This MICCAI pa

is the Open Access version, provided

ntical to the

version, except for the format and this wat

;
M ICCAI final published version is available on SpringerLink

ADAPT: Adaptive Profiling Transformers for
Efficient Alzheimer’s Disease Diagnosis

Yifeng Wang!, Ke Chen?, and Haohan Wang>*

! Department of Electrical and Computer Engineering, Carnegie Mellon University,
Pittsburgh, USA
2 Center for Data Science, New York University, New York, USA
3 School of Information Sciences, University of Illinois Urbana-Champaign,
Champaign, USA
yifengw3@andrew.cmu.edu,kc65440nyu.edu,haohanw@illinois.edu

Abstract. Accurate and computationally efficient diagnosis of Alzheimer’s
Disease (AD) from MRI remains a challenge in medical imaging. While
3D deep learning models capture volumetric biomarkers, they require
substantial GPU memory. Conversely, 2D approaches are efficient but
fail to capture spatial context, limiting their clinical applicability. We
present ADAPT, a clinically-inspired diagnostic framework that achieves
3D-level accuracy with 2D computational costs through careful co-design
of three innovations: (1) a View-specific transformer architecture with four
encoder families that separately learn within-slice, within-view, and cross-
view relationships; (2) an adaptive view-profiling strategy that dynamically
allocates more slices to medically informative views based on learned
attention scores, providing more context in limited burden; and (3) a
pathology-driven morphology augmentation that simulates progressive at-
rophy patterns to improve model robustness. Experiments across various
AD datasets demonstrate that ADAPT achieves improved performance
over CNN and transformer baselines while costing 75.8% lower GFLOPs.
Beyond standard AD vs. NC classification, ADAPT also achieves strong
performance on the early-stage task of NC vs. MCI, further supporting
its relevance for real-world application. These results highlight ADAPT
as a practical, interpretable, and computationally efficient alternative to
previous models for cross-institutional Alzheimer’s Disease diagnosis.

Keywords: Alzheimer’s Disease - Brain Atrophy - Multi-view Learning
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1 Introduction

Alzheimer’s Disease (AD) is a progressive neurodegenerative disorder charac-
terized by structural brain changes including ventricular enlargement, cortical
thinning, and hippocampal atrophy. Structural magnetic resonance imaging (MRI)
provides high-resolution visualization of these anatomical patterns and remains
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a primary clinical tool for AD diagnosis [25]. However, manual inspection of 3D
MRI volumes is labor-intensive and subject to inter-reader variability, motivating
the development of automated systems to support clinical decision-making [9].

Limitations of Fully 3D Modeling. Deep learning approaches for AD diagnosis
have largely relied on 3D convolutional neural networks (CNNs) to capture volu-
metric structure [I7/4120]. While effective, fully 3D models suffer from substantial
computational and memory costs, limiting their feasibility in resource-constrained
clinical environments. Reducing resolution or extracting local patches can relieve
the burden, but often at the expense of losing global anatomical context, which
is essential for modeling distributed atrophy patterns [11l2]. Transformer-based
models offer improved modeling of long-range dependencies [19], yet directly ap-
plying vision transformers to 3D volumes dramatically increases token count and
computational load. Hybrid strategies have therefore emerged to balance efficiency
and context modeling. For example, MTr-Net [2I] combines 2D and 2.5D streams
for volumetric learning, while M3T [8] extracts slice-level features from axial,
sagittal, and coronal planes and fuses them using standard transformer encoders.
These multi-view approaches reduce some 3D overhead, but they typically (i)
treat anatomical views uniformly, (ii) use fixed numbers of slices per plane, and
(iii) lack mechanisms to adapt computation based on pathology-specific relevance.

Mismatch with Clinical Practice. In clinical workflows, clinicians do not
treat all anatomical planes as equally informative. Ventricular enlargement is
more apparent in axial and coronal views, whereas hippocampal atrophy is often
assessed across multiple planes. Diagnostic reasoning therefore involves selectively
focusing on anatomically informative slices and integrating cross-view evidence.
Existing multi-view models do not explicitly model this variable view importance
and instead allocate equal computational resources across planes, thus inefficiency.

Our Approach. To address these limitations, we propose ADAPT, an efficient
2.5D multi-view framework for AD diagnosis from structural MRI. Rather than
modeling the full 3D volume directly, ADAPT factorizes a scan into axial,
coronal, and sagittal slices and performs adaptive cross-view reasoning using a
clinically motivated transformer design. Unlike prior 2.5D models that apply
uniform processing across planes, ADAPT introduces view-aware modeling and
adaptive training while maintaining global representation. This design enables
ADAPT to approximate 3D contextual diagnosis with substantially reduced
memory and computational cost. The framework integrates three components:

— Pathology-driven morphology augmentation, which simulates progres-
sive atrophy patterns grounded in AD neuropathology to improve robustness
and generalization under limited data.

— View-specialized transformer encoders that model slice-level, intra-
/inter-view relationships through self- /fusion-attention mechanisms.

— Adaptive view profiling, which dynamically reallocates slice counts across
anatomical planes based on learned importance scores, enabling the model
to concentrate computation on diagnostically informative views.
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2 Methodology

ADAPT consists of three components: (1) pathology-driven morphology augmen-
tation, (2) a clinically motivated multi-view transformer with view-specialized
encoders, and (3) adaptive view profiling that reallocates slices across planes.
Given a 3D MRI volume, we factorize it into three slice sequences according
to sagittal, coronal, and axial views. We sample total n slices per volume with
ny slices from view ¢ € {axial, coronal, sagittal}. Morphology augmentation is
applied only during training (Sec. . The sampled slices are then encoded
with view-specialized blocks to capture within-slice, inter/intra-view relationships
(Sec. . Finally, adaptive view profiling uses view-importance scores from the
final cross-view encoder to update {n,} for the next iteration (Sec.[2.4).

2.1 Pathology-Driven Morphology Augmentation

Alzheimer’s pathology manifests in MRI as ventricular enlargement and shrinkage
of cortical /hippocampal structures, producing “atrophy regions” that expand with
disease progression. We propose morphology augmentation to simulate atrophy
progression /regression by locally expanding or contracting relative regions on
each 2D slice. Let f be an input slice and by be a structuring element controlling
the degree of deformation. We define morphological erosion and dilation as

FObNy) = min {fo+ay+5)-byaB), 1)
[f@bN](xay): max {f(x_avy_ﬁ)—’_b]\f(avﬁ)} (2)
(a,8)€bn

Augmentation Strategy. We apply atrophy expansion (®) to AD and MCI
scans and retain the AD label to reflect progression. Conversely, we apply atrophy
reduction (&) to NC and MCI scans and label them as NC. Augmenting MCI
encourages the classifier to improve accuracy and robustness in AD diagnosis.
Note, we do not claim an MCI subject becomes AD/NC; rather, we use bidi-
rectional morphology perturbations as a regularizer to model the NC-MCI-AD
continuum. This augmentation increases intra-class variability, injects meaningful
morphology changes without requiring segmentation, and encourages the model
to focus on atrophy-related regions.

2.2 Clinically Motivated Multi-view Transformer Encoders

Radiologists review MRI by browsing slices across sagittal/coronal /axial planes
and integrating evidence across views. ADAPT follows this with a 2.5D trans-
former that processes slices from each view and fuses information across slices and
views using four complementary encoders: SAE (shared self-attention), DS-AE
(dimension-specific self-attention), IntraCAE (intra-view cross-attention), and
InterCAE (inter-view cross-attention). Figure [1| illustrates this architecture.
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Fig. 1. The detailed architecture of ADAPT blocks, which consists of four complemen-
tary encoders for feature extraction and information gathering, across slices and views.

Given sampled slices, we tokenize each slice into patch embeddings. To inject
shared global context, we add a learnable guide embedding Xguide to patch tokens
and use positional embeddings E,,s to preserve ordering. The input sequence is

SO = |:Xclass; Xpy + Xguides " s Xp, + Xguides " " 3 Xpay, + Xguides

sagittal coronal
3)

i Xps, T Xguide] +Eps; Epos € RGN+1)xD

axial

SAE. SAE captures long-range spatial cues across slices. These encoders help
maintain global dependencies inherent in the 3D MRI. The networks are imple-
mented as Siamese networks [7] with shared weights:

SS = [XilaSS;xps]7 ls = SAE( ls-l); s € (1,71,), l=1..Lsar (4)

DS-AE. To enhance model’s ability to capture local view-dependent cues, DS-AE
applies view-specific self-attention to the slice representations, which mitigates
ViT’s [2] tendency to under-emphasize fine-grained anatomical features:

Si* = DSAE((S;7), s¢€ (1,n0),l = (Lsag +1)...(Lsag + Lpsar)  (5)

IntraCAE and InterCAE. To aggregate complementary information across slices
within a single view, IntraCAE employs fusion-attention (Section , enabling
slice-to-slice information sharing. While InterCAE integrates representations
across three views, enabling the model to capture cross-plane structural patterns
characteristic (e.g., ventricular enlargement visible across axial and coronal slices):

S!'® = IntraCAE(S}%), S! = InterCAE(S},); s € (1,n). (6)
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Algorithm 1 ADAPT Training Strategy

Input: 3D MRI Training set 7', initial slice number list ¥, model ADAPT 6O, total
slice number niota;

Output: Updated model O, final list

1: while T'raining do

2 With T and 1, sample 2D data §,, d.,0s on axial, coronal and sagittal views
3 0ay0c,0s = SAE(da,0c,0s)

4:  0q,0c,0s = DSAE,(0a), DSAE:(d.), DSAE;(ds)

5: 0a,0c,0s = IntraCAEq(dq), IntraCAE.(dc), IntraCAE,(ds)
64

7
8
9

8a,0e,05 = InterCAE(S,,00,05)

-
Qclass_dim K

Calculate score using Haim = softmax ) V for three dimensions

Vi

Calculate cross-entropy loss and update ©
:if p then
10: Update 9 according to ns = round(;dii;“r n)
re

11:  else

12: INITIALIZE(%))

13:  end if

14: end while

Classification. We average across view-wise [class] tokens after InterCAE, and
feed the result to an MLP classifier for AD vs. NC (and NC vs. MCI) prediction.

2.3 Fusion Attention Mechanism

Alzheimer’s pathology often manifests as distributed structural changes that
require information across slices and views. Standard self-attention mixes infor-
mation only through learned @, K,V projections from the same slice/view. We
propose a lightweight fusion attention used inside IntraCAE and InterCAE to
inject shared representations while preserving slice-/view-specific information.

Fusion Operation. For a view ¢ with n; slices, let {xp, ,,...,Xp, . } denote patch
embeddings. We form a fused token by summing patch embeddings within a
view f; = >°"", x,, ., and update the slice representation Sf’s = [xi’lfws, fi].
This retains slice-specific structure via xz’lz +s While providing shared contextual
evidence via f;. InterCAE applies the same mechanism but fuses across views

(forming fused tokens at the view level) to enable cross-plane integration.

2.4 Adaptive View Profiling

Different views provide unequal diagnostic value for Alzheimer’s Disease. For
instance, sagittal slices better capture hippocampal atrophy, whereas axial and
coronal slices emphasize ventricular enlargement. To allow the model to dynam-
ically emphasize the most informative views during training, we introduce an
attention score-based adaptive training strategy. After the final InterCAE layer,
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we compute a view score Hgiy, from each view-wise [class] token using its
attention response, which provides a principled, model-internal estimate of how
much information the model extracts from each slice sequence. Given normal-
ized attention scores H’dim, we update the number of slices n; assigned to each
view with the total number of slices n. To avoid suboptimal view allocation, we
reinitialize the slice number list 1) with probability p to encourage exploration of
different slice allocations while allowing exploitation of stable attention patterns
as training progresses. Algorithm [I] summarizes the full training strategy.

3 Experiments

3.1 Experimental Settings

Datasets. We train and select models on ADNI [I4], and evaluate cross-institutional
generalization on held-out external cohorts including AIBL [3], MIRIAD [12], and
OASIS [13]. All images are single-channel T1-weighted 3D MRI. For AD vs. NC,
ADNT is split at the subject level with no subject overlap (train: 878 NC / 884
AD / 1565 MCI; val: 72 NC / 81 AD; test: 266 NC / 145 AD). The external test
cohorts contain AIBL: 413 scans (363 NC / 50 AD), MIRIAD: 523 scans (177 NC
/ 346 AD), and OASIS: 2157 scans (1692 NC / 465 AD), providing cohorts with
different sample sizes and class balances for evaluating generalization beyond the
development dataset. For NC vs. MCI, we use ADNI NC and MCI subjects with
subject-disjoint splits (train: 878 NC / 1130 MCI; val: 72 NC / 93 MCI; test:
266 NC / 342 MCI). All data are preprocessed following protocols from medical
community [20] with standard augmentations via TorchIO [15].

Training Details. All MRI volumes are preprocessed using bias-field correction,
registration to MNI space, background cropping, resizing to 224 x 224 x 224,
and intensity normalization, following the medical imaging protocol in [20]. Each
preprocessed volume is decomposed into sagittal/coronal or axial slice sequences.
We initialize with 16 equidistant slices per view (48 total) sampled from the central
region of the volume. We optimize using AdamW (Ir = 5 x 10~°) with cosine
scheduling [T0] and cross-entropy loss [24]. The transformer uses 6 attention layers
total (SAE 1, DS-AE 1, IntraCAE 2, InterCAE 2) with 4 heads and embedding
dimension 256. Adaptive view profiling uses reinitialization probability p = 0.8.
The classifier averages the three view-wise [class] tokens and uses an MLP
head for final prediction.

3.2 Evaluation Between Baselines

In this subsection, ADAPT was compared with various baseline models for
Alzheimer’s diagnosis. We choose different models to show the capability of
ADAPT, including: CRATE [23] designed for natural 3D data; MedicalNet [I]
designed for diseases other than AD diagnosis; FCNlinksCNN [16], Knowl-
edgedD [25], M3T [8] and nnMamba [6] designed for AD diagnosis.

Each experiment is conducted 3 times with 5-fold cross-validation. The
quantitative performance is presented in Table [I} We select the best-performing
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Table 1. Comparison of accuracy on multi-institutional dataset. The numerical numbers
of models with morphology augmentation are bolded with better performance.

Model name I\‘I‘odcl Si2¢ a1 OPs Morphology Aug ADNI AIBL MIRIAD OASIS

(#params) val acc. test acc. test acc. test acc. test acc.
MedicalNet 17,723,458 451.4 No 0.855 £ 0.015 0.851 4 0.016 0.880 & 0.007 0.845 & 0.007 0.802 & 0.002
MedicalNet [T] 17,723,458 451.4 Yes 0.857+0.013 0.871£0.009 0.889+0.011 0.849+0.016 0.834+0.013
Knowledge4D 33,162,880  1267.8 No 0.805 4 0.005 0.864 =+ 0.002 0.844 £ 0.003 0.826 % 0.002 0.799 +£ 0.006
Knowledge4D [25] 33,162,880 1267.8 Yes 0.87510.010 0.862 4 0.008 0.889+0.002 0.864+0.005 0.809+0.003
FCNIinksCNN 310,488,372 751.2 No 0.802 4 0.008 0.807 £ 0.005 0.827 & 0.008 0.852 + 0.012 0.820 =+ 0.007
FCNlinksCNN [16] 310,488,372  751.2 Yes 0.847+0.006 0.836+0.016 0.828+0.004 0.86440.006 0.832+0.011
CRATE 27,567,300 489.2 No 0.804 £ 0.011 0.822 4 0.009 0.808 £ 0.003 0.814 4 0.002 0.794 4 0.007
CRATE [23] 27,567,300  489.2 Yes 0.856+0.003 0.826=0.005 0.818+0.003 0.834+0.003 0.842+0.007
M3T 29,229,500 934.4 No 0.848 £ 0.002 0.858 4 0.003 0.870 & 0.004 0.852 4 0.006 0.814 4 0.001
M3T [8] 29,229,500 934.4 Yes 0.89440.003 0.902+0.004 0.884+0.002 0.87610.005 0.844:0.001
nnMamba 12,876,400 471.8 No 0.850 4 0.002 0.862 = 0.004 0.862 £ 0.008 0.858 + 0.002 0.810 £ 0.003
nnMamba [6] 12,876,400 471.8 Yes 0.9000.002 0.882+0.006 0.8760.006 0.878+0.003 0.826+0.005
ADAPT 12,104,400 92.5 No 0.855 4 0.005 0.862 = 0.003 0.905 £ 0.004 0.856 £ 0.006 0.820 £ 0.007
ADAPT 12,104,400 92.5 Yes 0.92440.007 0.92840.002 0.921+0.005 0.913+0.004 0.868+0.002

Table 2. Comparison of accuracy, Brier score, specificity, and ROC-AUC for various
CNN-based and transformer-based models on the ADNI NC vs MCI classification task.

ADNI

Model name Val Test

acc. brier specificity roc acc. brier specificity roc
MedicalNet  0.752+0.003 0.25240.004 0.61740.003 0.719+0.002 0.72840.005 0.248+0.002 0.612+0.003 0.6884-0.001
Knowledge4D 0.775+0.006 0.2484-0.003 0.703+0.003 0.758+0.005 0.7484-0.004 0.245-0.005 0.72840.002 0.74240.004
FCNIlinksCNN 0.758+0.003 0.23640.006 0.726+0.002 0.738+0.003 0.74640.003 0.240£0.008 0.700+0.004 0.719+0.004

CRATE 0.7624-0.002 0.236+0.003 0.686+0.003 0.76040.005 0.71440.005 0.228+0.004 0.7004-0.004 0.752+0.003
M3T 0.7824:0.004 0.2164-0.006 0.78040.005 0.78020.003 0.76220.005 0.190=0.004 0.724=+0.007 0.768+0.006
nnMamba, 0.7864-0.002 0.202+0.005 0.766+0.004 0.7584-0.003 0.744+0.007 0.196+0.004 0.7434-0.001 0.752+0.005
ADAPT 0.7944-0.002 0.2024-0.004 0.77240.003 0.8060.001 0.780+£0.003 0.218-+0.005 0.746-+0.004 0.77040.003

model on ADNI and evaluate it on various AD datasets to verify if the model
has learned well on the knowledge that is highly transferable across different
datasets collected by different institutions. We also report the total parameters
and GFLOPs for measuring computational burdens with an ablation study on
Morphology Augmentation. Overall, ADAPT achieves the best performance on
both i.i.d scenario (ADNI) and out-of-domain testing scenarios (AIBL, MIRIAD,
and OASIS), demonstrating robustness across datasets collected from different
facilities. This confirms ADAPT can learn the actual AD-relevant brain features.
At the same time, our model has the fewest parameters and GFLOPs, proving the
efficiency of ADAPT. Beyond GFLOPs, we additionally profiled inference under
matched hardware settings. ADAPT runs at approximately 52 ms per volume
with 0.43 GiB peak GPU memory; compared with M3T, it is about 4.9 faster (52
vs. 254 ms), uses about 56x less peak memory (0.43 vs. 24.3 GiB), and requires
about one-tenth the GFLOPs (92.5 vs. 934.4), supporting a favorable accuracy—
memory—complexity trade-off. By analyzing the morphology augmentation result
(bolded one), we found that it can greatly improve the diagnosis accuracy on most
models, demonstrating its generalizability among different models. The NC vs
MCI classification task shows a similar result in Table 2] These results highlight
that ADAPT provides more reliable discrimination between NC and MCI, a
clinically important early-stage diagnosis task where anatomical differences are
subtle. Additionally, the best performance is achieved when ADAPT chooses 14
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Table 3. Ablation study of the main components of ADAPT.

AD vs NC (train: ADNI) NC vs MCI (ADNI)
Component ADNI Val ADNI Test AIBL Test MIRIAD Test OASIS Test Val Test
w/o SAE 0.87240.005 0.905+0.003 0.914+0.001  0.869+0.003  0.848+0.006 0.762+0.002 0.740£0.005
w/o DS-AE 0.85940.002 0.859+0.002 0.901-£0.003  0.781£0.001  0.81740.004 0.718+0.003 0.72040.001
w/o IntraCAE 0.88540.004 0.867+0.001 0.904+£0.004 0.885+0.006 0.827+0.003 0.744+0.002 0.736+0.003
w/o InterCAE 0.87240.006 0.864+0.007 0.877£0.002 0.870£0.004 0.851£0.003 0.757+0.003 0.748+0.005

w/o Cross-Attention  0.71940.004 0.62740.010 0.81040.008 0.710+0.002  0.675+0.007 0.603-+0.007 0.58840.010
w/o Adaptive Training 0.85540.004 0.836+0.003 0.883+0.002 0.882+0.002 0.807+0.005 0.746+0.001 0.740-+0.003

ADAPT 0.92440.007 0.928+0.002 0.92140.005 0.91340.004 0.86810.002 0.794+0.002 0.780+0.003

slices from sagittal view, and 17 slices from coronal and axial views. As compared
with table 3| w/o adaptive training, we found that coronal and axial views may
contain more differential relationships about the cortex and ventricle of AD and
NC, which may help the model learn the specific attention features accurately.

3.3 Ablation Study and Visualization Result

To evaluate how effective each block is, we ablated ADAPT, changing one setting
each time as shown in table [3] We find that each component is vital for the final
performance. In general, Fusion-Attention contributes the most because of its role
in information gathering. Among the four encoders, DS-AE shows its superiority
because it extracts detailed features from each 2D slice from different views, not
only leading the whole model to focus on special features but also guiding the
adaptive training strategy to determine which view is more important.

We visualize the activated area of ADAPT based. Figure [2] shows a NC-
related attention map in 3D MRI images from ADNI dataset in sagittal, coronal
and axial views. We visualize the attention result after each encoder block.
We found the attention mostly focused on some special brain tissues, such as
hippocampus, cortex, ventricle and frontal lobe. Disruption of the frontal lobes
and its associated networks are a common consequence of neurodegenerative
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\ Gyrus
Telencephalon

) Fig. 3. Attention map for Alzheimer’s
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view dimension: sagittal, coronal and ax- 54l

ial.

Occipital
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disorders [I8], as well as the hippocampus is most notably damaged by AD [22].
Based on these understandings of Alzheimer’s pathology [5], ADAPT successfully
captured the AD-related part. The hippocampus and cortex begin to atrophy,
and the ventricle begins to expand, which can serve as an evidence of morphology
augmentation and confirm the reliability of our proposed ADAPT.

4 Conclusions

We presented ADAPT, a clinically-inspired framework for AD diagnosis that
integrates pathology-driven augmentation, view-specific encoders, and adaptive
training, enabling effective modeling of within and cross-view structural relation-
ships in MRI. Mirroring clinical practice, ADAPT allocates different attention
to axial, coronal, sagittal views, allowing the model to prioritize relevant anatom-
ical cues. Experiments show that ADAPT achieves improved accuracy while
maintaining significantly lower memory compared to conventional approaches.
Visualization analysis further confirms that ADAPT focuses on AD-related
regions such as hippocampus and frontal lobe. In the future, we would extend
ADAPT to broader clinical applications and brain-related disease diagnosis.
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