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Abstract
Multimodal medical prediction frequently contends with incomplete pairing: aux-
iliary modalities with complementary signal are available for only a subset of
subjects (or none) and cannot be assumed at deployment. We introduce PANDA
(Prototype-Anchored Data Alignment), a two-stage framework that transfers
auxiliary information to a primary-modality model without auxiliary inputs at
inference. Two-stage training first derives class-specific auxiliary prototypes from
the shared embedding, then aligns the primary encoder to these frozen pro-
totypes. Because supervision is defined at the class-prototype level, PANDA
accommodates arbitrary pairing rates, including zero subject overlap.
We evaluate PANDA on two applications. On a 1,021-subject multi-scanner
ADNI cohort, we perform AD/CN classification with three auxiliary modali-
ties at distinct pairing rates: tabular scores (44.8%), FDG-PET (18.7%), and
external handwriting kinematics (0% overlap). Relative to the same-backbone
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MRI-only baseline, PANDA improves AUC on both encoders, with a larger gain
on the weaker one: on a transfer-pretrained MedicalNet backbone it attains AUC
0.868 ± 0.020 (+7.9 pp over the MRI-only baseline) and reduces 1.5 T CN false
positives by 25.2 pp, while on a stronger, fully trainable Conv5-FC3 backbone it
reaches a SOTA AUC of 0.893. On TCGA-Lung survival prediction from whole-
slide images, using RNA-seq as auxiliary data, PANDA improves over WSI-only
on 2-year OS (AUC +3.5 pp) and Cox PH (C-index +9.0 pts). It also out-
performs full-fusion training, which underperforms WSI-only. PANDA requires
no RNA at inference; wide confidence intervals on this smaller cohort keep the
gains below conventional significance. Overall, PANDA provides a deployment-
oriented mechanism for leveraging incomplete auxiliary modalities to improve
primary-modality prediction.

Keywords: PANDA, Alzheimer’s disease, MRI classification, unpaired multimodal
learning, prototype alignment, cross-domain generalisation.

1 Introduction
Multimodal learning has become a standard approach in the general medical domain
for prediction tasks [1–3]; however, most existing methods either assume that all
modalities are jointly observed for every subject or rely on imputation and generative
modelling to synthesize unobserved modalities. In practical settings, this assumption
is rarely met. Auxiliary measurements that carry complementary signal, such as addi-
tional imaging, molecular assays, clinical scores, or behavioural markers, are typically
available for only a subset of subjects in a large cohort. Moreover, their availability
varies from one modality to the next, and they are frequently absent altogether at
deployment. Discarding unpaired subjects or imputing missing modalities, the latter
either by generative synthesis [4–6] or by reconstructing missing-modality features
through Bayesian meta-learning [7], are the usual responses, but both waste the large
pool of primary-modality data that is available, either shrinking the training set or
injecting errors during imputation.

In this study, we investigate how a classifier constrained to a single primary
modality at inference time can nonetheless leverage auxiliary modalities that are
only partially paired with the primary modality during training, if paired at all. To
this end, we shift supervision from per-subject correspondences to class-level geome-
try [8, 9]: auxiliary modalities are used solely to define fixed class prototypes, and the
primary-modality encoder is aligned to these prototypes using all subjects, whether
paired or unpaired. We subsequently interpret this alignment in information-theoretic
terms (Section 4.3): it maximizes a lower bound on the mutual information between
the primary encoder and the auxiliary modalities, thereby providing insight into why
reduced pairing density need not degrade performance.

The approach is developed for medical imaging and evaluated in depth on struc-
tural MRI Alzheimer’s disease (AD) classification, the primary application, enabling
analyses of scanner robustness and disease-severity structure. Structural MRI is
a natural primary modality for the AD study because it is non-invasive, broadly
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available, and sensitive to the hippocampal and cortical atrophy that characterises dis-
ease progression [10–12]. In the MRI/AD setting, real-world deployment additionally
entails two interrelated challenges that are rarely addressed jointly. Transfer is fur-
ther demonstrated on a structurally unrelated second application: whole-slide-image
cancer survival prediction with a genomic auxiliary modality [13, 14].

A first challenge is scanner heterogeneity. Clinical neuroimaging datasets are
acquired across sites using scanners that differ in field strength (1.5 T vs. 3 T), man-
ufacturer, and acquisition protocol. Such variability induces systematic image-level
domain shifts that can degrade classification performance [15–17]. Scanner heterogene-
ity is frequently circumvented rather than addressed: evaluations are often restricted
to a single field strength or protocol-matched cohorts, and head-to-head cross-scanner
validation is uncommon, leaving scanner robustness insufficiently characterized [17–
19]. In the ADNI [10] cohort, an MRI-only baseline performs substantially worse at
1.5 T than at 3 T, with elevated false-positive rates among 1.5 T control subjects.
Although domain adaptation and harmonization methods can partially mitigate these
shifts, they typically require scanner labels during training or paired acquisitions that
are often unavailable in retrospective multi-site studies.

A second challenge is incomplete multimodal coverage. Alongside MRI, clinical
cohorts routinely collect auxiliary measurements, including neuropsychological scores
(MMSE, CDR, FAQ), FDG-PET, and digital biomarkers, each of which provides
complementary disease-relevant information. However, complete modality coverage is
often unavailable at the subject level, and the paired subsets vary across modalities.
In ADNI [10], cognitive scores and FDG-PET are each available for only a fraction
of subjects. Moreover, some biomarker sources (e.g., digital handwriting kinematic
assessments) are collected in entirely separate cohorts with no subject overlap. Stan-
dard multimodal fusion methods either require complete pairing at both training and
inference [2, 3] or impute missing modalities [4, 5]; both are impractical at deployment
and can introduce imputation-induced inductive bias.

These considerations motivate the hypothesis that, despite heterogeneity in raw
feature space, the modalities encode a shared disease-discriminative structure, such
that AD-versus-CN class separation is relatively modality-invariant. Consequently, the
class geometry induced by an auxiliary modality can serve as a supervisory target for
the primary-modality encoder. Aligning the primary encoder to this shared class-level
geometry, rather than to per-subject correspondences, allows auxiliary modalities to
shape the MRI representation for all subjects, whether paired or unpaired.

Specifically, this work introduces PANDA (Prototype-Anchored Data Alignment)1,
a two-stage framework illustrated in Fig. 2. In Stage 1, the MRI encoder and the
auxiliary encoders are trained jointly on the available paired data to form a shared
embedding, from which the auxiliary class prototypes are computed and then fixed
(Fig. 2, top). In Stage 2, the MRI encoder is trained on all subjects to align with these
fixed prototypes (middle). At inference time, the auxiliary encoders are discarded and
each scan is classified from MRI alone (bottom). This formulation accommodates three
qualitatively different pairing regimes within a single training procedure: subject-level

1A preliminary version of this work was presented in abstract form at BAIOSPHERE MEDICAL 2026 [20].
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tabular pairing (44.8 %), partial PET pairing (18.7 %), and an external handwriting-
kinematics prototype with no ADNI [10] overlap (0 %).

On the ADNI [10] AD/CN cohort, the full model substantially outperforms an
MRI-only baseline. When the same prototype alignment is applied on a stronger,
fully-trainable encoder, it attains the highest overall performance on this cohort
(AUC 0.893), surpassing the strongest unimodal baseline (see Section 6.4). A scanner-
stratified analysis indicates that tabular alignment primarily reduces false-positive
rates at 1.5 T, whereas PET alignment improves discrimination at 3 T. A pairing-
rate ablation yields a notable result: the joint Tab+PET anchor does not degrade as
pairing is reduced, indicating that full pairing is unnecessary. In addition, a zero-shot
analysis on held-out MCI subjects shows that an MRI-only baseline does not reliably
preserve the ordinal severity continuum, whereas the joint prototype-aligned model
does. A simple linear severity head, trained only on graded CN/AD scores and never
on MCI, further exposes an explicit monotone CN→AD severity axis without reduc-
ing AUC. Finally, cross-domain validation on TCGA-Lung (whole-slide images with
RNA-seq) indicates that the mechanism is not neuroimaging-specific, with direction-
ally consistent gains that the smaller cohort leaves below significance. Thus, the main
contributions of this paper are:

1. A framework for partially unpaired multimodal learning in medical
imaging. PANDA is a two-stage, prototype-anchored alignment framework that
enables a primary-modality classifier to leverage auxiliary modalities across pair-
ing regimes (subject-level, partial, or external-cohort with zero overlap) within
a single training procedure, while requiring only the primary modality at infer-
ence. We demonstrate the framework on two medical-imaging domains—brain
MRI (AD/CN classification) and lung-pathology whole-slide imaging (survival)—
and scope the claim to these settings rather than asserting generality beyond the
domains evaluated here.

2. Full pairing is not required. A pairing-rate ablation showing that sparse het-
erogeneous pairing matches full pairing (within seed noise) for the joint anchor,
with a mechanistic explanation based on class-prototype separation, a finding with
direct implications for how multimodal cohorts are best collected.

3. Alzheimer’s classification (primary application). A systematic scanner-
stratified evaluation on ADNI [10] showing that different auxiliary modalities target
different sources of scanner bias (clinical-score prototypes reduce 1.5 T false posi-
tives while PET prototypes improve 3 T discrimination), and a zero-shot analysis
on held-out MCI subjects showing that the joint prototype-aligned model preserves
a monotone CN→AD severity ordering that a single-modality baseline does not. A
severity-head extension makes this axis explicit using graded CN/AD scores only;
MCI never contributes a training gradient and binary AUC is unchanged.

4. Cancer survival (second, cross-domain application). Validation on TCGA-
Lung showing that the same prototype-transfer mechanism carries from 3D
neuroimaging to gigapixel whole-slide imaging, exceeding full-fusion joint training
despite using no RNA at inference.
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2 Related Work
2.1 MRI-Based AD Classification and Scanner Robustness
Deep convolutional networks operating on volumetric T1-weighted MRI have demon-
strated high AD/CN discrimination performance, although such results are typically
reported under constrained evaluation conditions. Moreover, a substantial share of
reported gains reflects methodological artefacts rather than genuine discrimination
such as, subject-level data leakage between training and test partitions [12, 21].
Despite these caveats, transfer learning from large-scale medical imaging pretrain-
ing corpora (e.g., MedicalNet [11]) remains a dominant state-of-the-art (SOTA)
approach in many AD/CN MRI benchmarks, as it lowers the sample complexity of
AD-specific fine-tuning. Regardless of architecture, a consistent limitation remains:
sensitivity to scanner domain. Models trained on 3 T ADNI scans degrade on 1.5 T
acquisitions, where lower SNR and contrast differences systematically shift feature
distributions [17].

Two classes of approaches explicitly target this distribution shift, each with distinct
assumptions and supervision requirements. Batch-effect correction methods such as
ComBat [15, 16] and deep variants model scanner variation as a nuisance covariate and
remove it via regression; they can be effective when scanner labels are available, but
implicitly assume that biological effects are separable from scanner-induced variation,
an assumption that can fail when the two are entangled. Domain-adaptation methods
instead reduce source–target discrepancy via adversarial training [22] or distribution
matching [23], but require access to target-domain scans during training and therefore
do not naturally generalise to scanners unseen at development time. Both families
achieve robustness by introducing an explicit scanner model and relying on privileged
information (scanner labels or target-domain data).

PANDA adopts an alternative strategy: instead of explicitly modelling scanner
effects, it aligns the MRI representation to auxiliary modalities that are invariant
to scanner acquisition by construction (e.g., cognitive scores, PET metabolism, or
handwriting kinematics). This induces suppression of scanner-correlated variability as
an implicit consequence of the alignment objective, without requiring scanner labels
or access to target-domain scans during training or inference. Empirically, tabular-
prototype alignment substantially reduces the false-positive rate on 1.5 T scans.

2.2 Multimodal Fusion and Missing Modality
Multimodal fusion for AD has been studied extensively, ranging from early (feature-
concatenation) to late (decision-level) fusion of MRI, PET, and clinical scores [2, 3].
Recent methods align multiple modalities for multiclass diagnosis, for example by
combining MRI, tau-PET, diffusion MRI, and cognitive scores via contrastive align-
ment and a tabular foundation model [24]. Such methods typically assume that all
modalities are available at inference, an assumption that is often violated in clinical
cohorts. Missing-modality methods relax this requirement via modality-dropout train-
ing [25], generative imputation of absent modalities [4, 5], knowledge distillation from
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a complete-modality teacher [6, 26], or Bayesian meta-learning of absent-modality fea-
tures [7]. In particular, Wang et al. [26] address incomplete modalities via knowledge
distillation from a complete-modality teacher; our distillation baseline follows this
paradigm, whereas PANDA’s prototype anchoring offers an alternative that does not
require a fully paired teacher. However, these approaches still require the auxiliary
modality for at least a subset of subjects (or access to a complete-modality teacher),
and therefore do not apply when the auxiliary cohort has zero subject overlap, as in
our handwriting regime (rHW = 0). Prototype anchoring, by contrast, depends only
on class-level geometry and can accommodate disjoint auxiliary modalities. In the fed-
erated setting, Le et al. [27] propose cross-modal prototype-based alignment to handle
severely missing modalities across clients; we adapt a similar prototype-anchored prin-
ciple to the centralised, partially unpaired setting, in which auxiliary modalities can
be sparsely paired or drawn from an entirely external cohort rather than distributed
across federated clients.

Closer to our setting, recent AD-specific methods handle incomplete data without
explicit imputation. Ou et al. [28] learn a graph-embedded latent space over all sub-
jects, including those missing PET, and Liu et al. [29] align features across acquisition
stages so that costly later-stage modalities need not be acquired at test time. PANDA
shares this deployment objective but aligns the primary encoder to frozen class-level
prototypes rather than to a fused latent space or per-subject stage features, enabling
the use of an entirely external auxiliary cohort. A separate line of work addresses par-
tial pairing by restricting multimodal training to the fully paired subset and discarding
subjects missing any modality [3]. We show that this strategy is detrimental: a joint
model trained only on the paired subset underperforms the unimodal baseline on both
ADNI and TCGA (Tables 2, 6), because the paired subset is a smaller and biased
sample of the training distribution. PANDA avoids this failure mode by separating
alignment (Stage 1, paired subjects) from classification (Stage 2, all subjects).

2.3 Contrastive and Prototype Learning
Self-supervised contrastive learning is widely used for representation learning, rang-
ing from instance-discrimination frameworks [30] to supervised contrastive objectives
that encourage within-class compactness in the embedding space [31]. Cross-modal
contrastive learning based on the InfoNCE objective, exemplified by CLIP [9] for
image–text pairs, has also been applied in medical imaging for modality alignment [32]
and cross-modal retrieval. In parallel, prototypical networks [8] classify samples by
their distance to class-mean prototypes in embedding space, and have been adapted
to few-shot medical classification [33].

PANDA departs from these lines of work in two key aspects. First, its prototypes
are computed from the auxiliary-modality encoders rather than from the primary
(MRI) encoder, injecting auxiliary-modality class geometry into the MRI representa-
tion. Second, although Stage 1 trains the encoders jointly, the prototypes themselves
are fixed as class means at the end of Stage 1 and are not learnable during Stage 2
fine-tuning; this avoids the circularity that arises when a primary encoder is opti-
mised against prototypes that are simultaneously updated from that same encoder.
Empirically, making the prototypes learnable during MRI fine-tuning causes them to
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Fig. 1 Cohort composition of the 1,021-subject ADNI AD/CN dataset. (a) Class distribution by
field strength (AD: 297, CN: 724); AD subjects are proportionally more represented at 1.5 T (40.1%)
than CN (21.2%). (b) Age distribution in 5-year bins; AD subjects are on average 2.6 years older
(75.6 ± 7.8 vs. 73.0 ± 7.3 years). (c) Manufacturer distribution; Siemens dominates both groups.

collapse onto the MRI encoder’s class means, eroding their value as an independent
supervisory signal.

2.4 Survival Prediction from Pathology and Genomics
Attention-based multiple instance learning (ABMIL) [13] is widely used for survival
prediction from gigapixel whole-slide images (WSI), where patch-level attention aggre-
gation yields interpretable slide-level representations. Joint WSI + genomics models,
including recent mixture-of-experts fusion [34], can improve upon WSI-only survival
prediction [14, 35]; however, they typically require RNA or mutation measurements
at inference and are commonly trained only on the fully paired subset. Recent pathol-
ogy foundation models (e.g., UNI2 [36] and CONCH [37]) provide high-quality patch
embeddings that reduce labeled-data requirements for slide-level tasks. In our TCGA
validation, we use UNI2-h ABMIL features as the WSI representation and apply the
same two-stage prototype framework with RNA-seq as the auxiliary modality, demon-
strating transfer from neuroimaging to computational pathology without architectural
modification.

3 Dataset
3.1 ADNI AD/CN Cohort
Data were obtained from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) [10], a longitudinal multi-site study that acquires structural MRI, PET
imaging, and standardised neuropsychological assessments across the diagnostic
spectrum.

For binary AD/CN classification, we constructed a cohort of 1,021 subjects (AD:
297, CN: 724) drawn from ADNI-1/GO, ADNI-2, and ADNI-3. To avoid subject-level

7



leakage, we selected one T1-weighted MRI per subject (earliest available visit; highest-
quality acquisition) and excluded multi-channel or anomalous scans. We then created
a fixed split, stratified by diagnosis and scanner field strength prior to any modelling:
• Training/validation: n = 844 (AD: 249, CN: 595).
• Held-out test: n = 177 (AD: 48, CN: 129).

Scanner heterogeneity is a defining feature of ADNI: 273 scans (26.7%) were
acquired at 1.5 T and 748 (73.3%) at 3 T (test set: 61 at 1.5 T, 116 at 3 T). Through-
out this work, 1.5 T is defined as protocol field strength ≤ 2.0 and 3 T as
protocol field strength > 2.0. Importantly, field strength is class-imbalanced (AD:
40.1% at 1.5 T vs. CN: 21.3%; Fig. 1a), which can act as a systematic confound and
motivates the scanner-stratified analyses in Section 6.2.

Mean age at scan is 75.6 ± 7.8 years for AD and 73.0 ± 7.3 years for CN (two-
sample t-test: t = 4.55, p < 0.001). The cohort is 53.7% female (548/1,021); the AD
group is slightly male-dominated (M: 165, F: 132; 55.6% male), whereas the CN group
is predominantly female (F: 416, M: 308; 57.5% female), consistent with prior ADNI
analyses [10]. The overall class distribution is AD: 29.1% and CN: 70.9%. Scanner
manufacturer distribution is Siemens 696 (68.2%), GE 206 (20.2%), and Philips 118
(11.6%). Fig. 1 summarises these distributions.

3.2 Auxiliary Modalities
Clinical tabular scores. Table 1 summarises the availability of the clinical tabular
variables in the 844-subject training/validation cohort. Standardised neuropsycho-
logical and demographic variables were extracted from the ADNI repository, and
we retained three key features: Mini-Mental State Examination (MMSE), Clinical
Dementia Rating global score (CDR), and Functional Activities Questionnaire total
score (FAQ). Cognitive and functional assessments exhibit substantial missingness,
with each feature available for only about half of subjects (FAQ: 51.5%, MMSE: 45.1%,
CDR: 44.8% available; Table 1), consistent with variable assessment schedules across
ADNI phases.

We define the fully paired subset Dpaired as the set of subjects for whom all three
tabular features are simultaneously observed. This yields |Dpaired| = 378 training
subjects (AD: 170, CN: 208), corresponding to a tabular pairing rate of rtab = 44.8%.
All tabular-prototype experiments use Dpaired as the Stage 1 anchor pool; feature
scaling is fit independently within each training fold to prevent information leakage.
FDG-PET volumes. FDG-PET scans were obtained from the ADNI repository for
a subset of the AD/CN cohort. Following DICOM-to-NIfTI conversion, 248 FDG-
PET volumes were available, spanning both static and dynamic acquisitions under
standard ADNI protocols. Within each training fold, approximately 158 subjects (AD:
≈70, CN: ≈88) were matched to a corresponding MRI scan; we denote this PET-
paired subset by SPET, yielding a pairing rate of rPET ≈ 18.7%. PET availability is
concentrated in later ADNI phases and is therefore predominantly associated with
3 T imaging, which makes PET anchors relatively sparse for the 1.5 T scans where
scanner-induced bias is most pronounced.
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Table 1 Tabular feature availability in the 844-subject training/validation cohort (AD: 249, CN:
595). The fully paired subset Dpaired comprises subjects for whom all three features are
simultaneously available.

Feature Available Missing Available (%)

FAQ total score 435 409 51.5
MMSE score 381 463 45.1
CDR global score 378 466 44.8

Dpaired (all 3 features) 378 466 44.8

Handwriting kinematics (DARWIN). The DARWIN (Diagnosis AlzheimeR
WIth haNdwriting) dataset [38] is a publicly available handwriting kinematics bench-
mark comprising 174 participants (AD and healthy controls) acquired using a
digitising tablet. Participants completed 25 standardised handwriting and drawing
tasks. For each task, 18 kinematic descriptors (e.g., velocity, pressure, and pen-up/pen-
down ratio) were extracted, yielding a 25 × 18 = 450-dimensional feature vector per
subject. DARWIN shares no subjects, sites, or acquisition hardware with the ADNI
cohort; consequently, the handwriting pairing rate is rHW = 0. DARWIN class proto-
types are computed on the DARWIN cohort and transferred directly into Stage 2 of
ADNI training without any shared subjects.

3.3 MCI Cohort for Zero-Shot Severity Evaluation
We additionally define an independent cohort of 147 subjects with mild cognitive
impairment (MCI) and resolvable MRI in the same image-quality-filtered pool as the
AD/CN test set (EMCI: 49, MCI: 79, LMCI: 19). This cohort is withheld from all
training stages, and no MCI scans, labels, or clinical scores are used for model fitting.
Because these subjects are drawn from ADNI using the same sites and hardware as
the AD/CN cohort, they are subject to the same 1.5 T/3 T field-strength imbalance.

We use this cohort exclusively for post hoc evaluation of whether the learned MRI
representations encode an ordinal disease-severity gradient beyond binary AD/CN
separation. Severity proxies include MMSE, CDR global score, FAQ total score, and
NPI total score. Ordinal consistency is assessed using Kruskal–Wallis tests and one-
sided Mann–Whitney tests across EMCI/MCI/LMCI, together with a monotonicity
check against the CN/AD reference groups (Section 6.5).

3.4 TCGA-Lung: Cross-Domain Validation
To assess whether the proposed prototype-alignment mechanism transfers beyond neu-
roimaging, we evaluate PANDA on a cross-domain histopathology survival prediction
task using TCGA-Lung (TCGA-LUAD + TCGA-LUSC). This setting instantiates the
same training constraint as ADNI, but with whole-slide imaging (WSI) features as
the primary modality and bulk RNA-seq as the auxiliary modality.
Modalities and availability. Diagnostic H&E WSI constitute the primary input,
and bulk RNA-seq (downloaded from the GDC portal) serves as the auxiliary modal-
ity. We consider two endpoints: (i) binary 2-year overall survival (n = 594) and (ii) Cox
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Fig. 2 Overview of the two-stage prototype-anchored alignment framework. Stage 1 jointly trains
the MRI encoder together with the auxiliary encoders (tabular, PET, external handwriting) under a
single combined objective (per-modality cross-entropy and pairwise cross-modal contrastive losses),
then computes frozen class prototypes µ

(k)
c from the auxiliary embeddings. Stage 2 trains the MRI

encoder gMRI on all N = 844 subjects with the combined objective L = LCE +
∑

k
λkL(k)

proto
(τ = 0.07), pulling the normalised MRI projection pi toward the frozen prototypes. At inference
all auxiliary encoders are discarded and the class score is the convex blend of the linear-head and
prototype-cosine softmaxes (Eq. 5); only MRI is required.

proportional-hazards survival modelling (n = 853). WSI is available for all subjects,
whereas RNA-seq is available for 591/594 (99.5%) and 849/853 (99.5%), respectively,
corresponding to a near-complete pairing regime.

4 Method
A standard baseline in multimodal learning assumes per-subject pairing and improves
performance either by fusing modalities in a joint model or by enforcing cross-modal
alignment with paired samples (e.g., contrastive objectives). These designs typically
require auxiliary modalities to be present for a substantial subset of subjects and, in
many cases, at deployment.
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In our setting, auxiliary measurements are heterogeneous and can be partially
paired, sparsely paired, or available only in an external cohort with no subject over-
lap, while the deployed model must operate on the primary modality alone. PANDA
addresses this mismatch by using auxiliary data only to estimate class-level anchors.
In Stage 1, auxiliary-modality encoders are used to compute class prototypes, which
are then frozen; in Stage 2, the primary encoder is trained to align its representations
to these fixed prototypes for all subjects. Fig. 2 summarises the overall procedure.

4.1 Framework
Problem Formulation
Let D = {(xi, yi)}N

i=1 denote a dataset of N subjects, where xi is a 3-D T1-weighted
MRI volume and yi ∈ {0, 1} is the binary AD/CN label. Every subject has an MRI
scan; the primary classifier f : x 7→ ŷ must operate on MRI alone at inference.

In addition, K auxiliary modalities are available, each observed for a subset of
subjects. For modality k ∈ {1, . . . , K}, let Sk ⊆ {1, . . . , N} denote the paired subset,
with pairing rate rk = |Sk|/N . In our study, K = 3 auxiliary modalities are considered:
• Tabular clinical scores (MMSE, CDR, FAQ): rtab ≈ 0.45 (ntab = 378 of 844

training subjects).
• FDG-PET volumes: rPET ≈ 0.19 (nPET ≈ 158 per training fold).
• Handwriting kinematics (DARWIN dataset [38]): rHW = 0, with no subject

overlap with the ADNI cohort. Prototypes are derived from the external cohort and
transferred directly.

The goal is to train f such that (i) it exploits all available auxiliary supervision
at training time, (ii) it requires no auxiliary input at inference, and (iii) its learned
representation is robust to scanner field-strength variation (1.5 T vs. 3 T).

Encoder Architecture
MRI backbone. The primary encoder gMRI is a 3-D ResNet-18 initialised from
MedicalNet [11], pretrained on a large corpus of volumetric segmentation tasks. It
maps each 1283-voxel input to a 512-dimensional feature vector hi ∈ R512. A two-layer
MLP projection head ϕMRI reduces hi to a 256-dimensional embedding pi, which is
ℓ2-normalised to the unit hypersphere:

pi = ϕMRI(hi)
∥ϕMRI(hi)∥2

. (1)

A small constant is added to norm denominators (here and in the prototype normal-
isation) for numerical stability. The classification head is a single linear layer applied
to the 512-dimensional backbone features hi (before projection), so that classification
and representation alignment are trained with separate parameter paths.
Auxiliary encoders. Each auxiliary modality k has its own encoder gk that maps
its modality-specific input to a 256-dimensional ℓ2-normalised embedding z(k)

i in the
same shared hypersphere as pi:
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• Tabular encoder : a three-layer MLP (dtab → 128 → 256) with LayerNorm and
dropout (0.3) after each hidden layer. Subjects with missing values in any tabular
input are excluded from tabular-encoder training and from the prototype anchor
pool, ensuring that prototypes are computed from complete feature vectors.

• PET encoder : a 3-D ResNet-10 (a lightweight MedicalNet variant [11]) applied
to 1283-voxel intensity-normalised PET volumes, followed by a two-layer MLP
projection head matching the MRI head.

• Handwriting encoder : a two-layer MLP (450 → 256 → 256) applied to the con-
catenated DARWIN handwriting kinematics vector (25 tasks × 18 features). This
encoder is trained exclusively on the external DARWIN cohort; its outputs are used
only to compute class prototypes, and its parameters remain frozen throughout
Stage 2.

Class Prototype Construction
For each auxiliary modality k and class c ∈ {0, 1}, the class prototype µ

(k)
c is the

ℓ2-normalised mean embedding over all paired training subjects of that class:

µ(k)
c = Normalize

 1
|Sc

k|
∑
i∈Sc

k

z(k)
i

 , Sc
k = {i ∈ Sk : yi = c}. (2)

Prototypes are computed once from the jointly-trained auxiliary encoders at the end of
Stage 1 and remain frozen for the remainder of training. Freezing prevents prototype
drift and ensures that the MRI encoder optimises toward stable geometric targets.

For the handwriting modality (rHW = 0), the paired subset SHW contains no
ADNI subjects. We therefore compute handwriting class prototypes on the external
DARWIN cohort and transfer them directly as {µHW

0 , µHW
1 }. This external prototype

transfer regime evaluates whether class-level geometry learned in an entirely separate
cohort can act as an effective anchor for MRI representation learning. Moreover, it
serves as a control against the hypothesis that prototype alignment requires subject-
level correspondence between modalities: any observed benefit in this regime must
arise from the transferred class separation in prototype space rather than from per-
subject cross-modal pairing.

4.2 Training and Inference scheme
Stage 1: joint multi-modal training and frozen prototypes. Stage 1 jointly
trains the MRI encoder and all auxiliary encoders using a single optimiser and a unified
objective. The loss comprises (i) per-modality cross-entropy terms for modalities with
AD/CN labels and (ii) supervised cross-modal contrastive terms over the available
paired subsets (MRI–tabular, MRI–PET, and tabular–PET), yielding a shared ℓ2-
normalised embedding space. The handwriting encoder is trained on the external
DARWIN cohort and contributes only class-level prototypes (no subject overlap with
ADNI). After Stage 1, all auxiliary encoders are frozen and class prototypes {µ

(k)
c }

are computed once via (2) and held fixed for Stage 2.
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Stage 2: prototype-anchored MRI training. The MRI encoder is then trained
on the full dataset D, regardless of auxiliary modality availability, with the combined
loss

L = LCE +
K∑

k=1
λkL(k)

proto, (3)

where LCE is the cross-entropy loss on AD/CN logits computed from backbone
features hi, each λk weights modality k, and each L(k)

proto is a temperature-scaled proto-
type cross-entropy [8] that pulls the normalised MRI projection pi toward the frozen
prototype of its correct class:

L(k)
proto = − 1

|B|
∑
i∈B

log
exp

(
pi · µ

(k)
yi /τ

)∑
c exp

(
pi · µ

(k)
c /τ

) , (4)

with B a training mini-batch, τ the temperature parameter [9], and c ∈ {0, 1} ranging
over both classes. The defining property of this objective is that the same prototype
µ

(k)
yi is used for every subject i, whether or not i ∈ Sk: paired and unpaired subjects

receive identical geometric targets for a given modality, so no subject is excluded from
alignment supervision. This is what allows the MRI encoder to learn from the entire
training cohort even though the auxiliary signal is defined on the paired subset alone.

Inference
At test time, all auxiliary encoders are discarded. Classification of a new subject uses
only the MRI backbone gMRI and the linear classification head, incurring no additional
computational cost relative to the MRI-only baseline. At inference the class score for
a test subject is the weighted average of the linear-head softmax, whose logits are
ℓ(hi), and the prototype cosine softmax,

p̂(c | xi) = α0 softmaxc

(
ℓ(hi)

)
+ α1 softmaxc

(∑
k∈{Tab,PET,HW} pi · µ

(k)
c /τ

)
,

α0, α1 ∈ [0, 1], α0 + α1 = 1,
(5)

with ŷ = arg maxc p̂(c | xi). The weight (α0, α1) is fit on the validation fold (Implemen-
tation Details, Section 5); the reported pAD (including the zero-shot MCI analysis of
Section 6.5) is p̂(AD | xi). When α1 = 0 this reduces to the MRI-only linear classifier.
The prototype-cosine term sums the raw cosine logits against all three frozen proto-
type sets (k ∈ {Tab, PET, HW}) with equal weight and a single shared temperature
τ = 0.07, followed by a single softmax; since the prototypes µ

(k)
c are frozen constants,

no auxiliary input is required at inference and the classifier remains MRI-only for
every test subject.

Severity-Axis Extension
The base framework is trained for binary CN/AD discrimination and does not explic-
itly enforce an ordinal severity structure (Section 6.5). We therefore augment Stage 2
with a linear severity head hsev : R512 → R applied to the 512-dimensional backbone
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features hi (the pre-projection encoder output), so that the severity signal is read
off features independent of the tabular/PET/hand-crafted-aligned projection space,
and trained by masked Huber regression against graded clinical-severity composites
computed on the CN/AD training pool only:

Lsev = 1
|S|

∑
i∈S

Huber
(
hsev(hi), si

)
, (6)

where S denotes CN/AD training subjects with complete coverage for the chosen
composite and si is the corresponding z-scored value. We consider two composites:
sorth (mean of z-scored FAQ and NPI; n = 265 of 844 CN/AD training subjects) and
sdiag (mean of z-scored CDR and negated z-scored MMSE; n = 378). Unless otherwise
stated, we use sorth because FAQ/NPI reflect functional and neuropsychiatric status
rather than directly restating the diagnostic criteria used to assign CN/AD labels.
In the CN/AD training pool, FAQ is observed for 435 subjects and NPI for 265;
because every NPI-observed subject also has FAQ, NPI is the limiting factor and the
complete-coverage set for sorth is exactly these n = 265 subjects. Each component
is z-scored independently over all CN/AD subjects for which it is observed (FAQ
over 435, NPI over 265) before averaging. Missing values are handled by exclusion
rather than imputation: the masked Huber loss requires both raw FAQ and NPI to
be present, so only the 265 complete-coverage subjects contribute gradients (sdiag
is defined analogously, requiring both CDR and MMSE, n = 378). This complete-
coverage subset is also field-strength–skewed (208 subjects at ≤ 2.0 T vs. 57 at >
2.0 T), so the learned severity axis is confounded by lower-field scanner characteristics;
we therefore treat it as an exploratory readout and interpret absolute severity values
with corresponding caution (see also Section 7).

The severity head is optimised jointly with the Stage 2 objective, LCE +0.3(Ltab +
LPET + LHW) + λsevLsev with λsev = 0.3; equivalently, this is the general Stage-2
objective of (3) with λk = 0.3 for all prototype terms, augmented by the severity
term. Stage 1 is reused from the frozen joint checkpoint (i.e., not retrained), isolating
the effect of the severity head from changes in the Stage 1 alignment geometry. MCI
subjects contribute no training gradients at any stage: the composite is defined and
standardised using CN/AD subjects only, and the head is evaluated on MCI in a
zero-shot manner.

4.3 Information-Theoretic Motivation
We provide a brief information-theoretic motivation for prototype anchoring and for
the empirical observation that reduced pairing need not degrade performance. These
arguments are heuristic, intended to build intuition rather than to constitute rigorous
proofs, and rely on simplifying assumptions that we state where used. Let Y ∈ {0, 1}
denote the class label, z(k) the Stage 1 auxiliary embedding for modality k, and p the
ℓ2-normalised MRI projection in (1).
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Alignment transfers class information.
The Stage 1 cross-modal InfoNCE objective provides a variational lower bound on
the mutual information between paired MRI and auxiliary embeddings, I(p; z(k)) ≥
log NB − LNCE [39]. This bound pertains to the InfoNCE term alone; the full
Stage 1 objective, which also includes per-modality cross-entropy terms, does not
directly inherit it. The class prototype µ

(k)
c = Normalize

(
E[z(k) | Y = c]

)
preserves

class-discriminative directions of the auxiliary embedding. Minimising the prototype
cross-entropy in (4) therefore encourages p to align with the auxiliary-induced class
geometry [40]. Because the target prototypes are fixed and class-level, this supervi-
sory signal is available to all subjects during Stage 2, including those without paired
auxiliary measurements.

Prototype separation as an anchor-quality proxy.
Consider the cosine score sc = p · µ

(k)
c /τ under a two-class Gaussian-channel approx-

imation with equal class-conditional variances. Then I(s; Y ) is monotone in the
deflection coefficient J = ∥µ

(k)
1 − µ

(k)
0 ∥2/(σ2

0 + σ2
1) (assuming σ2

0 + σ2
1 > 0), so larger

inter-prototype separation yields a stronger anchor. Since prototypes are finite-sample
estimates of class means, we have E∥µ̂1 − µ̂0∥2 = ∥µ1 −µ0∥2 +tr Var(µ̂1 − µ̂0), which
implies that subsampling can increase empirical separation while also increasing esti-
mator variance. This identity assumes unnormalised class means; for the ℓ2-normalised
prototypes used here it holds only approximately, and the bias term is also affected by
the normalisation. Consequently, moderate reductions in pairing can leave the empir-
ical anchor quality unchanged (or slightly improved) until the class-mean estimates
become too noisy (empirically, around ≈ 40 paired AD subjects per fold; Section 6.3).
Importantly, this is an estimator effect on empirical prototypes rather than an increase
in the population mutual information I(z(k); Y ). We test this prediction by measuring
inter-prototype separation as a function of pairing rate in Section 6.3.

5 Experimental Setup
Implementation Details
MRI volumes were resampled to 1 mm isotropic in RAS orientation and cropped
to 1283 voxels using MONAI [41]. Intensity normalisation (zero mean, unit vari-
ance over non-background voxels) and training-time augmentation (random affine:
±10◦, ±10% scale, ±10 mm translation) were applied. FDG-PET volumes were pre-
processed to 1283 voxels at 2 mm isotropic resolution with 99th-percentile intensity
normalisation. All experiments use three random but fixed seeds under 5-fold strati-
fied cross-validation on the training set; the test set is evaluated once per seed using
the best validation-AUC checkpoint. Reported metrics are mean ± SD across the three
seeds.

Stage 1 uses a single AdamW optimiser (weight decay 10−4) with fixed learning
rates and no scheduler: MRI parameters (layer3/layer4 and the projection head) use
lr = 10−4 and the auxiliary encoders (tabular, PET, handwriting) use lr = 5 × 10−5,
trained for 50 epochs (handwriting: 100). Tabular feature scaling is fit on the training
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fold only. We set τ = 0.07 and λtab = 0.5, λPET = 0.3, λHW = 0.5 on validation AUC
at 100% pairing, held fixed across pairing-rate ablations. Stage 2 then fine-tunes the
MRI encoder alone, also with AdamW but at a lower backbone rate (10−5; projection
head 10−4), for up to 40 epochs with early stopping (patience = 10) on validation
AUC and ReduceLROnPlateau (factor = 0.5, patience = 3). All runs execute on
2×A100 GPUs. The inference blend weights (α0, α1) in (5) are fit independently for
each Stage-2 fold (and seed) on that fold’s held-out validation split—the same split
used for checkpoint selection, with no separate nested cross-validation—by minimising
the negative log-likelihood of the blended probability against the validation labels.
The weights are not grid-searched: (α0, α1) = softmax(θ) is parameterised by a single
learnable 2-vector θ (initialised at zero) and optimised with Adam (learning rate 10−3)
for 200 full-batch epochs, retaining the best-validation-loss epoch. At test time the five
folds are combined by soft-voting (averaging the blended p̂). Across the 15 fold/seed
fits the objective is bimodal rather than a single stable optimum: roughly half the folds
converge near (0.40, 0.60) and the remainder to the mirror configuration (0.59, 0.41)
that up-weights the linear head, giving a mean of (α0, α1) = (0.487 ± 0.091, 0.513 ±
0.091) across folds. The soft-voting ensemble averages over this per-fold variation, and
the near-equal mean indicates the two heads contribute comparably overall.

Baselines
Unless otherwise stated, ADNI baselines are trained on the full 844-subject train-
ing/validation set and evaluated on the held-out test set (n = 177) with MRI-only
inputs at inference. Auxiliary modalities, when used, are provided during training
only. We compare against 13 ADNI baselines and 2 TCGA baselines spanning (i) stan-
dard multimodal fusion, (ii) missing-modality training strategies, (iii) teacher–student
distillation, and (iv) recent published methods. For each comparator, Appendix A
(Table 7) specifies the training-time auxiliary inputs, inference-time inputs, and any
protocol adaptations required for fair comparison.

Pairing-Rate Ablation Protocol
To quantify sensitivity to reduced auxiliary pairing, we subsample the paired pools
Sk prior to Stage 2. For the joint Tab+PET anchor we consider fractions r ∈
{1.0, 0.75, 0.5, 0.25, 0.15, 0.10, 0.05}, and for the tabular-only anchor we use r ∈
{1.0, 0.5, 0.25}. Subsampling is performed independently per modality and stratified
by class to preserve class proportions within each prototype pool. For each fraction,
we reuse the jointly trained Stage 1 encoder weights and recompute only the prototype
vectors µ

(k)
c on the subsampled pools. Stage 2 training (MRI encoder on all N = 844

subjects) and inference are otherwise unchanged. This protocol isolates the effect of
prototype estimation quality from changes in the size of the MRI training set.

Cross-Domain Evaluation Setup
To assess domain generality, we apply PANDA, unchanged, to a histopathology sur-
vival task on TCGA-Lung (LUAD + LUSC). Here the primary modality is whole-slide
images (WSI): diagnostic H&E slides are tiled at 20× magnification, encoded with
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the UNI2-h pathology foundation model [36], and aggregated per slide by attention-
based multiple-instance learning (ABMIL) into a 1536-dimensional bag embedding.
The auxiliary modality is bulk RNA-seq (≈99% pairing): raw counts are reduced to
the top-2000 most variable genes, log1p-transformed, and z-scored per gene on the
training fold. We evaluate two survival endpoints. For binary 2-year overall survival,
subjects are labelled as deceased within 730 days (1) or surviving beyond 730 days (0);
censored cases with follow-up ≤ 730 days are excluded. This yields n = 594 subjects
(test = 119) with a label-stratified split (random state= 0). For Cox proportional-
hazards modelling, we include all subjects with valid follow-up and treat censored
cases through the partial likelihood, yielding n = 853 (test = 171) with stratification
by event indicator.

All TCGA experiments use the same three random seeds as the ADNI setup. To
probe sensitivity to reduced auxiliary coverage, we subsample the RNA-paired pool at
rRNA ∈ {0.25, 0.50, 1.00}. We report AUC, balanced accuracy, and macro-F1 for the
binary endpoint and Harrell’s C-index for the Cox model; all other architectural and
optimisation settings are unchanged. This cross-domain evaluation tests whether the
proposed prototype-alignment mechanism extends beyond neuroimaging and beyond
sparsely paired auxiliary modalities.

6 Results
6.1 Main Results
Table 2 summarises held-out performance on the 177-subject ADNI [10] test set. The
MRI-only baseline attains AUC = 0.789±0.016. Training a conventional fusion model
on the 378-subject fully paired subset (Fusion, pairs only) does not improve AUC,
indicating that restricting training to paired subjects is suboptimal. With the same
tabular pairing rate, PANDA (MRI+Tab) yields comparable AUC (0.790 ± 0.012;
padj = 1.00 vs. MRI-only) while improving balanced accuracy (0.692) and macro-F1
(0.689), with higher CN recall (0.822 vs. 0.749).

Adding PET prototypes (PANDA: MRI+Tab+PET, rPET = 0.19) increases AUC
to 0.851 ± 0.010 (not significant after Holm–Bonferroni, padj = 0.119) and improves
AD recall from 0.632 to 0.750. Incorporating handwriting prototypes from the external
DARWIN cohort [38] (PANDA: MRI+Tab+PET+HW, rHW = 0) further increases
AUC to 0.868 ± 0.020 (+7.9 pp vs. MRI-only; padj = 0.011) and raises CN recall
to 0.863, demonstrating effective transfer of class geometry from a cohort with zero
subject overlap.

Among baselines, Graph-SLC (a graph-embedded latent-space clustering
method) [28] achieves AUC = 0.802±0.016, and modality-dropout variants are similar
(0.800 and 0.799; p = 0.608 vs. MRI-only). Although these methods slightly exceed
PANDA (MRI+Tab) in AUC, they do not mitigate scanner-associated error (1.5 T CN
false-positive rate 41.4–47.8% vs. 52.2% for MRI-only), whereas PANDA with tabular
anchoring reduces it to 27.9% (Table 3). Knowledge distillation [6], HeMIS [5], and
graph-smoothness regularisation [42] perform at or below the MRI-only baseline. Addi-
tional published architectures evaluated under our protocol (DiaMond, a bi-modal
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Fig. 3 Held-out test-set MRI embeddings (seed 42, fold 0) under PCA and t-SNE, for MRI-only,
MRI+Tab+PET, and the full MRI+Tab+PET+HW model. F is the Fisher discriminability ratio
of CN vs. AD on the primary axis of each projection. Progressive auxiliary alignment reorganises
the unsupervised embedding geometry into a more clearly class-separated arrangement: F rises from
0.01 for MRI-only to 1.14 (PCA) / 0.64 (t-SNE) for MRI+Tab+PET and 0.96 (PCA) / 1.01 (t-SNE)
for the full MRI+Tab+PET+HW model. The projections illustrate this qualitative reorganisation;
quantitative discriminability is reported by test AUC in Table 2.

MRI–PET vision transformer [43]; the diagnosis network of Wang et al. [44]; HyperFu-
sion, a tabular-conditioned hypernetwork [45]; and IC-MKD, incomplete cross-modal
mutual knowledge distillation [46]) also underperform PANDA in AUC.

Fig. 3 provides a qualitative visualisation of representation changes.

6.2 Scanner-Stratified Analysis
Table 3 reports performance stratified by scanner field strength. The MRI-only base-
line exhibits pronounced field-strength sensitivity, with AUC = 0.695 at 1.5 T versus
0.814 at 3 T, and a 1.5 T CN false-positive rate of 52.2%. This behaviour is consistent
with class-imbalanced acquisition (38.6% of AD vs. 20.7% of CN acquired at 1.5 T in
the training cohort), which permits a field-strength shortcut.

Tabular prototype alignment (PANDA: MRI+Tab) primarily reduces scanner-
associated false positives, lowering the 1.5 T FP % from 52.2% to 27.9% with minimal
change in AUC. Adding PET prototypes (PANDA: MRI+Tab+PET) increases dis-
crimination, particularly at 3 T (AUC 0.886), but yields a higher 1.5 T FP % (39.6%),
consistent with sparse PET pairing limiting its influence on the 1.5 T subgroup.

The full model (MRI+Tab+PET+HW) achieves the strongest overall stratified
profile (1.5 T AUC = 0.783, FP % = 27.0; 3 T AUC = 0.894, FP % = 8.3). HeMIS
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Table 3 Scanner field-strength stratification. 1.5 T: n = 61 (AD = 24, CN = 37); 3 T:
n = 116 (AD = 24, CN = 92). FP % = CN misclassified as AD. Mean ± SD across 3 seeds.
Bold: best per column. †Suk et al. is evaluated on the paired subset: 1.5 T is still n = 61,
but its 3 T group is n = 14 (not 116), so its 3 T column is not directly comparable to the
other rows. The final block lists independently-published architectures with different
backbones, shown for reference and excluded from the per-column bold.

Method 1.5T AUC ↑ 1.5T FP % ↓ 3T AUC ↑ 3T FP % ↓

PANDA: MRI+Tab 0.703±.009 27.9±3.4 0.804±.012 13.8±2.2
PANDA: MRI+Tab+PET 0.736±.003 39.6±4.5 0.886±.020 15.6±5.9
PANDA: MRI+Tab+PET+HW 0.783±.013 27.0±6.6 0.894±.019 8.3±1.8

MRI-only Baseline 0.695±.009 52.2±11.4 0.814±.022 14.1±2.3
Knowledge distillation [6] 0.678±.029 41.4±1.3 0.800±.006 15.9±4.6
Modality dropout (Tab) 0.699±.012 41.4±2.5 0.825±.013 16.7±1.4
Modality dropout (Tab+PET) 0.717±.012 47.8±8.9 0.816±.023 18.1±1.0
HeMIS [5] 0.665±.019 17.1±4.6 0.823±.005 8.7±1.8
Graph-smoothness reg. [42] 0.653±.022 55.0±11.3 0.762±.018 14.9±3.6
Graph-SLC [28] 0.703±.032 34.2±7.1 0.829±.029 10.9±4.1

Suk et al. [3]† 0.682±.077 45.0±29.4 0.707±.108 47.6±29.4

DiaMond [43] 0.494±.039 38.7±12.5 0.682±.025 12.7±8.1
Wang et al. [44] 0.667±.098 44.1±5.6 0.762±.082 8.7±3.9
HyperFusion [45] 0.630±.011 25.2±10.0 0.798±.011 5.1±3.1
IC-MKD [46] 0.672±.042 46.8±3.4 0.784±.005 2.9±0.5

Fig. 4 Scanner-stratified AUC and CN false-positive rate across methods (3 seeds, mean ± std). The
full model (MRI+Tab+PET+HW) attains the highest AUC at both field strengths and the lowest
3T FP%, reducing 1.5T FP% to 27.0%, without using scanner labels during training.

attains a lower 1.5 T FP % (17.1%) but does so with substantially reduced AD sensi-
tivity (Rec-AD = 0.486; Table 2). The handwriting anchor, despite having no ADNI
subjects, provides complementary scanner-bias mitigation to the PET-driven AUC
gains, yielding the most balanced trade-off. Fig. 4 plots these four columns directly;
Fig. 5 shows the corresponding t-SNE embeddings coloured by field strength rather
than by diagnosis, making the 1.5 T/3 T mixing visible per method.
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Fig. 5 t-SNE of held-out test-set MRI embeddings (seed 42, fold 0) coloured by scanner field strength
(1.5 T vs. 3 T) rather than by diagnosis; marker shape indicates CN/AD. Progressive auxiliary align-
ment (MRI-only → MRI+Tab+PET → MRI+Tab+PET+HW) visibly interleaves the two scanner
populations, consistent with the false-positive-rate reduction in Fig. 4.

Fig. 6 Test AUC vs. pairing fraction r for Tab-only and Tab+PET alignment (mean ± std). Dashed
line: MRI-only baseline (0.789). Tab+PET AUC is flat within seed noise across r; Tab-only degrades
below 25%.

6.3 Ablations
Pairing Rate Sensitivity
Fig. 6 reports held-out test AUC as the paired fraction r is reduced from 100% to 5%.

For tabular-only alignment, AUC is stable down to r = 50% (0.790 to 0.785)
but decreases at r = 25% (0.758; ≈ 95 paired subjects), which corresponds to
approximately 40 AD subjects per fold for prototype estimation. For the joint
Tab+PET anchor, AUC shows no systematic dependence on pairing rate: across
r ∈ {100%, . . . , 5%} it remains within 0.849–0.867, with overlapping seed variance.
Thus, reduced pairing does not improve performance, but demonstrates that full pair-
ing is not required: r ≈ 5–10% matches the fully paired configuration within seed noise.
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This behaviour is consistent with an anchor-quality effect under finite-sample proto-
type estimation. For tabular prototypes, the inter-class cosine similarity (AD vs. CN)
becomes more negative as pairing decreases (mean cosine: −0.649 at 100%, −0.731
at 25%, −0.760 at 10%), indicating increased empirical class separation. PET proto-
types remain maximally anti-parallel by construction (cosine = −1.000) and therefore
do not contribute to this trend. A plausible explanation is that the full paired pool
(n = 378) contains a wide severity spectrum, including borderline cases that shift
class means toward each other. Subsampling can preferentially yield more homoge-
neous within-class subsets, increasing empirical prototype separation and providing a
more stable alignment target during Stage 2.

Optimal-Transport Pseudo-Pairing
Stage 1 contrastive alignment uses only genuinely paired subjects (tabular: 378/844;
PET: ≈158/844), while handwriting contributes external class prototypes without
per-subject pairing. To test whether unpaired MRI subjects can benefit from an addi-
tional alignment signal, we introduce an intermediate step that periodically (every 5
epochs) computes a Sinkhorn optimal-transport coupling between the MRI embed-
ding distribution (all 844 subjects) and each auxiliary embedding distribution using
cost 1 − cos(·, ·). The resulting soft couplings are used as additional (pseudo-paired)
InfoNCE supervision, thereby achieving an AUC score of 0.862 ± 0.014, which is sta-
tistically indistinguishable from the baseline 0.868 ± 0.020 and within our equivalence
band.

We therefore treat optimal-transport pseudo-pairing as a neutral ablation under
the pairing densities considered, indicating that class-level prototype anchoring
captures most of the transferable cross-modal geometry in this setting.

6.4 Encoder Trainability and Backbone Generalizability
Our primary MRI backbone is a MedicalNet ResNet-18 in which the first two resid-
ual stages are frozen at segmentation-pretrained weights. As a stronger fully trainable
alternative, we consider the Conv5-FC3 encoder of Wen et al. [12] (autoencoder warm
start on the same ADNI pool; end-to-end training). On the same n = 177 evalua-
tion protocol, Conv5-FC3 improves the MRI-only baseline AUC from 0.789 ± 0.016
to 0.881 ± 0.009. The largest difference occurs at 1.5 T (AUC 0.695 vs. 0.800; CN
FP % 52.3 vs. 33.3), consistent with limited trainability increasing reliance on scanner-
correlated features. As presented in Table 4, adding tabular alignment leaves overall
AUC essentially unchanged (0.881 to 0.883) but improves scanner robustness, reduc-
ing CN FP % at 1.5 T from 33.3 to 19.8 and at 3 T from 8.7 to 4.3. Incorporating
the full four-way anchor further improves discrimination (AUC = 0.893 ± 0.003) and
yields the lowest false-positive rates among the evaluated configurations.

These results indicate that prototype alignment transfers across encoder architec-
tures and that additional auxiliary anchors can yield complementary gains.
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Table 4 Backbone generalizability (n = 177). Prototype alignment re-run with the fully-trainable
Conv5-FC3 encoder [12]. Mean ± SD across 3 seeds; bold: best per column. †MedicalNet four-way
with second stage checkpoints selected based on lowest validation loss with highest validation AUC.

Model AUC 1.5T AUC 1.5T FP % 3T AUC 3T FP %

Conv5-FC3 (MRI-only) [12] 0.881±.009 0.800±.007 33.3±7.7 0.911±.010 8.7±1.5
PANDA + Conv5-FC3 (MRI+Tab) 0.883±.004 0.799±.011 19.8±9.2 0.912±.008 4.3±0.9
PANDA, MedicalNet
(MRI+Tab+PET+HW)†

0.875±.015 0.789±.017 24.3±2.2 0.899±.012 7.2±2.0

PANDA + Conv5-FC3
(MRI+Tab+PET+HW)†

0.893±.003 0.816±.010 18.0±7.1 0.916±.006 4.0±1.4

Table 5 Zero-shot MCI ordinal analysis under the primary-analysis hierarchy (primary: 3-group KW
restricted to EMCI/MCI/LMCI, and one-sided adjacent-pair Mann–Whitney; ordering intact: full
monotone chain CN<EMCI<MCI<LMCI<AD on medians, computed over all 177 test subjects plus
the 147 MCI subjects). ns: p ≥ 0.05.

Method Score KW p
(MCI-only)

MW p
EMCI<MCI

MW p
MCI<LMCI ordering intact

MRI-only baseline pAD 0.0023 < 0.001 0.788 (ns) FAIL
PANDA: MRI+Tab+PET+HW pAD 0.060 (ns) 0.007 0.677 (ns) PASS
PANDA + severity head pAD 0.060 (ns) 0.007 0.677 (ns) PASS
PANDA + severity head sev score 0.088 (ns) 0.010 0.637 (ns) PASS

6.5 Zero-Shot MCI Severity Inference
The held-out MCI cohort comprises 147 subjects (EMCI: 49, MCI: 79, LMCI:
19). For anchored models, applying the prototype-distance rule to each sub-
ject’s MRI projection yields a continuous p

(i)
AD; for the severity-head extension

(Section 4.2), we additionally compute sev score(i) via hsev. We report two comple-
mentary statistic families (Table 5). Primary analyses include a 3-group Kruskal–
Wallis test over EMCI/MCI/LMCI and one-sided Mann–Whitney tests on adja-
cent stage pairs. We also report ordering intact, a monotone-median check over
CN < EMCI < MCI < LMCI < AD (computed with CN and AD included), which eval-
uates whether MCI falls at the expected ordinal position rather than only whether
sub-stages differ. Fig. 7 shows the full distributions.

The MRI-only baseline separates EMCI/MCI/LMCI on the primary 3-group test
(Kruskal–Wallis p = 0.0023) but fails ordering intact: the AD median ties the
MCI median (0.573), yielding a non-monotone chain (CN/EMCI/MCI/LMCI medi-
ans 0.297 < 0.346 < 0.573 < 0.597, with AD at 0.573). In contrast, the four-way
joint model (MRI+Tab+PET+HW; Table 2) passes ordering intact with monotone
medians 0.027 < 0.125 < 0.436 < 0.462 < 0.720 across CN/EMCI/MCI/LMCI/AD,
despite only weak evidence for MCI sub-stage separation (KW p = 0.060).

The severity-head extension (Section 4.2) adds an explicit severity readout
while leaving test AUC unchanged (0.868 ± 0.020; Section 6.1). On this cohort,
ordering intact passes for both pAD (KW p = 0.060) and sev score (KW p =
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Fig. 7 Zero-shot MCI ordinal structure across the full CN→AD chain (not just EMCI/MCI/LMCI),
for the MRI-only baseline, MRI+Tab+PET+HW (the full model), and the severity-head extension on
both pAD and sev score. The connecting line through group medians makes ordering intact visible
directly: the MRI-only panel does not rise at the AD step (AD median 0.573 ties the MCI median),
failing the monotone chain, whereas the joint MRI+Tab+PET+HW model and both severity-head
panels rise monotonically from CN to AD.

Table 6 TCGA-Lung generalisation. Binary 2yr OS: test n = 119. Cox PH: test n = 171.
Mean ± SD across 3 seeds. Bold: best per column. † RNA used at inference.

Method Binary AUC Binary F1 Cox C-index

WSI-only 0.593±.020 0.389±.021 0.460±.003

Full Fusion (WSI+RNA)† 0.591±.008 0.348±.032 0.453±.002

Paired-only 50% (no proto. transfer) 0.579±.030 0.338±.023 0.527±.029

Paired-only 25% (no proto. transfer) 0.576±.038 0.376±.056 0.513±.023

PANDA 25% RNA 0.593±.026 0.336±.078 0.529±.018

PANDA 50% RNA 0.612±.018 0.380±.053 0.519±.038

PANDA 100% RNA 0.628±.007 0.495±.015 0.550±.016

0.088). Neither KW test reaches conventional significance; accordingly, we do not claim
sharp separation of MCI sub-stages. The supported conclusion is that the CN→AD
median ordering is monotone for the joint and severity-head models, whereas it is not
for the MRI-only baseline. sev score correlates strongly with pAD (Pearson r = 0.941)
but is not a trivial reparameterization (r ̸= 1; Section 7).

We next evaluate the generality of prototype alignment under a shift in both
data domain and objective, moving from ADNI diagnosis to TCGA-Lung survival
prediction.

6.6 Second Application: Cross-Domain Generalisation to
TCGA-Lung Survival

Table 6 and Fig. 8 summarise TCGA results. The WSI-only baseline attains AUC =
0.593±0.020 (95 % CI [0.492, 0.689]) for binary 2-year OS and C-index = 0.460±0.003
(95 % CI [0.383, 0.537]) for Cox PH, i.e., near-chance survival discrimination from H&E
morphology alone. Full Fusion (joint WSI + RNA ABMIL; RNA used at inference)
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Fig. 8 TCGA-Lung generalisation (3 seeds, mean ± std). Left: binary 2-year overall survival AUC.
Right: Cox proportional-hazards C-index. PANDA (prototype alignment) at 100% RNA pairing
outperforms both WSI-only and Full Fusion on both tasks without using RNA at inference; Paired-
only baselines at matched RNA fractions fall below PANDA at the same fraction, isolating the gain
to the prototype-transfer mechanism rather than RNA availability alone.

does not improve over WSI-only on either endpoint (AUC = 0.591, C-index = 0.453),
indicating unstable optimisation when trained directly on the partially paired pool
(≈ 470 subjects).

Restricting Stage 2 to the paired subset (Paired-only baselines) likewise matches
or underperforms WSI-only on binary AUC (0.576–0.579), indicating that discarding
unpaired subjects is detrimental. In contrast, prototype-based contrastive transfer
using 100% RNA pairing improves both endpoints without RNA at inference (AUC
= 0.628±0.007, 95 % CI [0.521, 0.733]; C-index = 0.550±0.016, 95 % CI [0.482, 0.616]),
corresponding to absolute gains of +3.5 pp AUC and +9.0 C-index points vs. WSI-
only. Bootstrap tests vs. WSI-only yield p = 0.146 (AUC) and p = 0.059 (C-index);
with ntest = 119 (binary) and 171 (Cox), CIs remain wide and the improvements do
not reach α = 0.05, although the direction is consistent across seeds and tasks.

Matched-fraction Paired-only comparisons support a prototype-transfer effect
beyond pairing rate: at 25% RNA, PANDA achieves C-index = 0.529 vs. 0.513 for
Paired-only 25% (+1.6 pts) with identical RNA training data.

7 Discussion
Across ADNI and TCGA-Lung, prototype alignment consistently converts partially
paired auxiliary modalities into improvements in the primary-modality model (better
calibration and scanner robustness) without requiring auxiliary inputs at inference.
The effect is mediated by geometry: each auxiliary anchor reshapes the MRI/WSI
embedding space, and the three anchors studied target complementary geometric
failure modes.

25



Tabular alignment provides the most direct example of geometric regularisation. It
leaves AUC approximately unchanged but improves CN recall and macro-F1 (Table 2),
consistent with reduced within-class scatter around clinically defined cluster centres
rather than added boundary signal. This restructuring also explains the large 1.5 T
false-positive reduction (Table 3): borderline 1.5 T controls are pulled toward a clin-
ically grounded CN anchor instead of remaining near the decision boundary. PET
exhibits the complementary behaviour: it yields the largest single AUC gain but does
not improve 1.5 T robustness (Tables 2, 3). A likely explanation is limited coverage: at
19% pairing, the PET prototype is estimated from ≈30 paired AD subjects per fold
and is dominated by high-quality 3 T scans from later ADNI phases, providing limited
constraint on the borderline 1.5 T controls that drive false positives. Increasing PET
pairing density, or adding an explicit 1.5 T-robust regulariser, remains future work.

This modality-specific division of labour is also reflected in baseline behaviour.
Modality-dropout baselines benefit little from PET (Table 2: MRI+Tab 0.800
vs. MRI+Tab+PET 0.799), whereas prototype alignment improves substantially
(0.790→0.851). We do not isolate the mechanism experimentally, but hypothesise
that sparse-modality utilisation differs: concatenate-and-mask training exposes the
fusion head to real PET only on the paired fraction (19% pairing, further reduced
by dropout) and cannot propagate PET-derived structure to the unpaired majority,
whereas prototype alignment estimates class-level PET geometry from paired sub-
jects and propagates it to all MRI embeddings via the alignment loss. In addition,
the dropout head is trained on mixed present/zero-filled auxiliary patterns that dif-
fer from deployment, while PANDA’s classifier consumes MRI features consistently at
train and test. We will test these hypotheses in future work by stratifying performance
on PET-paired versus PET-unpaired test subjects.

The handwriting anchor isolates the minimal requirement for cross-cohort transfer.
With rHW = 0, no ADNI subject contributes to the DARWIN prototype, yet handwrit-
ing yields the strongest scanner-stratified performance (Table 3). This indicates that
transfer does not require semantic modality alignment; it requires prototype discrim-
inability. A well-separated class geometry in one domain (handwriting kinematics)
can constrain a structurally unrelated domain (3D MRI) when labels are shared.

The pairing-rate ablation (Figure 6) further supports deployability: full pairing is
unnecessary. The Tab+PET anchor remains within seed noise from 75% to 5% pair-
ing, whereas tabular-only alignment degrades only when the paired pool falls below
≈95 subjects per fold, where class-mean estimates become unstable. We attribute the
Tab+PET stability to prototype quality: the fully paired pool spans a broad severity
spectrum, including borderline subjects that dilute class means; random subsampling
more often excludes these ambiguous cases, yielding tighter and more separated pro-
totypes (mirrored by increasing AD–CN prototype separation as pairing decreases).
Under resource constraints, sampling a modest number of pairs per modality can be
preferable to maximising pairing completeness.

The TCGA-Lung results are consistent with the same decoupling of alignment and
classification: effects are directionally consistent across seeds and tasks but underpow-
ered at the available test sizes (Table 6). Binary 2-year survival is difficult to power
because censoring and thresholding discard time-to-event information, whereas the
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Cox C-index (risk ranking) shows a numerically larger gain (+9.0 points; 0.460 →
0.550) that did not reach the conventional α = 0.05 threshold (p = 0.059; Table 6);
the per-arm 95% CIs overlap (WSI-only [0.383, 0.537] vs. PANDA [0.482, 0.616]), so
we report it as a consistent directional trend rather than a clinically established effect.
Full Fusion falling to or below WSI-only on Cox is consistent with early-fusion failure
under small paired pools [1]: the ≈470 paired subjects are insufficient to learn a reliable
RNA-to-survival mapping while maintaining WSI attention quality. PANDA avoids
this by separating alignment (Stage 1, paired subjects) from prediction (Stage 2, all
subjects), ensuring the survival head is trained on the full WSI set.

Finally, the aligned representation encodes structure beyond binary objectives. In
zero-shot MCI inference (Section 6.5), unimodal CN/AD separation does not reli-
ably embed MCI along the severity axis (the ordinal ordering is not preserved),
whereas prototype alignment stabilises the CN→AD ordering, and an explicit severity
head—trained without any MCI supervision—recovers the same monotone ordering
without AUC cost. These results indicate that severity information is already present
in the MRI representation and primarily requires an appropriate readout objective.

Not all approaches to exploit this structure were supported. A geometry-transfer
variant (matching the encoder’s inter-prototype angle to auxiliary pre-computed
angles) achieved the highest raw metric (0.877±0.018), but a four-arm ablation (real,
identity-shuffled, label-shuffled correspondence, and a gradient-severed no-op) could
not distinguish it from the no-op control on downstream AUC. The null result is
confined to classification accuracy: the geometry pathway itself behaved as designed
(values are mean ± s.d. across three seeds). In the real arm the inter-prototype angle
converged toward the auxiliary target, with cosine moving from −0.597 ± 0.020 to
−0.769 ± 0.019 and the geometry loss falling ≈4.7× (0.412 ± 0.035 → 0.089 ± 0.012).
In the gradient-severed no-op neither moved toward the target: the cosine stayed
positive and drifted away from the (negative) auxiliary targets (+0.227 ± 0.092 →
+0.370 ± 0.092), and the geometry loss did not decrease. Reshaping this angle there-
fore did not, on its own, translate into an AUC gain over the no-op—not that the loss
had no effect on the representation. A plausible explanation is a training-exposure
artefact of the dual-loader control: at every step both arms draw an additional, larger
batch through the shared MRI encoder and projection head (matching compute and
BatchNorm running statistics), and only the geometry-loss coefficient is zeroed in
the no-op; the shared extra exposure through BatchNorm statistics can account for
most of any regularisation benefit, making AUC an insensitive readout for whether
the geometry loss itself matters. We did not log per-pathway gradient norms to con-
firm this directly, so we report the exposure-artefact account as an inference from the
control’s design rather than a measured quantity (Section 7).

Limitations and future work.
The evaluation is confined to ADNI for AD/CN classification; external MRI cohorts
(e.g., OASIS-3 [47], UK Biobank [48]) are required to establish generalisability across
sites and scanners. The persistent 1.5 T/3 T gap (27 pp FP % vs. 8 pp at 3 T, even
for the best model) indicates that prototype alignment mitigates but does not elim-
inate scanner-related bias; deployment in 1.5 T-dominant settings will likely require
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dedicated harmonisation. One contributing factor is the restricted trainability of the
encoder: freezing the early backbone layers limits adaptability, while making the entire
encoder trainable boosts the unimodal baseline and yields the strongest aligned perfor-
mance (Section 6.4). However, backbone design itself was not systematically optimized
in the main study. PET pairing at 19% is also too sparse to enforce scanner-robust
alignment at 1.5 T; denser PET pairing (or amyloid PET) is a natural extension.

The severity-head extension (Section 4.2) is trained on sorth, available for only
265/844 training subjects, and this subset is scanner-skewed (208 at ≤ 2.0 T vs. 57 at
> 2.0 T). Denser and more scanner-balanced severity coverage would strengthen con-
clusions beyond the current single-composite result. A within-class pairwise rank loss,
explored as an alternative approach to ordinal structure, did not improve sub-stage
separation and degraded AD-adjacent ordering (MCI→LMCI) in 3-seed evaluation;
we therefore do not pursue it further. This loss is a RankNet-style pairwise logistic
term (binary cross-entropy on the predicted severity gap ŝi − ŝj for each non-tied
within-class pair, with no margin parameter), applied only to the AD sugnnore tbset
(n = 120; the CN population showed no usable within-class severity spread), with
weight λwc = 0.3 on sorth and pairs drawn from a dedicated severity loader. Com-
pared against the severity-head baseline (λwc = 0) using the primary adjacent-pair
tests, it flipped the ordering intact check from pass to fail on the severity readout,
with the LMCI median falling below the MCI median. The geometry-transfer variant
(Section 7) was indistinguishable from a no-op control in downstream AUC—despite
measurably reshaping the encoder’s inter-prototype geometry—and we did not log
per-pathway gradient norms to establish whether the dual-loader exposure artefact or
the loss itself explains this; we therefore treat it as unconfirmed and flag this outcome
for others using similar dual-loader training. Finally, loss weights (λtab, λPET, λHW)
were tuned at 100% pairing, and a systematic sweep is deferred to revision.

Three directions follow directly from these findings. Multi-cohort generalisation.
The core claim—relaxing full pairing to exploit larger training cohorts improves the
primary-modality classifier—is demonstrated on ADNI and TCGA-Lung. The next
step is evaluation across additional external AD cohorts (OASIS-3 [47], AIBL [49],
UK Biobank [48]) and other partially paired benchmarks, to characterise when the
approach succeeds as a general property rather than a dataset-specific effect. Non-
adversarial scanner harmonisation. The residual 1.5 T/3 T gap (Section 7) and the
failure of distribution-matching baselines (adversarial scanner discrimination and
sliced-Wasserstein alignment on PET embeddings [22, 23]) motivate prototype-space
alternatives. Aligning per-scanner class centroids avoids fitting a discriminator and
requires only class and domain labels, not dense per-domain distribution estimates.
A power analysis linking harmonisation performance to the number of paired scanner
samples would quantify the additional data requirements and inform future multi-site
collection. Richer anchor geometry and severity supervision. The severity head cur-
rently relies on a single label-orthogonal composite available for 265 CN/AD subjects;
denser, scanner-balanced graded scores, and anchors that represent within-class het-
erogeneity (mixture/distributional prototypes rather than a single class mean), are
promising extensions given substantial within-AD severity variation observed in our
data.
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8 Conclusion
We introduced PANDA, a two-stage prototype-anchored alignment framework for
multimodal AD classification with partial pairing. A single training procedure accom-
modates heterogeneous pairing densities (44.8% tabular, 18.7% PET, and 0% external
handwriting) while requiring only MRI at inference. On ADNI, the full model achieves
AUC = 0.868 (+7.9 pp vs. MRI-only) and reduces the 1.5 T CN false-positive rate by
> 24 pp. The reported gains are relative to same-backbone MRI-only baselines. Con-
versely, a fully trainable Conv5-FC3 encoder attains AUC = 0.881 without alignment,
and PANDA improves it further to AUC = 0.893 while approximately halving the
1.5 T false-positive rate. Thus, across backbones, prototype alignment improves the
corresponding baseline, with larger AUC gains for weaker encoders and larger robust-
ness gains once AUC saturates. A pairing-rate ablation shows that full pairing is not
required for the joint anchor: 5–10% pairing matches the fully paired configuration
within seed noise, implying that collecting additional modalities at low overlap can
be preferable to assembling a small fully paired cohort. Cross-domain evaluation on
TCGA-Lung indicates that the benefits are not neuroimaging-specific.

Zero-shot analysis on held-out MCI subjects further characterises the representa-
tion: the unimodal MRI baseline does not preserve the CN→AD ordinal chain, whereas
the prototype-aligned model maintains monotone group medians. A linear severity
head, trained on graded CN/AD scores without any MCI gradients, exposes this axis
explicitly with no AUC cost, indicating that severity information is present in the
aligned embedding and can be read out without MCI-specific supervision. In contrast,
a class-prototype geometry-transfer variant was not supported: despite the highest
raw metric, a four-arm ablation (real, identity-shuffled, label-shuffled correspondence,
and a gradient-severed no-op with matched training exposure) could not distinguish
it from the no-op control, consistent with training-exposure confounding rather than
a geometry-transfer effect. Overall, these results support partially paired prototype
alignment as a deployment-oriented strategy for leveraging incomplete auxiliary data
to improve accuracy and scanner robustness without auxiliary inputs at test time.

Code Availability
The full training, evaluation, and analysis code for PANDA will be made publicly
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