitive, neuropathology, and
neuroimaging measures of interest are presented in Figure 4. All the observed associations were
in their expected directions (e.g., smaller hippocampal volumes were related to higher
DeepSPARE-AD values). The p-values were FDR-corrected for the eleven models reported in
Figure 4. The VIF values indicated a relatively low degree of collinearity among the DeepSPARE
indices (VIF < 3). The three cognitive tests were all significantly associated with DeepSPARE-AD
(Prpr <0:001). DeepSPARE-VD was associated with the MMSE and logical memory tests (pgpg
< 0.001). Regarding imaging measures, the hippocampal volume was only associated with
DeepSPARE-AD (pgpr < 0.001), and the WMH volume was only associated with DeepSPARE-
VD (prpg < 0.001). The Thal phase, CERAD score, and Braak stage were all associated with
DeepSPARE-AD (Prppry,,, = 001 Prpreppap < 0-00L, Dppgy .., < 0.001). CAA was only

associated with DeepSPARE-VD (prpr <0.001). No significant associations were observed with
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arteriosclerosis. DeepSPARE-LBD showed no significant associations with none of these

measures; however, it was associated with the Lewy body stage (pppr = 0.004).

DeepSPARE indices validation using out-of-sample dataset

In the last set of experiments, the best deep neural network was applied to an out-of-sample. ADNI
validation dataset to derive pathology probability charts (Supplementary Figure 4) and
DeepSPARE indices. The neural network predicted a significantly larger prevalence (statistical
results are reported in Supplementary S7) of dementias in the AD/MClag+ group, compared to
the MClagp- and the CN ADNI groups.

Figures 5 and 6 present the associations of the DeepSPARE indiceswith cognitive and
neuroimaging measures in the out-of-sample ADNI dataset. The reported p-values were FDR-
corrected for the twenty-one models reported in the two Figures 5 and 6. All significant (pppr <
0.05) associations were in the expected directions for-the corresponding pathology. Significant
associations were observed with most measures in_the AD/MClap+ group but not in the MClag-
group. Most of the results in the CN group were non-significant (pppr > 0.05) (Supplementary
Figure 5).

All cognitive scores exhibited significant associations with DeepSPARE-AD and VD indices in
the AD/MClap+ group. Notably, for MMSE, a stronger association was observed with
DeepSPARE-AD (estimate = -1.261; [-1.602, -0.936]) than VD (estimate = -0.573, [-0.903, -
0.243]). Also, for ADAS-Cog 13, a stronger association was observed with DeepSPARE-AD
(estimate = 5.2215[4.258, 6.193]) than VD (estimate = 1.873, [0.905, 2.843]). No significant
associations were observed in the MClag- group.

A stronger-association was noted between hippocampal volume and DeepSPARE-AD (estimate =
-0.537; [-0.652, -0.421]) than VD (estimate = -0.293, [-0.411, -0.176]). WMH volume and
DeepSPARE-VD were significantly associated in the AD/MClag+ group (prpr < 0.001). In the
MClag- group, hippocampal volume was associated only with DeepSPARE-AD, and WMH was
associated only with DeepSPARE-VD. Additionallyy, SPARE-Tau was associated with
DeepSPARE-AD in the AD/MClag+ group (prpr < 0.001). The SPARE-Tau measure was missing
in most participants of the MClagp- group; thereby its associations with the DeepSPARE indices

were not examined.
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In the AD/MClap+ group, CSF a-synuclein SAA was associated only with DeepSPARE-LBD
(prpr = 0.036). The CSF pTaul81/A 42 ratio and CSF pTaul81 were associated only with
DeepSPARE-AD (prpr < 0.001). No significant associations between CSF measures and
DeepSPARE indices were observed in the MClag- group.

Regarding plasma measures, only plasma pTaul81 was significantly associated with DeepSPARE-
AD in the AD/MClag+ group (pppr < 0.0001). No significant associations were observed between
plasma measures and DeepSPARE indices in the MClap- group.

Discussion

In this study, we developed an advanced multi-label deep-learning framework designed to
disentangle the three most common co-pathologies: AD, VD, and LBD, using antemortem T1-
weighted MRI scans. Explainable deep-learning heatmaps.for these co-pathologies were generated
from a single model, highlighting hippocampal alterations-for AD, white matter changes for VD,
and occipital regions for LBD. The novel neuroimaging signatures derived from our framework,
the DeepSPARE indices, representing the likelthood of each co-pathology, have revealed
significant associations with pathology-specific’ biomarkers and measures. Specifically, the
DeepSPARE-AD index was significantly “associated with key indicators of AD, including
hippocampal volume, Braak stages, CERAD scores, and Thal phases. The DeepSPARE-VD index
showed significant associations with WMH and CAA. The DeepSPARE-LBD index was
significantly associated with Lewy body stages. The pathology sensitivity of DeepSPARE indices
has also been replicated in an out-of-sample dataset. This framework broadly extends the previous
machine learning-based neuroimaging signatures*6~*® by enabling a more precise disentanglement
of the complex interplay between multiple co-pathologies through model explainable heatmaps
and quantitative DeepSPARE indices, serving as an advanced tool to understand and detect the

heterogeneity of dementia.

A significant discrepancy between clinical and neuropathology

diagnoses

We observed a substantial discrepancy between the released clinical diagnoses and the
neuropathologically-confirmed diagnoses. Specifically, 300 (71%) of the 423 demented
participants had more than one pathology and 283 (67%) of them had been clinically diagnosed as
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AD only. This observation is in line with recent clinical studies®! and postmortem autopsy
examinations3?-32-%4 reporting the frequent coexistence of AD with other neurodegenerative
disorders and highlighting the challenges in distinguishing the predominant pathology in clinical

dementia cases (AD versus VD739 or LBD?9).

The deep learning model achieved the highest overall accuracy

The best deep neural networks with asymmetric loss function achieved the owerall best
performance compared to RF and ensemble SVM models, with a balanced accuracy of 0.844,
0.839, and 0.623 for AD, VD, and LBD, respectively. Additional parameters were a precision of
0.701, a recall of 0.793, and an F1 of 0.744. Although class imbalance .is the most common
limitation of multi-label classification studies, in the present study, this issue was partially
mitigated by exploring the use of asymmetric loss during the training of our deep neural networks.
The balanced accuracy for LBD could be considered. satisfactory, considering that structural
neuroimaging might exhibit a less characteristic signature for LBD pathology!°-°7, which is more
associated with reduced functional signals in‘the occipital lobe and relative sparing of metabolism
in the posterior cingulate cortex in PET imaging %78,

As a comparison, the best ensemble SVM model achieved a lower balanced accuracy for AD and
VD, a much lower accuracy for'LBD, a lower F1 score, and a lower averaged balanced accuracy
compared to the best deep learning model. The higher precision with a much lower recall observed
from the SVM model .indicates. that it is confident about easy positives but fails to detect hard
positives, like LBD, resulting in more false negatives. The reason for the relatively lower precision
of deep learning with an asymmetric loss function, but not with a binary cross-entropy loss
function, might stem from the probability shifting mechanism of the asymmetric loss function,
where it omits easy negative samples and thus might lead to more false positives. Overall, based
on the two composite metrics—F1 and BACC,,,—the deep learning model achieved the best
performance.

As shown in Supplementary Figure 1, around half of the MRI scans used to train the model were
acquired in 1.5T scanners and the rest in 3T scanners. Including scanners of different field strengths
doubled our sample size and was intended to make our statistical models more robust to inter-

scanner differences. The influence of scanner properties and scanning protocol will be an essential
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topic to explore while expanding our approach once data from diverse scanners are available in
the future.

The pathology probability charts derived from the machine learning model outputs established that
the model reaching the best classification performance was also the best at disentangling the three

neurodegenerative pathologies by achieving the highest silhouette score.

Explainable deep-learning heatmaps revealed pathology-specific

patterns

The brain alterations revealed by the group deep-learning heatmaps from the best deep neural
networks confirmed that the model was focusing on distinct brain regions when classifying the
three pathologies, and we found that these deep-learning heatmaps«closely correspond to prior
findings. Specifically, the AD deep-learning heatmap accurately captured bilateral hippocampal
regions, consistent with numerous previous AD studies!!'2%:100, A dditionally, the VD deep-learning
heatmap highlighted many white matter regions commonly affected by WMH or other vascular
endophenotypes!®!-103, Lastly, the LBD deep-learning heatmap focused on the occipital region.
This result is consistent with the fact that LBD.is closely related to occipital changes??-22. However,
previous studies investigating MRI=based structural atrophy in LBD have produced conflicting
results, with some studies only reporting atrophy in the limbic system!%+195, These contradictory
findings could potentially-result from the presence of co-pathologies of AD.

Overall, the deep-learning heatmaps indicate that the deep neural networks could associate the
three neuropathology-confirmed diagnoses with distinct brain alterations, which was not the case
for the SVMimodel. The SVM coefficient maps captured more extensive changes throughout the
gray matter for all three diagnoses and failed to provide distinguishing information. This result is
consistent with our previous finding, demonstrating the advantage of capturing dementia patterns

using modern deep-learning heatmaps rather than the coefficients of SVM*5,

DeepSPARE indices were associated with pathology-specific

biomarkers and measures

Our deep learning-derived DeepSPARE indices presented diverse sensitivities to the three most
frequent co-pathologies. Significant associations with DeepSPARE-AD were observed for the
MMSE, TrailB, memory, hippocampal volume, the Braak stage, the CERAD score, and the Thal
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phase. VD is associated with a higher prevalence of white matter diseases and vascular brain
injury!01-106.107 and our results revealed significant associations of DeepSPARE-VD with CAA and
WMH. Lewy body stage was only significantly associated with DeepSPARE-LBD. These results
suggest that the DeepSPARE indices are sensitive and specific to well-established AD, VD, and
LBD biomarkers and measurements.

The out-of-sample validation in the ADNI dataset further strengthens the generalizability and
external validity of our findings. The AD/MClap+ group exhibited robust and consistent
associations with the tested cognitive, imaging, plasma, and CSF measures. These associations
were similar to those observed in the training/testing data. Specifically, DeepSPARE-AD was
associated with cognitive scores and hippocampal volume. In contrast, DeepSPARE-VD was
associated with WMH volume, confirming the ability of DeepSPAREt0 reflect changes related to
AD and VD pathology in an unseen dataset. Previous studies have demonstrated the ability of CSF
pTaul81/A B42 ratio®6-°! and pTaul81°%-198 to predict the-early clinical decline and future AD
conversion. Our findings revealed consistent results where DeepSPARE-AD indices were
significantly associated with the CSF pTaul81/A f42 ratio and pTaul81. Additionally, recent
studies have shown that CSF a-synuclein SAAis a potential early biomarker for synucleinopathies
and can diagnose Parkinson’s disease patients with high accuracy?3-2410%119  Following these
reports, we observed a significant association of CSF a-synuclein SAA only with DeepSPARE-
LBD. Plasma biomarkers-are particularly interesting because of their convenience and minimally
invasive nature. Plasma pTaul81 has been proposed as a potential plasma biomarker for AD 3%,
Correspondingly, we observed a significant association between DeepSPARE-AD and plasma

pTaul8l1.

Clinical relevance of the DeepSPARE indices

Noninvasive pathology surrogate biomarkers could be crucial in advancing our understanding of
the heterogeneity and management of neurodegenerative disorders?. Clinically, these indices
could serve as valuable imaging markers, particularly in cases of atypical, complex, and concurrent
dementia presentations. One striking finding of our current study is the improved understanding
of the role of WMH in dementia. Our previous research in the general population! demonstrated a
strong relationship between WMH and SPARE-AD values, a finding replicated in multiple

cohorts*®. However, since these training sets relied only on clinical diagnosis of AD and ignored
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the possibilities of co-existing pathology, the previous indices were not able to distinguish
dementia of AD from VD46, This disentanglement was only achievable when our advanced deep-
learning framework was developed, where we found a more specific role of WMH in VD as they
were associated only with DeepSPARE-VD when adjusted for other indices. Acknowledging that
these pathologies might co-exist, the DeepSPARE indices can provide sensitive and specific
markers of these pathologies.

Furthermore, from a clinical trial perspective, the DeepSPARE indices could-help identify at-risk
populations with subclinical neuropathology, enabling diagnosis during the extended latency
period between neuropathological changes and the onset of clinical symptoms. Our previous
work!!! has simulated the effect of improving statistical power in.clinical trials in prodromal
Alzheimer’s disease. In future research, they may facilitate the identification of high-risk cohorts
and act as tools for monitoring neuropathology burden in developing and testing new or repurposed

disease-modifying treatments.

Strengths and limitations

This study builds on several strengths, such as the use of neuropathology-confirmed diagnoses
instead of clinical diagnoses, the adoption of multi-label deep learning networks to diagnose co-
pathologies based on antemortem 3D T1-weighted MRI scans with minimal pre-processing, and
the derivation of explainable deep-learning heatmaps to visualize the brain alteration patterns of
three most common co-pathologies from a single model. The combination of two large sets of
neuroimaging data‘to establish and validate the statistical models is also a strength of the present
study. Furthermore, the introduction of the new deep learning-derived DeepSPARE indices is
another notable strength. We have extensively validated DeepSPARE indices with a wide range of
clinical, ‘imaging, and biofluid biomarkers and measures, demonstrating their abilities to reflect
AD, VD, land LBD pathologies individually and potentially serve as noninvasive pathology
biomarkers. Those indices, based on T1-weighted images, could exhibit broad applicability in both
clinical and research settings since T1 sequences are already part of the majority of clinical and
research MRI protocols.

The main limitation of the study resides in the data imbalance across neuropathology subgroups,
with a notably larger number of AD and VD patients compared to other subgroups. This disparity
could result in superior model detections for these two pathologies. Our current work demonstrated

the ability to differentiate AD, VD, and LBD with great sensitivity and precision from a single T1

18

$20Z Jaquieoa( | Z U0 Jasn Jajua) Jaoue) ‘0osioueld ues ‘vo 10 AlsieAlun Aq 6296 1.6.//88EeEME/UIRIG/SE01 0 | /I0P/3]01IB-00UBAPR/UIRIG/WOD dNO-OIWSpEo.//:Sdly WOol) papeojumoq



—

—
O O 00 N o oA WODN

11

12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27

28

29
30

MR scan, however, other pathologies, such as Limbic-predominant age-related TDP-43
encephalopathy (LATE)''? and frontotemporal dementia, were underrepresented due to limited
sample sizes. In the meantime, we are actively working to expand our training sample and establish
more extensive databases that integrate neuroimaging with postmortem evaluations3?. Moreover,
the tau PET dataset was limited in the MClap- and CN groups, making it challenging to compute
SPARE-Tau®® indices for these populations. Additionally, integrating other imaging modalities
could have significantly improved the model accuracy since PET and FLAIR scans provide more
informative neuroimaging signatures for LBD!® and VD!, respectively. Overall, “additional data
will be required to reach a sufficient classification accuracy for use in routine clinical practice and

extend the models to other related dementias, such as LATE and frontotemporal dementias.

Conclusion

This study demonstrates the benefits of advanced deep learning models in detecting the three most
common dementia co-pathologies, revealing neuroimaging brain alteration patterns specific to
each pathology, and developing innovative deep learning-derived DeepSPARE indices. More
specifically, the deep learning model achieves the highest overall accuracy compared to other
machine learning models in identifying neuropathology-confirmed dementia diagnoses. The
explainable deep-learning heatmaps uncover distinctive structural neuroimaging brain alteration
patterns for AD in the hippocampus, VD in white matter, and LBD in occipital regions, which is
not the case for the traditional machine learning method. Lastly, the DeepSPARE indices
demonstrate effective, consistent, and robust pathology-specific associations across a variety of
cognitive tests, neuropathology, imaging, plasma, and CSF biomarkers and measures. They have
also beenvalidated and replicated by an out-of-sample dataset. Clinically, the DeepSPARE indices
hold.promise as noninvasive diagnostic tools, offering the ability to differentiate between co-
occurring ' neurodegenerative pathologies and identify at-risk populations before symptoms
become apparent. Furthermore, these indices could potentially enhance diagnostic accuracy
compared to the current clinical diagnostic criteria and thus provide treatment strategies for

specific pathologies.

Data availability

The NACC data supporting this study's findings are available from the National Alzheimer’s

Coordinating Center. Restrictions apply to the availability of these data, which were used under
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license for this study. NACC data are available at (https:/naccdata.org/) with permission by
request. The ADNI data used in the present work were obtained from the Alzheimer's Disease
Neuroimaging Initiative database (https://adni.loni.usc.edu/). The code from this study is available
at https://github.com/UTHSCSA-NAL/DeepSPARE.
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Figure legends

Figure 1 Overlap of pathology and the discrepancy between neuropathology diagnosis and
clinical diagnosis in demented participants. (A) Overlap between the three pathologies. in the
423 neuropathology-confirmed participants with dementia (Alzheimer's disease (AD), vascular
dementia (VD), and Lewy body dementia (LBD)). Those 423 demented and 361 control
participants (CN) were used for machine learning model training. (B) For the 423 neuropathology-
confirmed participants, the comparison between the neuropathology-confirmed <diagnoses and the
clinical diagnoses released by the ADNI/NACC consortia. 69 participants had received a clinical
diagnosis of mild cognitive impairment (MCI), and 14 participants were-diagnosed with other

brain diseases (others).

Figure 2 ROC curves and pathology probability ‘charts for three tested models. (A) ROC
curves and their AUC of AD, VD, and LBD, for'the.best RF, the best ensemble linear SVM, and
the best deep neural networks. (B) Pathology probability charts of the test dataset obtained for the
best RF, ensemble SVM, and deep neural'networks. The first column of those probability charts
estimates the ability of the model to. distinguish AD and VD. The second column reflects the
separation between AD and LBD. The last column indicates if the models are able to disentangle

VD and LBD. The corresponding silhouette scores are also reported.

Figure 3 Explainable deep-learning heatmaps and SVM coefficient maps for the AD, VD,
and LBD pathology. Explainable deep-learning heatmaps reflect the patterns of brain alterations
extracted from the best deep neural networks using the integrated gradients method. The SVM
coefficient maps provide the patterns captured by the best linear SVM model. All values are

normalized between 0 and 1.

Figure 4 For the model test dataset, results from linear mixed models for the associations
between cognitive, imaging, and neuropathology-based measures and DeepSPARE indices.
The number of available samples n is reported in each plot as well as the effect estimates (f
coefficients) with 95% confidence intervals, FDR-corrected p-values (pgpg ), and variance

inflation factors (VIF). Bold p-values indicate statistical significance (pgpr < 0.05). LOGIMEM
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= immediate logical memory subtest of the Wechsler Memory Scale-Revised; WMH = White

matter hyperintensity.

Figure S For the out-of-sample ADNI validation dataset, results from linear mixed models
for the associations between cognitive, and imaging-based measures and DeepSPARE
indices. The number of available samples n is reported in each plot, as well as the effect/estimates
(P coefficients) with 95% confidence intervals, FDR-corrected p-values (pgpg )i and variance
inflation factors (VIF). Bold p-values indicate statistical significance (pppgp'< 0.05). WMH =

White matter hyperintensity.

Figure 6 For the out-of-sample ADNI validation dataset, results from linear mixed models
for the associations between biofluid measures and DeepSPARE indices. The number of
available samples n is reported in each plot, as well as.the effect estimates (log odds ratios for a-
synuclein and £ coefficients for other measures) with.95% confidence intervals, FDR-corrected

p-values (pppg ), and variance inflation factors (VIF). Bold p-values indicate statistical significance

(Prpr < 0.05).
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Table | Participant characteristics by neuropathological diagnosis in the training and validation datasets

Participants Number Mean Age (std) | Sex (F/M) | Mean Education (std) | Mean MMSE (std)

Model Training dataset

AD pathology 312 754 (8.9) 123/189 15.6 (3.0) 206 (6.1)
NACC 248 745 (92) 105/143 155 (3.1) 208 (6.2)
ADNI 64 788 (6.8) 18/46 16.7 (24) 19.4 (5.5)

VD pathology 334 76.6 (9.0) 1217213 154 (33) 21.15 (6.0)
NACC 278 759 (9.3) 108/170 153 (3.3) 212 (6.1)
ADNI 56 79.9 (7.0) 13/43 16.8 (2.6) 205 (5.4)

LBD pathology 131 75.8 (88) 33/98 159 (2.9) 222 (6.0)
NACC 101 748 (89) 30/71 15.6 (2.8) 224 (6.1)
ADNI 30 793 (73) 327 182 (1.7) 205 (47)

Control 361 755 (89) 1307231 158 (35) 286 (1.6)
NACC 291 749 (9.5) 111/180 157 (3.7) 285 (1.7)
ADNI 70 779 (5.3) 19/51 169 (2.7) 290 (12)

Out-of-sample Validation dataset

Total 1041 72.1 (7.1) 460/581 162 (2.6) 263 (3.1)
AD/MClag, 734 728 (8.5) 306/428 15.8 (2.7) 25.1 (33)
MClpg. 161 704 (7.5) 83/78 163 (26) 285 (1.5)
Control 146 714 (6.1) 71175 16.6 (2.5) 29.1 (1.1)

6 AD = Alzheimer's disease; VD = vascular dementia; LBD = Lewy body dementia; MClag. = mild cognitive impairment amyloid-p
7 positive; MClag. = mild cognitive impairment amyloid-f negative.
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Table 2 Ten-fold cross-validated precision, recall, F I, balanced accuracies, and AUC ofall the pathology classification models

tested in this work

Mode Los Parame Precisi Rec Fl BAC BACC | BACC, | BACC AUC AUC AUC,
| s ter on all Cap vD BD ave AD vD BD
ResNet AL b=16 0722 073 | 072 0.820 0.820 0.606 0.749 0.905 0.883 0.702
18 6 9
b=82° 0.701 0.79 | 0.74 0.844 0.839 0.623 0.769 0.907 | 0.901 0.719
3 4
b=4 0.699 0.74 | 0.72 0.824 0818 0.594 0.745 0.896 0.893 0719
3 0
BCE b=16 0.760 066 | 0.71 0816 0.799 0.566 0.727 0.897 0.892 0.746
5 0
b=8 0.766 067 | 071 0.823 0817 0.547 0.729 0.906 0.893 0.732
6 8
b= 0.746 0.71 0.73 0.828 0817 0.603 0.750 0.907 0.886 0.740
7 [
Ensemb | Hinge c=10 0.783 067 | 0.72 0.822 0.832 0531 0.728 0904 0.897 0714
le loss 3 4
Linear c=1 0.783 067 | 072 0.822 0.832 0531 0.728 0.905 0.897 0.715
SVM 3 4
¢=0.1 0.783 067 | 072 0.822 0.832 0531 0.728 0.905 0.897 0713
3 4
c=0.012 0.783 067 | 0.72 0.822 0.832 0531 0.728 0.905 0.897 0.721
3 4
¢=0.001 0.795 0.65 | 0.72 0810 0.836 0.504 0717 0.883 0.876 0.737
8 0
¢=0.0001 0.758 036 | 049 0.636 0.702 0.500 0613 0.843 0819 0.735
7 4
RF Gini n=20 0.730 051 0.60 0.724 0.741 0499 0.655 0.839 0818 0.680
impuri 9 6
ty n=50 0.747 060 | 0.66 0.755 0.795 0.500 0.683 0.858 0.846 0.701
| 6
n=100 0.759 06l 0.67 0.786 0.784 0.500 0.690 0861 0.848 0710
| 7
n=200 0.752 062 | 0.68 0.779 0.797 0.500 0.692 0.868 0.858 0.739
4 2
n=300°? 0.764 062 | 0.68 0.786 0.802 0.500 0.696 0.866 0.859 0.728
5 8
n=400 0.758 0.62| 0.68 0.785 0.802 0.500 0.696 0.867 0.854 0.729
9 8

The best results are highlighted in bold for each metric. AL = Asymmetric loss. BCE = Binary cross entropy loss.

*The three best models of each.machine learning model.

®The overall best model.
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