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Abstract. Amyloid-3 (AB) confirmation is increasingly important in
early Alzheimer’s disease pathways, but amyloid-PET imaging remains
costly and difficult to scale. Recent PET-guided knowledge distillation
has shown that PET-derived supervision can be transferred to an MRI-
only student model for AS status prediction, preserving PET-free infer-
ence and avoiding non-imaging covariates such as APOE genotype or
cognitive scores, which are often unavailable in routine clinical work-
flows. To support clinical translation beyond binary classification, this
paper presents a clinician-informed translational roadmap outlining three
extensions to an existing PET-guided MRI-only framework: continuous
Centiloid-aware amyloid burden estimation, longitudinal conversion and
prognosis modeling, and region-level interpretability. For each direction,
the proposed output target, clinical use case, required data structure, val-
idation metrics, and major confounders are defined. The proposed exten-
sions define a structured design and evaluation plan for future MRI-only
amyloid assessment systems, clarifying how PET-guided MRI models
can move from binary screening toward outputs that are interpretable,
clinically meaningful, and suitable for prospective validation.

Keywords: Alzheimer’s disease - Amyloid-$ - Centiloid - MRI - Knowl-
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1 Introduction

Alzheimer’s disease (AD) is the predominant form of dementia. Approximately
57 million people were living with dementia globally in 2021 [30]. By 2030, this
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number is projected to reach 78 million, with substantial social and economic
implications [29]. The pathological hallmarks of AD include cerebral amyloid-/3
(Ap) plaques and neurofibrillary tangles composed of hyperphosphorylated tau
[34]; longitudinal AS-PET evidence indicates that amyloid deposition can occur
up to two decades before clinical symptoms manifest [27]. This pre-symptomatic
time window offers a critical opportunity for secondary prevention research [23].
In parallel, accurate biomarker confirmation is increasingly important in early
symptomatic pathways for anti-amyloid therapies such as lecanemab [25] and
donanemab [24], both of which require confirmation of amyloid pathology before
treatment initiation [20, 31].

In biomarker-based research and specialist clinical pathways, AS status is
commonly assessed through positron emission tomography (PET) with amyloid-
sensitive radiotracers such as ' C-Pittsburgh Compound B and '®*F-florbetapir,
or through cerebrospinal fluid assays [1,10]. Amyloid PET provides quantita-
tive, spatially resolved estimates of A3 burden, and many modern quantitative
amyloid-PET pipelines use the Centiloid (CL) scale to improve compatibility
across analysis techniques and tracers [13]. However, amyloid PET is expensive,
exposes patients to ionizing radiation, and is difficult to scale for population-level
screening. In one health-economic model, routine amyloid-PET use at the mild
cognitive impairment stage was not cost-effective [14]. In addition, the nuclear
medicine community has projected that demand for amyloid PET could increase
as much as 20-fold following the introduction of anti-amyloid therapies, creating
a substantial bottleneck [9, 25].

By contrast, magnetic resonance imaging (MRI) is non-invasive, widely ac-
cessible, and recommended as a first-line neuroimaging modality in dementia
assessment pathways [19,26]. Although MRI does not directly visualize amy-
loid plaques, it captures structural, vascular, and tissue-level information that
may reflect downstream or associated effects of neurodegenerative pathology,
including medial temporal atrophy, white-matter signal abnormalities, and cere-
brovascular burden [33]. For this reason, MRI-based Af prediction is of increas-
ing interest as a potential screening or triage tool to identify individuals who
may benefit from confirmatory PET or other biomarker testing [3,11, 15].

PET-guided knowledge distillation has recently been proposed to transfer
PET-derived supervision into MRI-only AfS prediction without requiring PET,
APOE genotype, or cognitive scores at inference; the reported framework achieved
best AS classification AUCs of 0.74 on OASIS-3 and 0.68 on ADNI across four
clinically available MRI contrasts [5]. In practice, this teacher—student strategy
uses PET images during training to guide MRI representations, while relying on
an MRI-only model during deployment.

These results support the technical feasibility of PET-free AS classification
from standard clinical MRI, with further calibration and validation required be-
fore clinical deployment. The next translational research question is how this
framework can support outputs more directly aligned with quantitative clini-
cal interpretation, longitudinal decision-making, and anatomically grounded ex-
planation. Building on this framework, this manuscript formalizes a clinician-
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informed roadmap organized around three complementary directions: (i) con-
tinuous Centiloid-aware amyloid burden estimation, (ii) longitudinal conversion
and prognosis modeling, and (iii) region-level interpretability based on anatomi-
cal parcellations and radiomic feature families, specifying clinically relevant end-
points, validation metrics, and potential confounders for each proposed direction,
as a basis for subsequent implementation and validation studies.

2 Background: PET-Guided MRI-Only Amyloid
Prediction

2.1 Existing MRI-Only Distillation Framework

The framework adopted as the methodological starting point is a PET-guided
knowledge distillation approach for MRI-only Af classification, in which PET su-
pervision is leveraged during training and inference is performed from MRI alone,
without non-imaging covariates such as APOE genotype or cognitive scores [5].
Binary amyloid status is defined from PET-derived Centiloid values using a fixed
positivity threshold, providing a tracer-harmonized label across cohorts [13]. At
inference, only MRI volumes are required.

The image encoder is BiomedCLIP, a Vision Transformer pre-trained on 15M
biomedical image-text pairs and adapted to the task through Low-Rank Adap-
tation applied to the upper transformer blocks. This encoder is shared between a
teacher model that processes PET and MRI and a student model that processes
MRI alone, with sagittal slice-level embeddings aggregated into a patient-level
representation through multi-head attention pooling.

Training proceeds in three stages, with PET use restricted to teacher training.
First, the teacher is supervised by the binary amyloid label, with PET as the
query and MRI as the key and value in a cross-modal multi-head attention
layer that learns PET-MRI alignment while extracting MRI features predictive
of amyloid status. Second, the teacher model is refined through a Centiloid-
aware contrastive objective, in which negative samples are selected online so that
the anchor and negative in the triplet loss differ by at least a fixed Centiloid
gap (5.0 CL in the original framework), encouraging the contrastive signal to
reflect biochemically meaningful separation rather than visual similarity alone.
Third, this PET-informed representation is distilled into an MRI-only student
through feature-level alignment of /3-normalized embeddings and temperature-
scaled logit distillation, jointly optimized with a margin-augmented classification
loss.

This framework was evaluated on OASIS-3 and ADNI across four clinically
available MRI contrasts (T1lw, T2w, FLAIR, T2*) and their paired configu-
rations, reaching best AUCs of 0.74 and 0.68, respectively, with cross-dataset
transfer evaluated in both directions [5]. The present manuscript uses this sep-
aration between training-time PET supervision and MRI-only deployment to
define clinically motivated output targets that extend this inference paradigm.
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2.2 Translational Motivation

The framework summarized above establishes a technically feasible inference
paradigm for PET-free A classification. The translational question is how this
paradigm can be extended toward outputs that better reflect the granularity
of information used in clinical reasoning about amyloid pathology, treatment
eligibility, and disease trajectory. Three translational gaps motivate the corre-
sponding extension directions developed in Section 3.

Gap 1: From Binary Classification to Continuous Amyloid Burden. A binary
AB*/AB™ output collapses a continuous biological burden into a single threshold-
based decision. In practice, amyloid imaging interpretation can benefit from
quantitative Centiloid values alongside binary positivity, with recent AMYPAD
consortium recommendations defining clinically relevant context-of-use ranges
across the negative, intermediate, and positive regions of the scale [6]. This
finer-grained burden information is relevant to biomarker-driven treatment path-
ways, since anti-amyloid therapies require confirmation of amyloid pathology,
and quantitative amyloid-PET measures can support patient selection and treat-
ment monitoring [6, 8]. Indeed, a binary MRI readout does not differentiate bor-
derline subjects, who may lie close to the positivity threshold, from individuals
with substantially elevated CL values. Extending the framework to predict a con-
tinuous Centiloid value would better reflect how amyloid burden is interpreted
in current biomarker-driven pathways.

Gap 2: From Cross-Sectional Classification to Longitudinal Inference. The frame-
work is designed for cross-sectional classification of present amyloid status from
paired MRI-PET data. A natural translational extension is to address the tem-
poral dimension of amyloid pathology: predicting whether and when an AS~
individual will progress toward AT status. Amyloid accumulation is gradual,
and reliable longitudinal change in Centiloid units requires follow-up intervals
sufficient to exceed measurement variability [2]. A prognostic readout from MRI
alone could move the framework from a present-state classifier toward a tool to
be evaluated for triage, follow-up prioritization, and trial enrichment, with tar-
get populations including AS~ individuals, particularly those near the positivity
threshold.

Gap 3: From Vozel-Level Saliency to Region-Level Interpretability. The post-
training interpretability analysis in the existing framework is based on voxel-level
saliency [22] and gradient-based class activation maps such as HiResCAM [7].
These maps provide post hoc attribution estimates of image regions associated
with the prediction. In parallel, radiomic feature analyses on structural MRI have
shown that histogram /first-order intensity and texture features extracted from
anatomical regions can support A positivity prediction [12]. These observations
suggest that radiomic features and standard brain parcellations could serve as
an interpretable layer on top of the existing model, beyond voxel attribution
maps.
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Together, these gaps define the scope of the translational roadmap developed
in Section 3, while preserving the MRI-only inference constraint of the original
framework.

3 Clinician-Informed Translational Roadmap

The three proposed directions share a common pivot: the patient-level MRI rep-
resentation e; = fo(zMR!) produced by the MRI-only student of the existing
PET-guided framework [5]. The first two directions extend this representation
with task-specific output heads, whereas the third adds a region-level inter-
pretability layer based on anatomical parcellations and radiomic feature families
(Fig. 1). Across all directions, PET-derived measurements are used as target
definitions, supervision, or retrospective validation, not as inputs at inference.
Table 1 summarizes the clinical use cases, expected confounders, dataset require-

ments, and validation strategies considered in the roadmap.

Table 1. Use cases, confounders, data requirements, and validation targets for the
three MRI-only translational directions.

Aspect

A: Continuous CL

B: Prognosis

C: Interpretability

Clinical use

Confounders

Dataset use

Validation

Amyloid-burden
stratification; triage for
amyloid testing

Tracer/pipeline
variability; CL
imbalance; non-specific
MRI changes

MRI-PET-CL pairs
MAE/RMSE; p vs.

PET-CL; Bland—-Altman;
near-threshold error

Risk stratification;
conversion triage;
follow-up prioritization;
trial enrichment

Small-vessel disease and
age-related atrophy;
technical CL variability;
censoring

Longitudinal > 2 PET
timepoints

td-AUC; C-index;
td-Brier; calibration;
MAE [CL/year]|

Anatomical reporting;
ROI-level auditing

Parcellation choice; ROI
registration;
feature-extraction
settings

Same as A; atlas-based
ROI extraction

T-S agreement;
perturbations; surrogate
fidelity; ROI stability

3.1 Continuous Centiloid-Aware Amyloid Burden Estimation

The first direction addresses Gap 1 by replacing the binary classification output
with a continuous estimate of PET-derived amyloid burden. Since the original
framework already exploits Centiloid values for label definition and CL-aware
negative sampling [5], continuous CL estimation is a natural extension. Existing
MRI-based amyloid assessment approaches have primarily focused on binary
Ap status prediction [3,11,12,15], while the closest continuous-output deep-
learning work either regresses PET standardized uptake value ratio (SUVR)
from MRI with demographic and genetic covariates [28] or performs MRI-to-
PET image synthesis followed by quantitative analysis of synthetic PET images
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Fig. 1. Clinician-informed translational roadmap for extending a previously evaluated
PET-guided MRI-only framework toward (A) continuous Centiloid estimation, (B)
conversion and prognosis modeling, and (C) region-level interpretability. PET-derived
data are used only for supervision or validation, never as inference inputs.

[4]. To our knowledge, continuous Centiloid regression from MRI alone, without
PET-derived or non-imaging inputs at inference, has not been directly evaluated
in prior deep-learning work.

Clinical Relevance and Technical Formulation. Recent AMYPAD context-of-
use recommendations specify that low CL values are interpreted as excluding
amyloid pathology with high certainty, high CL values correspond to pathological
amounts, and intermediate values are associated with an increased risk of disease
progression [6]. This continuous scale is also used in therapeutic trial analyses to
quantify amyloid-PET change from baseline, with the magnitude of CL reduction
serving as a quantitative measure of treatment effect on amyloid pathology [8].
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Predicting a continuous CL value from MRI would yield a model output in
the same scalar units used in clinical interpretation and treatment monitoring,
supporting screening and triage before confirmatory amyloid testing.

Technically, the MRI-only student embedding e; can be connected to a re-
gression head g4 that predicts & = g4 (e;), the MRI-derived estimate of PET-CL.
A closely related multimodal study regressed ®F-florbetapir PET SUVR from
MRI together with age, sex, and APOE genotype, trained with a mean squared
error objective [28]. A direct analogue would be a mean-squared-error regression
objective on PET-derived CL values, optionally combined with the binary clas-
sification loss in a multi-task formulation to preserve discrimination around the
positivity threshold while supervising the full CL range.

Validation and Confounders. Validation should assess both continuous agree-
ment and threshold-sensitive behavior, using MAE and RMSE in CL units, cor-
relation p with PET-derived CL, and Bland—Altman plots for mean bias and
limits of agreement, in line with deep-learning CL estimation from PET im-
ages [32]. Since errors are not equally impactful along the scale, performance
should also be reported around the positivity threshold, where small numerical
deviations can change the binary interpretation.

Three confounders are particularly relevant. Residual tracer- and pipeline-
related variability persists when combining cohorts with different tracers, such
as PiB and AV-45, despite CL harmonization [21]. Imbalance in CL distribution
across cohorts can also bias a regression head toward more frequent target val-
ues, so the CL target distribution should be reported during validation. Finally,
MRI-visible changes associated with age, small-vessel disease, or neurodegen-
eration may correlate with amyloid burden without being specific to amyloid
pathology. Reported analyses should therefore include tracer-stratified evalua-
tion, calibration around clinically relevant thresholds, and sensitivity analyses
for demographic and vascular confounders.

3.2 Longitudinal Conversion and Prognosis Modeling

The second direction addresses Gap 2 by extending the framework from cross-
sectional classification toward longitudinal prediction of amyloid trajectory. A
clinically meaningful use case for a PET-free model is the identification of A5~
individuals near the positivity threshold, who may be at higher risk of conversion.
Two complementary outputs are considered: conversion risk and annual Centiloid
accumulation rate. Conversion is operationally defined, following the threshold
used in the original framework, as the transition from baseline A3~ status (CL <
20.6) to a follow-up visit with CL > 20.6 [5].

Clinical Relevance and Technical Formulation. Prognostic estimates of amyloid
conversion are relevant along the screening pathway that precedes anti-amyloid
therapies. Real-world data from a tertiary memory clinic indicate that only a lim-
ited proportion of patients meet appropriate use recommendations for lecanemab
and donanemab [20], supporting the need for scalable strategies to identify and
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prioritize potential candidates before confirmatory amyloid PET. Participants in
the intermediate Centiloid range, which AMYPAD recommendations associate
with increased risk of disease progression [6], are a natural target population for
this prognostic stratification, and an MRI-only prognostic readout could support
follow-up prioritization.

Technically, the MRI-only student embedding e; can be connected to two
task-specific output heads. A first head hy, estimates the probability of conver-
sion to AB™ over a defined follow-up window At as p;(At) = hy(e;, At) € [0,1],
implemented either as fixed-window classification or as a time-to-event model.
A second head 7¢ regresses the annual rate of Centiloid accumulation as 7; =
re(e;) € R, expressed in CL/year, using subjects with at least two amyloid-PET
measurements; prior amyloid-PET studies have shown that annual Centiloid
accumulation can be measured reliably in cohorts with repeated PET acquisi-
tions [2]. Both heads can be trained on the longitudinal subset and combined
with the existing binary classification objective of the original framework [5].

Validation and Confounders. Validation should be aligned with the two output
heads. For the conversion-probability head hy, time-dependent AUC (td-AUC)
at clinically relevant prediction horizons and the C-index quantify discrimination
across the follow-up window, while calibration curves and the time-dependent
Brier score quantify agreement between predicted probabilities and observed con-
version, accounting for censoring when applicable. A prior deep-learning study
used baseline hippocampal MRI to predict progression from mild cognitive im-
pairment to Alzheimer’s disease dementia and evaluated discrimination using
the C-index and time-dependent ROC/AUC [16], supporting these survival-style
metrics for MRI-based prognostic models. For the CL-rate head r¢, MAE in
CL/year against longitudinal CL change should be reported, with stratification
by baseline CL range to assess near-threshold behavior.

Three confounders are particularly relevant in the prognostic setting. Comor-
bid small-vessel disease and age-related atrophy can produce MRI signal changes
overlapping neurodegenerative patterns and potentially influencing conversion
probability and CL-rate estimates [33]; their distribution should therefore be
reported and, where possible, modeled as covariates or used for stratification.
Technical and biological factors, including quantification pipeline choices, radio-
tracer, harmonization status, age, and brain atrophy, can introduce systematic
variability in Centiloid quantification [21]|, motivating sensitivity analyses across
scanner and protocol subgroups. Finally, time-to-event analyses should account
for incomplete follow-up, censoring before observed conversion, and possible
competing risks, either under standard survival assumptions or with dedicated
competing-risks models.

3.3 Region-Level Interpretability via Radiomics and SHAP

The third direction addresses Gap 3 by complementing voxel-level saliency and
gradient-based activation maps with a region-level interpretability layer based on
anatomical parcellations. Voxel-level maps indicate where the model attends in
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image space, but clinical reasoning typically operates over AD-relevant anatom-
ical regions, including early sites of AS accumulation such as the precuneus and
posterior cingulate [18] and medial temporal regions such as the hippocampus
and entorhinal cortex [33]. A region-level layer would express predictions in this
same anatomical convention, supporting ROI-level model auditing alongside the
voxel-level maps.

Technical Formulation and Validation. For each subject i, radiomic features
®; = {o,(zMBOIE  are extracted from atlas-defined regions, such as the Au-
tomated Anatomical Labeling (AAL) atlas, or from FreeSurfer-derived parcella-
tions, where ¢, denotes the vector of descriptors extracted from region r. These
descriptors include histogram/first-order intensity and texture features used in
MRI-based amyloid analyses [12]. A tree-based surrogate model g, is trained
on &; to approximate the corresponding output of the main MRI-only model,
either the binary AST probability from the original classifier or the predicted CL
value ¢; from head g, yielding §5"" = ¢, ($;). SHAP attribution is then used to
explain the surrogate prediction [17]. Because SHAP values are first defined at
feature level, the ROI-level contribution s, is obtained by aggregating the SHAP
values of the radiomic features extracted from region r; in Fig. 1, s;. denotes
this aggregated per-ROI contribution. On the surrogate-output scale, this yields
g™ = E[g°" ]+ 3, sir. Validation should assess teacher-student regional agree-
ment when both attributions are available in a common atlas space, sensitivity
to localized perturbations, surrogate fidelity, and ROI ranking stability under re-
sampling. Since radiomic features are sensitive to preprocessing, segmentation,
and implementation choices [35], reporting should include parcellation choice,
ROI registration quality, and feature-extraction settings.

4 Discussion and Conclusion

This paper formalizes a clinician-informed translational roadmap that extends an
existing PET-guided MRI-only framework toward three complementary outputs:
continuous Centiloid-aware amyloid burden estimation, longitudinal conversion
and prognosis modeling, and region-level interpretability. The roadmap is built
around the MRI-only inference paradigm of the existing pipeline [5]. Directions
A and B reuse the patient-level MRI representation e; through task-specific
output heads, whereas Direction C adds a parallel radiomics-based surrogate
layer over anatomical regions. Across all directions, PET-derived measurements
are used for target definition, supervision, or retrospective validation, not as
inference inputs. The roadmap specifies clinically relevant outputs, validation
targets, and expected confounders while preserving the PET-free deployment
constraint.

Limitations. This work is positioned as a clinician-informed roadmap, and the
three directions outlined in Section 3 are presented as a proposed design and
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evaluation plan, intended to be implemented and assessed in subsequent stud-
ies. The classification AUCs of the existing binary classifier [5] provide a start-
ing point for this work, whereas the performance of the proposed extensions
will need to be quantified in dedicated evaluation studies. The direction-specific
confounders summarized in Table 1 and discussed in Sections 3.1-3.3 indicate
where calibration, stratification, and sensitivity analyses should be prioritized in
future evaluation studies. The proposed MRI-only outputs should be positioned
as decision-support tools that can help prioritize confirmatory amyloid testing
and follow-up, rather than as standalone diagnostic confirmation. Clinical use
would require prospective validation against established amyloid biomarkers,
such as amyloid PET, cerebrospinal fluid assays, or clinically validated plasma
assays.

Translational Steps and Conclusion. A pragmatic next step is to evaluate each
direction independently on retrospective subsets of datasets such as OASIS-3
and ADNI that satisfy the data requirements in Table 1, followed by exter-
nal validation on independent clinical cohorts and analyses stratified by tracer,
scanner, and baseline CL range. Among the three directions, continuous Cen-
tiloid estimation is the most immediate translational next step, as it preserves
the cross-sectional MRI-PET data structure of the original framework while
producing an output that aligns with quantitative amyloid-PET interpretation.
Clinician feedback on the proposed outputs is particularly important for deter-
mining whether a continuous Centiloid estimate, a conversion-risk estimate, or
a ranked ROI-level explanation is most useful for screening, triage, follow-up
planning, or model auditing. By defining continuous Centiloid estimation, longi-
tudinal conversion and prognosis modeling, and region-level interpretability as
distinct but complementary directions, this manuscript provides a structured
basis for future evaluation studies aimed at moving MRI-only Aj assessment
toward outputs that are interpretable, Centiloid-aware, and prognostically in-
formative.
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