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Abstract. Alzheimer's disease (AD) has to be caught early if treatment is to be of use, yet there is no agreement on
how structural MRI and functional PET should be joined inside a deep learning classifier. This paper compares
three fusion designs, early, late and hybrid, each built on the same 3D convolutional backbone so that the point of
fusion is the only variable. We used 381 paired MRI-PET studies from ADNI covering AD, mild cognitive
impairment (MCI) and normal control (NC) subjects, under 10-fold stratified cross-validation with one
preprocessing pipeline and one Hyperparameter set. Hybrid fusion performed best on every measure: 87.3%
(£1.6%) accuracy, an F1-score of 0.867 and an AUC of 0.924, against 82.1% for early and 84.7% for late fusion.
It also cut MCI misclassification by 46% relative to early fusion, the case that matters most in practice. A micro
service deployment design for clinical use is outlined.
Keywords. Alzheimer's disease; multimodal fusion; MRI-PET integration; early fusion; late fusion; hybrid fusion;
3D convolutional neural network; ADNI; computer-aided diagnosis; neuroimaging.

1. INTRODUCTION

Dementia affects more than 55 million people and Alzheimer's disease (AD) accounts for
most cases [1, 2]. Amyloid-beta plaques and tau tangles leave traces that imaging picks up
before a clinical diagnosis is recorded [3], so separating normal control (NC) from mild
cognitive impairment (MCI) and AD matters: once neurodegeneration is extensive, little can
be reversed. MRI resolves cortical thinning and hippocampal atrophy; FDG-PET reports
glucose metabolism, whose deficit appears years ahead of visible atrophy [3]. The modalities
carry different information, so combining them is attractive, but where that happens is a
design decision. Early fusion stacks the volumes at the input, late fusion merges modality-
specific decisions, hybrid fusion exchanges information at several depths. Published results
favour one scheme or another [12, 13, 16], yet those studies differ in cohort, preprocessing
and backbone, so the gaps cannot be attributed to fusion alone. We compare all three on one
cohort with one backbone and one hyperparameters set, reporting per-class behaviour
because the AD/MCI boundary is where such classifiers fail.

2. DATA AND PREPROCESSING

Scans come from ADNI [1]. Only subjects whose MRI and PET were acquired at the same
visit were kept, leaving 381 cases (Table 1). MMSE separates the groups clearly and mean
ages differ by under two years, so age is unlikely to confound the comparison.

Table 1. ADNI cohort: demographics and clinical scores.

Group Subjects (n) Male / Female Mean age (+SD) MMSE (+SD)
AD (Alzheimer's Disease) 95 54741 76.52 + 6.96 18.56 + 4.20
MCI (Mild Cognitive Impairment) 160 108 /52 76.97 £8.23 26.14 £ 0.81
NC (Normal Control) 126 71/55 75.25 +5.82 29.58 + 0.66
Total 381 233/148 — —

Fig. 1 shows the pipeline. Non-brain tissue was stripped with BET and FreeSurfer,
inhomogeneity corrected by N3 [4], and volumes warped into MN1152 space by affine then
non-linear registration before resampling and cropping. PET frames were motion-corrected,
averaged, rigidly registered to the subject's own MRI, and converted to standardised uptake
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values and Gaussian-smoothed. Intensities were scaled to [0,1]. Early fusion receives a dual-
channel tensor (H x W x D x 2); late and hybrid fusion take the volumes separately.

3. FUSION ARCHITECTURES AND TRAINING SETUP

The three designs appear in Fig. 2. Early fusion passes a dual-channel tensor through one
shared 3D-CNN: cheap to train, but it assumes voxel-level alignment and lets noise in one
modality contaminate shared features. Late fusion runs one branch per modality and
concatenates high-level embeddings before a shared classifier, tolerating misalignment but
sharing nothing at intermediate depths. Hybrid fusion gives each modality its own encoder,
joins the branches at a mid-level fusion block and continues through shared deeper layers,
so both local structural-functional correspondence and longer-range cross-modal structure
are representable. The convolutional blocks follow standard 2D backbones adapted to
volumetric input [7-11] and established medical-imaging practice [5, 6, 14, and 17].
Backbone, optimiser, loss and hyperparameters were identical throughout (Table 2).
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Figs. 1, 2. Left: preprocessing pipeline for the MRI and PET branches. Right: the three fusion architectures, (a)
early, (b) late, (c) hybrid.

Table 2. Experimental configuration, identical for all models.

Parameter Setting Parameter Setting

Framework / GPU TensorFlow 2.x, CUDA 11.x Optimiser Adam (n = 1x10%)

Validation 10-fold stratified CV, 80/10/10 Loss / batch / epochs Categorical CE / 8/ 100-150
Inputs MRI + FDG-PET (paired) Metrics / test Acc, P, R, F1, AUC; McNemar
4. RESULTS AND DISCUSSION

Table 3 gives means and standard deviations over the ten folds; hybrid fusion leads on all
five metrics. McNamara’s test places its margin over early fusion at p = 0.031 and over late
fusion at p = 0.047, and its fold-to-fold spread is narrowest at +0.016 against +0.023 and
+0.019, so the gain is consistent rather than an artefact of averaging (Figs. 3, 4).

Table 3. Ten-fold cross-validation results (mean + SD).

Fusion strategy Accuracy Precision Recall F1-score AUC
Early fusion 0.821+0.023 0.808+0.025 0.815+0.022 0.811+0.031 0.874+0.028
Late fusion 0.847+0.019 0.839+0.021 0.842+0.020 0.840+0.026 0.901+0.022

s Hybrid fusion 0.873+0.016 0.866+0.018 0.869+0.017 0.867+0.021 0.924+0.018
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Figs. 3, 4. Left: per-fold validation accuracy over the ten folds. Right: all five metrics by strategy.

The confusion matrices in Fig. 5 locate the improvement. MCI is the hard class throughout,
as expected of a stage sharing features with both neighbours. Early fusion misplaces 41 MCI
subjects (25.6%), late fusion 30 (18.8%) and hybrid fusion 22, a reduction of 46%. AD recall
is also highest for hybrid fusion at 86.3% (82 of 95), worth protecting since a missed AD
case delays treatment; NC recall exceeds 87% everywhere. Against published results (Table
4), 87.3% is 3.2 points above the nearest multimodal figure [16] and 4.4 above the best MRI-
only method [15].

Table 4. Comparison with representative prior work.

Study Modality Method Accuracy Year
Islam & Zhang [12] MRI only CNN 0.796 2018
Basaia et al. [13] MRI only Deep NN 0.817 2019
Rahman et al. [15] MRI only Transfer learning 0.829 2024
Wang et al. [16] MRI + PET Ensemble DL 0.841 2024
% Proposed hybrid fusion MRI + PET Hybrid 3D-CNN 0.873 2026

Fig. 6 shows the deployment design: the model is served as a TensorFlow Serving
microservice behind a REST API, returning a class label, confidence score and Grad-CAM
map per DICOM MRI-PET pair, with GPU batch inference and HL7/FHIR handoff to the
health record.
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Figs. 5, 6. Left: confusion matrices over ten folds. Right: deployment architecture.

Choice of strategy depends on the setting: early fusion where compute is scarce and
registration reliable, late fusion for mixed scanners or sessions, hybrid fusion whenever
accuracy dominates. Limitations: 381 subjects from one archive, so OASIS and AIBL
validation is needed; FDG-PET only; and limited interpretability, addressed in part by
saliency mapping.

5. CONCLUSION

Under matched conditions, hybrid MRI-PET fusion reached 87.3% (+1.6%) accuracy and
an AUC of 0.924 on three-class AD/MCI/NC classification, cutting MCI errors by 46%
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against early fusion (p = 0.031). Integrating structural and functional information at more
than one depth is worth its additional cost. Longitudinal modelling, cross-attention
Transformer fusion, federated training and OASIS/AIBL validation are under way.
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