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Abstract

INTRODUCTION: Alzheimer’s disease is partially characterized by the progressive

accumulation of aggregated tau-containing neurofibrillary tangles. Although the asso-

ciation between accumulated tau, neurodegeneration, and cognitive decline is critical

for disease understanding and clinical trial design, we still lack robust tools to predict

individualized trajectories of tau accumulation. Our objective was to assess whether

brain imaging biomarkers of flortaucipir-positron emission tomography (PET), in com-

bination with clinical and genomic measures, could predict future pathological tau

accumulation.

METHODS: We quantified the disease profile of participants (N = 276) using a com-

prehensive set of descriptors, including clinical/demographic (age, diagnosis, amyloid

status, sex, race, ethnicity), genetic (apolipoprotein E [APOE]-ε4), and flortaucipir-

PET imaging measures (regional flortaucipir standardized uptake value ratio [SUVr]

and comprehensive radiomic texture features extracted from Automated Anatomical

Labeling template regions). We trained an AdaBoost machine learning algorithm in a

2:1 split train-test configuration to derive a prognostic index that (i) stratifies individu-

alized brain regions including global (AD-signature region) and lobar regions (frontal,

occipital, parietal, temporal) into stable/slow- and fast-progressors based on future

tau accumulation, and (ii) forecasts individualized regional annualized-rate-of-change

in flortaucipir-PET SUVr. Further, we developed an adaptive model incorporating

flortaucipir-PET measurements from the baseline and intermediate timepoints to

predict annualized-rate-of-change.

RESULTS: In binary classification for predicting stable/slow- versus fast-progressors,

the area-under-the-receiver-operating-characteristic curve was 0.86 in the AD-

signature region and 0.83, 0.82, 0.84, and 0.83 in frontal, occipital, parietal,

and temporal regions, respectively. The trained models successfully predicted
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annualized-rate-of-change of flortaucipir-PET regional flortaucipir SUVr in AD-

signature and lobar regions (Pearson-correlation [R]: AD-signature = 0.73; frontal =
0.73; occipital = 0.71; parietal = 0.70; temporal = 0.69). The models’ performance in

predicting annualized-rate-of-change slightly increased when imaging features from

intermediate timepoints were used in the adaptive setting (R: AD-signature = 0.79;

frontal= 0.87; occipital= 0.83; parietal= 0.74; temporal= 0.82).

DISCUSSION: Taken together, our results propose a robust approach to predict future

tau accumulation that may improve the ability to enroll, stratify, and gauge efficacy in

clinical trial participants.
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Highlights

∙ Machine learningpredicts the future rateof tauaccumulation inAlzheimer’s disease.

∙ Tau prediction in lobar/global regions benefits from diversemultimodal features.

∙ This prognostic index can serve as a sensitive tool for patient stratification.

1 INTRODUCTION

Alzheimer’s disease (AD) is biologically definedby thepresenceof amy-

loid β (Aβ) and 3R:4R tau proteinopathies.1 Abundant neuroimaging

and pathological data suggest that cortical tau colocalizes with corti-

cal atrophy, both temporally and topographically, and predicts future

cognitive decline and neurodegeneration among individuals along the

AD spectrum.2–4 Moreover, recent evidence suggests the appearance

of tau in specific cognitive networks leads to domain-specific cognitive

impairments.5,6 Consequently, tau has surfaced as a viable therapeutic

target for disease-modifying treatments.7,8

Flortaucipir 18F-positron emission tomography (PET) imaging

enables the quantification of accumulation of the tau neurofibrillary

tangles. This imaging technique serves as a biological definition of AD,9

based on the National Institute of Aging-Alzheimer’s Association10

core clinical criteria for possible or probable AD, making it crucial for

clinical practice to address the fundamental challenge of predicting

tau progression. A reliable prognosis holds significant value for both

patients and physicians. Moreover, recognizing the significance of dis-

tinct sub-domains associated with various brain regions,5,6,11 regional

prognosis becomes even more critical. Additionally, the presence of

tau pathology serves as a pivotal biomarker in trials, as highlighted in

several interventional clinical trials of AD.12–14

Multiple recent studies have identified variables such as age, sex,

education, apolipoprotein E (APOE)-ε4 genotype, BIN1 risk allele, cog-
nitive tests, and florbetapir 18F-PET standardized uptake value ratio

(SUVr) that are generally available in research settings and are prog-

nostic indicators of the future rates of tau accumulation at different

clinical stages of AD.15–19 For example, younger age, APOE-ε4 car-

rier status, and better cognition at baseline independently predicted

higher tau accumulation rates in cognitively impaired individuals.15 An

ongoing challenge is to determine which biomarkers provide the most

robust and accurate predictions.

Multiple model-based20 and machine learning-based methods21,22

have been proposed to predict individual variability in the pattern

of tau accumulation, which could substantially impact clinical trials.

Model-based approaches have shown that tau spreading patterns are,

to a high degree, explained by the functional connectivity patterns

of epicenters in which tau potentially emerges first.20 Other meth-

ods using machine learning apply learning models to imaging, genetic,

and clinical markers to predict individual variability in the pattern

of tau accumulation.21 However, the majority of published studies,

focus on non-tau biomarkers to predict individualized rate of tau

accumulation21 or on regional tau measurements from tau-PET to

determine the pattern of tau accumulation.20,22

We hypothesize that the rate of tau accumulation has an associ-

ated imaging phenotype, which can be predicted by imaging, clinical,

and genetic measures. By integrating and analyzing the comprehen-

sive set of imaging, clinical, and genetic data (APOE-ε4 carrier status),

we aim to leverage the potential of machine learning and pattern anal-

ysis methods to predict the individualized future tau accumulation

in the composite AD-signature region,23 as well as in the four lobar

regions of the brain. Unlike traditional methodologies that rely solely

on regional tau-PETmeasurements, we perform a comprehensive pro-

filing of tau across all brain regions using radiomic texture features,

thus enhancing our modeling capabilities. Furthermore, we incorpo-

rate data from both observational and interventional clinical trials.

Our methodology also distinguishes itself by introducing an adap-

tive predictive approach, leveraging the spatially and temporally rich

information derived frombaseline and intermediate follow-up tau-PET

data. These methods allow us to extract subtle yet distinctive imag-

ing phenotypes that may not be apparent when examining one or a
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few imaging variables simultaneously.We tested our predictivemodels

using a dataset that included individuals across the cognitive spec-

trum (N = 276), primarily focusing on symptomatic Aβ-positive (Aβ+)
participants.

2 MATERIALS AND METHODS

2.1 Study participants

We used genomic, clinical, and imaging (florbetapir and flortaucipir)

data of 276 participants enrolled in either observational flortau-

cipir development studies (18F-AV-1451-A05: NCT0201656024) or

belonging to the placebo group in interventional clinical trials (EXPE-

DITION3: NCT01900665,25 NAVIGATE-AD: NCT02791191,26 and

AMARANTH: NCT0224573727). Details on enrollment can be found

in Supplementary Section S1. The diagnostic breakdown included 47

cognitively normal (CN) participants, 111 participants havingmild cog-

nitive impairment (MCI) due to AD, and 118 participants having AD

withmild dementia. Of 276 participants, 184 had available PET images

at three different timepoints: baseline and two subsequent follow-ups.

The average time between the first and last follow-up visit was 18.8

months.

2.2 Imaging acquisition and processing

Flortaucipir scans and cognitive assessments were collected at base-

line and repeated at follow-up visits. For the analysis of flortaucipir

data, the baseline and follow-up flortaucipir scans were motion- and

time-corrected,3,28 followed by summing into a single scan. After a

series of pre-processing steps, the summed flortaucipir scans were

transformed into the Montreal Neurologic Institute (MNI) atlas space.

More detailed methods of image acquisition and processing are

described in an earlier study.24

2.3 Derivation of global and regional
annualized-rate-of-change (continuous outcome)

Flortaucipir retention in AD-signature region was summarized for

each participant by SUVr. AD-signature is a data-driven target region

of interest (ROI) designed to maximize separation between diag-

nostic groups (Aβ+ AD, Aβ+ MCI vs. dementia, MCI, and CN Aβ−
subjects) using a multiblock barycentric discriminant analysis.23,29

AD-signature-weighted neocortical ROI has higher weights in the

posterolateral temporal and parietal regions. The cerebellum crus

reference region was used as the SUVr denominator, resulting in

AD-signature/cerebellum crus SUVr for each participant. In lobar pre-

diction models, we calculated cortical flortaucipir-PET SUVr in frontal,

temporal, parietal, andoccipital lobesusing theAnatomicalAtlas Label-

ing (AAL) brain atlas,30 with the cerebellum crus as the reference

region. The annualized-rate-of-change in SUVr for both AD-signature

RESEARCH INCONTEXT

1. Systematic review: Literature was reviewed using tra-

ditional sources, including PubMed. Reports have sug-

gested correlations between tau accumulation and indi-

vidual clinical and genetic factors. Several reports have

also indicated that tau accumulation is closely related to

non-tau imaging. Relevant citations have been appropri-

ately cited alongside precedent machine learning models

informing the development of our methods.

2. Interpretation: Integrating multimodal clinical, imaging,

and genetic features using machine learning and pattern

analysis methods, we developed a powerful prognostic

index. The index can stratify individualized brain regions

including global and lobar regions into stable/slow-

and fast-progressors based on future tau accumulation

(area-under-the-receiver-operating-characteristic curve

≥0.82) and forecasts individualized regional annualized-

rate-of-change in tau (Pearson correlation≥0.69).

3. Future directions: Future research is needed to verify

that the proposed index can predict future tau accumula-

tion in different populations and whether individualized

endpoints defined based on this index better capture dif-

ferences in tau progression between therapeutic arms

and clinical progression.

and lobar regions was quantified by subtracting baseline SUVr from

follow-up SUVr and normalizing by the number of years elapsed since

baseline. Thederived annualized-rate-of-changewas thenused to train

machine learning regressionmodels (Section 2.6).

2.4 Derivation of stable/slow- and fast-progressor
groups at global and regional level (discrete outcome)

We then approached the prediction through an independent classifi-

cation mechanism. We used Bayesian multivariate clustering with a

mixture of multivariate generalized linear mixed models to discover

distinct patterns of longitudinal tau accumulation without imposing

any prior assumptions on regions or clinical outcomes. This approach

integrated regional flortaucipir tau-PET measures from all timepoints.

For global clusters, tau-PET SUVr measurements from four brain

lobes (occipital, parietal, occipital, frontal) of both hemispheres were

included. At the lobar level, regional flortaucipir tau-PET SUVr of the

corresponding lobes from both hemispheres were considered. The

optimal number of clusters, determined to be two, captured unique

tau progression patterns globally and at the lobar level, which were

named as stable/slow- and fast-progressor groups in the respective

brain lobes. The derived group/cluster information was then used to

train machine-learning classificationmodels (Section 2.6).



4 of 12 RATHORE ET AL.

2.5 Quantification of imaging features to be used
in predictive modeling

We extracted three primary feature groups from each AAL region of

each participant’s flortaucipir image: (i) intensity-based, (ii) histogram-

related, and (iii) textural features. The intensity-based features include

first-order statistics (e.g., mean, median, maximum, minimum, stan-

dard deviation [SD], skewness, kurtosis) capturing information on the

overall intensity distribution profile. Histogram-related features pro-

vide additional characteristics, describing the range and distribution of

image gray-level intensity levels (SUVr in PET images). Lastly, texture

features include an extensive array of indices that portray both local

fluctuations and spatial interdependence of image intensities (based

on gray-level co-occurrence matrix [GLCM],31 gray-level run-length

matrix [GLRLM],32 gray-level size-zone matrix [GLSZM],32 neigh-

borhood gray-tone difference matrix [NGTDM]),33 and local binary

patterns34). Histogram- and texture-based features were extracted

using the PyRadiomics package.35

2.6 Statistical analysis and predictive modeling
using machine learning

We trained machine learning models to generate separate prognos-

tic indices of future tau accumulation in global (AD-signature) and

lobar regions (frontal, temporal, occipital, and parietal). This index was

derived from four categories of baseline biomarkers/features: (i) clin-

ical/demographic markers encompassing age, diagnosis, sex, race, and

ethnicity; (ii) APOE-ε4 genotype indicating the absence or presence of

one or two alleles, coded as 0, 1, and 2; (iii) cortical Aβ levels assessed
through florbetapir-PET, classifying individuals asAβ+orAβ−,36 coded
as 1 and 0; and (iv) texture features and the average flortaucipir-PET

signal extracted from AAL regions. Each feature was independently

normalized to zeromean and unit variance.

AdaBoost machine learning regressors37 were trained on the

selected features to predict the individual annualized-rate-of-change

in SUVr both in AD-signature and lobar regions using a 2:1 split

train-test configuration (i.e., models were trained on two-thirds of

the dataset and tested on the remaining one-third). We chose a 2:1

split for its advantages in handling smaller datasets and minority

class cases, ensuring ample testing data, better training, balanced rep-

resentation, and easier model evaluation. Agreement between the

observed versus predicted rate of change was assessed using Pear-

son’s correlation coefficient (R). Within the training process, instead

of using all input features, we performed feature selection using

support vector machine-based forward feature selection (SVM-FFS).

Selection of essential features and optimization of the model’s param-

eter was performed on the training dataset using nested five-fold

cross-validation.

To further evaluate how accurately machine learning models can

predict future tau accumulation, we formulated a classification task by

dichotomizing the participants into stable/slow- and fast-progressors

using a 66.6-percentile cutoff (Section 2.4). Feature selection was per-

formed using the SVM-FFS method described above, and an AdaBoost

machine learning classifier38 was trainedon the selected featuresusing

a 2:1 split train-test configuration. A decision tree with a depth of 50

was used as a weak learner, and the number of estimators and learning

rate of AdaBoost were found to be 50 and 0.8, respectively, using 5-

fold cross-validation. Agreement between observed versus predicted

labels (stable/slow- and fast-progressors) was assessed using classi-

fication accuracy, specificity, sensitivity, and area-under-the-receiver-

operating-characteristic (ROC) curve. Optimal thresholds along the

ROCwere defined using the Youden index.

The predictive AdaBoost regressors and classifiers underwent

training under two distinct configurations: (i) Baseline-visit Predictive

Modeling,which exclusively employed imaging features extracted from

baseline flortaucipir images, and (ii) Multi-visit Predictive Modeling,

which integrated imaging features from both baseline and interme-

diate timepoints. Due to the absence of complete three-timepoint

data for all participants, the evaluation of adaptive predictive mod-

els focused on a subset (n = 184) of the entire population possessing

three available timepoints. Figure 1 shows an overall schematic of the

methodology.

3 RESULTS

3.1 Study population baseline demographics and
disposition

Table 1 presents the baseline characteristics of participants with all

longitudinal measurements needed for our analyses. Of the total 276

participants, 59% were Aβ+, and 47% were APOE-ε4 carriers. In the

complete dataset, themean agewas 72.20 (SD 9.06) years. The patient

population was randomly allocated to training and test sets at a 2:1

ratio (training set, n = 184; test set, n = 92). One-way analysis of

variance and chi-square tests were applied to evaluate differences

between continuous and categorical variables across training and test

groups. The patient populations in the training and test sets were not

significantly different in terms of age, sex, diagnosis, and APOE-ε4 car-
rier status, evaluated using a one-way analysis of variance method and

chi-square test applied to continuous and categorical variables, respec-

tively. Further details of training and test sets are provided in Table S1.

The distribution of the annualized-rate-of-change in AD-signature

and lobar regions is shown in Figure 2 as a function of age, Aβ status,
and clinical diagnosis. Distributions stratified as a function of age, clus-

tering group (stable/slow- and fast-progressors), and clinical diagnosis

are provided in Figure S1.

3.2 Baseline-visit machine learning models
predict global and regional annualized-rate-of-change
in tau using multimodal baseline data

The baseline-visit regression prediction model showed a strong corre-

lation (R = 0.73, P < 0.0001, root mean square error [RMSE] = 0.056)

between the predicted and observed annualized-rate-of-change in

flortaucipir retention in AD-signature region (Figure 3A). After test-

ing whether our additional machine learning models, trained to
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F IGURE 1 Pipeline for the prediction of tau accumulation. (1) Baseline flortaucipir images processed after applying a series of image
processing routines. (2)Mapping of processed flortaucipir images to AAL template inMNI space. (3) Calculation of regional average
flortaucipir-PET signal and radiomic texture features from the delineated regions. Clinical measures such as age and diagnosis, genomic descriptor
of APOE-ε4, and florbetapir readwere also used as features. (4) SVM forward feature selection using 5-fold cross-validation was used to select
important features. (5) AdaBoost machine learning regression37 and classification38 models were trained on the selected features using
annualized-rate-of-change in flortaucipir-PET SUVr and labels of stable/slow- and fast-progressors calculated at 66.6 percentile as a target
variable. AAL, Anatomical Atlas Labeling; APOE, apolipoprotein E; FBP, florbetapir; FTP, flortaucipir; MNI, Montreal Neurologic Institute; PET,
positron emission tomography; SUVr, standardized uptake value ratio; SVM, support vector machines.

predict regional retention, could achieve comparable performance, we

observed a strong correlation between the predicted and observed

annualized-rate-of-change in flortaucipir retention across three lobes

(frontal: R = 0.73, P < 0.0001, RMSE = 0.051; occipital: R = 0.71,

P < 0.0001, RMSE = 0.051; and parietal: R = 0.70, P < 0.0001,

RMSE = 0.051) while correlation in temporal lobe was moderate (R =
0.69, P < 0.0001, RMSE = 0.043). Residuals of the machine learning

models (observed annualized-rate-of-change– predicted annualized-

rate-of-change) for the complete test set (Figure 3B) and different

patient groups based on baseline tau levels (Figure 3C), clinical diag-

nosis (Figure 3D), and tau progression, where patients are sorted and

divided into top 33% and bottom 66% based on annualized-rate-of-

change in tau, (Figure 3E) are also shown. The difference between

actual versus predicted rate of change in SUVr as a function of tau-PET

SUVr at baseline and the average rate of change in SUVr are shown in

Figure 3F,G.

3.3 Baseline-visit machine learning models
predict stable/slow- and fast-progressor groups using
baseline data

The number of optimal clusters resulting from the data-driven model

was two at the global and lobar level. The prevalence of fast-

progressors was 67, 97, 99, 107, and 108 in frontal, occipital, parietal,

temporal, and AD-signature regions, respectively. Prevalence in the

test dataset was 22, 26, 33, 35, and 36, respectively. The baseline-visit

classification model, which included clinical, genetic, and regional tau-

PET SUVr measures and texture features, identified the stable/slow-

and fast-progressors in the AD-signature region with an accuracy of

82.6% (sensitivity = 80.6%, specificity = 83.9%, area under the curve

[AUC] = 0.82, balanced accuracy [BA] = 82.3%). The classification

models trained to identify stable/slow- and fast-progressors at the

lobar level achieved classification success rates of 83.7% (sensitivity =
90.9%, specificity = 81.4%, AUC = 0.86, BA = 86.2%) in frontal, 82.6%

(sensitivity = 84.6%, specificity = 81.8%, AUC = 0.83, BA = 83.2%) in

occipital, 80.4% (sensitivity = 78.8%, specificity = 81.4%, AUC = 0.80,

BA = 80.1%) in parietal, and 82.6% (sensitivity = 74.3%, specificity =
87.7%, AUC= 0.81, BA= 81.0%) in temporal brain regions (Figure 4A).

When evaluated within Aβ+ participants only, BA was similar across

almost all regions (AD-signature = 84.3%, frontal = 84.7%, occipital =
82.6%, parietal= 83.8%, temporal= 80.0%). Classification errors were

preset in all disease groups, defined based on clinical diagnosis or

baseline tau levels (Figure 4B).

3.4 Multi-visit models slightly enhance accuracy
in predicting tau accumulation compared to
baseline-visit models

We trained multi-visit machine learning models to utilize the quantita-

tive imaging covariates extracted from flortaucipir tau scans acquired



6 of 12 RATHORE ET AL.

TABLE 1 Clinical and genetic characteristics of 276 participants included in the analysis.

Clinical and genetic

characteristics

Complete

dataset

(N= 276)

18F-AV-1451-A05:

NCT0201656024

(N= 201)

AMARANTH:

NCT0224573727

(N= 17)

NAVIGATE-AD:

NCT0279119126

(N= 9)

EXPEDITION3:

NCT0190066525

(N= 49)

Age, mean years (SD) 72.20 (9.06) 71.74 (9.65) 71.70 (7.05) 72 (5.07) 74.30 (7.51)

Sex: female, n (%) 124 (44.93) 88 (43.78) 6 (35.29) 2 (22.22) 28 (57.14)

APOE-ε4 status: carriers, n (%) 130 (47.10) 80 (39.80) 10 (58.82) 5 (55.55) 35 (71.42)

Florbetapir read: Aβ+, n (%) 163 (59.05) 88 (43.78) 17 (100.00) 9 (100.00) 49 (100.00)

n= 272 n= 45

Race

Asian, n (%) 9 (3.26) 2 (1.00) 2 (11.76) 1 (11.11) 4 (8.16)

Black/African American, n (%) 17 (6.16) 15 (7.46) 1 (5.88) 0 (0.00) 1 (2.04)

White, n (%) 246 (89.13) 184 (91.54) 14 (82.35) 8 (88.89) 40 (81.63)

Clinical diagnosis

ADwithmild dementia, n (%) 118 (45.28) 50 (24.87) 10 (58.82) 9 (100.00) 49 (100.00)

MCI due to AD, n (%) 111 (37.68) 104 (51.74) 7 (41.17) 0 (0.00) 0 (0.00)

CN, n (%) 47 (17.02) 47 (23.38) 0 (0.00) 0 (0.00) 0 (0.00)

Abbreviations: Aβ+, amyloid beta positive; AD, Alzheimer’s disease; APOE, apolipoprotein E; CN, cognitively normal; MCI, mild cognitive impairment;

n, number of participants in the analysis; SD, standard deviation.

F IGURE 2 Flortaucipir-PET SUVr signal in AD-signature region and lobar regions of the brain at baseline andmultiple follow-up timepoints for
individual participants as a function of age. Aβ+, amyloid β positive; Aβ−, amyloid β negative; AD, Alzheimer’s disease; CN, cognitively normal; MCI,
mild cognitive impairment; PET, positron emission tomography; SUVr, standardized uptake value ratio.

from intermediate timepoints. The multi-visit model obtained a strong

correlation (R= 0.79, P< 0.0001) between the predicted and observed

annualized-rate-of-change in flortaucipir retention in AD-signature

region (Figure S2). Additional machine learning models trained to

predict the annualized-rate-of-change in lobar regions also obtained

strong correlations (frontal: R = 0.87, P < 0.0001; occipital: R = 0.83,

P < 0.0001; parietal: R = 0.74, P < 0.0001; temporal: R = 0.82,

P < 0.0001). The multi-visit model trained to identify stable/slow- and

fast-progressors in AD-signature region showed an accuracy of 90.2%

(sensitivity = 83.3%, specificity = 93.0%, AUC = 0.88). The multi-visit

models trained to identify stable/slow- and fast-progressors at lobar

level provided marginally higher classification accuracy compared to



RATHORE ET AL. 7 of 12

F IGURE 3 (A) Prediction of annualized-rate-of-change in flortaucipir retention in AD-signature and lobar regions using baseline-visit
predictionmodels. Residuals of themachine learningmodels (actual annualized-rate-of-change− predicted annualized-rate-of-change) are
presented for (B) the complete test set and for patient groups categorized by (C) baseline tau, with tercile cutpoints at 1.13 and 1.32 determined
from baseline tau-PET SUVr, (D) clinical diagnosis, and (E) annualized-rate-of-change in tau, sorted and divided into top third and bottom
two-thirds groups. Difference between actual versus predicted rate of change in SUVr as a function of (F) tau-PET SUVr at baseline (continuous),
and (G) average rate of change in SUVr using a Bland-Altman plot. The black solid line shows themean difference and the dotted red lines
represent±2 standard deviations from themean difference. AD, Alzheimer’s disease;MCI, mild cognitive impairment; PET, positron emission
tomography; SUVr, standardized uptake value ratio.

baseline-visit models (frontal: accuracy = 85.2%, sensitivity = 77.8%,

specificity = 88.4%, AUC = 0.83; occipital: accuracy = 86.9%, sensi-

tivity = 81.0%, specificity = 90.0%, AUC = 0.85; parietal: accuracy

= 86.9%, sensitivity = 82.4%, specificity = 88.6%, AUC = 0.85; and

temporal: accuracy = 86.9%, sensitivity = 84.2%, specificity = 88.1%,

AUC = 0.86). Multi-visit models consistently outperformed baseline-

visit models, but statistical bootstrapping revealed a nonsignificant

difference (P > 0.05) between their performances. Baseline-visit mod-

els were trained and evaluated using the same dataset as multi-visit

models for comparison.

3.5 Distinct and complementary prognostic
information provided by feature categories

To examine the predictive potential of different feature categories,

regional flortaucipir-PET, clinical, genomic, and radiomic features

were evaluated separately. Flortaucipir-PET SUVr (Figure 5A) in

the supramarginal region showed the strongest correlation with

annualized-rate-of-change (AD-signature: R = 0.41; frontal: R = 0.51;

temporal: R = 0.34; parietal: R = 0.40). The leading radiomic features

(Figure 5B) primarily indicated spatial homogeneity (coarseness,
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F IGURE 4 (A) Confusionmatrices and classification performance of the baseline-visit machine learningmodels in predicting stable/slow-
versus fast-progression in AD-signature and lobar regions. (B) Individual prediction results on the unseen test dataset, categorized by Aβ− and
Aβ+ participants and disease group. Participants within each disease group are sorted in ascending order of annualized-rate-of-change to have
one-to-one correspondence between the results of different models. Aβ+, amyloid β positive; Aβ−, amyloid β negative; AD, Alzheimer’s disease;
AUC, area under the curve; CN, cognitively normal; MCI, mild cognitive impairment.

correlation, inverse-difference-normalized) in fusiform, cingulum,

middle- and inferior-temporal, and inferior-occipital regions, elevated

in participants with higher annualized-rate-of-change. Selected fea-

tures also reflected spatial heterogeneity (informational measure of

correlation [IMC], gray-level non-uniformity [GLNU], small-area high-

gray-level emphasis [SAHGLE], and size-zone non-uniformity [SZNU]),

mainly in the temporal, fusiform, and cingulum regions, reduced in

participants with higher annualized-rate-of-change. Other texture

measures predictive of annualized-rate-of-change were related to

histogram-based features descriptive of regional gray-levels, mainly

skewness and interquartile range in temporal, occipital, and fusiform

regions.

Clinical and genetic analysis (Figure 5C) reveals faster tau accumu-

lation in APOE-ε4 carriers versus non-carriers and in Aβ+ versus Aβ−
participants across all brain regions. The AD-signature region consis-

tently exhibits the most substantial tau changes, regardless of clinical

factors. Clinical impact on tau accumulation is least pronounced in the

parietal lobe, sometimes lacking sensitivity to detect effects observed

in other brain regions (baseline flortaucipir-PET SUVr in AD-signature

region, P=0.061; diagnosis: CNvs.MCI andCNvs. AD; P=0.835 andP

=0.819, respectively). Sex and years of education showno associations

with the annualized-rate-of-change in any brain region.

The additive introduction of feature categories resulted in a signif-

icant boost to correlation, achieving R = 0.61 in regional flortaucipir-

PET, R = 0.66 in flortaucipir-PET+clinical/genomic, and R = 0.73

in flortaucipir-PET+clinical/genomic+radiomic features in the AD-

signature region. More detail on distinct and complementary prognos-

tic information of features can be found in Supplementary Sections S2

and S3.

4 DISCUSSION

Tau tangles are believed to follow a typical pattern of cortical dis-

semination, as outlined in the Braak staging system.39 However,

recent data suggest that tau accumulation patterns vary across
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F IGURE 5 Predictive power provided by (A) flortaucipir-PET SUVr, (B) radiomic texture features in individual brain regions, and (C)
clinical/genomic features. The left and right sections in (C), respectively, describe feature names as BrainRegion_Feature and
BrainRegion_TextureFeatureCategory_FeatureName. AD, Alzheimer’s disease; ADAS-Cog11, ADAssessment Scale-Cognitive Subscale; APOE,
apolipoprotein E; CN, cognitively normal; FBP, florbetapir; FTP, flortaucipir; GLNU, gray-level non-uniformity; IMC, informational measure of
correlation;MCI, mild cognitive impairment; MMSE,Mini-Mental State Examination; PET, positron emission tomography; R, Pearson’s correlation
coefficient; SAHGLE, small-area high-gray-level emphasis; SUVr, standardized uptake value ratio; SZNU, size-zone non-uniformity.

patients with AD, which could reflect different AD variants that may

affect treatment response.40 There is a strong need for an analyt-

ical predictive tool which provides some quantitative trend of tau

progression as the longitudinal data measured in actual studies is

variable.

We employed innovative pattern analysis methods that integrated

a comprehensive set of features using machine learning to accurately

and reproducibly predict annualized-rate-of-change in tau accumula-

tion. Additionally, we developed an adaptivemodel capable of updating

predictions as new measurements become available. The multi-visit

model showed a nonsignificant improvement over the baseline-visit

model, suggesting that the baseline-visit model provides a relatively

robust and accurate prediction of the annualized-rate-of-change. This

multimodal prognostic index for tau accumulation is more sensitive for

patient stratification than using tau status alone or combinedwith clin-

ical and geneticmarkers. Themodel-training timewas 20–24h, and the

inference was 2–3min on a four-core CPU.

Variables such as age, sex, APOE-ε4 genotype, and tau and amyloid

PET are predictive of tau accumulation15,16 but have been assessed

predominantly utilizing basic regression methodologies in a univari-

atemanner. In contrast, our study used sophisticated radiomic features

andmachine learning algorithms to discern various phenotypes indica-

tive of future rates of change. A similar model developed by Tosun

and coworkers exhibited a balanced classification accuracy of 87% in

forecasting stable, fast, and moderate accumulator groups at a global

level.22 Our approach exhibited a lower BA of 82%, specifically in the

AD-signature region, but predicted the rate of change across all brain

lobes with considerable precision and allows adaptive predictions.

Our approach has the potential to inform clinical practice and ther-

apeutic trials in various ways. First, estimation of the expected rate

of tau accumulation in the study population can help determine trial

duration, sample size, and statistical power. Second, prediction can

enable a comprehensive understanding of natural tau progression in

the placebo arm, which can help clinicians better anticipate disease

trajectory and plan appropriate management strategies. Third, com-

paring the predicted rate of tau accumulation to the observed rate

during treatment, can help evaluate the meaningfulness of the data

collected in early phase clinical trials with a limited sample size. Addi-

tionally, personalized therapy plans based on an individual’s predicted

tau accumulation rate might be considered. Finally, our approach can

enrich patient populations in terms of tau accumulation and aid strat-

ification by selecting more homogeneous patient subgroups in clinical

trials. An example of the potential benefits of our approach in patient

stratification is provided in Supplementary Section S4.
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Although the cognitive decline is typically the primary outcome

measure in late-phase clinical trials,12,13 there is mounting evidence

suggesting a potential future role for biomarkers such as Aβ and tau.

Recent trials in early AD participants have examined the effects of

Aβ-lowering treatment on clinical progression as well as changes in

amyloid and tau burden.12–14 Given the strong association between

tau and cognitive decline,24,41–43 reducing future tau accumulation

becomes a relevant intervention target and outcomemeasure.

Automated machine learning enables simultaneous assessment of

multiple features, crucial for analyzing large datasets and uncover-

ing complex patterns hidden by simple models. Our comprehensive

approach utilized over 1000 features to construct predictive models,

essential as no single variable consistently predicts annualized-rate-

of-change, particularly in prospective tests. As evidenced by the effect

sizes in Figure 5, features show a correlation with higher/lower rates

of tau change, and it is only through the integration of multiple fea-

tures that highly distinctive patterns predictive of future tau emerge.

Moreover, the discriminatory features selected by the model indicate

that features from multiple regions contribute to the prediction of

tau change in each region. This aspect suggests the importance of

connectivity between different brain regions as a connectivity-based,

patient-specificmodel for predicting regional flortaucipir-PET changes

has been shown to capture tau accumulation.20

In the participants showing a higher annualized-rate-of-change, we

noted that Zone Entropy, a measure of the irregularity or complexity

of the signal intensity, was reduced in the rectus regions (Figure 5B).

We also observed reduced IMC and GLNU, which also reflect the

irregularity or complexity of the signal intensity, in the participants

showing a higher annualized-rate-of-change. Specifically, reduced IMC

was associated with a higher annualized-rate-of-change in temporal

and fusiform regions; reduced GLNU was associated with a higher

annualized-rate-of-change in the temporal region. This reduction in tis-

sue complexity accompanied an increased uniformity in the occipital

and temporal regions, confirmed by the elevated measures of coarse-

ness and correlation in these regions. This increased uniformity and

reduced heterogeneity in various brain regions could reflect an over-

all increase in the homogeneity of the brain. Though not evaluated

on flortaucipir images and precisely in the tau prediction framework

in previous studies, the texture features of Entropy and Dissimilarity,

whose higher values describe heterogeneous spatial intensity distri-

butions, were correlated negatively to Aβ+.44 Conversely, features

like Energy, Homogeneity, and Correlation, whose values increasewith

higher homogeneity of the image intensity, were correlated positively

to Aβ+ when measured using florbetapir44 or Pittsburgh compound

B-PET.45 Texture parameters were also markedly different in cor-

tex, hippocampus, and thalamus regions when compared between tau

pathology andwild-typemice based on T2-weightedMRI.46

Texture features have also shown an association with Aβ positivity
and conversion to AD. Histogram-based index of skewness was highly

correlatedwith participants’ Aβ status andwas a strongmarker of pro-

gression toAD, as it reflected the prevalence of high- and low-intensity

voxels in images of Aβ+ and Aβ− participants, respectively.47 The dis-

criminative ability of histogram-based features was also highlighted

earlier based on separate histogram analysis of gray and white mat-

ter to distinguish AD participants from healthy controls.48 Although

we address a slightly different problem, our analysis also found that

skewness of the histogram in certain temporal and occipital regions

was positively correlated with annualized-rate-of-change. Similarly,

the feature of the interquartile range where higher values correspond

tohigher intensity values in the region correlatedpositivelywithhigher

annualized-rate-of-change.

Among the clinical and genetic features investigated, higher base-

line Aβ level was positively correlated with the annualized-rate-of-

change in tau (Figure 5C), suggestingAβ depositionmay be an essential

precursor for the spread of tau beyond the temporal regions. This

association was consistent with studies showing that Aβ+ partici-

pants had faster tau progression when evaluated longitudinally.15

Similarly, clinical diagnosis and APOE-ε4 carrier status, as observed

in this analysis, previously have been reported to be associated with

faster tau accumulation.15,24 There is mixed literature on the asso-

ciation between sex and AD, with some studies showing females at

higher risk,49 whereas others do not.50 In our study, sex was not asso-

ciated with the annualized-rate-of-change. Based on the association

between baseline cognitive function and higher tau accumulation rates

in our study, we expected that models might select the Mini-Mental

State Examination and AD Assessment Scale-Cognitive Subscale as

important discriminative features.However, their shared variancewith

regional tau features already selected by the model likely explains

that the models did not detect these. Comorbidities such as diabetes,

hypertension, and depression were investigated in 18-F-AV-1451-

A05:NCT02016560,24 but were not found to be associated with the

rate of change in tau at both the regional and global levels.

In our analysis, we used theYouden index to optimize sensitivity and

specificity. The implications of false positives and false negatives vary

depending on the application. For example, maximizing sensitivity may

be beneficial in trials for higher-dose administration, while maximizing

specificity could be advantageous in experimental treatments.

Despite careful design, including multimodal features, automated

delineation of ROI, and independent testing, the analysis presented

here has limitations. A major limitation is the retrospective, modestly

sized dataset. These models are likely to predict trends in similar

future populations but have not been trained on data with extremely

diverse inclusion/exclusion criteria or broader demographics. As a

result, the findings presented here are strongly attributed to this spe-

cific patient population. Accurate predictions in other populationsmay

require training on larger, more diverse datasets. Another limitation

is the varying definitions of disease groups across different clini-

cal trials. Although the overall assessment of tau prediction includes

all patients together, the performance in different disease groups

should be interpreted with caution. Moreover, we used all participants

enrolled according to the clinical trial criteria and did not apply any

additional restrictions to address co-pathologies. Application of our

methods to prospective, longer-term, and larger datasets is needed for

further validation and to translate our findings into clinical practice.

On the methodological front, there were some cases where the pre-

diction error was about 100% of the observed rate. In the future, we
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aim to examine the individual characteristics of these patients to deter-

mine contributing factors and refine the modeling approach. We will

also seek to evaluate whether individualized endpoints better capture

differences in tau progression between therapeutic arms and clini-

cal progression. Another promising direction would be to use deep

learning on flortaucipir and florbetapir images to better predict the

annualized-rate-of-change in tau.
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SUPPORTING INFORMATION

Additional supporting information can be found online in the Support-

ing Information section at the end of this article.

How to cite this article: Rathore S, Higgins IA,Wang J, et al.

Predicting regional tau accumulation withmachine

learning-based tau-PET and advanced radiomics. Alzheimer’s

Dement. 2024;e70005. https://doi.org/10.1002/trc2.70005

https://doi.org/10.1002/trc2.70005

	Predicting regional tau accumulation with machine learning-based tau-PET and advanced radiomics
	Abstract
	1 | INTRODUCTION
	2 | MATERIALS AND METHODS
	2.1 | Study participants
	2.2 | Imaging acquisition and processing
	2.3 | Derivation of global and regional annualized-rate-of-change (continuous outcome)
	2.4 | Derivation of stable/slow- and fast-progressor groups at global and regional level (discrete outcome)
	2.5 | Quantification of imaging features to be used in predictive modeling
	2.6 | Statistical analysis and predictive modeling using machine learning

	3 | RESULTS
	3.1 | Study population baseline demographics and disposition
	3.2 | Baseline-visit machine learning models predict global and regional annualized-rate-of-change in tau using multimodal baseline data
	3.3 | Baseline-visit machine learning models predict stable/slow- and fast-progressor groups using baseline data
	3.4 | Multi-visit models slightly enhance accuracy in predicting tau accumulation compared to baseline-visit models
	3.5 | Distinct and complementary prognostic information provided by feature categories

	4 | DISCUSSION
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	CONSENT STATEMENT
	ORCID
	REFERENCES
	SUPPORTING INFORMATION


