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A B S T R A C T

Incomplete neuroimaging data remains a major challenge in Alzheimer’s disease diagnosis, as many patients 

undergo only a subset of recommended imaging protocols. This work addresses this limitation by proposing 

a generative transformer-based framework designed to support multimodal analysis in the presence of miss­

ing modalities. We systematically investigate multimodal performance and fairness within a unified foundation 

model framework for Alzheimer’s disease classification while introducing a generative approach that combines 

structural MRI, DTI, and PET data and leverages ControlNet-based diffusion models to synthesize anatomically 

consistent surrogate modalities when data are unavailable. These synthetic images are used exclusively as a 

training-time augmentation strategy for incomplete-modality settings, rather than as replacements for clinical 

acquisitions. Vision transformers adapted via Low-Rank Adaptation are employed for efficient feature extrac­

tion, while clinical variables are integrated through a dedicated projection module. Experimental results show 

that a transformer-based fusion head can improve upon simple aggregation strategies in some complex mul­

timodal settings, achieving an F1-score of 57.8% in multiclass classification when combined with generative 

augmentation and clinical data. However, these benefits are not uniform since strong unimodal volumetric PET 

baselines remain superior in the best-case binary setting, and the effect of generative augmentation is strongly 

configuration-dependent, with some settings benefiting while others degrading substantially under non-selective 

synthetic augmentation.

1 . Introduction

Neurodegenerative diseases represent a major challenge in geri­

atrics, both from a clinical and societal perspective. With the growing 

prevalence of conditions such as Alzheimer’s disease (AD) and other 

forms of dementia, there is an urgent need for robust diagnostic and 

prognostic tools that can leverage the wealth of multimodal data now 

available [1,2]. The Alzheimer’s Disease Neuroimaging Initiative (ADNI) 

has emerged as a cornerstone dataset in this domain, offering struc­

tural and functional neuroimaging alongside diffusion imaging, positron 

emission tomography (PET), and comprehensive clinical and demo­

graphic assessments [3,4]. Despite its widespread adoption, several 

methodological challenges remain unresolved, particularly in relation 

to fairness, modality integration, and handling incomplete data [5].

This article explores three critical aspects of the analysis of neurode­

generative diseases in the context of geriatrics. First, we address the 

issue of fairness in classification tasks based on ADNI, recognizing that 

demographic and acquisition-related biases may inadvertently influ­

ence predictive performance and hinder the generalizability of models 

across patient subgroups [5,6]. Second, we investigate the relative con­

tributions and synergies of different modalities, including structural 

magnetic resonance imaging (MRI), PET, diffusion tensor imaging (DTI), 

and clinical variables by comparing unimodal and multimodal learn­

ing strategies. Such analyses provide insight into how different sources 

∗ Corresponding author.

 Email addresses: luca.zedda@unica.it (L. Zedda), andrea.loddo@unica.it (A. Loddo), cecilia.dir@unica.it (C. Di Ruberto).
1 Data used in preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). As such, the

investigators within the ADNI contributed to the design and implementation of ADNI and/or provided data but did not participate in the analysis or writing of this 

report. A complete listing of ADNI investigators can be found at: 

http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf.

https://doi.org/10.1016/j.neucom.2026.133916

Received 10 December 2025; Received in revised form 24 April 2026; Accepted 8 May 2026

Neurocomputing 694 (2026) 133916 

Available online 9 May 2026 
0925-2312/© 2026 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

http://www.sciencedirect.com/science/journal/0925-2312
https://www.elsevier.com/locate/NEUCOM

$57.8\%$


$18.7\%$


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


$\relax \checkmarkmath $


\begin {equation}\label {ieq1} \mathcal {L} = \mathbb {E}_{x, t, \epsilon } \Big [ \underbrace {\| \epsilon _\theta (z_t, t, y, y_\text {cond}) - \epsilon \|_2^2}_{\text {reconstruction / denoising loss}} \Big ],\end {equation}


$x$


$y$


$y_\text {cond}$


$t$


$[0, T]$


$z_t$


$y$


$t$


$\epsilon $


$z_t$


$\epsilon _\theta (z_t, t, y, y_\text {cond})$


$\mathcal {L}$


$y_\text {cond}$


$224\times 224$


$5 \times 10^{-6}$


$\mathcal {L}_{\text {real}}$


$\mathcal {L}_{\text {synth}}$


$\lambda _{\text {syn}} < 1$


$\mid $


$\mathbf {x} \in \mathbb {R}^{F}$


$F=\texttt {num\_features}$


$\mathbf {x}$


$d_{\text {model}}$


$\phi (\cdot )$


$0.1$


$4d_{\text {model}}$


$d_{\text {model}}$


$z_{\text {clin}} \in \mathbb {R}^{d_{\text {model}}}$


$X_i \in \mathbb {R}^{B \times d_\text {model}}$


$i$


\begin {align*}X_\text {fused} = \frac {1}{N} \sum _{i=1}^{N} X_i,\end {align*}


$N$


$d_\text {model}$


$X \in \mathbb {R}^{B \times N \times d_\text {model}}$


$B$


$N$


\begin {align*}\text {Attention}(Q,K,V) = \text {softmax}\Big (\frac {QK^\top }{\sqrt {d_k}}\Big )V\end {align*}


\begin {align*}X' = \text {FFN}(\text {LayerNorm}(X + \text {Attention}(X,X,X)))\end {align*}


$d_k = d_\text {model}/\text {num\_heads}$


$k$


$k=5$


$n=5$


$k$


$224 \times 224$


$3 \times 10^{-4}$


$\ell _2$


$p_a$


$p_i$
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$76.47\pm 4.84$
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$78.84\pm 2.90$
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$\pm $
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$62.77\pm 4.35$


$\boldsymbol {55.04 \pm 3.70}$
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$0.39\pm 0.28$


$12.33\pm 5.99$
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$0.17\pm 0.05$


$13.13\pm 1.67$


$0.05\pm 0.02$


$0.22\pm 0.04$


$0.16\pm 0.04$


$0.35\pm 0.10$


$0.20\pm 0.07$


$13.34\pm 1.76$


$0.05\pm 0.03$


$0.22\pm 0.05$
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$224\times 224$


$1$
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$\pm $
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$65.54\pm 4.40$


$\boldsymbol {56.41 \pm 3.55}$
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$k$


$p_a = 9.23 \times 10^{-7}$


$p_i = 0.04$


$\boldsymbol {\lambda }_{\text {syn}}$


$70.61\pm 5.76$


$71.83\pm 5.23$


$70.14\pm 4.07$


$\boldsymbol {72.17 \pm 5.59}$


$82.48 \pm 4.52$


$65.54 \pm 4.40$
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$34.26 \pm 7.07$


$19.96 \pm 5.67$


$\pm $
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$0.14\pm 0.06$
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$0.43\pm 0.29$
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$0.26\pm 0.05$


$0.26\pm 0.04$


$0.27\pm 0.04$


$0.23\pm 0.05$


$0.22\pm 0.04$


$0.22\pm 0.04$


$0.48\pm 0.21$


$0.46\pm 0.23$


$0.43\pm 0.28$


$0.55\pm 0.24$


$0.56\pm 0.20$


$0.58\pm 0.18$


$0.42\pm 0.27$


$0.38\pm 0.29$


$0.38\pm 0.30$


$0.17\pm 0.04$


$0.17\pm 0.05$


$0.18\pm 0.05$


$0.19\pm 0.05$


$0.20\pm 0.07$


$0.20\pm 0.08$


$0.13\pm 0.04$


$0.13\pm 0.05$


$0.12\pm 0.05$


$\boldsymbol {45.12 \pm 3.95}$


$\boldsymbol {70.05 \pm 4.05}$


$42.30\pm 5.10$


$67.85\pm 4.90$


$\boldsymbol {38.12 \pm 2.00}$


$\boldsymbol {69.85 \pm 4.80}$


$36.45\pm 2.85$


$68.20\pm 4.15$


$40.65\pm 3.05$


$65.50\pm 3.95$


$\boldsymbol {42.10 \pm 3.80}$


$\boldsymbol {67.25 \pm 4.10}$


$\boldsymbol {41.55 \pm 3.25}$


$\boldsymbol {68.45 \pm 3.20}$


$40.20\pm 4.10$


$66.30\pm 3.75$


$41.70\pm 2.45$


$69.85\pm 4.05$


$\boldsymbol {43.95 \pm 3.10}$


$\boldsymbol {71.90 \pm 4.40}$


$\pm $


$37.12\pm 4.50$


$67.44\pm 4.37$


$51.94\pm 4.89$


$76.41\pm 4.74$


$44.50\pm 4.12$


$64.25\pm 2.95$


$52.59\pm 3.04$


$77.83\pm 4.15$


$41.65\pm 3.10$


$61.40\pm 3.80$


$\boldsymbol {54.25 \pm 2.75}$


$63.10\pm 4.05$


$39.52\pm 3.45$


$62.44\pm 4.47$


$42.80\pm 3.20$


$74.24\pm 3.62$


$44.94\pm 3.05$


$63.74\pm 3.07$


$52.30\pm 2.80$


$\boldsymbol {79.66 \pm 4.75}$


$52.30\%$


$79.66\%$


$+7.36$


$+15.92$


$\pm $


$\boldsymbol {57.80 \pm 4.65}$


$\boldsymbol {81.40 \pm 3.76}$


$50.04\pm 2.58$


$71.71\pm 3.91$


$52.02\pm 3.61$


$74.85\pm 4.20$


$49.10\pm 3.55$


$80.49\pm 4.41$


$50.53\pm 2.75$


$80.17\pm 5.19$


$57.80\%$


$81.40\%$


$80.49\%$


$X_{{\textrm {mod}}}=\{x_1,\dots ,x_M\}$


$x_i \in \mathbb {R}^{d_{\text {model}}}$


\begin {equation*}g_i = \sigma \!\left (\mathbf {W}_2\,\phi \!\left (\mathbf {W}_1\,{\textrm {LN}}(x_i)+\mathbf {b}_1\right )+\mathbf {b}_2\right ),\end {equation*}


${\textrm {LN}}(\cdot )$


$\phi (\cdot )$


$\sigma (\cdot )$


\begin {equation*}\tilde {x}_i = g_i\,x_i,\end {equation*}


$x_i$


$\tilde {x}_i$


$47.12 \pm 1.93$


$79.97 \pm 4.27$


$50.53 \pm 2.75$


$80.17 \pm 5.19$


$\pm $


$\uparrow $


$\downarrow $


$\uparrow $


$\downarrow $


$\boldsymbol {52.3 \pm 5.1}$


$\boldsymbol {8.4 \pm 2.8}$


$135.8\pm 3.06$


$\boldsymbol {77.4 \pm 4.9}$


$\boldsymbol {6.8 \pm 2.6}$


$67.0\pm 1.29$


$\boldsymbol {51.6 \pm 5.8}$


$\boldsymbol {9.0 \pm 2.9}$


$81.4\pm 6.21$


$\boldsymbol {76.8 \pm 7.2}$


$8.1\pm 3.2$


$40.8\pm 2.08$


$51.5\pm 5.8$


$9.4\pm 3.6$


$65.6\pm 6.21$


$72.2\pm 8.3$


$\boldsymbol {7.7 \pm 3.5}$


$33.2\pm 2.08$


$52.1\pm 3.0$


$\boldsymbol {8.5 \pm 2.1}$


$188.4\pm 2.20$


$77.3\pm 5.1$


$\boldsymbol {5.3 \pm 2.7}$


$105.8\pm 2.53$


$49.4\pm 4.7$


$10.0\pm 3.5$


$113.0\pm 3.71$


$74.9\pm 4.0$


$5.8\pm 3.0$


$59.8\pm 4.76$


$\boldsymbol {54.8 \pm 6.0}$


$\boldsymbol {8.4 \pm 3.1}$


$101.0\pm 3.71$


$\boldsymbol {78.5 \pm 7.6}$


$\boldsymbol {5.3 \pm 2.4}$


$67.2\pm 4.76$


$53.5\pm 2.4$


$\boldsymbol {7.5 \pm 2.4}$


$175.6\pm 3.74$


$79.0\pm 11.7$


$\boldsymbol {21.0 \pm 2.0}$


$93.22\pm 2.32$


$51.7\pm 4.4$


$8.6\pm 2.7$


$101.0\pm 7.10$


$74.6\pm 6.1$


$18.9\pm 4.8$


$101.0\pm 7.10$


$\boldsymbol {54.8 \pm 4.9}$


$\boldsymbol {8.5 \pm 3.5}$


$99.0\pm 7.10$


$\boldsymbol {77.9 \pm 6.7}$


$\boldsymbol {17.2 \pm 4.3}$


$99.0\pm 7.10$


$52.0\pm 4.0$


$\boldsymbol {5.6 \pm 2.7}$


$77.2\pm 0.41$


$74.3\pm 4.0$


$\boldsymbol {5.6 \pm 2.7}$


$77.2\pm 0.41$


$49.5\pm 4.4$


$\boldsymbol {5.8 \pm 3.4}$


$45.6\pm 1.53$


$\boldsymbol {75.5 \pm 4.4}$


$\boldsymbol {5.8 \pm 3.4}$


$45.6\pm 1.53$


$\boldsymbol {51.6 \pm 7.7}$


$6.6\pm 3.3$


$39.4\pm 1.53$


$71.6\pm 7.7$


$6.6\pm 3.3$


$39.4\pm 1.53$


$\boldsymbol {51.9 \pm 3.0}$


$\boldsymbol {8.2 \pm 2.6}$


$188.4\pm 2.20$


$79.3\pm 4.8$


$\boldsymbol {6.4 \pm 2.8}$


$105.8\pm 2.53$


$50.1\pm 5.2$


$9.0\pm 3.5$


$113.0\pm 3.71$


$77.9\pm 5.6$


$\boldsymbol {6.8 \pm 2.3}$


$59.8\pm 4.76$


$\boldsymbol {53.2 \pm 6.7}$


$\boldsymbol {8.3 \pm 2.4}$


$101.0\pm 3.71$


$\boldsymbol {78.6 \pm 8.4}$


$6.9\pm 3.3$


$67.2\pm 4.76$


$\pm $


$\uparrow $


$\downarrow $


$\uparrow $


$\downarrow $


$50.3\pm 10.4$


$10.9\pm 4.6$


$58.8\pm 1.35$


$45.3\pm 6.7$


$\boldsymbol {8.6 \pm 3.1}$


$47.2\pm 3.32$


$72.5\pm 8.8$


$8.8\pm 3.10$


$30.6\pm 4.77$


$55.8\pm 6.5$


$12.9\pm 5.5$


$50.8\pm 6.93$


$81.2\pm 9.6$


$4.6\pm 2.6$


$33.20\pm 6.14$


$50.2\pm 4.9$


$10.4\pm 3.2$


$75.6\pm 3.45$


$80.4\pm 5.7$


$7.3\pm 3.2$


$40.40\pm 4.68$


$41.4\pm 4.2$


$\boldsymbol {9.9 \pm 4.0}$


$64.8\pm 9.05$


$66.6\pm 10.7$


$7.1\pm 4.2$


$37.00\pm 5.52$


$53.4\pm 8.1$


$9.7\pm 4.3$


$52.0\pm 5.74$


$54.8\pm 3.3$


$\boldsymbol {9.6 \pm 3.0}$


$70.6\pm 4.73$


$72.8\pm 3.6$


$\boldsymbol {6.7 \pm 2.4}$


$35.30\pm 2.36$


$40.4\pm 5.7$


$11.9\pm 4.3$


$55.2\pm 3.62$


$74.0\pm 5.8$


$6.7\pm 2.8$


$38.6\pm 3.20$


$74.0\pm 5.8$


$6.7\pm 2.8$


$38.60\pm 3.20$


$59.0\pm 7.0$


$11.2\pm 4.2$


$50.8\pm 6.93$


$82.7\pm 9.5$


$\boldsymbol {4.6 \pm 2.0}$


$33.20\pm 6.14$


$47.9\pm 5.4$


$\boldsymbol {9.6 \pm 4.0}$


$75.6\pm 3.45$


$78.6\pm 6.7$


$6.8\pm 2.9$


$40.40\pm 4.68$


$43.3\pm 5.3$


$10.4\pm 3.7$


$64.8\pm 9.05$


$71.8\pm 9.8$


$8.5\pm 4.2$


$37.00\pm 5.51$


$52.0\% \pm 5.0$


$77.0\% \pm 5.0$


$N_{CN+MCI+AD} = 135.8 \pm 3.06$


$52.0\%$


$76.8\%$


$72.2\%$


$0.4641 \pm 0.2820$


$0.2420 \pm 0.1421$


$57.80\%$


\begin {align*}\mathcal {L}_{\text {total}}=\mathcal {L}_{\text {real}}+\lambda _{\text {syn}}\mathcal {L}_{\text {synth}},\end {align*}


\begin {equation}\label {ieq2} \begin {aligned} \mathbf {h}_1 &= \phi \!\left (\mathbf {W}_1 \, \text {LN}(\mathbf {x}) + \mathbf {b}_1\right ), && \mathbf {W}_1 \in \mathbb {R}^{d_{\text {model}} \times F}, \\ \mathbf {h}_2 &= \phi \!\left (\mathbf {W}_2 \mathbf {h}_1 + \mathbf {b}_2\right ), && \mathbf {W}_2 \in \mathbb {R}^{4d_{\text {model}} \times d_{\text {model}}}, \\ \mathbf {z}_{\text {clin}} &= \mathbf {W}_3 \, \text {LN}(\mathbf {h}_2) + \mathbf {b}_3, && \mathbf {W}_3 \in \mathbb {R}^{d_{\text {model}} \times 4d_{\text {model}}}, \end {aligned}\end {equation}
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Acronyms

DL Deep Learning

AD Alzheimer’s Disease

ADNI Alzheimer’s Disease Neuroimaging Initiative

MRI Magnetic Resonance Imaging

PET Positron Emission Tomography

DTI Diffusion Tensor Imaging

MCI Mild Cognitive Impairment

CN Cognitively Normal (controls)

MC Multiclass (classification)

B Binary (classification)

LoRA Low-Rank Adaptation

ControlNet Conditional diffusion model for image-to-image transla­

tion

VAE Variational Autoencoder

GAN Generative Adversarial Network

SSIM Structural Similarity Index Measure

PSNR Peak Signal-to-Noise Ratio

MSE Mean Squared Error

RMSE Root Mean Squared Error

MAE Mean Absolute Error

NCC Normalized Cross-Correlation

ADNI1 ADNI Phase 1

ADNI2 ADNI Phase 2

ADNI-GO ADNI-GO Phase

ADNI3 ADNI Phase 3

ADNI4 ADNI Phase 4

PTDEMOG ADNI Demographics Form

AMAS General Knowledge and Cognitive Assessment Questionnaire

NRRP National Recovery and Resilience Plan

MUR Italian Ministry of University and Research

EU European Union

CLS Classification Token

Fig. 1. A schematic of the proposed multimodal analysis pipeline. The frame­

work integrates foundation models with a generative diffusion model for data 

augmentation and the possibility of clinical data fusion for a complete patient 

analysis.

of information complement one another in the detection and moni­

toring of neurodegenerative processes. Finally, we propose the use of 

image translation diffusion-based models to address the challenge of 

missing data, which often plays a critical role [7,8]. By learning to 

synthesize plausible surrogate representations of absent modalities for 

training-time augmentation, generative approaches may provide addi­

tional support for learning under incomplete multimodal availability, 

although their benefit depends strongly on how synthetic data are

incorporated.

Through these three perspectives, our study aims to advance method­

ological rigor in the use of ADNI data and to provide new insights into 

the multimodal characterization of neurodegeneration in aging popula­

tions. Beyond their technical relevance, these contributions are intended 

to foster more equitable, interpretable, and clinically applicable machine 

learning models for geriatrics.

This work addresses challenges in neuroimaging by proposing a 

unified framework for studying multimodal classification under in­

complete modality availability. It combines LoRA-adapted founda­

tion encoders, specifically DinoV3 [9] and RadioDino [10], with 

ControlNet-based modality translation and structured subgroup-level

evaluation.

The manuscript is organized as follows. We begin with a review of 

the state of the art related to the investigated topics in Section 2. We 

then outline the datasets, materials, and methodologies employed in this 

study in Section 3, followed by a detailed description of the proposed 

approach in Section 4.

Next, the experimental evaluation is presented in Section 5, which 

is further divided into the preliminary results in Section 5.2 and the 

subsequent analyses leading up to the clinical integration discussion in 

Section 5.7.

A fairness assessment is provided in Section 6, after which we discuss 

the limitations of the work and potential future directions in Section 7. 

The manuscript concludes in Section 8, where we summarize the in­

sights gained through our efforts to address the gap in multimodal 

neurodegenerative disease identification (Fig. 1).

2 . Related work

The study of neurodegenerative diseases, particularly AD, has greatly 

benefited from extensive research efforts integrating neuroimaging, 

clinical, and demographic data. This section reviews the foundational 

resources, methodological challenges, and advances in this domain. 

We begin with an overview of the Alzheimer’s Disease Neuroimaging 

Initiative and its pivotal role in enabling large-scale multimodal anal­

yses and clinical trial biomarker development (Section 2.1). We then 

discuss fairness issues arising from demographic and acquisition biases 

in neuroimaging applications, emphasizing their impact on the general­

izability of predictive models in Section 2.2. Next, Section 2.3 provides a 

survey of unimodal neuroimaging approaches, highlighting their contri­

butions and limitations when considered in isolation. Section 2.4 covers 

multimodal neuroimaging frameworks, which strive for more compre­

hensive disease representations by integrating multiple imaging and 

clinical data sources. Finally, in Section 2.5 we address the common 

challenge of missing data in neuroimaging studies and review advanced 

imputation and generative modeling techniques aimed at mitigating its 

adverse effects.

2.1 . ADNI and neurodegenerative disease analysis

The Alzheimer’s Disease Neuroimaging Initiative has established 

itself as one of the most influential resources for studying neurodegener­

ative diseases in aging populations. By providing large-scale longitudinal 

data that include structural MRI, PET, DTI, and extensive clinical and 

cognitive assessments, ADNI enables the development of models that 

integrate anatomical, functional, and clinical perspectives of disease 

progression [11–13]. Its standardized protocols across multiple sites 

have further contributed to reproducibility and broad adoption in com­

putational neuroimaging research. While protocol harmonization has 

been a central objective of the ADNI initiative, substantial acquisition 
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heterogeneity persists across phases. Earlier releases, such as ADNI1, 

allowed greater flexibility in scanner hardware and field strength, in­

cluding both 1.5T and 3T T1-weighted MRI acquisitions, whereas later 

phases, such as ADNI3, restricted new acquisitions to 3T scanners. As a 

result, the aggregated ADNI dataset exhibits non-negligible variability 

in scanner characteristics and acquisition protocols. This heterogene­

ity more closely reflects real-world clinical imaging conditions and 

underscores the importance of developing models that remain robust 

across differences in scanner field strength and acquisition settings.

A wide range of studies have relied on ADNI for classification tasks, 

including distinguishing between healthy controls, mild cognitive im­

pairment, and Alzheimer’s disease, as well as for predicting conversion 

risk and monitoring progression [14,15]. These applications have high­

lighted the utility of ADNI in benchmarking machine learning pipelines 

for geriatrics, serving as a reference point for both unimodal and 

multimodal approaches. The dataset has also fostered comparisons be­

tween imaging modalities, allowing researchers to quantify the relative 

contributions of MRI, PET, DTI, and clinical information.

Despite these advances, several limitations of ADNI remain a recur­

ring theme in the literature. Demographic and site-specific imbalances 

can introduce biases into predictive models, limiting their generaliz­

ability. In addition, the heterogeneous availability of modalities leads 

to incomplete datasets that complicate downstream analyses. These 

challenges underline the need for fairness-aware modeling, robust multi­

modal fusion, and principled strategies for handling missing data, which 

together form the core focus of the present study [16].

2.2 . Fairness in neuroimaging and ADNI classification

Fairness has become an increasingly important consideration in the 

application of machine learning to medical imaging, as demographic and 

acquisition-related biases can lead to unequal model performance across 

patient groups. In the context of neuroimaging, these biases may stem 

from factors such as age, sex, education level, or site-specific imaging 

protocols, all of which can systematically influence predictions and limit 

the clinical reliability of computational tools [17,18].

Within ADNI, fairness concerns are particularly relevant due to the 

dataset’s heterogeneous composition. Studies have shown that imbal­

ances in sample sizes across demographic subgroups and imaging sites 

can result in models that are highly accurate on the dominant cohorts but 

less reliable for underrepresented populations. Moreover, the prevalence 

of scanner-specific artifacts and acquisition differences raises concerns 

about domain shifts that may confound disease-related signals with 

technical variability [19].

Addressing these issues has motivated the development of strate­

gies such as balanced sampling, domain adaptation, bias-regularized 

training objectives, and subgroup performance evaluation. While such 

approaches have improved robustness, fairness considerations remain 

underexplored in ADNI-based classification tasks. In this work, we 

prioritize fairness as a central element of our analysis, systematically ex­

amining subgroup performance and integrating mitigation strategies to 

ensure that predictive models for neurodegeneration are both accurate 

and equitable across geriatric populations [20,21].

2.3 . Unimodal neuroimaging analysis

Unimodal neuroimaging analysis has been the foundation of many 

computational approaches to neurodegenerative disease, with studies 

often focusing on a single modality to simplify modeling and inter­

pretation. Structural MRI has been the most widely used, providing 

detailed anatomical information on brain atrophy patterns associated 

with Alzheimer’s disease and related conditions. Similarly, PET has en­

abled the quantification of amyloid and tau deposition [22,23], while 

DTI has been employed to capture microstructural alterations in white 

matter pathways.

These unimodal approaches have yielded important insights into the 

mechanisms and progression of neurodegeneration. MRI-based classi­

fiers, for instance, have consistently demonstrated strong performance 

in distinguishing between healthy controls, mild cognitive impairment, 

and Alzheimer’s disease [24,25]. PET imaging has been particularly 

valuable in identifying early pathological changes [26], while DTI has 

shed light on alterations in connectivity that complement structural and 

functional findings [27,28]. Each modality thus offers a unique window 

into the disease process, providing clinically relevant information on its 

own.

Nevertheless, unimodal analyses face significant limitations. Single 

modalities often capture only one aspect of disease biology, leaving 

important complementary information unexploited. Furthermore, uni­

modal models may be more sensitive to confounding factors such as 

scanner variability or preprocessing pipelines, reducing generalizabil­

ity across cohorts. These challenges highlight the importance of moving 

beyond unimodal strategies to more integrative approaches, while still 

recognizing the foundational role that unimodal neuroimaging analysis 

has played in shaping our understanding of neurodegenerative disease.

2.4 . Multimodal neuroimaging analysis

Building on unimodal foundations, multimodal neuroimaging analy­

sis has emerged as a powerful strategy to capture complementary aspects 

of neurodegeneration. By integrating structural MRI, PET, DTI, and 

clinical information, multimodal approaches aim to provide a more com­

prehensive representation of disease processes. Early studies combined 

imaging and non-imaging variables through simple concatenation, while 

more recent work has explored advanced fusion techniques, including 

multi-branch neural networks, attention-based mechanisms, and joint 

embedding frameworks [29–31].

Evidence from these studies suggests that multimodal models often 

outperform unimodal counterparts in diagnostic and prognostic tasks. 

For example, combining MRI with PET has been shown to improve the 

detection of early pathological changes [32]. Clinical and demographic 

variables further enhance predictive performance by anchoring imaging 

findings to patient-level context. Together, these results demonstrate the 

synergistic potential of multimodal learning in geriatrics [33].

Despite these advantages, multimodal neuroimaging remains 

methodologically challenging. Data incompleteness is common, as not 

all patients undergo every imaging modality, leading to reduced sam­

ple sizes when strict inclusion criteria are applied. Fusion strategies can 

also suffer from overfitting or modality imbalance, in which one source 

dominates the predictions at the expense of others. Addressing these 

limitations requires robust techniques for handling missing data and 

more principled integration strategies. In this study, we systematically 

evaluate multimodal and unimodal pipelines, highlighting both their 

strengths and weaknesses in the context of ADNI classification [34,35].

2.5 . Missing data in neuroimaging

Missing data is a pervasive challenge in large-scale neuroimaging 

studies, including ADNI, where not all participants undergo every imag­

ing modality or complete all clinical assessments. Such gaps can reduce 

statistical power, introduce bias, and complicate downstream analyses, 

particularly in multimodal pipelines that rely on complete information 

from multiple sources.

Traditional approaches to handling missing data have included sim­

ple imputation methods such as mean substitution or regression-based 

prediction, as well as more sophisticated matrix completion techniques. 

While these strategies can partially mitigate the problem, they often fail 

to capture the complex relationships between modalities and may in­

troduce additional bias if the missingness is non-random. While several 

works aim to maximize mutual information [36–38] more recently, deep 

generative models, including variational autoencoders (VAEs), gener­

ative adversarial networks (GANs), and diffusion-based models, have 

been applied to learn plausible representations of missing modalities by 
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leveraging correlations across available data [34,39,40]. In the broader 

medical imaging domain, approaches like HeMIS [41] have also been 

proposed, which create modality-specific embeddings that are com­

bined via summary statistics, providing robustness to missing modalities 

without requiring explicit imputation. For health records, which are 

a core data for diagnostics methods like M3Care [42] has been pro­

posed to overcome generative approaches related problems. Despite 

their promise, generative approaches also present challenges. Model 

training can be computationally intensive, and ensuring that synthetic 

or imputed data accurately reflect true biological signals remains non-

trivial. Nevertheless, these methods offer a principled framework for 

addressing missing data, enabling more complete and robust analy­

ses in neurodegenerative disease research. In this work, we investigate 

generative models as a training-time augmentation strategy to support 

multimodal learning under missing-modality conditions, rather than as 

direct replacements for unavailable clinical acquisitions.

3 . Materials and methods

This section outlines the materials and methods employed in the pro­

posed research and is organized as follows: foundation models used 

for multimodal neuroimaging analysis are introduced in Section 3.1, 

the adaptation strategy based on Low-Rank Adaptation is detailed 

in Section 3.2, the generative modality translation pipeline using 

ControlNet is presented in Section 3.3, and the characteristics of the 

ADNI dataset are described in Section 3.4.

3.1 . Foundation models

In this work, foundation models were leveraged as the backbone for 

the analysis of neuroimaging data.

Owing to their ability to learn generalizable representations from 

large-scale datasets, these models provide a robust starting point for 

downstream tasks in neurodegenerative research.

Pre-trained vision transformers were employed to extract imaging 

biomarkers from DTI, MRI, and PET data. The models were subsequently 

fine-tuned for classification tasks to distinguish between Alzheimer’s 

disease patients, individuals with mild cognitive impairment, and cog­

nitively normal controls in a multiclass (MC) setting, or between 

Alzheimer’s disease patients and controls in a binary (B) setting.

This approach reduces the reliance on handcrafted features and en­

ables a more comprehensive representation of disease-related patterns. 

In particular, the use of foundation models supports better gener­

alization across cohorts and mitigates the variability introduced by 

acquisition protocols, which is critical for reproducibility in Alzheimer’s 

disease detection studies.

3.2 . Low-rank adaptation

To efficiently fine-tune large foundation models for Alzheimer’s 

disease detection, Low-Rank Adaptation (LoRA) [43] was employed. 

LoRA introduces trainable low-rank decomposition matrices into the 

attention layers of pre-trained transformers, substantially reducing the 

number of parameters that must be updated during training. Rather 

than fine-tuning the full weight matrices of the self-attention mecha­

nism, LoRA factorizes these matrices into lower-dimensional compo­

nents that are learned during adaptation, while the original weights 

remain frozen. This design allows the model to capture task-specific 

information with minimal additional parameters, resulting in faster 

convergence, lower memory requirements, and improved scalability 

when adapting large foundation models to specialized domains such as

neuroimaging.

This approach enables the adaptation of foundation models to neu­

roimaging data without the need for full retraining, thereby reducing 

computational costs and mitigating overfitting when working with 

limited labeled datasets.

In this study, LoRA was applied to the vision transformer backbone, 

enabling the extraction of Alzheimer’s-related imaging biomarkers while 

preserving the general representations learned during large-scale pre-

training. This strategy allowed the models to specialize in downstream 

classification tasks, distinguishing Alzheimer’s disease patients from cog­

nitively normal controls, as well as handling MC settings that included 

mild cognitive impairment.

3.3 . ControlNet for modality translation

To address the heterogeneity of neuroimaging data and reduce the 

impact of missing modalities, ControlNet [44] was incorporated into 

the pipeline. ControlNet extends pre-trained diffusion models by con­

ditioning the generative process on structural priors, such as anatomical 

or modality-specific features, which enable controlled image-to-image 

translation between neuroimaging modalities. In this setting, the model 

receives guidance from structural information extracted from the source 

modality while learning to generate a realistic representation in the 

target modality. This mechanism ensures that anatomical consistency 

is preserved across translations, while modality-specific contrasts are 

adapted to reflect the imaging characteristics of the target domain. By 

explicitly disentangling structural and modality information, ControlNet 

provides a robust framework for synthesizing missing modalities, har­

monizing heterogeneous datasets, and facilitating downstream analyses 

in multimodal neuroimaging studies.

In this study, ControlNet was employed to translate between DTI, 

MRI, and PET. This translation allows the synthesis of complementary 

imaging data when a modality is unavailable, thereby mitigating data 

sparsity and ensuring more consistent multimodal representations across 

patients.

By generating modality-consistent surrogate neuroimaging data, 

ControlNet provides a mechanism for studying training-time augmenta­

tion under missing-modality conditions. In the present work, its down­

stream effect is configuration-dependent: in some settings it supports 

multimodal learning, whereas in others it introduces harmful variability 

and degrades performance.

3.4 . ADNI dataset

Data used in the preparation of this article were obtained from 

the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (adni.

loni.usc.edu). The ADNI was launched in 2003 as a public–private 

partnership, led by Principal Investigator Michael W. Weiner, MD.

The original goal of ADNI was to test whether serial magnetic 

resonance imaging (MRI), positron emission tomography (PET), other 

biological markers, and clinical and neuropsychological assessments can 

be combined to measure the progression of mild cognitive impairment 

(MCI) and early Alzheimer’s disease (AD). The current goals include val­

idating biomarkers for clinical trials, improving the generalizability of 

ADNI data by increasing diversity in the participant cohort, and pro­

viding comprehensive data concerning the diagnosis and progression of 

Alzheimer’s disease to the scientific community.

ADNI has evolved through multiple phases (ADNI1, ADNI-GO, 

ADNI2, ADNI3, and the current ADNI4), continuously expanding its co­

hort and incorporating state-of-the-art imaging techniques, biomarker 

assays, and cognitive assessments. The current ADNI4 phase focuses on 

recruiting a more diverse participant population, increasing the use of 

advanced imaging modalities, and collecting longitudinal data to im­

prove understanding of Alzheimer’s disease progression across different 

demographic and clinical subgroups.

The comprehensive and publicly available nature of ADNI data has 

made it a cornerstone resource for developing and validating neuroimag­

ing biomarkers, machine learning models, and other computational 

approaches for Alzheimer’s disease research.

All experiments were conducted using ADNI data downloaded from 

the LONI Image Data Archive, including ADNI1, ADNI-GO, ADNI2, 

ADNI3, and ADNI4. Data were accessed in August 2025. Patient filtering 

(first visit only, consistent diagnosis across visits) and all preprocessing 
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steps were implemented using publicly available scripts provided in our 

code repository, enabling exact replication of cohort construction.

4 . Proposed approach

This section presents the proposed approach for multimodal neurode­

generative disease analysis, outlining a systematic workflow designed 

to maximize reproducibility and diagnostic accuracy. Data preprocess­

ing steps, including cohort filtering and slice generation, are detailed 

in Section 4.1. The establishment of baseline models to evaluate single-

slice and single-modality performance is described in Section 4.2. 

Subsequent multimodal integration experiments and fusion strategies 

are presented in Section 4.3, followed by the generative augmenta­

tion method used to reconstruct missing modalities in Section 4.4. 

The incorporation of clinical and demographic features is discussed 

in Section 4.5, while the final multimodal fusion heads are outlined 

in Section 4.6. Collectively, these components form a unified frame­

work for studying multimodal Alzheimer’s disease classification under 

incomplete modality availability.

4.1 . Data processing

Our proposed approach systematically addresses multiple concerns 

that can compromise experimental validity and lead to artificially in­

flated performance due to the so-called data leakage phenomenon 

[5].

Specifically, we aim to achieve two key objectives: (i) provide a 

blueprint for reproducible results, and (ii) deliver a comprehensive and 

efficient multimodal, foundation model-based solution for neurodegen­

erative disease analysis.

For the first objective, we collect all patients from the ADNI database 

up to ADNI4, the most recent release. We then select only the most 

common preprocessing techniques applied to the corresponding patient 

data.

No additional preprocessing was applied to MRI or DTI data beyond 

what was provided by ADNI. PET slice-level representations were al­

ready preprocessed by ADNI; for our experiments, we combined these 

slices into full 3D volumes and subsequently resliced them into the 

three orthogonal planes. All slices are obtained by using the middle 

slice of the selected axis. This middle-slice formulation was adopted 

primarily to preserve compatibility with the pretrained 2D foundation 

encoders used in this study and to maintain a unified experimental pro­

tocol across modalities, fusion strategies, and missing-modality settings. 

At the same time, it discards through-plane spatial correlations and may 

miss volumetric patterns relevant to Alzheimer’s disease.

Next, we filter the cohort to include only first-visit scans, in order to 

design a screening-oriented solution rather than focusing on late-stage 

diagnosis, which may be less informative due to already extensive brain 

tissue damage. A further crucial filtering step involves excluding pa­

tients whose diagnosis changes across visits, as well as cases labeled as 

uncertain, to ensure the reliability of diagnostic information. This filter­

ing step removed 423 patients, corresponding to approximately 18.7% of 

the total cohort. We acknowledge that this criterion excludes clinically 

relevant cases such as MCI-to-AD converters and may slightly alter the 

underlying demographic and clinical distributions. After applying these 

filters, the final merged dataset comprises 1841 unique subjects across 

modalities.

The final step for imaging data differs across modalities. For MRI 

and DTI data, we generate axial, sagittal, and coronal slices. For PET 

Fig. 2. An overview of the patient selection and data preparation workflow. This diagram outlines the filtering of the ADNI cohort to first-visit scans with consistent 

diagnoses. It then details the modality-specific image processing, generating axial, sagittal, and coronal slices for MRI and DTI, alongside reslicing for PET scans, 

which creates a standardized dataset for our multimodal analysis framework.
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Table 1 

Overview of multimodal experiments. A checkmark (✓) indicates the inclusion of the corresponding modality–slice configuration.

Experiment Axial MRI Sagittal MRI Coronal MRI Axial DTI Sagittal DTI Coronal DTI Axial PET Sagittal PET Coronal PET

MRI-Full ✓ ✓ ✓

DTI-Full ✓ ✓ ✓

PET-Full ✓ ✓ ✓

Axial-Cross ✓ ✓ ✓

Sagittal-Cross ✓ ✓ ✓

Coronal-Cross ✓ ✓ ✓

MRI-DTI ✓ ✓ ✓ ✓ ✓ ✓

MRI-PET ✓ ✓ ✓ ✓ ✓ ✓

DTI-PET ✓ ✓ ✓ ✓ ✓ ✓

Full ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

data, since slice-level representations are already available, we first re­

construct a full 3D volume for each patient and subsequently reslice it 

into the three orthogonal planes. We report an overview schema of our 

approach in Fig. 2.

4.2 . Baseline establishment

In order to investigate whether neurodegenerative analysis bene­

fits from multimodal approaches, we first conduct a set of baseline 

experiments to evaluate performance across different levels of data 

granularity. Specifically, we train models on imaging data while also 

separating samples by slice type. This allows us to assess whether a single 

slice is sufficient for analysis, or whether incorporating multiple views 

improves classification performance.

In our approach, we leverage two foundation models: DinoV3 [9], a 

novel generalist model pretrained on a broad dataset, and RadioDINO 

[10], a DINO-inspired foundation model pretrained on a large-scale ra­

diological dataset [45]. Convolutional-based foundation models are not 

included, in order to apply the same Low-Rank Adaptation parameters 

across all models, thereby enhancing the fairness and reproducibility of 

our experiments.

Furthermore, we perform single-slice, single-modality classification 

experiments in two distinct scenarios: (i) CN vs. MCI vs. AD, namely MC, 

to enable fine-grained analysis, and (ii) CN vs. AD, namely B, to focus 

on a more specific diagnostic setting.

4.3 . Multimodal analysis

To comprehensively evaluate the impact of multimodal integration, 

we design experiments that combine information at different levels of 

granularity. In particular, we consider configurations based on individ­

ual slice orientations for each modality (e.g., axial PET, sagittal MRI), 

as well as combinations of modalities with all slices. This allows us to 

disentangle the contribution of single-slice, single-modality inputs from 

multimodal and multislice fusion. The complete set of configurations is 

summarized in Table 1. From this point onward, we will refer to each 

configuration using the experiment names provided in Table 1.

4.4 . Generative augmented classification

To address the problem of missing or incomplete multimodal data, 

we introduce a generative augmentation strategy aimed at reconstruct­

ing absent imaging modalities from the available ones. This approach 

enables a consistent multimodal representation across patients and 

prevents the exclusion of cases lacking complete imaging information.

We follow the assumption that each patient has at least one available 

imaging modality. Based on this premise, we employ a modality transla­

tion framework capable of generating synthetic counterparts of the miss­

ing modalities through conditional diffusion models. Specifically, we 

adopt the ControlNet architecture [44], which extends diffusion-based 

generative models by conditioning the denoising process on structural 

information extracted from a source modality. This conditioning mech­

anism enforces anatomical consistency while adapting image contrast 

and appearance to match the target modality. In our implementation, 

we use the standard HuggingFace diffusers ControlNet configuration, 

where conditioning is injected through the default ControlNet residual 

branches of the U-Net downsampling and mid blocks, without custom 

layer-wise restriction. The conditioning scale was fixed to 1.0 through­

out the modality-translation experiments. Because this pipeline requires 

a text input, we supplied the same fixed prompt, namely “-”, for every 

sample during both training and inference. No diagnosis, demographic, 

or patient-specific information was ever used as text conditioning. As a 

result, no label information could leak through the text branch, and all 

effective conditioning originated exclusively from the source-modality 

image.

During training, each modality pair is modeled independently, with 

the source modality serving as the input and the target modality as the 

supervision signal. The model learns a mapping between corresponding 

anatomical regions while preserving spatial alignment.

The full objective function for ControlNet training is given by: 

L = E𝑥,𝑡,𝜖

[

‖𝜖𝜃(𝑧𝑡, 𝑡, 𝑦, 𝑦cond) − 𝜖‖22
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
reconstruction / denoising loss

]

, (1)

where 𝑥 denotes the input image from the target modality, 𝑦 is the corre­

sponding ground-truth target image, 𝑦cond represents the source modality 

used for conditioning, 𝑡 is a diffusion timestep randomly sampled from 

[0, 𝑇 ], 𝑧𝑡 is the noisy latent representation of 𝑦 at timestep 𝑡 obtained via 

the forward diffusion process, 𝜖 is the Gaussian noise added to the latent 

to produce 𝑧𝑡, and 𝜖𝜃(𝑧𝑡, 𝑡, 𝑦, 𝑦cond) is the network’s predicted noise. The 

loss L corresponds to the mean squared error between the predicted 

and actual noise, while the conditioning information 𝑦cond is enforced 

directly through the ControlNet architecture rather than as an explicit 

additional loss term.

The ControlNet model was trained for 20,000 iterations using a batch 

size of 32, resolution of 224 × 224, AdamW optimizer, and a weight de­

cay of 0.01. A constant learning rate scheduler with a linear warmup of 

500 steps was employed, and the initial learning rate was set to 5×10−6. 
Parameters were selected after a preliminary qualitative analysis. Images 

were normalized using the standard ImageNet mean and standard devi­

ation to maintain compatibility with the pretrained ControlNet weights, 

as is common in transfer learning with pretrained diffusion models. 

No additional validation of these statistics on medical images was per­

formed. All images were additionally partially aligned such that the 

brain occupies a consistent field of view across subjects.

Once trained, the diffusion-based translation models generate syn­

thetic modalities for patients missing one or more imaging types.

These generated representations are then integrated into the down­

stream classification pipeline as additional inputs, effectively expanding 

the dataset and enabling multimodal fusion even for incomplete patient 

profiles. To further investigate the degradation observed under synthetic 

Neurocomputing 694 (2026) 133916 

6 



L. Zedda, A. Loddo, C. Di Ruberto et al.

augmentation, we introduced two modifications to the training proce­

dure in an additional ablation. First, we replaced the previous uniform 

classification objective with a weighted synthetic-loss formulation,

Ltotal = Lreal + 𝜆synLsynth,

where Lreal denotes the loss computed on real inputs, Lsynth denotes 

the loss computed on synthetic inputs, and 𝜆syn < 1 reduces the con­

tribution of synthetic samples during optimization. Second, we made 

the synthetic-data usage policy explicit. Under a non-selective policy, 

synthetic modalities are introduced regardless of whether the corre­

sponding real modality is already available. Under a missing-only policy, 

synthetic modalities are used only when the corresponding real modality 

is unavailable. This allowed us to distinguish the effect of reducing the 

optimization weight of synthetic samples from the effect of restricting 

their use to genuinely missing modalities.

Within the proposed framework, generative augmentation is used 

as a training-time strategy to expand multimodal supervision under 

incomplete-modality conditions. Its intended role is not to replace real 

acquisitions, but to provide auxiliary synthetic inputs that may support 

learning when real modalities are unavailable.

All data used in this study were obtained under the ADNI Data Use 

Agreement and consist exclusively of de-identified, publicly available 

research data. The generation of synthetic images is employed solely as 

an internal training augmentation strategy to address missing imaging 

modalities and does not involve redistribution of original ADNI data or 

derivative datasets. Synthetic images are not released or shared; in addi­

tion, pretrained generative models capable of producing ADNI-derived 

images are not distributed.

4.5 . Clinical and demographic integration

Beyond imaging information, we incorporate non-imaging clinical 

data to enhance the model’s ability to capture individual patient vari­

ability and disease-related factors that may not be directly observable 

in imaging modalities. Specifically, we leverage two key sources of tab­

ular information from the ADNI database: the PTDEMOG and AMAS 

questionnaires.

The PTDEMOG form includes demographic and baseline informa­

tion such as age, gender, handedness, and education level. The AMAS 

questionnaire provides multiple cognitive subscales assessing general 

knowledge, memory, attention, language, and executive function. In 

this study, all available subscales and demographic variables were in­

cluded to maximize the information captured, except for the PTADBEG, 

PTCOGBEG, and PTADDX variables, which were excluded to prevent 

data leakage, as their values are directly related to the year of AD or 

MCI diagnosis. Data were preprocessed to retain only the first visit per 

patient, with missing values imputed as −4, similar to missing values in 

other related ADNI datasheets, and categorical entries split at the ’∣’ char­

acter to ensure a single value per feature. No samples were excluded due 

to missing clinical data. This preprocessing ensures that all demographic 

and cognitive subscales can be incorporated into the projection head, 

maximizing the information provided to the model. In this study, clini­

cal and demographic features from PTDEMOG and AMAS were used in 

their raw form without explicit scaling or standardization. We note that 

caution is needed when generalizing to external cohorts with different 

feature distributions.

To process these structured features, we design a lightweight pro­

jection head that maps tabular data into the same latent space as the 

imaging representations. Let 𝐱 ∈ R𝐹  denote the vector of clinical fea­

tures for a given subject, where 𝐹 = num_features. Clinical information 

is incorporated via a projection head that maps 𝐱 into the same embed­

ding space as the imaging representations, with dimensionality 𝑑model. 

This mapping is implemented as a sequence of linear transformations 

with normalization and non-linear activations: 

𝐡1 = 𝜙
(

𝐖1 LN(𝐱) + 𝐛1
)

, 𝐖1 ∈ R𝑑model×𝐹 ,

𝐡2 = 𝜙
(

𝐖2𝐡1 + 𝐛2
)

, 𝐖2 ∈ R4𝑑model×𝑑model ,

𝐳clin = 𝐖3 LN(𝐡2) + 𝐛3, 𝐖3 ∈ R𝑑model×4𝑑model ,

(2)

where 𝜙(⋅) denotes the GELU activation and LN indicates layer normal­

ization. Dropout with probability 0.1 is applied to the input features prior 

to the first linear transformation. The intermediate expansion to 4𝑑model
follows a standard dimensional scaling commonly used in transformer 

feed-forward blocks and is adopted here as a practical architectural 

choice to increase intermediate capacity before projection back to 𝑑model, 

without implying any explicit feature disentanglement property. The 

resulting embedding 𝑧clin ∈ R𝑑model  is aligned with the dimensionality 

of imaging-derived embeddings and can be incorporated as an addi­

tional token in the multimodal fusion stage. This design enables the joint 

integration of imaging and clinical information within a unified embed­

ding space and provides a modular interface for incorporating additional 

structured variables when available.

This integration strategy allows the network to jointly reason over 

structural, metabolic, and demographic cues, capturing a more com­

prehensive picture of neurodegenerative progression. It also serves as 

a flexible interface for incorporating additional questionnaire-based 

features in future extensions of the framework.

4.6 . Fusion heads

The final multimodal representation integrates embeddings from all 

enabled imaging encoders together with the clinical projection obtained 

from tabular data. To derive the diagnostic output, we explore two dis­

tinct fusion heads that differ in how they perform cross-modal fusion 

and information aggregation.

• Mean Head. In this configuration, the model computes a simple 

average of the CLS tokens extracted from each imaging encoder 

together with the embedding corresponding to the tabular clinical 

data. Formally, for embeddings 𝑋𝑖 ∈ R𝐵×𝑑model  from each modality 

𝑖, the fused embedding is computed as

𝑋fused = 1
𝑁

𝑁
∑

𝑖=1
𝑋𝑖,

where 𝑁  is the number of enabled modalities plus clinical embed­

dings. This approach assumes that relevant diagnostic information 

is distributed across modalities, promoting robustness and in­

terpretability through global token averaging. It introduces no 

additional learnable parameters.

• Transformer Head with CLS Token. In this configuration, the 

set of imaging and clinical embeddings is processed by a dedi­

cated TransformerEncoder composed of six encoder layers. Each 

layer consists of a multi-head self-attention mechanism with 8 at­

tention heads, a hidden dimension equal to 𝑑model, and dropout 

applied at 0.1. A learnable CLS token is prepended to the input se­

quence. Learnable positional embeddings are added to all tokens, 

and attention masking is applied such that the CLS token can at­

tend to all modality tokens, enabling the model to learn a global, 

attention-based representation for classification. The transformer 

output corresponding to the CLS token is passed to a final linear 

layer for prediction. Formally, given an input sequence of embed­

dings 𝑋 ∈ R𝐵×𝑁×𝑑model , where 𝐵 is the batch size and 𝑁  the number 

of modalities plus the CLS token, each Transformer layer computes:

Attention(𝑄,𝐾, 𝑉 ) = softmax
(𝑄𝐾⊤
√

𝑑𝑘

)

𝑉

𝑋′ = FFN(LayerNorm(𝑋 + Attention(𝑋,𝑋,𝑋)))

where 𝑑𝑘 = 𝑑model∕num_heads and FFN denotes a two-layer feed-

forward network with GELU activations. The six-layer transformer 
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Fig. 3. Proposed multimodal architecture combining clinical data and neuroimaging modalities, PET, MRI, and DTI through foundation model encoding. Clinical 

features are processed via a separate encoder, while imaging modalities generate specialized CLS tokens. The architecture supports two fusion strategies: a mean head 

for simple aggregation and a transformer-based fusion, depicted in black boxes with white text, culminating in MC or B classification.

fusion head contains approximately 33.1M parameters, which is 

larger than smaller vision transformer modules such as 22M in 

RadioDino small, but was chosen to balance the combined mul­

timodal input capacity with classification performance.

Both heads share a common final linear classification layer projecting 

the resulting embedding into the disease label space. This dual-head de­

sign enables a fair comparison between simple aggregation mechanisms 

and attention-based reasoning, offering insight into how different fusion 

strategies influence multimodal interpretability and generalization.

This allows the framework to jointly reason over structural, 

metabolic, and demographic cues, capturing a holistic view of neurode­

generative disease progression. We report a full depiction of the whole 

architecture in Fig. 3

Relation to established multimodal fusion strategies. The fusion strate­

gies evaluated in this work were deliberately selected to represent two 

complementary and widely adopted paradigms in multimodal learning: 

parameter-free aggregation and learnable attention-based integration. 

Simple linear aggregation of modality-specific representations has long 

been used as a baseline in multimodal settings and is closely related to 

classical multiview learning approaches, including canonical correlation 

analysis, which aim to combine information from multiple modali­

ties through shared or correlated latent representations. By averaging 

modality-specific embeddings extracted by pretrained encoders in a 

shared feature space, the CLS mean head provides a correlation-agnostic 

yet computationally efficient fusion mechanism that has been widely 

adopted as a strong baseline in prior multimodal studies. Conversely, the 

Transformer-based fusion head explicitly models cross-modal interac­

tions through self-attention, aligning with more recent attention-driven 

multimodal fusion architectures that learn modality interactions in a 

data-driven manner. Rather than reimplementing task-specific multi­

modal fusion networks, which often rely on handcrafted features or 

modality-specific optimization schemes, our framework evaluates these 

two representative fusion extremes within a unified foundation model 

setting. This design enables a controlled comparison that isolates the 

impact of fusion complexity while maintaining consistent encoders, 

training procedures, and evaluation protocols across all experiments. In 

the present framework, multimodal fusion is performed over a unified 

token sequence rather than through modality-specific cross-attention 

branches.

5 . Experimental evaluation

In this section, we present a comprehensive experimental evaluation 

of our proposed multimodal framework for Alzheimer’s disease charac­

terization. We begin by describing our training protocol and hyperpa­

rameters, followed by baseline results using single-modality approaches 

across different neuroimaging modalities (MRI, DTI, and PET). We then 

evaluate our multimodal fusion strategies, comparing mean-based ag­

gregation with transformer-based heads across various combinations of 

modalities and slice orientations. Subsequently, we assess the effective­

ness of our generative augmentation approach for handling missing data, 

demonstrating how synthetic data generation can enhance classification 

performance. Finally, we integrate clinical data into our framework 

and analyze the contribution of each data integration to the overall 

diagnostic accuracy. All experiments are conducted using rigorous cross-

validation protocols to ensure robust and reproducible results. This 

section begins by detailing the classification training protocol and hyper­

parameters in Section 5.1, followed by the training strategy selection and 

preliminary ablation study in Section 5.2. Baseline results using single-

modality approaches are reported in Section 5.3, and multimodal fusion 

performance is evaluated in Section 5.5. The impact of generative aug­

mentation for handling missing modalities is analyzed in Section 5.6, 

and finally, the integration of clinical and demographic data within the 

generative framework is assessed in Section 5.7.

5.1 . Classification training protocol and hyperparameters

All experiments were implemented in PyTorch and executed on GPU, 

specifically an on-demand A100 80GB for the generation experiments for 

approximately 70 GPU-hours. For all other experiments we leveraged 

an in-house workstation with a consumer-grade 4060ti 16GB GPU, for 

approximately 40 GPU-days. We employed a repeated stratified group 

𝑘-fold cross-validation scheme with 𝑘 = 5 folds and 𝑛 = 5 repeti­

tions, resulting in 25 model fits per configuration. To ensure robustness 

and reproducibility, seeds were initialized at 42 and incremented by 

1 for each repetition. For model evaluation, subjects were first split 

into training and test sets using a grouped splitting strategy based on 

subject identifiers. Within the training set, repeated stratified group 

𝑘-fold cross-validation was applied, using the subject identifier as the 

grouping key and the subject-level diagnosis for stratification. All slices 

and visits belonging to the same subject were assigned to the same 

fold, preventing subject-level information leakage while maintaining 

class balance across folds. While deterministic, this choice ensures con­

trolled variability across repetitions and allows exact replication of the 
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experimental protocol. The backbone models were Vision Transformers 

from the HuggingFace Hub, with input images resized to 224 × 224 pix­

els and normalized using standard ImageNet statistics. Optimization was 

performed using AdamW with a learning rate of 3 × 10−4 and a co­

sine annealing schedule. The batch size was set to 32, and each fold 

was trained for 30 epochs using cross-entropy loss. These hyperparame­

ters were selected based on a combination of prior literature on similar 

multimodal neuroimaging tasks [46] and preliminary experimentation 

that indicated stable convergence and satisfactory performance. For the 

LoRA [43] parameters, we used the original PEFT implementation with 

a dropout of 0.1, rank of 8, and an alpha of 8, while we selected “all-

linear” as the target layer selection method. Gradient clipping with an 

𝓁2 norm of 3.0 was applied, and mixed-precision training was optionally 

enabled to accelerate training while reducing memory usage. For statis­

tical testing, we report 𝑝𝑎 values computed using all 25 runs, across all 

folds and repetitions, as the sample set, whereas 𝑝𝑖 values are reported 

using only 𝑁 = 5, corresponding to the number of repetitions, while 

ignoring the individual folds. This distinction clarifies whether the full 

set of model fits or only the independent repetitions are considered for 

significance estimation. To ensure a fairer comparison with volumet­

ric transformer baselines, both 3D transformer models were retrained 

using the same transformer-oriented optimization setup: AdamW opti­

mizer, initial learning rate 5×10−5, weight decay 1×10−4, linear warmup 

followed by cosine decay with warmup over the first 10% of training, 

minimum learning rate 1 × 10−6, batch size 2, gradient accumulation 8, 

100 training epochs, and gradient clipping with maximum norm 1.0. In 

the revised volumetric comparison, all 3D backbones were implemented 

using standard MONAI architectures. ResNet18 and ResNet50 were ini­

tialized from MedicalNet pretraining [47], while the Swin baseline 

was initialized from pretrained Swin UNETR encoder weights available 

within the MONAI ecosystem [48]. As these Swin weights correspond to 

the encoder only, the downstream classification layers were learned dur­

ing fine-tuning. For DenseNet121 and the plain ViT baseline, we did not 

identify official MONAI-distributed pretrained volumetric classification 

weights matching our setting to the best of our knowledge, and these 

models were therefore trained using the standard MONAI initialization. 

Classification-related hyperparameters are reported in this subsection, 

while generation-specific training settings are provided separately in 

Section 5.6.

Table 2 

Ablation study on the impact of adaptation strategy for DTI axial slice 

classification, comparing LoRA, full fine-tuning, and head-only fine-

tuning across DinoV3 and RadioDino models. LoRA consistently yields 

the highest and most stable F1 scores in both MC and B scenarios, 

motivating its use as the default adaptation strategy in all subsequent 

multimodal and multislice experiments.

Slice Model / Strategy F1 (MC) (%) F1 (B) (%)

Modality: DTI

Axial DinoV3 base (LoRA) 𝟑𝟗.𝟎𝟖 ± 𝟒.𝟔𝟗 𝟔𝟎.𝟕𝟔 ± 𝟓.𝟔𝟖
DinoV3 base (full finetune) 34.21 ± 5.12 51.94 ± 6.15
DinoV3 base (head finetune) 34.87 ± 5.05 52.63 ± 6.01
DinoV3 small (LoRA) 𝟑𝟗.𝟕𝟔 ± 𝟔.𝟕𝟗 𝟔𝟏.𝟓𝟑 ± 𝟔.𝟐𝟒
DinoV3 small (full finetune) 34.58 ± 7.21 52.10 ± 6.83
DinoV3 small (head finetune) 35.12 ± 7.14 52.82 ± 6.76

Modality: DTI

Axial RadioDino base (LoRA) 𝟑𝟕.𝟔𝟐 ± 𝟓.𝟒𝟐 𝟓𝟖.𝟓𝟔 ± 𝟕.𝟎𝟖
RadioDino base (full finetune) 34.12 ± 5.91 52.03 ± 7.52
RadioDino base (head finetune) 34.76 ± 5.86 52.75 ± 7.43
RadioDino small (LoRA) 𝟑𝟔.𝟓𝟑 ± 𝟓.𝟏𝟖 𝟓𝟗.𝟒𝟒 ± 𝟖.𝟐𝟓
RadioDino small (full finetune) 34.01 ± 5.63 52.20 ± 8.79
RadioDino small (head finetune) 34.65 ± 5.57 52.92 ± 8.68

5.2 . Training strategy selection and preliminary ablation study

Our first step was to systematically determine the most robust and 

generalizable training strategy through an ablation study, using DTI ax­

ial as our reference setting since it was the first and simplest single-slice 

experiment conducted. Specifically, we compared LoRA adaptation, full 

finetuning, and head-only finetuning schemes across both DinoV3 and 

RadioDino model variants. As summarized in Table 2, LoRA adaptation 

yielded the most consistent advantage. For instance, on the DTI axial 

dataset, the LoRA-adapted DinoV3 base achieved 39.08 ± 4.69 (MC) and 

60.76 ± 5.68 (B) mean F1, outperforming full finetuning (34.21 ± 5.12 / 

51.94±6.15) and head-only finetuning (34.87±5.05 / 52.63±6.01). Similar 

patterns emerged for the RadioDino base (LoRA: 37.62 ± 5.42 / 58.56 ±
7.08), confirming that LoRA-based adaptation not only stabilizes training 

but also boosts performance relative to traditional finetuning strate­

gies. Based on these results, all subsequent multimodal experiments 

uniformly adopted LoRA as the adaptation protocol.

5.3 . Baseline results

Single-modality approaches offer a direct and interpretable baseline 

for evaluating classification pipelines, facilitated by extensive bench­

marking from established datasets. However, relying solely on one 

modality inevitably constrains the model’s ability to capture comple­

mentary or synergistic patterns found across imaging types. We bench­

marked a range of widely used convolutional architectures across DTI, 

MRI, and PET, and across axial, coronal, and sagittal planes. Overall, 

Table 3 

Detailed classification results for single-modality, single-slice experi­

ments across DTI, MRI, and PET. Results (mean ± standard deviation) 

are reported for MC and B training. Best-performing models per slice 

and metric are highlighted in bold.

Modality Slice Model F1 (MC) (%) F1 (B) (%)

DTI Axial ConvNeXt small 26.19 ± 6.75 50.31 ± 11.32
DenseNet-121 39.05 ± 5.67 𝟔𝟑.𝟗𝟐 ± 𝟒.𝟔𝟔
EfficientNet-B0 𝟒𝟎.𝟔𝟐 ± 𝟓.𝟐𝟑 62.23 ± 6.39
ResNet50 33.36 ± 4.91 55.52 ± 6.45

Coronal ConvNeXt small 23.55 ± 1.32 46.69 ± 7.94
DenseNet-121 39.02 ± 5.67 63.27 ± 8.18
EfficientNet-B0 𝟑𝟗.𝟗𝟒 ± 𝟒.𝟕𝟓 𝟔𝟒.𝟔𝟕 ± 𝟔.𝟔𝟓
ResNet50 38.65 ± 5.20 63.67 ± 8.77

Sagittal ConvNeXt small 23.65 ± 2.00 44.10 ± 0.78
DenseNet-121 30.16 ± 4.05 47.46 ± 3.93
EfficientNet-B0 𝟑𝟐.𝟔𝟎 ± 𝟑.𝟕𝟗 𝟒𝟕.𝟖𝟐 ± 𝟒.𝟕𝟑
ResNet50 31.18 ± 3.90 44.19 ± 1.25

MRI Axial ConvNeXt small 21.88 ± 6.32 54.07 ± 16.68
DenseNet-121 42.24 ± 7.11 𝟕𝟑.𝟐𝟐 ± 𝟓.𝟕𝟓
EfficientNet-B0 𝟒𝟐.𝟑𝟓 ± 𝟓.𝟑𝟐 64.10 ± 5.05
ResNet50 41.05 ± 8.00 69.28 ± 5.23

Coronal ConvNeXt small 20.96 ± 2.83 50.91 ± 16.07
DenseNet-121 𝟒𝟏.𝟎𝟕 ± 𝟓.𝟏𝟔 64.84 ± 6.65
EfficientNet-B0 37.89 ± 6.89 64.72 ± 8.37
ResNet50 37.61 ± 8.02 𝟔𝟓.𝟏𝟒 ± 𝟖.𝟑𝟑

Sagittal ConvNeXt small 20.58 ± 1.73 43.58 ± 12.32
DenseNet-121 𝟑𝟗.𝟓𝟏 ± 𝟒.𝟕𝟖 63.22 ± 6.74
EfficientNet-B0 39.40 ± 4.64 𝟔𝟑.𝟑𝟏 ± 𝟕.𝟒𝟕
ResNet50 35.06 ± 6.80 62.61 ± 8.60

PET Axial ConvNeXt small 21.94 ± 1.03 43.30 ± 16.02
DenseNet-121 𝟑𝟔.𝟒𝟎 ± 𝟖.𝟕𝟓 𝟔𝟔.𝟓𝟑 ± 𝟓.𝟑𝟎
EfficientNet-B0 33.65 ± 6.37 58.42 ± 6.05
ResNet50 22.68 ± 2.01 47.54 ± 7.98

Coronal ConvNeXt small 21.94 ± 1.03 58.90 ± 23.94
DenseNet-121 𝟒𝟗.𝟔𝟑 ± 𝟓.𝟔𝟓 𝟖𝟏.𝟓𝟗 ± 𝟑.𝟒𝟎
EfficientNet-B0 46.32 ± 6.34 76.47 ± 4.84
ResNet50 46.84 ± 7.37 78.84 ± 2.90

Sagittal ConvNeXt small 21.94 ± 1.03 54.23 ± 24.21
DenseNet-121 𝟑𝟓.𝟔𝟓 ± 𝟔.𝟖𝟐 𝟔𝟖.𝟏𝟏 ± 𝟏𝟏.𝟕𝟔
EfficientNet-B0 33.12 ± 4.97 59.03 ± 7.76
ResNet50 28.05 ± 5.35 57.19 ± 8.71
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Table 4 

Detailed classification results for single-modality, single-slice experi­

ments across DTI, MRI, and PET. Results (mean ± standard deviation) 

indicate that while performance was generally similar for DTI and MRI 

modalities across both RadioDino and DinoV3 models, PET data demon­

strated substantially higher F1 scores for RadioDino, especially in B 

classification with absolute improvements exceeding 8-10% in several 

scenarios.

Modality Slice Model F1 (MC) (%) F1 (B) (%)

DTI Axial DinoV3 base 39.08 ± 4.69 60.76 ± 5.68
DinoV3 small 𝟑𝟗.𝟕𝟔 ± 𝟔.𝟕𝟗 𝟔𝟏.𝟓𝟑 ± 𝟔.𝟐𝟒
RadioDino base 37.62 ± 5.42 58.56 ± 7.08
RadioDino small 36.53 ± 5.18 59.44 ± 8.25

Coronal DinoV3 base 𝟑𝟗.𝟗𝟕 ± 𝟓.𝟏𝟗 𝟔𝟕.𝟔𝟕 ± 𝟔.𝟑𝟒
DinoV3 small 39.35 ± 4.94 66.83 ± 7.37
RadioDino base 38.28 ± 5.23 64.86 ± 6.52
RadioDino small 35.10 ± 4.67 60.57 ± 7.05

Sagittal DinoV3 base 29.53 ± 5.65 𝟒𝟔.𝟕𝟖 ± 𝟓.𝟎𝟑
DinoV3 small 29.90 ± 4.27 45.79 ± 3.33
RadioDino base 𝟑𝟎.𝟑𝟕 ± 𝟒.𝟒𝟓 45.06 ± 2.95
RadioDino small 26.63 ± 3.32 44.27 ± 0.97

MRI Axial DinoV3 base 𝟒𝟓.𝟗𝟑 ± 𝟔.𝟔𝟎 𝟕𝟎.𝟗𝟐 ± 𝟕.𝟑𝟖
DinoV3 small 41.94 ± 7.84 69.50 ± 6.86
RadioDino base 43.04 ± 4.40 70.60 ± 5.29
RadioDino small 39.32 ± 7.29 70.11 ± 7.35

Coronal DinoV3 base 𝟒𝟏.𝟕𝟏 ± 𝟔.𝟎𝟓 65.95 ± 6.94
DinoV3 small 41.26 ± 7.98 𝟔𝟖.𝟏𝟐 ± 𝟓.𝟒𝟕
RadioDino base 40.72 ± 7.38 65.76 ± 6.40
RadioDino small 39.56 ± 6.02 65.89 ± 5.02

Sagittal DinoV3 base 36.91 ± 7.26 59.33 ± 10.29
DinoV3 small 𝟒𝟎.𝟒𝟏 ± 𝟖.𝟏𝟓 59.55 ± 7.30
RadioDino base 39.52 ± 7.43 60.16 ± 9.44
RadioDino small 39.74 ± 8.18 𝟔𝟐.𝟐𝟏 ± 𝟖.𝟏𝟑

PET Axial DinoV3 base 38.31 ± 6.39 69.91 ± 5.51
DinoV3 small 35.25 ± 7.08 68.37 ± 6.42
RadioDino base 𝟒𝟐.𝟎𝟗 ± 𝟕.𝟑𝟗 78.75 ± 7.33
RadioDino small 40.78 ± 6.22 𝟕𝟖.𝟗𝟎 ± 𝟓.𝟑𝟖

Coronal DinoV3 base 𝟓𝟐.𝟎𝟏 ± 𝟒.𝟒𝟏 79.21 ± 2.83
DinoV3 small 48.63 ± 3.65 76.90 ± 4.57
RadioDino base 48.40 ± 5.16 𝟖𝟏.𝟕𝟑 ± 𝟑.𝟕𝟏
RadioDino small 41.24 ± 4.42 77.76 ± 4.68

Sagittal DinoV3 base 45.00 ± 5.85 77.38 ± 4.50
DinoV3 small 42.18 ± 5.30 76.70 ± 3.33
RadioDino base 𝟒𝟓.𝟖𝟑 ± 𝟒.𝟕𝟓 𝟕𝟖.𝟔𝟑 ± 𝟑.𝟕𝟏
RadioDino small 40.75 ± 6.10 77.82 ± 5.13

performance was strongly dependent on both modality and anatomical 

orientation, with no single architecture consistently dominating across 

all settings. DenseNet-121 and EfficientNet-B0 generally achieved the 

strongest results in MC classification for DTI and MRI, while B per­

formance was often higher and more stable, particularly for MRI axial 

slices. PET exhibited the largest variability and the highest absolute per­

formance, especially in coronal views, where DenseNet-121 reached an 

F1 (B) of 81.59 ± 3.40. Full results of the convolutional architectures 

are reported in Table 3. Table 4 systematically summarizes perfor­

mance across all single-modality and single-slice experiments. Within 

DTI and MRI modalities, performance was largely comparable across 

both DinoV3 and RadioDino variants, with the top MC F1 for DTI ax­

ial achieved by DinoV3 small (39.76 ± 6.79) and the top B F1 for MRI 

axial achieved by DinoV3 base (70.92 ± 7.38). Nevertheless, individual 

model superiority varied by both modality and anatomical plane, and 

no approach dominated for every scenario highlighting the importance 

of multi-faceted evaluation.

PET, on the other hand, consistently revealed the largest perfor­

mance gaps. For axial PET, RadioDino small achieved an F1 (B) of 

78.90 ± 5.38, significantly outperforming both sizes of DinoV3 (best: 

69.91 ± 5.51), while also posting competitive MC F1 (42.09 ± 7.39 in 

coronal with RadioDino base). This approximately 10% absolute F1 ad­

vantage in B PET tasks was especially pronounced across all anatomical

axes.

5.4 . 3D baseline comparison

To contextualize the proposed slice-based approach, we additionally 

compare our results against representative 3D baselines trained directly 

on full PET volumes, since these models achieve the strongest perfor­

mance among unimodal configurations. In this analysis, all models were 

evaluated under the same data split and evaluation protocol. As re­

ported in Table 6, conventional 3D architectures such as ResNet18 and 

ResNet50 exhibit competitive performance in the BCN vs. AD setting, 

with the best result achieved by a 3D ResNet50 (86.88±2.49% F1), while 

the best multiclass result is achieved by 3D ResNet18 (55.04±3.70% F1).

In addition to CNN-based comparators, we also evaluated Swin 

and ViT 3D baselines as representative transformer-based volumetric 

references. In our experiments, these transformer models proved sub­

stantially more sensitive to optimization choices than the 3D CNN 

baselines. In particular, without a dedicated transformer-oriented op­

timization setup, their performance collapsed, whereas under the final 

configuration reported in Table 6, Swin achieved 44.33 ± 1.71% F1 in 

the multiclass setting and 82.32 ± 4.21% in the binary setting, while ViT 

achieved 41.13 ± 2.91% and 83.29 ± 5.23%, respectively.

These results indicate that when full PET volumes are available and 

the task is restricted to a single modality, dedicated 3D models remain 

stronger than the present 2D formulation in this specific setting. Our 

slice-based design should therefore not be interpreted as a replacement 

for volumetric models. Instead, it was adopted primarily to preserve 

compatibility with currently available pretrained 2D foundation en­

coders and to maintain a unified experimental framework across modal­

ities, fusion strategies, and missing-modality settings. This choice should 

be understood as a methodological design decision and, at the same time, 

as a limitation, since it discards full volumetric context. Differences in 

performance across orientations may partly reflect the anatomical struc­

tures captured in the selected central slices. The proposed framework is 

therefore intended primarily as a foundation-model-based benchmark 

for multimodal analysis under incomplete modality availability within 

a 2D input formulation.

These results should instead be interpreted in the context of the mod­

eling objective of this work. The proposed framework was designed 

around pretrained 2D foundation encoders and a unified multimodal 

pipeline, rather than around maximizing PET-only volumetric perfor­

mance. Consequently, the comparison with 3D baselines should be read 

as a boundary condition of the present design: when full PET volumes 

are available and the task is unimodal, dedicated 3D models remain a 

stronger choice. 3D ResNet architectures operate on full 96 × 96 × 96
volumes, which is the default volume size for the MONAI-framework 

selected pretrained models.

Taken together, these observations suggest that while 3D models may 

achieve higher peak performance in the PET-only setting, the main ad­

vantage of the proposed framework lies in flexible multimodal analysis 

under incomplete modality availability rather than in outperforming the 

strongest unimodal volumetric baselines. Table 6 shows that dedicated 

3D models remain stronger in the PET-only B setting, where full vol­

umetric information is available, and the task is restricted to a single 

modality. The proposed framework is therefore not intended to replace 

these best-case unimodal baselines, but rather to address multimodal 

analysis under incomplete modality availability.

5.5 . Multimodal results

As described in Table 1, we designed our experiments around four 

main scenarios: (i) using all slices from a single modality, (ii) fixing a 

slice type and using all modalities, (iii) using all slices from two modal­

ities simultaneously, and (iv) combining all modalities and all slices 

together.

To improve training quality, we only included patients with at least 

one available modality. For missing data, we employed a learnable to­

ken serving as a [CLS] token. This strategy not only avoids limiting the 
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Table 5 

Classification results for multi-modal analysis using CLS mean. 

Results are reported as mean ± standard deviation across re­

peated stratified group k-fold cross-validation with 5 folds and 

5 repetitions, yielding 25 model fits per configuration.

Experiment Model F1 (MC) (%) F1 (B) (%)

MRI-Full RadioDino base 47.06 ± 3.91 72.41 ± 6.09
MRI-Full RadioDino small 45.69 ± 4.49 72.94 ± 6.33
DTI-Full RadioDino base 44.09 ± 4.13 58.02 ± 7.99
DTI-Full RadioDino small 41.15 ± 4.68 61.95 ± 8.03
PET-Full RadioDino base 𝟓𝟑.𝟑𝟖 ± 𝟒.𝟔𝟒 𝟖𝟐.𝟒𝟖 ± 𝟒.𝟓𝟐
PET-Full RadioDino small 49.41 ± 5.86 81.92 ± 3.84

Axial-Cross RadioDino base 53.33 ± 3.14 73.69 ± 4.19
Axial-Cross RadioDino small 𝟓𝟒.𝟓𝟒 ± 𝟐.𝟑𝟎 𝟕𝟕.𝟓𝟑 ± 𝟒.𝟑𝟐
Sagittal-Cross RadioDino base 50.50 ± 4.14 68.98 ± 5.05
Sagittal-Cross RadioDino small 52.94 ± 4.14 71.91 ± 4.45
Coronal-Cross RadioDino base 54.10 ± 3.23 72.35 ± 3.89
Coronal-Cross RadioDino small 52.81 ± 3.81 76.74 ± 3.22

MRI-DTI RadioDino base 43.81 ± 4.87 65.44 ± 3.79
MRI-DTI RadioDino small 49.23 ± 3.70 65.78 ± 4.06
MRI-PET RadioDino base 43.90 ± 4.65 𝟕𝟔.𝟑𝟓 ± 𝟒.𝟔𝟓
MRI-PET RadioDino small 44.16 ± 4.16 74.23 ± 6.16
DTI-PET RadioDino base 43.38 ± 4.91 63.48 ± 3.51
DTI-PET RadioDino small 𝟓𝟐.𝟗𝟕 ± 𝟓.𝟐𝟓 69.91 ± 5.01

Full RadioDino base 45.74 ± 3.53 71.32 ± 3.53
Full RadioDino small 𝟒𝟗.𝟒𝟐 ± 𝟑.𝟓𝟑 𝟕𝟑.𝟖𝟑 ± 𝟑.𝟓𝟑

Table 6 

Performance of 3D CNN and transformer-based models trained 

on full PET volumes. The updated Swin and ViT results show 

that volumetric transformer baselines can achieve competitive per­

formance when properly optimized, although 3D ResNet models 

remain the strongest baselines overall in this PET-only setting. 

Results are reported for MC and B classification tasks as mean ±
standard deviation across repeated stratified group k-fold cross-

validation with 5 folds and 5 repetitions, yielding 25 model fits 

per configuration.

Experiment Model F1 (MC) (%) F1 (B) (%)

PET-3D DenseNet121 28.98 ± 3.26 62.77 ± 4.35
PET-3D ResNet18 𝟓𝟓.𝟎𝟒 ± 𝟑.𝟕𝟎 85.21 ± 3.00
PET-3D ResNet50 45.35 ± 5.36 𝟖𝟔.𝟖𝟖 ± 𝟐.𝟒𝟗
PET-3D Swin 44.33 ± 1.71 82.32 ± 4.21
PET-3D ViT 41.13 ± 2.91 83.29 ± 5.23

analysis to valid pairs but also provides a partial solution for handling 

incomplete data.

This token is prepended to the input sequence in place of the absent 

modality’s CLS embedding, allowing the model to learn an appropriate 

representation for missing data. While this design provides a flexible 

mechanism for handling incomplete multimodal inputs, we acknowl­

edge that the specific initialization and training dynamics of this token 

may influence performance. This mechanism was introduced as a practi­

cal missing-input handling strategy within the same fusion architecture 

and should not be interpreted as a dedicated latent-space aggregation 

baseline.

The first set of experiments was conducted using LoRA, where images 

were fed sequentially into RadioDino. For each image, the [CLS] token 

was extracted, and the average across all [CLS] tokens was computed 

to obtain the final prediction for each patient. This representation was 

then passed through a linear classification head. The complete results 

using mean averaging are reported in Table 5. Several patterns emerge: 

PET-based experiments consistently achieve higher F1 scores across dif­

ferent settings. Interestingly, the best results in the CN vs. MCI vs. AD 

task are obtained by using all axial slices across modalities, achieving 

54.54%, which is only 1.16% higher than using all PET slices alone. These 

results suggest that PET may dominate the multimodal signal in the 

present cohort and input setting. This phenomenon is evident not only 

in multimodal experiments but also in the single-slice results reported 

in Section 5.3.

For the B classification task, PET again dominates, achieving the 

highest F1 score of 82.48% when using all PET slices. In contrast, 

adding further modalities does not consistently improve performance 

and can reduce it. For example, the Full multimodal setting with the 

Transformer head reaches 78.38%, remaining below PET-Full, while 

other multimodal combinations also show that performance depends 

strongly on the selected modality set. These results indicate that, in 

the present cohort and input setting, PET provides the strongest dis­

criminative signal, whereas MRI and DTI do not always contribute 

sufficiently complementary information to offset the additional fusion 

complexity. A plausible explanation is that less informative or more 

incomplete modalities, together with the missing-modality token mech­

anism, introduce variability that the fusion head cannot fully suppress. 

Therefore, the proposed multimodal strategy should not be interpreted 

as a uniformly superior replacement for the strongest unimodal PET 

model. Instead, the contribution of the present framework is to pro­

vide a unified testbed for multimodal analysis under heterogeneous 

modality availability, where flexibility, controlled comparison across 

configurations, and explicit characterization of failure modes are central 

objectives alongside predictive performance.

Notably, multimodal results improve upon the single-slice baseline 

by 2.53 percentage points in the MC task and by 0.75 points in the B task. 

While the latter improvement may seem minor, in a screening context 

the proposed methodology may still support more flexible diagnostic 

modeling under incomplete-modality conditions.

However, when comparing across all scenarios, we observe that using 

all modalities with all slices together does not necessarily yield the best 

results. In several cases, this configuration underperforms compared to 

more targeted setups, suggesting that simply aggregating all available 

information may introduce noise or redundancy rather than improving 

classification performance.

To further investigate fusion strategies, we experimented with a 

Transformer-based head as described in Section 4.6. Given the high 

computational cost of training such a model across all possible config­

urations, we restricted this analysis to the best-performing CLS Mean 

configurations for both MC and B classification tasks, as summarized in 

Table 7. This choice allows the Transformer head experiments to serve as 

a practical and computationally tractable baseline for future extensions.

Overall, the Transformer fusion head demonstrates complementary 

behavior compared to the CLS Mean approach. While the CLS Mean 

head performs more robustly in simpler settings (e.g., single-modality 

Table 7 

Comparison of classification results for best-performing multimodal configu­

rations, contrasting the CLS mean fusion head with the Transformer fusion 

head. The Transformer head shows a notable improvement in the most com­

plex, fully multimodal scenarios, while the CLS Mean head performs better in 

single-modality and cross-slice fusion. Results are reported as mean ± stan­

dard deviation across repeated stratified group k-fold cross-validation with 5 

folds and 5 repetitions, yielding 25 model fits per configuration.

Experiment Model Fusion Head F1 (MC) (%) F1 (B) (%)

PET-Full RadioDino base CLS Mean 𝟓𝟑.𝟑𝟖 ± 𝟒.𝟔𝟒 𝟖𝟐.𝟒𝟖 ± 𝟒.𝟓𝟐
Transformer 44.34 ± 9.23 76.41 ± 5.00

Axial-Cross RadioDino small CLS Mean 𝟓𝟒.𝟓𝟒 ± 𝟐.𝟑𝟎 𝟕𝟕.𝟓𝟑 ± 𝟒.𝟑𝟐
Transformer 51.15 ± 3.39 77.08 ± 3.63

DTI-PET RadioDino small CLS Mean 52.97 ± 5.25 72.80 ± 4.70
Transformer 𝟓𝟒.𝟖𝟗 ± 𝟒.𝟐𝟓 74.10 ± 4.50

MRI-PET RadioDino base CLS Mean 48.20 ± 4.20 𝟕𝟔.𝟑𝟓 ± 𝟒.𝟔𝟓
Transformer 50.10 ± 3.85 71.35 ± 3.35

Full RadioDino small CLS Mean 49.42 ± 3.53 73.83 ± 3.53
Transformer 𝟓𝟒.𝟐𝟎 ± 𝟐.𝟖𝟔 𝟕𝟖.𝟑𝟖 ± 𝟒.𝟒𝟒
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Fig. 4. Visual examples of modality-to-modality translation for generative data augmentation. Each column shows a source modality, the corresponding generated 

target, and the real target image. Rows represent different anatomical planes (axial, coronal, sagittal). The translation is performed using ControlNet-based conditioning 

between DTI, PET, and MRI data pairs. The generated images preserve anatomical structure while capturing modality-specific intensity patterns, demonstrating the 

model’s ability to synthesize auxiliary signals, but its effect is strongly configuration-dependent, across modalities to support learning under incomplete multimodal 

data.

or cross-slice experiments), the Transformer head shows a consistent ad­

vantage in more complex multimodal scenarios. For instance, in the Full 

multimodal configuration, where all modalities and slice types are com­

bined, the Transformer head outperforms the CLS Mean head by +4.78%
in MC and +4.55% in the B classification tasks, achieving 54.20% and 

78.38%, respectively. Despite this improvement over the corresponding 

Full CLS Mean configuration, the Full multimodal Transformer result 

in the B task remains below the strongest unimodal PET-Full baseline 

(82.48%), indicating that multimodal fusion is not uniformly beneficial 

in this setting. Both improvements are statistically significant according 

to a paired 𝑡-test when using all 25 runs, including the 𝑘-fold sub-runs 

(𝑝𝑎: MC 1.60 × 10−6; B 2.22 × 10−4). When considering only the 5 in­

dependent repetitions, the MC improvement remains significant (𝑝𝑖 =
0.047), whereas the B improvement is no longer statistically significant 

(𝑝𝑖 = 0.11). Similarly, in the DTI–PET configuration, the Transformer 

fusion head achieves the best MC result overall (54.89%), suggesting 

that the model benefits from joint feature refinement when integrating 

complementary modalities.

5.6 . Generative augmented classification

To provide a clear and effective mitigation for the missing data is­

sue, we follow the reasoning that a patient must be associated with at 

least one imaging modality. Therefore, we train an imaging translation 

model to translate from one modality to another. By leveraging exist­

ing paired modalities, we use one as input for the ControlNet guide and 

the other as the ground truth for the generated modality. We iterate 

the training-generation process for each possible pair. The complete 

generation metrics on a held-out test set comprising 20% of the total 

data for each pair are reported in Table 11, along with several metrics 

commonly used in image generation evaluation. A visualization of the 

generated images on the test set is shown in Fig. 4.

The training hyperparameters are as follows: 20,000 iterations with 

a batch size of 32 and an image resolution of 224 × 224. We use the 

L2 loss as our guiding objective for the generative approach. Images 

were preprocessed via mean–standard deviation normalization using the 

ImageNet standard values and cropped such that the head region touches 

all borders to overcome pose differences among patients.

We use Table 11 as a guideline for selecting the best combination 

of generative models to fill missing data, guided by the average of all 

selected metrics. For metrics such as MSE, where lower values indicate 

better performance, we subtracted the metric value from 1, while for 

PSNR we applied a min–max normalization to scale values to the range 

[0, 1].
We repeated the experiments reported in Table 7, this time includ­

ing the generated data in the training set (Table 9). We observed no 

significant improvement in most metrics, except for the PET-Full ex­

periments using the transformer-based head, which achieved a new 

highest F1 score of 56.41% in MC classification. When compared against 

the corresponding non-augmented PET-Full configuration using the 

transformer-based head, the observed improvement is statistically signif­

icant both across all 25 runs including 𝑘-fold sub-runs (𝑝𝑎 = 9.23× 10−7) 
and across the 5 independent repetitions (𝑝𝑖 = 0.04) (Table. 8).
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A clear observation is that a simple mean of the CLS tokens is 

not sufficient: while filling missing data provided more information, it 

also introduced noise, leading to poorer generalization capabilities. The 

transformer-based head, despite slightly lower performance, achieved 

results close to those in Table 7. This can be explained by data quan­

tity: the PET modality has the largest number of samples among all 

modalities, so doubling its training data was beneficial. Conversely, for 

modalities such as MRI, where synthetic data exceeded real data, the 

scarcity of real samples led to poorer results. This degradation is substan­

tial in several settings. In particular, the CLS Mean binary F1 dropped 

from 82.48 ± 4.52 to 65.54 ± 4.40 in PET-Full and from 77.53 ± 4.32 to 

56.51 ± 5.06 in Axial-Cross, confirming that non-selective synthetic aug­

mentation can be harmful when synthetic features compete with real 

ones.

5.6.1 . Selective synthetic augmentation ablation

To better understand whether the observed degradation was caused 

by the indiscriminate use of synthetic modalities, we performed an 

additional ablation focused on the PET-Full configuration with the 

Transformer fusion head in the binary CN vs. AD setting. In this anal­

ysis, we compared synthetic-loss weighting through 𝜆syn and two usage 

policies: a non-selective policy, in which synthetic modalities were used 

even when the corresponding real modality was already available, and a 

missing-only policy, in which synthetic modalities were used only when 

Table 8 

Ablation study on synthetic-data usage policy in the PET-Full 

configuration with the Transformer fusion head for binary 

classification. Non-selective denotes the use of synthetic modal­

ities regardless of whether the corresponding real modality 

is already available, whereas missing-only restricts synthetic 

modalities to cases where the real modality is unavailable. 

The results show that controlling when synthetic data are in­

troduced is more effective than loss downweighting alone, 

with missing-only usage consistently outperforming the cor­

responding non-selective weighted setting.

Synthetic-data policy 𝝀syn Test F1 (B) (%)

Non-selective 0.25 70.61 ± 5.76
Non-selective 0.50 71.83 ± 5.23
Missing-only 0.25 70.14 ± 4.07
Missing-only 0.50 𝟕𝟐.𝟏𝟕 ± 𝟓.𝟓𝟗

Table 9 

Comparison of classification results using the mean and transformer fusion 

heads after augmenting the training data with synthetically generated modal­

ities. The transformer head consistently outperforms the Mean head across all 

configurations, particularly in PET-based and fully multimodal setups. These 

results show that the effect of generative augmentation depends strongly 

on the fusion strategy and configuration, with clear degradation for CLS 

Mean and more stable behavior for the Transformer head. Results are re­

ported as mean ± standard deviation across repeated stratified group k-fold 

cross-validation with 5 folds and 5 repetitions, yielding 25 model fits per 

configuration.

Experiment Model Fusion Head F1 (MC) (%) F1 (B) (%)

PET-Full RadioDino base CLS Mean 42.57 ± 4.62 65.54 ± 4.40
Transformer 𝟓𝟔.𝟒𝟏 ± 𝟑.𝟓𝟓 𝟕𝟓.𝟖𝟔 ± 𝟑.𝟒𝟖

Axial-Cross RadioDino small CLS Mean 36.45 ± 2.22 56.51 ± 5.06
Transformer 𝟒𝟗.𝟒𝟎 ± 𝟑.𝟎𝟐 𝟕𝟐.𝟖𝟗 ± 𝟑.𝟑𝟕

DTI-PET RadioDino small CLS Mean 39.18 ± 3.25 60.80 ± 4.10
Transformer 𝟓𝟒.𝟑𝟓 ± 𝟑.𝟒𝟎 63.95 ± 3.90

MRI-PET RadioDino base CLS Mean 40.22 ± 3.50 62.54 ± 3.36
Transformer 44.10 ± 3.20 𝟕𝟖.𝟎𝟗 ± 𝟑.𝟑𝟔

Full RadioDino small CLS Mean 39.33 ± 2.56 64.64 ± 4.24
Transformer 𝟓𝟑.𝟒𝟗 ± 𝟑.𝟔𝟔 𝟕𝟒.𝟗𝟔 ± 𝟑.𝟒𝟖

Fig. 5. FID analysis across imaging modalities and slice orientations. The left 

panel reports mean FID scores aggregated by modality, while the right panel 

shows aggregation by orientation. Error bars indicate variability across ori­

entations or modalities, respectively. The dashed red line denotes the global 

mean FID. PET exhibits relatively stable FID values, whereas MRI achieves 

a lower average FID but with increased sensitivity to generative augmenta­

tion. DTI shows higher variability, particularly across orientations, highlighting 

orientation-dependent distribution mismatch in the generated data.

the real modality was unavailable. Looking only at binary F1, the main 

pattern is that controlling when synthetic data are introduced is more 

important than merely reducing their loss contribution after inclusion. 

Under non-selective synthetic augmentation with loss weighting, per­

formance increased from 70.61 ± 5.76 at 𝜆syn = 0.25 to 71.83 ± 5.23 at 

𝜆syn = 0.5. When weighting was combined with missing-only usage, 

performance improved from 70.14 ± 4.07 at 𝜆syn = 0.25 to 72.17 ± 5.59
at 𝜆syn = 0.5. Thus, among the weighted variants, restricting synthetic 

modalities to genuinely missing cases was more effective than applying 

loss downweighting under non-selective augmentation. For reference, 

the corresponding PET-Full Transformer result reported in Table 9 is 

75.86 ± 3.48, while the real-only Transformer baseline is 76.41 ± 5.00. 

Taken together, these results indicate that, in the PET-Full configura­

tion with the Transformer fusion head, the main source of degradation 

is not simply the optimization weight assigned to synthetic samples, but 

their use when real modalities are already available. Selective use mit­

igates the degradation substantially, although it does not fully recover 

the real-only baseline.

The FID analysis in Fig. 5 strongly supports this interpretation. 

PET maintains consistent FID scores across orientations (axial: 46.29, 

sagittal: 46.28, coronal: 53.49), indicating that the generative process 

preserves the underlying data distribution and limits the introduction of 

noise. In contrast, MRI achieves lower absolute FID values (axial: 33.20, 

sagittal: 41.37, coronal: 26.42) yet fails to improve generalization, 

demonstrating that visual fidelity alone is insufficient and may mask dis­

tributional bias. DTI further highlights this effect through pronounced 

orientation-dependent FID degradation, particularly in the sagittal view 

(axial: 44.69, sagittal: 94.35, coronal: 66.25). These results confirm that 

effective generative augmentation depends on distributional consistency 

rather than absolute FID minimization.

The mixed downstream results indicate that synthetic augmenta­

tion can sometimes provide a useful auxiliary signal, but its effect is 

strongly configuration-dependent. In the classification experiments, test 

sets consisted solely of real images, while synthetic data were used dur­

ing training and validation. The subject-level split was defined before 

any generative training. Accordingly, for each outer fold, a separate 

ControlNet model was trained exclusively on subjects belonging to that 

fold’s training partition and was used only to synthesize missing modal­

ities for training and validation subjects within the same fold. Subjects 

assigned to the corresponding classification test fold were never seen 

during generative training or synthetic data generation. Given computa­

tional constraints, the generative models were trained once per fold and 
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Table 10 

Performance of k-nearest neighbors imputation for estimating missing modal­

ities across different experimental settings. Results compare CLS mean and 

transformer-based fusion heads.

Experiment Model Fusion Head F1 (MC) (%) F1 (B) (%)

PET-Full RadioDino base CLS Mean 𝟒𝟓.𝟏𝟐 ± 𝟑.𝟗𝟓 𝟕𝟎.𝟎𝟓 ± 𝟒.𝟎𝟓
Transformer 42.30 ± 5.10 67.85 ± 4.90

Axial-Cross RadioDino small CLS Mean 𝟑𝟖.𝟏𝟐 ± 𝟐.𝟎𝟎 𝟔𝟗.𝟖𝟓 ± 𝟒.𝟖𝟎
Transformer 36.45 ± 2.85 68.20 ± 4.15

DTI-PET RadioDino small CLS Mean 40.65 ± 3.05 65.50 ± 3.95
Transformer 𝟒𝟐.𝟏𝟎 ± 𝟑.𝟖𝟎 𝟔𝟕.𝟐𝟓 ± 𝟒.𝟏𝟎

MRI-PET RadioDino base CLS Mean 𝟒𝟏.𝟓𝟓 ± 𝟑.𝟐𝟓 𝟔𝟖.𝟒𝟓 ± 𝟑.𝟐𝟎
Transformer 40.20 ± 4.10 66.30 ± 3.75

Full RadioDino small CLS Mean 41.70 ± 2.45 69.85 ± 4.05
Transformer 𝟒𝟑.𝟗𝟓 ± 𝟑.𝟏𝟎 𝟕𝟏.𝟗𝟎 ± 𝟒.𝟒𝟎

reused across repetitions rather than training separate models for each it­

eration or subfold. Therefore, we trained five generative models for each 

experimental setup, corresponding to the five cross-validation folds. The 

observed improvements in classification performance demonstrate that 

even imperfectly reconstructed images can provide valuable information 

for the learning process, while evaluation on real images ensures reliable 

assessment of model performance. As an additional downstream vali­

dation, we trained single-modality classifiers using only synthetically 

generated images and evaluated them on held-out real images from the 

corresponding target modality. Performance was consistently lower than 

the corresponding real-data baselines reported in Table 4. In the binary 

B setting, the best synthetic-only F1 scores were 50.84 ± 9.67 for DTI, 

56.29±8.34 for MRI, and 39.27±5.33 for PET. In the multiclass MC setting, 

the best synthetic-only F1 scores were 24.18±5.90 for DTI, 34.26±7.07 for 

MRI, and 19.96 ± 5.67 for PET. These results indicate that the generated 

images retain limited disease-related signal, but they are not sufficient 

as stand-alone substitutes for real acquisitions, with the strongest degra­

dation observed for PET and for the multiclass setting. Accordingly, in 

the present framework synthetic modalities should be interpreted only 

as auxiliary training-time augmentation for improving robustness under 

missing-modality settings, rather than as independently reliable data for 

direct model training or clinical interpretation. The role of the genera­

tive model within our framework should therefore be understood as a 

limited training-time augmentation strategy for missing-modality set­

tings. The additional synthetic-only downstream validation shows that 

classifiers trained exclusively on generated images underperform their 

real-data counterparts across all modalities and tasks, indicating that 

the synthetic images are not suitable as stand-alone replacements for 

real acquisitions or for direct clinical interpretation.

We evaluated whether the generative model preserves disease-

relevant patterns by stratifying SSIM scores by diagnosis (CN, MCI, AD). 

Table 12 reports the results for each source–target pair and orientation. 

While absolute SSIM values are modest for some cross-modality transla­

tions, the scores are broadly comparable across diagnostic groups, sug­

gesting that the model does not introduce strong bias or systematically 

degrade disease-related information.

To contextualize the impact of generative augmentation, we addi­

tionally compare ControlNet-based synthesis against simpler missing-

modality imputation strategies commonly used as baselines under the 

same training hyperparameters, specifically k-NN. In k-NN imputation, 

missing modality features are estimated by averaging the available 

representations of the most similar patients, with similarity computed 

using the embeddings from an Inception network, consistent with 

Fréchet Inception Distance evaluations; specifically, the similarity is 

averaged across available modalities. As reported in Table 10, these 

approaches provide modest or even lower performance compared to 

the no-imputation baseline Table 7, remaining consistently inferior to 

generative augmentation. This indicates that the performance gains 

from ControlNet are not due merely to feature averaging or local 

similarity-based imputation.

5.7 . Generative augmented classification leveraging clinical data

Building upon the generative augmentation experiments, we ex­

tended our framework by integrating clinical and demographic vari­

ables into the multimodal fusion process. The inclusion of tabular pa­

tient information, such as demographic and cognitive assessment data, 

provides complementary cues that enhance disease characterization 

beyond imaging-based biomarkers. This step aims to capture patient-

level variability and improve the robustness of Alzheimer’s disease

classification.

The results obtained without synthetic augmentation are summa­

rized in Table 13. Consistent with previous multimodal analyses, the 

Transformer-based fusion head continues to outperform the CLS Mean 

head across nearly all configurations. For instance, in the Full multi­

modal setting, the Transformer head achieved 52.30% (MC) and 79.66%
(B), surpassing the CLS Mean head by +7.36 and +15.92 percentage 

points, respectively. Similar trends were observed across modality-pair 

and cross-slice configurations, confirming that the attention-driven fu­

sion mechanism provides more expressive cross-modal reasoning when 

Table 11 

Modality translation metrics Mean ± Std computed across test set images.

Source Target Orientation SSIM ↑ PSNR ↑ MSE ↓ RMSE ↓ MAE ↓ NCC ↑

DTI MRI Axial 0.18 ± 0.06 12.92 ± 2.15 0.06 ± 0.03 0.23 ± 0.06 0.18 ± 0.06 0.34 ± 0.10
DTI MRI Coronal 0.22 ± 0.06 12.45 ± 1.74 0.06 ± 0.03 0.24 ± 0.05 0.18 ± 0.05 0.44 ± 0.11
DTI MRI Sagittal 0.15 ± 0.07 13.02 ± 2.39 0.06 ± 0.03 0.23 ± 0.07 0.17 ± 0.06 0.25 ± 0.11

DTI PET Axial 0.20 ± 0.04 11.99 ± 0.87 0.06 ± 0.01 0.25 ± 0.03 0.20 ± 0.03 0.42 ± 0.09
DTI PET Coronal 0.25 ± 0.04 13.63 ± 0.69 0.04 ± 0.01 0.21 ± 0.02 0.16 ± 0.02 0.66 ± 0.05
DTI PET Sagittal 0.22 ± 0.04 12.27 ± 0.98 0.06 ± 0.02 0.25 ± 0.03 0.19 ± 0.03 0.47 ± 0.09

MRI DTI Axial 0.45 ± 0.24 13.09 ± 5.27 0.09 ± 0.11 0.26 ± 0.16 0.25 ± 0.22 0.37 ± 0.59
MRI DTI Coronal 0.44 ± 0.28 12.59 ± 7.20 0.14 ± 0.15 0.31 ± 0.21 0.30 ± 0.24 0.32 ± 0.39
MRI DTI Sagittal 0.38 ± 0.27 11.27 ± 6.09 0.15 ± 0.14 0.34 ± 0.19 0.33 ± 0.20 0.34 ± 0.28

MRI PET Axial 0.21 ± 0.04 12.31 ± 0.89 0.06 ± 0.01 0.24 ± 0.03 0.19 ± 0.03 0.47 ± 0.08
MRI PET Coronal 0.26 ± 0.04 13.56 ± 0.81 0.04 ± 0.01 0.21 ± 0.02 0.16 ± 0.02 0.67 ± 0.05
MRI PET Sagittal 0.22 ± 0.05 12.45 ± 0.84 0.06 ± 0.01 0.24 ± 0.02 0.19 ± 0.02 0.49 ± 0.09

PET DTI Axial 0.47 ± 0.22 13.93 ± 5.49 0.08 ± 0.10 0.24 ± 0.15 0.23 ± 0.21 0.43 ± 0.85
PET DTI Coronal 0.53 ± 0.22 14.46 ± 5.61 0.07 ± 0.09 0.23 ± 0.14 0.22 ± 0.15 0.39 ± 0.16
PET DTI Sagittal 0.39 ± 0.28 12.33 ± 5.99 0.12 ± 0.13 0.30 ± 0.18 0.29 ± 0.26 0.37 ± 1.21

PET MRI Axial 0.17 ± 0.05 13.13 ± 1.67 0.05 ± 0.02 0.22 ± 0.04 0.16 ± 0.04 0.35 ± 0.10
PET MRI Coronal 0.20 ± 0.07 13.34 ± 1.76 0.05 ± 0.03 0.22 ± 0.05 0.16 ± 0.05 0.44 ± 0.09
PET MRI Sagittal 0.13 ± 0.05 13.40 ± 2.11 0.05 ± 0.03 0.22 ± 0.06 0.17 ± 0.06 0.25 ± 0.10
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Table 12 

Modality translation metrics: Mean SSIM ± Std computed across test set 

images stratified by diagnosis.

Source Target Orientation CN MCI AD

DTI MRI Axial 0.18 ± 0.05 0.18 ± 0.05 0.19 ± 0.05
DTI MRI Coronal 0.22 ± 0.06 0.22 ± 0.04 0.22 ± 0.05
DTI MRI Sagittal 0.14 ± 0.06 0.14 ± 0.06 0.18 ± 0.08

DTI PET Axial 0.20 ± 0.04 0.20 ± 0.04 0.20 ± 0.03
DTI PET Coronal 0.26 ± 0.04 0.25 ± 0.04 0.25 ± 0.04
DTI PET Sagittal 0.23 ± 0.04 0.22 ± 0.04 0.23 ± 0.04

MRI DTI Axial 0.45 ± 0.24 0.39 ± 0.28 0.53 ± 0.20
MRI DTI Coronal 0.40 ± 0.28 0.42 ± 0.30 0.46 ± 0.26
MRI DTI Sagittal 0.40 ± 0.27 0.39 ± 0.27 0.43 ± 0.29

MRI PET Axial 0.22 ± 0.04 0.22 ± 0.04 0.20 ± 0.04
MRI PET Coronal 0.26 ± 0.05 0.26 ± 0.04 0.27 ± 0.04
MRI PET Sagittal 0.23 ± 0.05 0.22 ± 0.04 0.22 ± 0.04

PET DTI Axial 0.48 ± 0.21 0.46 ± 0.23 0.43 ± 0.28
PET DTI Coronal 0.55 ± 0.24 0.56 ± 0.20 0.58 ± 0.18
PET DTI Sagittal 0.42 ± 0.27 0.38 ± 0.29 0.38 ± 0.30

PET MRI Axial 0.17 ± 0.04 0.17 ± 0.05 0.18 ± 0.05
PET MRI Coronal 0.19 ± 0.05 0.20 ± 0.07 0.20 ± 0.08
PET MRI Sagittal 0.13 ± 0.04 0.13 ± 0.05 0.12 ± 0.05

combining imaging and tabular data. However, statistical evaluation 

using both the full set of 25 runs and the 5 independent repetitions in­

dicates that these differences are not statistically significant (p > 0.05) 

for either MC or B classification. Therefore, while clinical features may 

provide additional context, their contribution to overall performance is 

limited in the present experiments.

Table 14 reports the corresponding results obtained when synthetic 

data generated through ControlNet was incorporated into the training 

set. Based on the consistent superiority of the Transformer head in earlier 

experiments, we restricted this analysis to the Transformer configura­

tion only. This choice ensures a computationally efficient setup while 

maintaining methodological coherence with prior findings.

Interestingly, the addition of synthetic modalities led to moderate 

improvements in most configurations, particularly in PET-Full (57.80%
MC, 81.40% B) and MRI-PET (80.49% B). These results demonstrate 

that generative augmentation can further enhance multimodal fusion 

when guided by reliable clinical embeddings. A separate observation 

concerns the multiclass setting. As shown in Table 14, the proposed 

framework remains competitive in MC classification and, in the best 

multimodal configuration, attains higher MC F1 than the 3D PET base­

lines. This suggests that its main advantage emerges in more complex 

multimodal classification settings rather than in the best-case unimodal 

binary scenario.

Taken together, Tables 9 and 14 delineate the operating boundary 

of generative augmentation in the present framework. The most favor­

able regime is PET-centered incomplete-data settings, where a strong 

real PET signal remains available and the synthetic samples act as a 

limited complement rather than the dominant source of information. In 

these cases, augmentation improves PET-Full in the multiclass setting 

and, when clinical variables are included, also benefits PET-Full and 

MRI-PET in the binary setting. By contrast, performance becomes more 

mixed as missingness handling requires broader multimodal comple­

tion: DTI-PET shows task-dependent behavior, and the fully multimodal 

Full configuration does not show a uniform advantage, with MC per­

formance decreasing after augmentation. Most notably, the Axial-Cross 

configuration degrades with augmentation in both Sections 5.6 and 

Section 5.7, indicating that this setting should not be enabled by de­

fault in the present implementation. Overall, these findings suggest 

that the proposed framework is most appropriately interpreted as a 

unified benchmark for studying multimodal learning under incomplete-

modality conditions, rather than as a uniformly superior alternative to 

strong unimodal baselines.

Table 13 

Comparison of multimodal classification performance with integrated clini­

cal features using both Mean and Transformer fusion heads. The Transformer 

head consistently outperforms the CLS Mean approach across all configura­

tions, demonstrating its superior ability to capture cross-modal dependencies 

between imaging and clinical data. Results are reported as mean ± standard 

deviation across repeated stratified group k-fold cross-validation with 5 folds 

and 5 repetitions, yielding 25 model fits per configuration.

Experiment Model Fusion Head F1 (MC) (%) F1 (B) (%)

PET-Full RadioDino base CLS Mean 37.12 ± 4.50 67.44 ± 4.37
Transformer 51.94 ± 4.89 76.41 ± 4.74

Axial-Cross RadioDino small CLS Mean 44.50 ± 4.12 64.25 ± 2.95
Transformer 52.59 ± 3.04 77.83 ± 4.15

DTI-PET RadioDino small CLS Mean 41.65 ± 3.10 61.40 ± 3.80
Transformer 𝟓𝟒.𝟐𝟓 ± 𝟐.𝟕𝟓 63.10 ± 4.05

MRI-PET RadioDino base CLS Mean 39.52 ± 3.45 62.44 ± 4.47
Transformer 42.80 ± 3.20 74.24 ± 3.62

Full RadioDino small CLS Mean 44.94 ± 3.05 63.74 ± 3.07
Transformer 52.30 ± 2.80 𝟕𝟗.𝟔𝟔 ± 𝟒.𝟕𝟓

Table 14 

Classification results using the Transformer fusion head af­

ter integrating both clinical features and synthetically gen­

erated imaging modalities. The results remain strongest in 

PET-centered configurations, but the effect of generative aug­

mentation is mixed across settings and should not be inter­

preted as uniformly beneficial. Results are reported as mean 

± standard deviation across repeated stratified group k-fold 

cross-validation with 5 folds and 5 repetitions, yielding 25 

model fits per configuration.

Experiment Model F1 (MC) (%) F1 (B) (%)

PET-Full RadioDino base 𝟓𝟕.𝟖𝟎 ± 𝟒.𝟔𝟓 𝟖𝟏.𝟒𝟎 ± 𝟑.𝟕𝟔
Axial-Cross RadioDino small 50.04 ± 2.58 71.71 ± 3.91
DTI-PET RadioDino small 52.02 ± 3.61 74.85 ± 4.20
MRI-PET RadioDino base 49.10 ± 3.55 80.49 ± 4.41
Full RadioDino small 50.53 ± 2.75 80.17 ± 5.19

We also evaluated a gated variant of the Transformer fusion head 

in the most challenging setting, namely the Full configuration with 

clinical features and synthetic modalities, using RadioDino small under 

the same training protocol as the corresponding experiment reported 

in Table 14. In this variant, only the modality tokens were modulated 

before self-attention, while the CLS token, the clinical token, and the 

missing-modality masking mechanism were left unchanged. Let 𝑋mod =
{𝑥1,… , 𝑥𝑀} denote the set of modality tokens, with 𝑥𝑖 ∈ R𝑑model . For 

each modality token, a scalar gate was computed as

𝑔𝑖 = 𝜎
(

𝐖2 𝜙
(

𝐖1 LN(𝑥𝑖) + 𝐛1
)

+ 𝐛2
)

,

where LN(⋅) denotes layer normalization, 𝜙(⋅) is the GELU activation, and 

𝜎(⋅) is the sigmoid function. The gated modality token was then obtained 

as

𝑥̃𝑖 = 𝑔𝑖 𝑥𝑖,

and the final input sequence to the Transformer was formed by re­

placing each modality token 𝑥𝑖 with its gated counterpart 𝑥̃𝑖. This 

experiment was restricted to the Full setting because it represents the 

most challenging fusion scenario, combining all imaging modalities, 

clinical variables, and synthetic augmentation, and therefore provides 

the most direct test of whether explicit token-wise suppression can miti­

gate noisy or weakly informative modalities. However, the gated variant 

did not improve over the standard Transformer, yielding 47.12 ± 1.93% 

in MC and 79.97 ± 4.27% in B classification, compared with 50.53 ±
2.75% and 80.17±5.19% for the corresponding non-gated configuration. 

These results suggest that, in the present setting, this simple token-wise 
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Table 15 

Demographic fairness analysis of RadioDino model configurations across neuroimaging modalities. Results show F1-scores, Calibration Gap 

(CG), and sample sizes (mean ± standard deviation) for classification stratified by ethnicity and gender. Sample sizes are averaged across the 

5 iterations. Only subgroup-task combinations with at least 30 samples are reported quantitatively. Other ethnic subgroups did not satisfy this 

minimum sample-size criterion and are therefore omitted from the table.

Experiment Model Demographic Group F1 (MC) (%)↑ CG (MC) (%)↓ N (MC) F1 (B) (%)↑ CG (B) (%)↓ N (B)

PET-Full RadioDino Base White 𝟓𝟐.𝟑 ± 𝟓.𝟏 𝟖.𝟒 ± 𝟐.𝟖 135.8 ± 3.06 𝟕𝟕.𝟒 ± 𝟒.𝟗 𝟔.𝟖 ± 𝟐.𝟔 67.0 ± 1.29
Male 𝟓𝟏.𝟔 ± 𝟓.𝟖 𝟗.𝟎 ± 𝟐.𝟗 81.4 ± 6.21 𝟕𝟔.𝟖 ± 𝟕.𝟐 8.1 ± 3.2 40.8 ± 2.08
Female 51.5 ± 5.8 9.4 ± 3.6 65.6 ± 6.21 72.2 ± 8.3 𝟕.𝟕 ± 𝟑.𝟓 33.2 ± 2.08

Axial-Cross RadioDino Small White 52.1 ± 3.0 𝟖.𝟓 ± 𝟐.𝟏 188.4 ± 2.20 77.3 ± 5.1 𝟓.𝟑 ± 𝟐.𝟕 105.8 ± 2.53
Male 49.4 ± 4.7 10.0 ± 3.5 113.0 ± 3.71 74.9 ± 4.0 5.8 ± 3.0 59.8 ± 4.76
Female 𝟓𝟒.𝟖 ± 𝟔.𝟎 𝟖.𝟒 ± 𝟑.𝟏 101.0 ± 3.71 𝟕𝟖.𝟓 ± 𝟕.𝟔 𝟓.𝟑 ± 𝟐.𝟒 67.2 ± 4.76

DTI-PET RadioDino Small White 53.5 ± 2.4 𝟕.𝟓 ± 𝟐.𝟒 175.6 ± 3.74 79.0 ± 11.7 𝟐𝟏.𝟎 ± 𝟐.𝟎 93.22 ± 2.32
Male 51.7 ± 4.4 8.6 ± 2.7 101.0 ± 7.10 74.6 ± 6.1 18.9 ± 4.8 101.0 ± 7.10
Female 𝟓𝟒.𝟖 ± 𝟒.𝟗 𝟖.𝟓 ± 𝟑.𝟓 99.0 ± 7.10 𝟕𝟕.𝟗 ± 𝟔.𝟕 𝟏𝟕.𝟐 ± 𝟒.𝟑 99.0 ± 7.10

MRI-PET RadioDino Base White 52.0 ± 4.0 𝟓.𝟔 ± 𝟐.𝟕 77.2 ± 0.41 74.3 ± 4.0 𝟓.𝟔 ± 𝟐.𝟕 77.2 ± 0.41
Male 49.5 ± 4.4 𝟓.𝟖 ± 𝟑.𝟒 45.6 ± 1.53 𝟕𝟓.𝟓 ± 𝟒.𝟒 𝟓.𝟖 ± 𝟑.𝟒 45.6 ± 1.53
Female 𝟓𝟏.𝟔 ± 𝟕.𝟕 6.6 ± 3.3 39.4 ± 1.53 71.6 ± 7.7 6.6 ± 3.3 39.4 ± 1.53

Full RadioDino Small White 𝟓𝟏.𝟗 ± 𝟑.𝟎 𝟖.𝟐 ± 𝟐.𝟔 188.4 ± 2.20 79.3 ± 4.8 𝟔.𝟒 ± 𝟐.𝟖 105.8 ± 2.53
Male 50.1 ± 5.2 9.0 ± 3.5 113.0 ± 3.71 77.9 ± 5.6 𝟔.𝟖 ± 𝟐.𝟑 59.8 ± 4.76
Female 𝟓𝟑.𝟐 ± 𝟔.𝟕 𝟖.𝟑 ± 𝟐.𝟒 101.0 ± 3.71 𝟕𝟖.𝟔 ± 𝟖.𝟒 6.9 ± 3.3 67.2 ± 4.76

Table 16 

Age-group performance analysis of RadioDino model configurations across neuroimaging modalities. Results show F1-scores, 

Calibration Gap (CG), and sample sizes (mean ± standard deviation) for classification. Only subgroup-task combinations with at 

least 30 samples are reported quantitatively. Other age bins did not satisfy this minimum sample-size criterion and are therefore 

discussed in the text rather than reported in the table. Cells marked with – correspond to subgroup-task combinations that did not 

satisfy the minimum sample-size criterion and were therefore not reported quantitatively.

Experiment Model Age F1 (MC) (%)↑ CG (MC) (%)↓ N (MC) F1 (B) (%)↑ CG (B) (%)↓ N (B)

PET-Full RadioDino Base 80–89 50.3 ± 10.4 10.9 ± 4.6 58.8 ± 1.35 – – –

90–99 45.3 ± 6.7 𝟖.𝟔 ± 𝟑.𝟏 47.2 ± 3.32 72.5 ± 8.8 8.8 ± 3.10 30.6 ± 4.77

Axial-Cross RadioDino Small 70–79 55.8 ± 6.5 12.9 ± 5.5 50.8 ± 6.93 81.2 ± 9.6 4.6 ± 2.6 33.20 ± 6.14
80–89 50.2 ± 4.9 10.4 ± 3.2 75.6 ± 3.45 80.4 ± 5.7 7.3 ± 3.2 40.40 ± 4.68
90–99 41.4 ± 4.2 𝟗.𝟗 ± 𝟒.𝟎 64.8 ± 9.05 66.6 ± 10.7 7.1 ± 4.2 37.00 ± 5.52

DTI-PET RadioDino Small 70–79 53.4 ± 8.1 9.7 ± 4.3 52.0 ± 5.74 – – –

80–89 54.8 ± 3.3 𝟗.𝟔 ± 𝟑.𝟎 70.6 ± 4.73 72.8 ± 3.6 𝟔.𝟕 ± 𝟐.𝟒 35.30 ± 2.36
90–99 40.4 ± 5.7 11.9 ± 4.3 55.2 ± 3.62 – – –

MRI-PET RadioDino Base 90–99 74.0 ± 5.8 6.7 ± 2.8 38.6 ± 3.20 74.0 ± 5.8 6.7 ± 2.8 38.60 ± 3.20

Full RadioDino Small 70–79 59.0 ± 7.0 11.2 ± 4.2 50.8 ± 6.93 82.7 ± 9.5 𝟒.𝟔 ± 𝟐.𝟎 33.20 ± 6.14
80–89 47.9 ± 5.4 𝟗.𝟔 ± 𝟒.𝟎 75.6 ± 3.45 78.6 ± 6.7 6.8 ± 2.9 40.40 ± 4.68
90–99 43.3 ± 5.3 10.4 ± 3.7 64.8 ± 9.05 71.8 ± 9.8 8.5 ± 4.2 37.00 ± 5.51

gating formulation is not sufficient to resolve the observed multimodal

interference.

To provide deeper insight into model behavior beyond aggregate F1-

scores, we report normalized confusion matrices for both the multiclass 

MC setting and the corresponding binary classification task Section 6. All 

confusion matrices are row-normalized, thus reflecting per-class recall 

and mitigating the effect of class imbalance. In the multiclass setting, 

the confusion matrix reveals the expected difficulty in discriminating 

adjacent disease stages. Correct classification rates are highest for CN 

and AD, while MCI exhibits increased confusion with both neighboring 

classes, consistent with its clinically heterogeneous and transitional na­

ture. Misclassifications predominantly occur between CN and MCI, and 

between MCI and AD, whereas direct confusion between CN and AD re­

mains limited. These patterns support the use of F1-score as a balanced 

metric while highlighting class-specific failure modes. The binary con­

fusion matrix further confirms that performance gains are not driven by 

a single dominant class, but instead reflect balanced sensitivity across 

disease groupings.

While these values are reported as a benchmark within our experi­

mental framework, they should be interpreted in the context of the in­

trinsic difficulty of ADNI classification. Reported multiclass F1-scores in 

prior ADNI studies vary widely depending on cohort selection, modality 

availability, and evaluation protocol, and are often substantially lower 

than their binary counterparts. In this regard, the obtained result is con­

sistent with the upper range of performance reported in approaches [5] 

under strict cross-validation and patient-level separation, rather than 

indicating a definitive state-of-the-art outcome.

6 . Demographic and fairness analysis

For the assessment of fairness and generalizability, we adopted 

the multimodal configuration trained with synthetic data using the 

Transformer fusion head, selected for its consistent performance across 

previous experiments and its balance between representational rich­

ness and computational feasibility. This setup integrates both real and 

generated imaging modalities along with clinical features, enabling 

a comprehensive evaluation across demographic and diagnostic sub­

groups. To reduce the risk of over-interpreting statistically unstable 

subgroup estimates, the quantitative fairness analysis reported below 

is restricted to subgroup-task combinations with at least 30 samples. 

Subgroups not satisfying this criterion are omitted from the tables and 

are not used for quantitative fairness claims. To this end, we per­

formed a subgroup analysis stratified by ethnicity, gender, and age, 

with Tables 15 and 16 reporting F1-scores and corresponding sample 

sizes across multimodal configurations. Specifically, ethnic and gender 

fairness is analyzed in Section 6.1, highlighting performance differences 
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Fig. 6. (a) Normalized MC confusion matrix for the PET-Full MC approach reported in Table 14. (b) Normalized B confusion matrix for the PET-Full approach reported 

in Table 14.

across ethnicity and sex. Age-related trends are examined in Section 6.2, 

showing performance variations across age cohorts. Finally, overall in­

terpretation and insights regarding demographic imbalances and their 

impact on model reliability are discussed in Section 6.4.

6.1 . Ethnic and gender fairness

Across all experiments, the White subgroup exhibited the most sta­

ble and highest F1-scores, achieving 52.0% ± 5.0 in MC and 77.0% ±
5.0 in B classification for the PET-Full configuration. This result aligns 

with the substantially larger sample size available for this population 

(𝑁𝐶𝑁+𝑀𝐶𝐼+𝐴𝐷 = 135.8 ± 3.06), suggesting that model performance 

strongly correlates with data availability.

Gender analysis revealed minimal bias between male and female 

subgroups, with comparable MC F1-scores across all modalities. For 

instance, in the PET-Full setting, both male and female participants 

achieved approximately 52.0% MC F1, while B classification slightly 

favored males (76.8% vs. 72.2%). The Axial-Cross and Full configu­

rations showed marginally higher performance for females in the B 

setting, whereas the remaining differences were modest relative to the 

variability across configurations. Overall, among the subgroup compar­

isons supported by sufficient sample size, sex-related disparities appear 

limited.

6.2 . Age-related trends

The age-group analysis reported in Table 16 is likewise restricted 

to subgroup-task combinations with at least 30 samples. Within the re­

ported strata, performance is generally more stable in the 70–99 age 

range, whereas younger and extreme-age bins are not shown when the 

available sample size is insufficient for robust estimation. This pattern 

indicates that age-related differences should be interpreted jointly with 

the cohort distribution.

6.3 . Algorithmic bias and potential clinical consequences

Beyond performance disparities, algorithmic bias may have tangi­

ble clinical consequences if deployed without appropriate safeguards. 

In particular, systematic underperformance for specific demographic or 

acquisition-defined subgroups could lead to delayed diagnosis, misclas­

sification, or reduced access to appropriate follow-up care for under­

represented populations. In the context of neurodegenerative disease 

screening, such errors may exacerbate existing healthcare inequities by 

disproportionately affecting groups that are already less represented 

in large-scale datasets such as ADNI. While the present study focuses 

on identifying and quantifying subgroup-level performance differences, 

we emphasize that fairness-aware deployment requires additional mit­

igation strategies. Potential directions include the adoption of group-

specific decision thresholds to balance sensitivity and specificity across 

subgroups, reweighting or oversampling underrepresented cohorts dur­

ing training, and post hoc calibration to reduce systematic prediction 

gaps.

6.4 . Interpretation

The fairness analysis highlights that model reliability is strongly 

influenced by demographic imbalances in the ADNI dataset. In particu­

lar, the limited representation of several ethnic categories and of some 

age extremes constrains the set of subgroup comparisons that can be 

supported quantitatively. These results underscore the need for more 

balanced recruitment strategies and for future multimodal foundation 

model studies explicitly designed around robust subgroup evaluation.

7 . Limitations and future directions

While our framework provides a structured basis for studying multi­

modal AD diagnosis through foundation models and generative augmen­

tation, several important considerations guide future research directions 

and clinical translation efforts. Dataset scope and generalizability are 

discussed in Section 7.1, emphasizing the need for more diverse pop­

ulations. Architectural design choices are considered in Section 7.2, 

highlighting the trade-off between 2D slice-based processing and full 

3D analysis. Synthetic data generation and biological fidelity are ad­

dressed in Section 7.3, identifying opportunities for more sophisticated 

generative models. Clinical data integration pathways are examined 

in Section 5.7, focusing on interpretability and practical deployment. 

Methodological focus and baseline strategy are detailed in Section 7.5, 

supporting targeted evaluation of core hypotheses. Fairness and repre­

sentation are analyzed in Section 7.6, stressing bias-aware model devel­

opment. Finally, translational opportunities are outlined in Section 7.7, 

providing a roadmap toward clinical adoption.

7.1 . Dataset scope and generalizability

Our investigation leverages the ADNI dataset, recognized as the 

premier resource for AD neuroimaging research, which provides stan­

dardized protocols and longitudinal follow-up essential for robust model 

development. However, ADNI’s carefully curated cohort, while method­

ologically advantageous, represents a demographically homogeneous 

population that may limit immediate generalization to global healthcare 

settings. This characteristic presents an opportunity to extend our frame­

work to more diverse populations and validate its robustness across 

different demographic and clinical contexts. The controlled nature of 
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Fig. 7. Class-wise prediction distributions of the full MRI model evaluated on the OASIS-1 dataset, using both transformer and mean aggregation heads with RadioDino 

backbones.

ADNI data also motivates future work incorporating real-world clinical 

datasets with greater heterogeneity in imaging protocols, comorbidities, 

and disease presentations.

While ADNI provides a well-curated benchmark, it is characterized 

by limited demographic and site diversity, which constrains the assess­

ment of model robustness across heterogeneous clinical settings. To 

preliminarily explore whether the observed trends extend beyond this 

homogeneous context, we evaluated the full MRI model on the indepen­

dent OASIS-1 cohort [49], which differs from ADNI in terms of subject 

recruitment, acquisition protocols, and cohort composition. To reduce 

ambiguity while acknowledging the label mismatch, we additionally 

considered a simplified binary mapping for this auxiliary external anal­

ysis, in which OASIS-1 “Non Demented” subjects were mapped to CN 

and OASIS-1 “Very Mild Dementia”, “Mild Dementia”, and “Moderate 

Dementia” subjects were grouped into AD. Under this coarse mapping, 

the evaluated configurations yielded approximate macro-F1 values rang­

ing from 0.581 to 0.669; the strongest configuration reached a macro-F1 

of 0.669, an AD-class F1 of 0.552, a balanced accuracy of 0.729, and an 

overall accuracy of 0.710. These values were derived from aggregated 

confusion matrices and should therefore be interpreted only as approx­

imate external diagnostic-consistency indicators rather than as directly 

comparable replications of the ADNI benchmark. As shown in Fig. 7, 

we also report class-wise prediction distributions, since the diagnostic 

label definitions in OASIS-1 still do not directly align with those used 

in ADNI, preventing a reliable one-to-one comparison of the full bench­

mark setting and precluding threshold-based metrics such as AUC from 

the available aggregated outputs. Qualitatively, predictions associated 

with CN subjects appear concentrated within similar ranges, reflecting 

relatively consistent normal brain patterns, whereas predictions associ­

ated with AD span a broader range across the OASIS-1 cohort, indicating 

increased heterogeneity in pathological presentations. Although this 

analysis does not constitute a comprehensive fairness or demographic 

stratification study, it suggests that the main findings are not strictly 

dataset-specific. A systematic evaluation across larger and more diverse 

cohorts, such as AIBL or international datasets, remains an important 

direction for future work.

Acknowledgment of data source. Data were provided by the OASIS-

1 Cross-Sectional dataset. Principal Investigators include D. Marcus, 

R. Buckner, J. Csernansky, and J. Morris. This work was supported 

by P50 AG05681, P01 AG03991, P01 AG026276, R01 AG021910, 

P20 MH071616, and U24 RR021382.

7.2 . Architectural design choices

Our slice-based 2D processing strategy represents a deliberate 

methodological trade-off. It enabled direct adaptation of pretrained 

2D foundation encoders and allowed all modalities, fusion heads, and 

missing-modality settings to be studied within a unified framework. At 

the same time, this choice discards full volumetric context and cannot 

preserve z-axis spatial correlations, which are relevant for neurodegen­

erative patterns such as regional atrophy and ventricular enlargement. 

The 3D PET baselines reported earlier show that volumetric models 

can remain stronger when complete volumes are available, particu­

larly in the binary PET-only setting. Accordingly, the present results 

should be interpreted as evidence for the utility of foundation-model-

based multimodal analysis under a 2D slice formulation, rather than as 

evidence that 2D inputs are generally preferable to dedicated 3D archi­

tectures. Extending the framework to 3D foundation models or hybrid 

slice-volume strategies remains an important direction for future work.

7.3 . Synthetic data generation and generative model limitations

Our ControlNet-based generative approach provides a practical strat­

egy for handling missing imaging modalities in multimodal learning. 

By generating synthetic images that preserve coarse structural consis­

tency, the method can support feature learning in settings with incom­

plete data. However, important limitations remain regarding biological 

fidelity and the reliability of the generated images.

First, the synthetic images have not undergone expert clinical valida­

tion, leaving uncertainty as to whether they accurately reflect realistic 

anatomical or pathological patterns. Moreover, the reconstruction met­

rics reported in Table 11 reveal consistently low SSIM and PSNR values 

across multiple modality pairs. These results indicate that, while global 

anatomical structure may be preserved, the generated images differ sub­

stantially from real target modalities at the intensity and local-structure 

level. Consequently, the synthetic data should not be interpreted as faith­

ful biological reconstructions nor considered suitable for direct clinical 

interpretation.

These limitations introduce a concrete risk that generative augmen­

tation may induce spurious correlations or modality-specific artifacts. 

Such effects could artificially improve internal validation metrics by re­

inforcing shortcut features, while negatively impacting generalization 

to unseen cohorts or external datasets. Our experimental findings are 

consistent with this risk, as performance gains from generative augmen­

tation are observed only in specific configurations, whereas in other 

settings the inclusion of synthetic data degrades results, particularly 

when synthetic samples dominate over real images.

For these reasons, synthetic images are strictly confined to train­

ing and validation, and all reported test evaluations are performed 

exclusively on real data. The role of the generative model within our 

framework should therefore be understood as a limited training-time 

augmentation strategy for incomplete-modality settings. Its effect is 

configuration-dependent, can be harmful when synthetic inputs are used 

non-selectively, and should not be interpreted as a reliable tool for 

biologically accurate modality reconstruction.

7.4 . Clinical deployment barriers

Despite the encouraging performance observed in our experimen­

tal evaluation, several barriers remain before the proposed framework 
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can be translated into routine clinical practice. One important limitation 

concerns interpretability. While the transformer-based fusion head relies 

on attention mechanisms that are, in principle, amenable to visual­

ization, this study does not include a systematic analysis of attention 

maps or qualitative assessments by clinicians. Moreover, the internal 

representations learned by large transformer models remain difficult to 

directly relate to established neuroanatomical or pathological biomark­

ers, reinforcing their characterization as black-box systems. As such, 

attention-based explanations are not yet validated as reliable indica­

tors of clinically meaningful decision factors, and their integration is 

left as a direction for future work. Another key challenge relates to real-

world clinical workflows. Although the framework is explicitly designed 

to operate under incomplete multimodal settings by accommodating 

missing imaging modalities, this capability has been evaluated only in 

a retrospective, dataset-driven context. No user studies or prospective 

clinical evaluations were conducted to assess how generated or substi­

tuted modalities would be perceived, trusted, or acted upon by clinicians 

in practice. Consequently, while the proposed design offers a technically 

flexible solution to data incompleteness, its impact on clinical decision-

making remains to be established. These considerations highlight that 

the present work should be viewed as a methodological contribution 

rather than a clinically validated system. Future studies will be required 

to assess interpretability tools in collaboration with domain experts and 

to evaluate the framework within realistic clinical workflows, including 

user feedback and prospective validation.

7.5 . Methodological focus and baseline strategy

Our comparative analysis strategically emphasizes deep learning ap­

proaches to maintain methodological coherence and enable meaningful 

architectural comparisons. By focusing on foundation model adapta­

tions and transformer-based fusion, we provide clear insights into the 

specific contributions of our approach within the modern AI paradigm. 

This focused comparison strategy, rather than exhaustive baseline cov­

erage, allows for deeper investigation of our core hypotheses regarding 

multimodal fusion and generative augmentation. Future work can build 

upon our established foundation to explore hybrid approaches combin­

ing the strengths of different methodological paradigms. Accordingly, 

the current benchmark is not exhaustive with respect to all multimodal 

fusion and missing-modality design families, particularly branch-based 

cross-attention architectures and latent-space aggregation methods.

7.6 . Fairness and representation

Our comprehensive fairness analysis reveals both the potential and 

challenges of applying AI to diverse populations. The observed perfor­

mance variations across demographic groups, rather than representing 

a failure, highlight the critical importance of bias-aware model devel­

opment and provide a baseline for future fairness-enhanced approaches. 

While this work provides these foundational insights, it does not im­

plement explicit fairness-aware training or bias mitigation techniques, 

leaving the impact of such strategies to be explored in future studies. 

This analysis contributes valuable insights to the broader medical AI 

community regarding the need for inclusive dataset construction and 

algorithmic fairness in healthcare applications. Nevertheless, the re­

ported subgroup analyses offer actionable insights that can inform future 

bias mitigation strategies. In particular, the observed imbalances suggest 

that oversampling underrepresented subgroups, reweighting loss func­

tions based on subgroup prevalence, or incorporating domain adaptation 

mechanisms to reduce site-specific effects could further improve eq­

uity across populations. These directions are left for future work, where 

targeted mitigation techniques can be rigorously evaluated without 

conflating fairness assessment with intervention effects.

7.7 . Translational opportunities

The limitations identified in this work collectively define a clear 

roadmap for clinical translation. The demonstrated effectiveness of our 

approach under controlled conditions provides strong motivation for 

prospective validation studies, integration with existing clinical work­

flows, and development of deployment-ready systems. Each limitation 

represents a specific research direction that can build upon our foun­

dational contributions to advance the field toward practical clinical 

impact.

7.8 . Temporal generalization

A further limitation of the present study concerns temporal gener­

alization and longitudinal consistency. To reduce label ambiguity and 

avoid potential data leakage, our experimental design restricts the anal­

ysis to first-visit scans and excludes subjects whose diagnosis changes 

across visits. While this choice supports a cross-sectional, screening-

oriented evaluation, it prevents a direct assessment of whether model 

predictions evolve consistently with disease progression over time. To 

partially explore this aspect, we performed an auxiliary evaluation on 

the subset of excluded patients exhibiting diagnostic progression, focus­

ing on PET-based models trained using both clinical and synthetic data, 

since it was the best-performing combination across the MC approaches. 

On this challenging cohort, performance was markedly lower, with an F1 

score of 0.4641±0.2820 in the B setting and 0.2420±0.1421 in the MC set­

ting. The reduced accuracy and high variance indicate that progression 

cases are substantially more difficult and suggest that models trained 

under a cross-sectional assumption do not reliably capture longitudi­

nal disease dynamics. A principled evaluation of temporal consistency 

would require dedicated longitudinal modeling strategies and multi-visit 

training protocols, which are beyond the scope of the present work.

8 . Conclusion

This work shows that foundation models can serve as a useful ba­

sis for multimodal neuroimaging analysis under incomplete modality 

availability, while also making clear that neither multimodal fusion nor 

generative augmentation is uniformly beneficial across settings. Within 

this revised scope, the contribution of the manuscript is not to claim a 

universally superior multimodal solution, but to provide a unified and 

reproducible framework that clarifies where such strategies are compet­

itive, where they degrade, and what limitations remain relative to strong 

unimodal volumetric baselines. Our comprehensive framework demon­

strates that vision foundation models can be adapted to neuroimaging 

through Low-Rank Adaptation, achieving an F1-score of 57.80% in MC 

AD classification in the best multimodal setting with clinical integration 

and generative augmentation.

The ControlNet-based generative component provides a practical 

training-time augmentation strategy for incomplete multimodal settings. 

Its benefits were most evident in selected PET-centered configurations, 

whereas other settings showed limited gains or even degradation, indi­

cating that synthetic modalities should be treated as auxiliary support for 

representation learning rather than as faithful replacements for missing 

clinical acquisitions.

This selective use of synthetic augmentation is relevant to real-

world clinical constraints where cost, accessibility, or patient factors 

prevent comprehensive imaging protocols, but it should be treated as 

auxiliary support rather than a uniformly beneficial component. The 

transformer-based fusion architecture provides a flexible mechanism 

for modeling cross-modal interactions and was particularly advanta­

geous in more complex multimodal configurations, although simpler 

aggregation remained competitive in several settings. Beyond technical 

contributions, our comprehensive fairness analysis provides a structured 

framework for performance and subgroup-level analysis for bias-aware 

medical AI development, revealing important performance variations 

across demographic groups while providing frameworks for equitable 

algorithm design. This dual focus on performance and fairness positions 

our work within the broader movement toward responsible healthcare 

AI. Our findings demonstrate that foundation models, originally de­

veloped for natural images, can be successfully adapted to specialized 
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medical domains while enabling a more cautious subgroup-level fairness 

assessment. This cross-domain transfer capability suggests promising 

applications across multiple medical imaging specialties, potentially 

accelerating AI development beyond neuroimaging. By bringing foun­

dation model adaptation, multimodal fusion, and missing-modality 

augmentation into a single experimental framework, this work offers a 

methodological basis for future research on neuroimaging classification 

under incomplete modality availability. We hope these results help clar­

ify which design choices are promising, which remain limited, and 

where stronger multimodal methods are still needed.
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