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Abstract. Alzheimer’s disease (AD) pathology begins years before clin-
ical symptoms, making early and reliable diagnosis from a single modal-
ity inherently uncertain. Growing evidence links the gut microbiota to
early AD through the gut-brain axis, but direct microbiome profiling is
highly heterogeneous and temporally unstable, limiting its utility as a
deployable screening biomarker. To bridge this gap, we propose a gut
microbiota-informed genetic surrogate-driven multimodal framework for
AD diagnosis (MiGAD), which incorporates gut-brain axis related ge-
netic evidence and distills multimodal knowledge into an MRI-only model
for deployable screening. Our framework comprises three stages. First,
we perform microbiota-informed candidate variant selection by integrat-
ing multi-cohort microbiome genetic evidence and derive transferable
subject-level genetic representations. Second, we perform aligned cross-
modal token fusion with a hierarchical Transformer to integrate MRI,
clinical tabular features, and genetic tokens for AD classification. Third,
to handle missing peripheral modalities in real-world screening, we dis-
till the multimodal teacher into an MRI-only student model. We eval-
uate our approach on 6,500 participants from UK Biobank and ADNI.
The multimodal model achieves ACC=0.878 and AUC=0.963, while the
distilled MRI-only student improves AUC from 0.825 to 0.910 over an
MRI-only baseline. These results demonstrate that microbiota-informed
genetic surrogates provide stable complementary signals for AD staging
while preserving real-world usability.

Keywords: Alzheimer’s disease · Microbiota-informed genetics · Multi-
modal learning · Knowledge distillation.

1 Introduction

Alzheimer’s disease (AD) is a prevalent neurodegenerative disorder affecting mil-
lions worldwide [16]. As populations age, its clinical and societal burden contin-
ues to grow, while effective management remains highly dependent on timely
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identification along the pre-dementia continuum. Because core AD pathology
may emerge years before overt symptoms, symptom-based subtyping is often
uncertain and too late for optimal intervention planning [6]. This creates an ur-
gent clinical need for early, reliable, and scalable screening technologies for risk
stratification and diagnostic staging in heterogeneous real-world populations.
Although neuroimaging is central to AD assessment and imaging-based mod-
els have advanced substantially, AD is intrinsically multifactorial and influenced
by peripheral organ function and systemic homeostasis [1, 11, 26]. Consequently,
imaging-only models may miss biologically relevant extra-cerebral signals and
generalize suboptimally across cohorts, motivating the integration of transfer-
able peripheral mechanistic information for robust early AD screening.

Among brain-organ interaction hypotheses in AD, the gut-brain axis has
emerged as a relevant peripheral pathway [19, 24]. Previous studies suggest that
gut microbiota may be associated with AD-related processes through inflamma-
tory signaling, metabolic dysregulation, and pathological molecular pathways [8,
20, 7]. However, direct microbiome profiles are strongly shaped by diet, medica-
tion, lifestyle, and environment, leading to substantial inter-individual hetero-
geneity and temporal variability that limit their reliability as stable screening
biomarkers [13]. In contrast, host genetic variation is stable across the life course,
and microbiome-related genetic evidence can provide an indirect, transferable
source of gut-brain axis-related information without requiring direct microbiome
profiling at deployment.

Deep learning for AD diagnosis has evolved from CNN-based unimodal mod-
els to Transformer-based multimodal fusion [14, 4, 21, 27, 25, 15, 5]. Prior work
has improved robustness to incomplete inputs via modality synthesis or missing-
modality modeling, but these approaches largely remain centered on brain-
derived signals [21]. Other studies fuse imaging with genetics and clinical tabular
data to improve discrimination [5, 14, 27, 25, 15], and recent work has begun to
incorporate multi-organ evidence into AD modeling [11, 10]. Nevertheless, ex-
isting genetic inputs are often limited to generic AD-risk cues and rarely in-
corporate microbiota-informed genetic evidence in a transferable subject-level
representation. Moreover, genetics and complete clinical tabular variables are
often unavailable in frontline screening workflows, limiting the deployability of
models that require full multimodal inputs.

To address these challenges, we propose a gut microbiota-informed genetic
surrogate model for multimodal Alzheimer’s disease diagnosis (MiGAD). Our
model leverages multi-cohort microbiome genetics to derive transferable microbiota-
linked candidate variants and subject-level genetic representations, fuses these
surrogates with MRI and clinical features through a cross-modally aligned hier-
archical Transformer, and distills multimodal knowledge into an MRI-only model
for deployable screening when peripheral modalities are missing. Our contribu-
tions are summarized as follows: (1) We develop a microbiota-informed genetic
surrogate construction pipeline that enables stable and transferable incorpo-
ration of gut-brain axis related genetic evidence into subject-level AD predic-
tion. (2) We introduce an explicit alignment-and-fusion Transformer to improve
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cross-modal consistency and robustness for multimodal AD classification. (3) We
present a multimodal-to-MRI knowledge transfer strategy via distillation that
reduces reliance on non-imaging inputs while retaining competitive performance
for MRI-only inference.

2 Methodology

An overview of the MiGAD framework is shown in Fig. 1. It consists of three
stages: (I) microbiota-informed candidate variant selection by integrating multi-
cohort microbiome and AD genetic evidence through Mendelian randomization
and colocalization; (II) aligned cross-modal token fusion for AD diagnosis, where
MRI, clinical variables, and selected genotypes are encoded as modality tokens
and fused for three-class classification of normal cognition (NC), mild cognitive
impairment (MCI), and Alzheimer’s disease (AD); and (III) multimodal-to-MRI
knowledge distillation for deployable screening, where a teacher transfers knowl-
edge to an MRI-only student under missing peripheral modalities.

2.1 Microbiota-informed candidate variant selection

In Stage I, we derive a microbiota-informed candidate variant set by integrating
multi-cohort gut microbiome genome-wide association studies (GWAS) with AD-
related GWAS summary statistics. Using two-sample Mendelian randomization
with sensitivity analyses, we select microbiome traits showing robust associations
with AD-related outcomes from the candidate trait set M, yielding M⋆ ⊆ M
[12]. For each trait m ∈ M⋆, we apply Linkage Disequilibrium (LD) clumping
to microbiome-associated instruments (r2 < r20) and obtain an LD-independent
lead-variant set Z̃m.

For each lead variant z̃ ∈ Z̃m, we perform colocalization between microbiome
GWAS and AD-related GWAS within a local window and collect variants from
the credible set under the shared-causal hypothesis (e.g., 95% posterior coverage)
[12]. The final candidate set is

S =
( ⋃

m∈M⋆

⋃
z̃∈Z̃m

C(z̃)
)

∪
( ⋃

m∈M⋆

Z̃m

)
, (1)

where C(z̃) denotes the locus-specific credible set from colocalization. If colo-
calization evidence is insufficient, we retain Z̃m to preserve signal coverage. We
then order S = {sk}Kk=1 and extract additive allele dosages for subject i:

gi,k = dosagei(sk) ∈ {0, 1, 2,NA}, k = 1, . . . ,K, (2)

with allele harmonization across cohorts and explicit missingness preservation.
This yields the genotype matrix G = [gi,k], which is used as the genetic input
to the multimodal model.
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Fig. 1: Overview of the proposed gut microbiota-informed multimodal AD diag-
nosis framework. AP: attention pooling; CL: contrastive learning.

2.2 Aligned cross-modal token fusion for AD diagnosis

For each subject i, we use three inputs: a T1-weighted MRI volume, a clinical
tabular feature vector, and genotype dosages at the microbiota-informed candi-
date variants S = {sk}Kk=1. Each modality is encoded into a token sequence with
a shared embedding dimension d, while missingness is explicitly represented.

Tabular tokens. Let ti denote the tabular vector. Each tabular variable is
embedded as a d-dimensional token (linear embedding for continuous features
and learnable embeddings for categorical features), yielding X

(tab)
i ∈ RLtab×d.

Imaging tokens. A pretrained Swin UNETR encoder extracts imaging fea-
tures, which are flattened and projected to form image tokens X(img)

i ∈ RLimg×d.
Genetic tokens. Each dosage gi,k is mapped to a value embedding and com-

bined with a learnable variant identity embedding for sk, followed by lightweight
sequence compression (1D convolution + pooling) and a small Transformer to
obtain a fixed-length token sequence X

(geno)
i ∈ RLgeno×d.
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Modality pooling. Since token lengths differ across modalities and some
modalities may be missing, we summarize each modality m ∈ {img, tab, geno}
using attention pooling with a learnable query q(m):

z
(m)
i =

Lm∑
ℓ=1

a
(m)
i,ℓ x

(m)
i,ℓ , a

(m)
i,ℓ = softmaxℓ

(
⟨x(m)

i,ℓ ,q(m)⟩
√
d

)
, (3)

where X
(m)
i = [x

(m)
i,1 , . . . ,x

(m)
i,Lm

] and Lm is the token length of modality m.
Cross-modal alignment. We enforce CLIP-style alignment on pooled rep-

resentations by mapping each modality representation z
(m)
i into a shared align-

ment space using a modality-specific projection head fm(·):

u
(m)
i =

fm(z
(m)
i )

∥fm(z
(m)
i )∥2

. (4)

We then apply an InfoNCE objective using imaging as the anchor:

Lalign =
∑

m∈{tab,geno}

− 1

|Bm|
∑
i∈Bm

log
exp(u

(img)
i · u(m)

i /τ)∑
j∈Bm

exp(u
(img)
i · u(m)

j /τ)
, (5)

where τ is a temperature parameter and Bm is the set of samples in the batch
for which modality m is available.

Multimodal Transformer. We concatenate a task token, the pooled modal-
ity tokens {z(m)

i }, and the modality token sequences {X(m)
i }, and feed them into

a backbone Transformer to obtain a fused representation hi, followed by a linear
classifier. The training objective is

L = Lcls + λLalign, (6)

where Lcls = CE(yi, ŷi) is the supervised cross-entropy loss and λ controls the
alignment strength.

2.3 Multimodal-to-MRI knowledge distillation for deployable
screening

In practical screening, genetic and complete tabular information are often un-
available. To enable deployable inference, we distill the trained multimodal model
(teacher) into an MRI-only model (student). The teacher maps multimodal in-
puts to logits oT and a fused representation hT from the final fusion layer, while
the student takes MRI only and outputs oS and hS . During distillation, the
teacher is frozen and only the student is optimized.

We train the student with a combination of (i) hard-label supervision, (ii)
response-level distillation that matches the teacher’s softened class distribution,
and (iii) representation-level distillation that aligns student and teacher embed-
dings:

LKD = αCE(y,oS)+(1−α)T 2 KL
(
softmax(oT /T ) ∥ softmax(oS/T )

)
+β ∥hS−hT ∥22,

(7)
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where T is the distillation temperature, and α and β balance hard-label learning
and embedding alignment.

3 Experimental

3.1 Experimental settings

Cohorts and data preprocessing. We evaluate MiGAD on UK Biobank
(UKB) and the Alzheimer’s Disease Neuroimaging Initiative (ADNI). After cohort-
specific quality control and cross-modality matching, 6,500 participants were in-
cluded (UKB: 4,141; ADNI: 2,359). All have T1-weighted MRI and harmonized
clinical tabular features, and 4,794 additionally have genotypes at the selected
variant set. Diagnostic labels were harmonized into three classes, with ADNI
MCI defined by standard criteria and UKB labels derived via a reproducible ad-
judication pipeline [17, 18]. To avoid cohort imbalance caused by random pool-
ing, UKB and ADNI were split separately into training, validation, and test
sets with an 8:1:1 ratio, and the corresponding subsets were then combined for
model training and evaluation. Clinical tabular features included demographic
variables, cognitive and functional assessment scores, and routine clinical vari-
ables available in both cohorts, with continuous variables standardized using
training-split statistics and categorical variables one-hot encoded. MRI volumes
were standardized to a 1283 space and encoded by a pretrained Swin UNETR,
and genotypes were extracted as additive dosages with allele harmonization and
missingness preservation. Cohort characteristics are summarized in Table 1.

Table 1: Study population and characteristics stratified by diagnosis.
Diagnosis Age (y), mean±sd Male, n(%) Education (y), mean±sd
UKB
NC [n=3790] 60.78±6.90 2467 (65.09%) 17.52±2.20
MCI [n=288] 68.39±7.27 111 (38.54%) 16.44±2.23
AD [n=63] 70.89±6.39 32 (50.79%) 16.49±1.94
ADNI
NC [n=868] 72.51±6.60 382 (44.01%) 16.53±2.53
MCI [n=1081] 72.83±7.64 631 (58.37%) 15.98±2.76
AD [n=410] 74.94±7.77 230 (56.10%) 15.23±2.91

Microbiota-informed candidate variants. To capture gut-brain axis ge-
netic signals without requiring direct microbiome profiling, we curate a microbiota-
informed candidate variant set by integrating multi-cohort gut microbiome GWAS
and AD-related GWAS summary statistics via the Stage I pipeline. This yields
12,634 candidate variants for subject-level genotype extraction. Fig. 2 contrasts
representative top association signals from microbiome GWAS and AD GWAS.

Implementation and training settings. LD threshold r20 is set to 0.1 [9].
All models are implemented in PyTorch and trained on a single NVIDIA A40
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Fig. 2: Population-level genetic signals in gut microbiota GWAS (left) and AD
GWAS (right), visualized by top 60 lead associations (colors denote signed stan-
dardized effect sizes).

GPU (46GB). The multimodal teacher is optimized with AdamW (using initial
learning rate 10−3, batch size 64) for 200 epochs. For knowledge distillation, we
use temperature T = 2.0 and weights α = 0.3 and β = 1.0 to balance hard-label
supervision, response-level distillation, and representation-level matching.

3.2 Experimental results

Performance of the Proposed Method. Fig. 3(a) summarizes three-class
classification performance under different modality configurations. Among uni-
modal baselines, clinical tabular features are the most informative (AUC=0.935),
whereas imaging-only and genetics-only models are less discriminative (AUC=0.825
and 0.789). Multimodal fusion consistently improves performance, and MiGAD
achieves the best overall results (ACC=0.878, AUC=0.963), outperforming both
bimodal variants. For deployable screening, the distilled MRI-only student sub-
stantially improves over the imaging-only baseline (AUC increases from 0.825 to
0.910). Beyond aggregate performance, Fig. 3(b-d) shows that MiGAD reduces
clinically important stage-mixing between MCI and AD. Predictions for MCI
and AD cases concentrate closer to their correct categories with less spillover to
the neighboring stage, and our model lies nearer the desirable lower-left region
in the clinical pareto view.

Ablation Study. Table 2 quantifies the contribution of each component.
Replacing microbiota-informed variants with AD-risk variants consistently de-
grades performance, suggesting that microbiota-linked genetic signals provide
additional gut-brain axis cues beyond canonical AD loci. Substituting the geno-
type token encoder with an MLP and removing cross-modal alignment further
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Fig. 3: Performance and clinically oriented error analysis. (a) Overall perfor-
mance across modality settings. (b-c) Predicted-class compositions for MCI and
AD cases. (d) Trade-off between MCI-to-AD and AD-to-MCI confusions. Marker
area is proportional to AUC.

reduces accuracy, supporting the value of structure-aware tokenization and ex-
plicit feature alignment. Replacing the Transformer fusion backbone with a 3D
ResNet yields the largest drop, highlighting the importance of global token in-
teractions for multimodal integration.

Comparison with Other Multimodal Methods. We further compare
MiGAD with classical baselines (SVM [2] and DL+RF [22]) and representative
multimodal fusion methods (HyperFusion [3], DAFT [23], and MADDi [5]) un-
der identical data splits and modality availability. As shown in Table 3, MiGAD
achieves the best overall performance (ACC=0.878, AUC=0.963), outperform-
ing HyperFusion (AUC=0.918), DAFT (AUC=0.935), MADDi (AUC=0.945),
as well as SVM (AUC=0.755) and DL+RF (AUC=0.892). We attribute these
gains to our alignment-regularized Transformer fusion, which can better inte-
grate complementary signals and yield more robust prediction.

4 Conclusion

In this work, we propose a microbiota-informed multimodal framework for AD
diagnosis by fusing brain MRI, clinical phenotypes, and microbiota-related host
genetic surrogate signals with cross-modal alignment. On 6,500 UKB and ADNI
participants, our model achieves the best overall performance and consistently
outperforms unimodal and representative multimodal baselines. We further dis-
till the multimodal teacher into an MRI-only student, retaining strong accuracy
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Table 2: Ablation study on NC vs. MCI
vs. AD classification. MV: microbiota-
informed variants; GE: genotype to-
ken encoder; AL: contrastive align-
ment; TB: Transformer backbone.

Components Performance
MV GE AL TB ACC AUC

✗ ✓ ✓ ✓ 0.862 0.940
✓ ✗ ✓ ✓ 0.865 0.937
✓ ✓ ✗ ✓ 0.875 0.947
✓ ✓ ✓ ✗ 0.842 0.916
✓ ✓ ✓ ✓ 0.878 0.963

Table 3: Comparison with representa-
tive multimodal methods on NC vs.
MCI vs. AD classification under iden-
tical data splits and missing-modality
handling.

Method ACC F1 AUC
SVM 0.674 0.704 0.755
DL+RF 0.816 0.710 0.892
Hyperfusion 0.839 0.706 0.918
DAFT 0.842 0.750 0.935
MADDi 0.866 0.767 0.945
MiGAD 0.878 0.812 0.963

when peripheral modalities are unavailable, highlighting a practical route toward
scalable and deployable screening.
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