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 a b s t r a c t

The accurate diagnosis of Alzheimer’s disease (AD) and prognosis of mild cognitive impairment (MCI) conver-
sion are crucial for early intervention. However, existing multimodal methods face several challenges, from 
the heterogeneity of input data, to underexplored modality interactions, missing data due to patient dropouts, 
and limited data caused by the time-consuming and costly data collection process. In this paper, we propose a 
novel Prompted Hypergraph Neural Network (PHGNN) framework that addresses these limitations by integrat-
ing hypergraph based learning with prompt learning. Hypergraphs capture higher-order relationships between 
different modalities, while our prompt learning approach for hypergraphs, adapted from NLP, enables efficient 
training with limited data. Our model is validated through extensive experiments on the ADNI dataset as well 
as cross-domain validations using the OASIS-3 and NACC datasets. The results demonstrate that PHGNN out-
performs SOTA methods in both AD diagnosis and MCI conversion prediction, showing superior cross-domain 
generalization capabilities. At the same time, it uses only a fraction (6%) of the tunable parameters of traditional 
fine-tuning and maintains a low computational load compared to alternative tuning strategies.

1.  Introduction

Alzheimer’s disease (AD) is one of the most common diseases in el-
derly people, caused by the irreversible loss of neurons and genetically 
complex disorders. Therefore, accurate recognition of AD and its precur-
sor stage, mild cognitive impairment (MCI), has attracted widespread 
attention, as MCI has been shown to be the optimal stage to treat in or-
der to prevent the MCI-to-AD conversion [1]. This in turn highlights 
the importance of progressive MCI prediction, which aims to distin-
guish progressive MCI (pMCI), which may progress to AD within 36 
months, from stable MCI (sMCI). In recent years, several deep learn-
ing based computer-aided diagnosis methods [2–5] have been pro-
posed to diagnose AD and MCI using imaging and non-imaging data 
as different modalities that carry complementary information about the
disease.

However, existing multimodal approaches for AD diagnosis suffer 
from three major limitations: 1) different modalities are highly hetero-
geneous, especially between imaging and non-imaging data; 2) patient 
dropouts can result in some subjects not having data from a specific 
modality, resulting in missing data; 3) more in general, in the field of 
clinical research the amount of data is often very limited, hindering the 
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performance of deep learning models that need to be trained on large 
amounts of data in order to make accurate predictions.

The objective of the present study is to address these limitations. 
To tackle the first issue, we propose to use a hypergraph neural net-
work (HGNN) based approach, which has already shown its effective-
ness in AD diagnosis [6,7], based on the following two intuitions: 1) 
hypergraphs can model higher-order relationships directly by allowing 
a single hyperedge to connect multiple nodes, thus allowing us to bet-
ter represent the rich interactions between different modalities [8,9]; 
2) hypergraphs can leverage the remaining modalities by exploiting the 
connections between the available data points. The rationale for using 
many-to-many connections stems from the high heterogeneity of AD, 
where different combinations of biomarkers can lead to similar clini-
cal outcomes. Consider a specific, high-risk AD subtype defined by a 
concurrent set of biomarkers: severe hippocampal atrophy (MRI), sig-
nificant hypometabolism in the precuneus (PET), and pathological CSF 
p-tau levels. If Patient 𝐴, Patient 𝐵, Patient 𝐶, and Patient 𝐷 all ex-
hibit this exact combination, a hypergraph can explicitly define a single 
hyperedge 𝑒 = (𝐴,𝐵, 𝐶,𝐷). This hyperedge allows the model to learn 
the higher-order pattern “These four patients belong to the same spe-
cific clinical subtype". A standard graph would model this as a clique of
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pairwise edges (e.g., (𝐴,𝐵), (𝐴,𝐶), …), however this does not explicitely 
represent the fact that the four patients share a particular combination of 
biomarkers. Therefore, the use of many-to-many connections allows the 
model to learn representations of specific, high-order clinical subtypes 
rather than just abstract pairwise similarities, capturing the complex and 
heterogeneous nature of the disease.

Furthermore, the hypergraph structure is inherently resilient to miss-
ing data. Let us assume Patient 𝐷 is missing their PET scan. In a stan-
dard graph, the pairwise similarity between 𝐷 and other nodes would 
be calculated from incomplete features. In the hypergraph, Patient 𝐷
can still be included in the hyperedge 𝑒 = (𝐴,𝐵, 𝐶,𝐷) if their available 
modalities (MRI and CSF) are sufficiently similar to the group pattern. 
This ability to integrate information from multiple modalities simulta-
neously makes hypergraphs more resilient to missing data compared to 
traditional graphs.

A promising solution to the issue of data availability (e.g., due to 
patient dropouts) is instead prompt learning [10,11], which has shown 
great success in natural language processing (NLP) [10]. The strategy 
of prompt learning is “pre-training, prompting, and finetuning". This is 
related to transfer learning [12], which has been widely used in disease 
prediction. Prompt tuning involves designing or learning task-specific 
prompts that guide a pre-trained model to adapt to new tasks with-
out modifying its core parameters. Unlike fine-tuning, where the model 
weights are updated to learn task-specific representations, prompt tun-
ing keeps the model parameters frozen and focuses instead on learning a 
small number of task-specific parameters, often referred to as “prompts," 
which are appended to the model input. This distinction makes prompt 
tuning significantly more parameter-efficient compared to fine-tuning. 
Fine-tuning typically requires retraining large portions of the model and 
storing a separate set of parameters for each task, whereas prompt tun-
ing only adjusts and saves the lightweight prompt parameters. In our 
case, we only need to maintain two separate set of prompts with one 
model rather than two models. Note also that, when the downstream 
task labels are noisy or there is a strong class imbalance, full fine-tuning 
can end up destroying the representations learned during pre-training. 
Prompt tuning instead serves as a form of regularization preventing the 
model from forgetting these biologically meaningful features. Finally, 
prompt tuning is designed to work effectively with limited labeled data 
[11], making it particularly well-suited for scenarios where the data of 
each downstream task is limited or the sample distribution is imbal-
anced.

However, adapting prompt learning to hypergraph based disease pre-
diction is a non-trivial problem. NLP prompts operate in a space with 
a defined token order and clear insertion points (e.g., prepending), but 
hypergraphs lack these properties. First of all, a hypergraph has no se-
quential order, making it unclear where the prompt should be inserted. 
Furthermore, while NLP prompts interact via self-attention, it is unclear 
how prompt tokens should participate in the message-passing paradigm. 
Finally, unlike the simple 1D order of NLP prompts, the internal struc-
ture a set of hypergraph prompts is an open problem. Therefore, one 
needs to reformulate language prompts as hypergraph prompts.

To tackle the above issues, we introduce Prompted HyperGraph Neu-
ral Network (PHGNN), a framework for AD diagnosis and MCI conver-
sion prognosis which uses MRI, PET, and non-imaging clinical data for 
hypergraph pre-training followed by prompt tuning. This in turn allows 
us to simultaneously tap into multiple heterogenous modalities in an 
effective way while handling missing patient data and being able to 
harness the predictive power of models pre-trained on large datasets. 
Specifically, we make the following contributions:

• We propose to use HyperGraphMAE, a simple masked autoencoder 
strategy to pre-train our HGNN. We then extend the concept of 
prompt learning, originally introduced in the context of NLP, to 
HGNNs, enabling us to efficiently train our model with limited data;

• We perform an extensive ablation study to evalue the impact of 
our architectural choices and the sensitivy of the model to its hy-

Fig. 1. Given a pre-trained model (b), in fine-tuning the model is directly tuned 
to solve the downstream task (a) while in prompt tuning the model is kept fixed 
while lightweight learnable prompts are added to the input data (c).

perparameters. We then conduct thorough experiments comparing 
PHGNN against other multimodal approaches and tuning strategies, 
demonstrating its ability to outperform SOTA alternatives in terms 
of both classification performance and the number of tunable param-
eters;

• We evaluate the interpretability of our model using SHAP analysis 
and by visualizing the feature embeddings. Finally, we extend the 
evaluation to external datasets, showing the model robustness to do-
main shifts and its effectiveness in handling severe data missingness.

2.  Related work

2.1.  Graph neural networks

GNNs are models designed to process graph data, where nodes repre-
sent entities and edges represent relationships [13]. By iteratively aggre-
gating information from neighboring nodes through a process known as 
message passing, GNNs learn rich node representations that capture the 
graph local structure. Various GNN architectures have been proposed 
to enhance the learning capabilities of these models. Graph Convolu-
tional Networks (GCNs) [13] apply convolutional operations to graphs, 
generalizing the concept of convolution from grid data to graph data. 
Graph Attention Networks (GATs) [14] introduce attention mechanisms 
to weight the importance of neighboring nodes dynamically. Graph-
SAGE [15] aggregates neighborhood information using mean, LSTM, 
or pooling methods, making it scalable to large graphs. HGNNs extend 
traditional GNNs by modeling higher-order relationships [16], where 
hyperedges can connect multiple nodes simultaneously, enabling richer 
and more complex representations in multimodal data [17]. To enhance 
the learning ability of GNN, HyGNN [18] makes the aggregation func-
tion learnable by introducing an attention mechanism that weights the 
messages during aggregation.

2.2.  GNNs for AD diagnosis

Recent advancements in AD diagnosis have successfully leveraged 
the ability of GNNs to model complex relationships within brain net-
works [19–21]. Traditional methods, such as MRI-based image analysis 
and machine learning models, have shown promise but often fail to cap-
ture the intricate connectivity patterns in brain regions that are critical 
for AD diagnosis. Early approaches to AD diagnosis using GNNs focused 
on modeling brain connectivity networks, where nodes represent brain 
regions, and edges represent functional or structural connections be-
tween them. Li et al. [19] applied GCNs to neuroimaging data, using 
the brain structural connectivity graph to classify AD and healthy con-
trols. This model learns to identify distinctive patterns of degeneration 
based on the spatial relationships between brain regions. Recent works 
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have extended these ideas by incorporating multimodal data, such as 
MRI scans, PET images, and genetic information, into GNN frameworks. 
Zhang et al. [20] proposed a multi-view GNN model that combines func-
tional and structural neuroimaging data for more accurate AD classifi-
cation. These multimodal approaches enhance the GNN ability to cap-
ture both local and global brain network patterns, improving diagnostic 
performance. Other studies have focused on temporal dynamics, where 
GNNs are used to model disease progression over time. For instance, 
Shen et al. [21] utilized dynamic GNNs to track changes in brain connec-
tivity over time, enabling early detection and more precise prediction 
of AD progression.

2.3.  Prompt learning

Prompt learning is an emerging paradigm in machine learning, par-
ticularly popularized in NLP by models like GPT [22]. Instead of fine-
tuning an entire model for specific tasks, prompt learning guides the 
model to generate task-specific outputs by crafting input prompts [23]. 
This approach has been adapted to various tasks, including text classi-
fication, question answering, and generation, and has shown that large 
pre-trained models can perform well with minimal task-specific modifi-
cations [24].

Recent research has extended prompt learning beyond NLP to other 
domains, including computer vision [25] and graph-based tasks [26]. 
Here prompt learning often involves designing prompts that condition 
the model to focus on relevant features or substructures within the data, 
enabling the model to generalize across different tasks with limited su-
pervision. In the context of GNNs, prompt learning has been applied to 
guide the model in learning specific graph patterns or node attributes 
with fewer labeled examples, enhancing efficiency and performance. 
As shown in Fig. 1, prompt tuning focuses on developing lightweight 
learnable prompts while keeping the pre-trained model unchanged. This 
makes prompt tuning very effective for few-shot downstream tasks [27]. 
In the graph domain, the design of prompts usually takes two main 
forms: (1) the prompt can either be treated as a set of additional learn-
able parameters that are added to the original node features [26], or 
(2) it can be viewed as the feature of a super node connected to all the 
nodes of the input graph. In the latter, optimizing the feature of this 
super node can be treated as adding a global receptive field learning a 
representation for the whole graph [28].

3.  Prompted hypergraph neural network

PHGNN is a semi-supervised prompted hypergraph learning frame-
work composed of 3 key components: 1) modality-aware hypergraph 
representation, 2) self-supervised hypergraph pre-training, and 3) hy-
pergraph prompt learning. Fig. 2 shows an overview of the structure of 
our framework.

3.1.  Hypergraph construction

Unlike graphs, where edges connect two nodes, the hyperedges 
of a hypergraph connect multiple nodes, enabling the representation 
of higher-order relationships between node subsets with shared fea-
tures which can model complex interactions among the input modal-
ities. In particular, an undirected node-attributed hypergraph is de-
fined as 𝐺 = (𝑉 ,𝐸,𝐻), with node set 𝑉 = {𝑣1, 𝑣2 … , 𝑣

|𝑉 |

}, hyperedge 
set 𝐸 = {𝑒1, 𝑒2 … , 𝑒

|𝐸|}, and incidence matrix 𝐻 ∈ {0, 1}|𝑉 |×|𝐸|. Each 
node 𝑣𝑖 ∈ 𝑉  corresponds to a subject (i.e., a patient) with node fea-
ture 𝑥𝑖 ∈ ℝ𝑑 , where 𝑑 is the dimension of the feature, and the number 
of nodes |𝑉 | equals the number of patients. Similarly, we denote node 
feature matrix as 𝑋 ∈ ℝ|𝑉 |×𝑑 . For each node 𝑣𝑖, we create a hyperedge 
𝑒𝑖 ∈ 𝐸 by connecting 𝑣𝑖 to its 𝑘-nearest neighbors based on the Euclidean 
distance between node features. The incidence matrix 𝐻 is an alterna-
tive way to represent 𝐸, where 𝐻(𝑣𝑖, 𝑒𝑖) = 1 if 𝑣𝑖 ∈ 𝑒𝑖, or 𝐻(𝑣𝑖, 𝑒𝑖) = 0
otherwise.

Recall that the input data is composed 𝑚 modalities 𝐼 =
{𝐼1, 𝐼2,… , 𝐼𝑚}. For each modality we feed the input data to the 
corresponding pre-trained feature extraction backbone and we ob-
tain 𝑚 sets of node features 𝑋 = {𝑋1, 𝑋2,… , 𝑋𝑚}, where 𝑋𝑖 ∈ ℝ|𝑉𝑖|×𝑑𝑖

and |𝑉𝑖| = |𝑉𝑗 |, 𝑑𝑖 = 𝑑𝑗 for all 1 ≤ 𝑖, 𝑗 ≤ 𝑚. For each modality 𝑋𝑖 =
{𝑥1𝑖 , 𝑥

2
𝑖 ,… , 𝑥|𝑉𝑖|𝑖 }, we build a hypergraph 𝐺𝑖 by constructing the corre-

sponding set of hyperedges 𝐸𝑖 using the 𝑘-nearest neighbour (𝑘-NN) 
method, as discussed above. For each modality, this results in |𝑉𝑖| hyper-
edges, each linking 𝑘 + 1 nodes. Consequently, we obtain an incidence 
matrix 𝐻𝑖 ∈ ℝ|𝑉 |×|𝑉 |, where |𝑉𝑖| × (𝑘 + 1) entries are set to 1, and all 
other entries are 0. The resulting hypergraphs from each modality are 
finally concatenated to obtain the fused hypergraph 𝐺 = (𝑉 ,𝐸,𝐻) us-
ing the coequal fusion mechanism introduced in [8], which treats each 
modality equally and integrates both the features and the structural rela-
tionships from all modalities.

Specifically, the fused node feature matrix 𝑋 ∈ ℝ|𝑉 |×𝑑 for the hyper-
graph is created by concatenating feature matrices from each of the 𝑚
modalities along the feature dimension, where |𝑉 | = |𝑉𝑖| for all 1 ≤ 𝑖 ≤ 𝑚
and 𝑑 =

∑𝑚
𝑖=1 𝑑𝑖 (the sum of feature dimensions across all 𝑚 modali-

ties), i.e., 𝑋 = concataxis=1(𝑋1, 𝑋2,… , 𝑋𝑚). The fused hyperedge set 𝐸 is 
then created by taking the union of all the modality-specific hyperedge 
sets, i.e., 𝐸 = 𝐸1 ∪ 𝐸2 ∪⋯ ∪ 𝐸𝑚 =

⋃𝑚
𝑖=1 𝐸𝑖. The fused incidence matrix 

𝐻 ∈ ℝ|𝑉 |×(𝑚|𝑉 |) is constructed by concatenating the individual incidence 
matrices {𝐻1,𝐻2,… ,𝐻𝑚} along the column dimension (hyperedge di-
mension), i.e., 𝐻 =

[

𝐻1 ∥ 𝐻2 ∥ ⋯ ∥ 𝐻𝑚
]

, where ∥ denotes the matrix 
concatenation operation. Consequently, the columns of 𝐻 correspond 
to the complete set of hyperedges in 𝐸. 

3.2.  Hypergraph neural network

In this paper, we follow the work of [29], where the authors use 
hypergraph convolutional layers to capture hypergraph features. In the 
hypergraph convolutional layer, message passing occurs either from a 
vertex to a hyperedge or from a hyperedge to a vertex.

First we perform a vertex-to-hyperedge convolution, where the infor-
mation of all vertices in a hyperedge is aggregated. This step can be 
understood as integrating the features of a group of subjects with high 
similarity onto a single hyperedge to capture high-order correlations. 
Let 𝑍(𝑙) denote the aggregated hyperedge information derived from the 
(𝑙 − 1)th layer vertex features 𝑋(𝑙−1) and 𝐷𝑣 be the diagonal matrix of 
vertex degrees (the number of hyperedges each vertex belongs to), then 
𝑍(𝑙) = 𝐻𝑇𝐷

− 1
2

𝑣 𝑋(𝑙−1).
A hyperedge-to-vertex convolution is then performed, where the vertex 

learns from the hyperedges it is connected to. This updates the vertex 
own feature, which can be interpreted as the subject refining its rep-
resentation based on the integrated information of the groups (hyper-
edges) it belongs to, i.e., 𝑋̂(𝑙) = 𝐷

− 1
2

𝑣 𝐻𝐷−1
𝑒 𝑍(𝑙), where 𝐷𝑒 is the diagonal 

matrix hyperedge degrees (the number of nodes contained in each hy-
peredge).

These two stages update the vertex features 𝑋 through message prop-
agation, and are combined into to a two-stage hypergraph convolution 
operation with learnable filters, 𝑋(𝑙) = 𝜎(𝐷

− 1
2

𝑣 𝐻𝐷−1
𝑒 𝐻𝑇𝐷

− 1
2

𝑣 𝑋(𝑙−1)Θ(𝑙)), 
where Θ(𝑙) ‘represents the trainable parameters of the layer and 𝜎 is 
a non-linear activation function. The HGNN performs hypergraph con-
volutions followed by an output layer producing the subject classi-
fication 𝑌 ∈ ℝ|𝑉 |×2, i.e., 𝑌 = Softmax

(

ReLU
(

𝑋(0)Θ(0))Θ(1)), where 
 = 𝐷

− 1
2

𝑣 𝐻𝐷−1
𝑒 𝐻𝑇𝐷

− 1
2

𝑣 .

3.3.  HyperGraphMAE pre-training

Inspired by GraphMAE [30], we propose HyperGraphMAE, a gener-
ative self-supervised learning framework that we use to pre-train the 
HGNN at the core of our pipeline. Given 𝐺 = (𝑉 ,𝐸,𝐻), let ℎ𝐸 be a 
hypergraph encoder, ℎ𝐷 a hypergraph decoder, and 𝑂 ∈ ℝ|𝑉 |×𝑑𝑧  the
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Fig. 2. The proposed PHGNN framework.

Fig. 3. (a) A small example input hypergraph 𝐺; (b) a small prompt sub-
hypergraph 𝐺𝑝 with a few tokens; and (c) the resulting manipulated hypergraph 
𝐺𝑚, visually highlighting the new hyperedges that connect each prompt token 
to all the nodes in 𝐺.

corresponding hidden state, i.e.,

𝑂 = ℎ𝐸 (𝐺,𝑋), 𝐺′ = ℎ𝐷(𝐺,𝑂), (1)

where 𝐺′ is the reconstructed hypergraph, and both ℎ𝐸 and ℎ𝐷 are ex-
pressive HGNNs capable of leveraging information from the node neigh-
bourhood.

HyperGraphMAE is trained to reconstruct masked node features of 
the hypergraph 𝐺. To this end, during the encoding phase a subset of 
nodes 𝑉𝑚 ⊂ 𝑉  of 𝐺 is randomly selected and their features are masked 
with a learnable token 𝑥[𝑀]. After the encoding, the embeddings of 
the masked nodes are re-masked with another token 𝑜[𝑀] before being 
passed to ℎ𝐷. This encourages the decoder to reconstruct node features 
using information from neighboring nodes. The goal is then to recon-
struct the masked node features 𝑋̂ given the partially observed node 
features 𝑋 and the adjacency matrix 𝐻 of 𝐺. We use the Scaled Cosine 
Error (SCE) as the reconstruction loss, which has the advantage of re-
ducing the sensitivity and selectivity issues of the mean squared error, 
i.e.,

𝐿SCE = 1
|𝑉𝑚|

∑

𝑣𝑖∈𝑉𝑚

(

1 −
𝑥⊤𝑖 𝑥

′
𝑖

‖𝑥𝑖‖‖𝑥′𝑖‖

)𝛾

,

where 𝑥𝑖 and 𝑥′𝑖 are the original and reconstructed node features, respec-
tively, and 𝛾 ≥ 1 is a scaling factor that improves selectivity by down-
weighting the contribution of easy samples during training.

3.4.  Hypergraph prompt

In this paper, we develop a method to seamlessly transfer the idea of 
prompting from NLP to hypergraph learning. In NLP, a prompt consists 
of a linear sequence of prompt tokens, resembling a sub-sentence or 
phrase. Typically, the prompt is appended to either the beginning or the 
end of the input sentences. As such, adapting the concept of prompts to 
hypergraphs requires defining three key elements: (1) prompt token, (2) 
prompt structure, and (3) pattern insertion. Fig. 3 illustrates an example 
of our prompt design.
1. Prompt tokens. Given a hypergraph 𝐺 = (𝑉 ,𝐸,𝐻), we introduce 
the prompt sub-hypergraph 𝐺𝑝 = (𝑃 ,𝐸𝑝,𝐻𝑝), where 𝑃 = {𝑝1, 𝑝2,… , 𝑝

|𝑃 |}
represents the set of |𝑃 | learnable prompt tokens and 𝐸𝑝 is the hyper-
edge set inside the prompt sub-hypergraph. Each token 𝑝𝑖 ∈ 𝑃  is repre-
sented as a token vector 𝑝𝑖 ∈ ℝ1×𝑑 , matching the dimensions of the node 
features in the input hypergraph. In practice, |𝑃 | is much smaller than 
𝑁 and |𝑃 |≪ 𝑑𝑧, where 𝑑𝑧 is the hidden layer size in the pre-trained 
hypergraph model. 
2. Prompt structure. We model the relationship among prompt tokens 
using 𝑘-NN based on the Euclidean distance between the tokens. This 
results in an incidence matrix 𝐻𝑝 for the prompt sub-hypergraph 𝐺𝑝. 
Note that 𝐻𝑝 is recomputed at the start of every training epoch given 
the latest prompts 𝑃 .
3. Pattern insertion. Let 𝜓 represent the insertion method to add the 
prompt graph 𝐺𝑝 to the input hypergraph 𝐺, resulting in the manip-
ulated hypergraph 𝐺𝑚 = 𝜓(𝐺,𝐺𝑝). We leverage the fact that a hyper-
edge can connect multiple nodes and for each prompt token we de-
fine a hyperedge connecting it to all the nodes of 𝐺, i.e., 𝐸𝑚 = 𝐸 ∪ 𝐸𝑝 ∪
{

{𝑣1, 𝑣2,… , 𝑣𝑁 , 𝑝𝑖},∀𝑝𝑖 ∈ 𝑃
}

, where 𝐸𝑚, 𝐸, and 𝐸𝑝 are the sets of hy-
peredges of 𝐺𝑚, 𝐺, and 𝐺𝑝, respectively, and {𝑣1, 𝑣2,… , 𝑣𝑁 , 𝑝𝑖} denotes 
a new hyperedge connecting the node corresponding to the token 𝑝𝑖 of 
𝐺𝑝 to the 𝑁 nodes of 𝐺.
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3.5.  Overview of the prompt learning process

The main objective of our framework is a binary class prediction 
task (AD vs CN, sMCI vs pMCI). The overall prompt learning process 
starts with a hypergraph 𝐺 (see Section 3.1) and a pre-trained HGNN 
model ℎ𝜃 , where the pre-trained weights are from the HyperGraphMAE 
encoder ℎ𝐸 of Eq. (1) and are frozen during prompt learning. To split 
the data into train and validation sets, we define the training mask 𝑀𝑇
and the validation mask 𝑀𝑉 , which are binary masks used to control 
which nodes of the graph are used during different phases of the training 
process.

Given this setting, a sub-hypergraph 𝐺𝑝 with a set of prompt tokens 
is initialized and constructed. Then 𝐺 and 𝐺𝑝 are concatenated through 
hyperedges to produce the hypergraph 𝐺𝑚, which is processed by the 
frozen pre-trained HGNN model ℎ𝜃 and only the learnable prompt to-
kens 𝑃  are optimized. Note that, for each epoch, 𝐺𝑝 is reconstructed 
again with the updated set of tokens 𝑃 . The core intuition for designing 
𝐺𝑝 as a dynamic graph is to treat prompt tokens not as independent, 
isolated vectors, but as a self-organizing, collaborative system. Firstly, 
complex downstream tasks like AD classification often involve hetero-
geneous sub-patterns within a single class. Different prompt tokens can 
specialize into distinct sub-patterns. The internal structure 𝐺𝑝 acts as a 
communication mechanism, allowing these specialized tokens to share 
information and coordinate, thereby forming a more comprehensive 
prompt for the task. Secondly, in the initial phase of training, prompt 
tokens are randomly initialized, and their relationships are therefore 
random. As the training progresses, they gradually learn meaningful se-
mantic representations. Re-calculating 𝑘-NN ensures that their interac-
tions are always based on their most recent semantic similarity, rather 
than being constrained by an initial random state.

The resulting output is a probability distribution over the tar-
get classes. We use the supervised cross-entropy (CE) loss 𝑠𝑢𝑝 =
∑𝑁
𝑖=1 𝐶𝐸(𝑦̂𝑖, 𝑦𝑖), where 𝑦̂𝑖 represents the output probability and 𝑦𝑖 cor-

responds to the ground truth label for the 𝑖th node (i.e., the 𝑖th patient).

4.  Experimental results

Data description. We evaluate our framework on the Alzheimer’s 
Disease Neuroimaging Initiative (ADNI) [31]. The ADNI project gath-
ered brain images and clinical data from thousands of participants across 
North America. Initially launched as a five-year study (ADNI-1), it was 
extended in 2009 (ADNI-2). ADNI-3 was instead officially launched in 
September 2016 and ran until 2023, adopting full 3T MRI imaging 
across all sites. We also validate our framework on two external datasets: 
Open Access Series of Imaging Studies-3 (OASIS-3) [32], an open-access 
multimodal neuroimaging dataset led by the Knight Alzheimer’s Disease 
Research Center (Knight ADRC) at Washington University; the National 
Alzheimer’s Coordinating Center (NACC) dataset [33], an open-access 
multimodal research dataset established by the National Institute on Ag-
ing. We employed T1-weighted MRI, FDG (fluorodeoxyglucose)-PET and 
their corresponding biological markers, as well as clinical and neuropsy-
chological assessment data. In addition, we also incoporate Amyloid-
PET data to evaluate the effectiveness of this type of data in the ADNI 
and NACC datasets.

The ADNI-1 MRI data includes scans from 821 individuals (196 with 
AD, 168 with pMCI, 230 with sMCI, and 227 CN (cognitive normal)) 
using 1.5T scanners, with FDG-PET and Amyloid-PET data available for 
396 and 170 of them, respectively. For ADNI-2, baseline MRI data was 
acquired from 534 participants (156 with AD, 66 with pMCI, 112 with 
sMCI, and 200 CN) using 3T scanners, while FDG-PET and Amyloid-PET 
data are available for 487 and 468 of these subjects. For ADNI-3, base-
line MRI data was acquired from 58 participants (8 with pMCI, 50 with 
sMCI) using 3T scanners, ensuring standardized high-resolution imag-
ing. However, we omit AD classification on this dataset as there are only 
2 AD subjects in the baseline scanning. Regarding OASIS-3, the baseline 
data was collected from 1280 individuals (240 with AD, 1040 with CN), 

where the problem of missing modality is particularly severe, with only 
110 subjects having associated PET data. Since only labels for the AD 
classification task are available, we did not consider OASIS-3 dataset 
for the MCI conversion prediction task. Finally, the NACC dataset 
includes 3264 individuals (344 with AD, 154 with pMCI, 294 with 
sMCI, and 2472 CN), with 230 FDG-PET scans and 687 Amyloid-PET
scans.

Implementation details. In our experiments we use three modal-
ities: MRI, PET, and tabular data. For imaging data (MRI, FDG-PET 
and Amyloid-PET) in ADNI, OASIS, and NACC we adopt the same pre-
processing procedure as [3] and make use of the FMRIB Software Library 
version 6.0.3. We first removed non-brain tissue from the raw data using 
the Brain Extraction Tool. We then employed the FLIRT algorithm to per-
form linear spatial normalization, aligning the MRI scans to the standard 
MNI152 T1 template. Simultaneously, PET scans were co-registered to 
their respective subject-specific T1-weighted images and subsequently 
transformed into the common MNI coordinate space. To eliminate irrel-
evant background information, the volumes were cropped to dimensions 
of 152 × 188 × 152 by discarding peripheral zero-valued voxels. Fi-
nally, to decrease the computational overhead for the proposed model, 
the inputs were downsampled to a resolution of 76 × 94 × 76. For the 
tabular data, we use the same set of variables and pre-processing prin-
ciples as [2], where we normalize each numerical value using min-max 
scaling. We augment the feature set with binary indicators to encode 
missingness for all tabular attributes, excluding age, gender, and educa-
tion, which are fully observed. We use a ResNet-50 to extract features 
from MRI and PET images and a multi-layer perceptron to extract fea-
tures from the tabular data. Given these features, the hypergraph repre-
senting the set of patients is constructed by setting the 𝑘-NN parameter 
to 30 (see Section 3.1). We optimize the model using AdamW with a 
weight decay of 1e-4 and a learning rate of 3e-4.

For ADNI-1, we further split the data using a 5-fold cross-validation 
strategy. In addition, pre-training and finetuning are performed over 
the same training subjects. We experimentally tuned the value of |𝑃 |
as discussed in the ablation study. Based on these results, we fixed the 
number of prompt tokens to |𝑃 | = 16. Furthermore, the internal struc-
ture of the prompt sub-hypergraph (𝐺𝑝) was constructed using a 𝑘-NN 
approach with 𝑘𝑝𝑟𝑜𝑚𝑝𝑡 = |𝑃 |∕4 = 4. For HyperGraphMAE, we use a uni-
form random sampling strategy without replacement, with 75% of the 
nodes being masked. We set 𝛾 in 𝐿SCE be 2. Our code can be accessed at 
anonymous.4open.science/r/PHGNN-B3B3/. All experiments were per-
formed on a server powered by an AMD EPYC 7302 16-Core Processor 
and a NVIDIA GeForce RTX 4090 GPU.

Evaluation protocol. In line with other works in this area [3,34], 
we train our model on the ADNI-1 dataset and evaluated its performance 
using the ADNI-2 dataset. We also evaluate the ability of our model to 
generalize to external datasets and cope with potential domain shift is-
sues. To this end, we evaluate our model trained on ADNI-1 on two 
external datasets, ADNI-3, OASIS-3, and NACC. Specifically, we evalu-
ate our model on multimodal classification tasks, specifically AD vs CN 
and pMCI vs sMCI, against SOTA alternatives as well as other graph 
parameter-efficient fine-tuning (PEFT) methods. To assess the perfor-
mance of the proposed method, we calculate four metrics with their 
average and standard error over five folds: balanced accuracy (BACC), 
sensitivity (SEN), specificity (SPE), and area under the curve (AUC).

4.1.  Comparison with existing methods

We compare the classification performance of PHGNN with that of 
three SOTA multimodal classification models (PT-GCN [3], SPDN [34], 
and Modality-Flexible Framework (MFF) [4]), two hypergraph based 
models based (HGNN [17] and HGNN+ [29]), and a GNN based method 
[35]. The hypergraph based models mirror our pipeline without resort-
ing to prompt tuning. HGNN+ [29] is an improved version of HGNN ob-
tained by introducing hyperedge groups with adaptive fusion for better 
handling of diverse information and by replacing spectral convolution 
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with a flexible, two-stage spatial-domain convolution that is extendable 
to directed hypergraphs. The GNN, HGNN, and HGNN+ models are also 
pre-trained using the HyperGraphMAE method for fair comparison. We 
run MFF using publicly available code, while we use the reported re-
sults for PT-GCN and SPDN as they are based on exactly the same ADNI 
subjects and data split setting we use.

Table 1 shows that PHGNN outperforms the other models, achiev-
ing the highest BACC and AUC in both tasks, showing its ability to 
distinguish between AD and CN effectively. We also observe a clear 
improvement of PHGNN over HGNN+, indicating the effectiveness of 
our prompting strategy. In the more challenging task of pMCI vs sMCI, 
PHGNN again shows superior performance, outperforming MFF across 
all metrics. Note that we use HGNN and not HGNN+ in PHGNN as the 
former has higher AUC in this task. This indicates that PHGNN effec-
tively captures subtle patterns in the data, making it well-suited for com-
plex clinical prediction tasks. Compared to previous methods like HGNN 
and HGNN+, PHGNN introduces more effective hypergraph construc-
tion and optimization, which contribute to its superior performance, 
especially in handling nuanced clinical classification tasks.

4.2.  Comparison with other PEFT methods

To evaluate the effectiveness of our prompting strategy, we compare 
it with two other prompt learning methods that can be directly used 
with hypergraphs, GPF and GPF-Plus [26], and two adapter methods 
LoRA [36] and AdapterGNN [37], as well as the Pre-train & Finetune 
approach. GPF and GPF-plus primarily incorporate soft prompts into all 
node features of the input graph. The results are shown in Table 2. In the 
AD vs CN task, PHGNN achieves the best performance across all metrics. 
Compared to the traditional Pre-train & Finetune approach, PHGNN im-
proves both classification accuracy and the balance between sensitivity 
and specificity. In general, our experiments show that PHGNN outper-
forms all competing PEFT methods while offering a significant advan-
tage in terms of parameter efficiency (see Section 4.7).

4.3.  Comparison with other pre-training methods

To assess different self-supervised pre-training strategies for PHGNN, 
we compare four representative methods-SimGRACE [38], DGI [39], 
HyperGCL [40], and our HyperGraphMAE-on two classification bench-
marks (AD vs CN and pMCI vs sMCI), as summarized in Table 3.

SimGRACE generates correlated graph views by injecting stochastic 
noise into the encoder and minimizes an InfoNCE contrastive loss [38], 
while DGI [39] maximizes the mutual information between local node 
embeddings and a global summary vector. HyperGCL [40] is instead a 
self-supervised framework for hypergraph representation learning that 
applies contrastive learning to hypergraphs by constructing augmented 
views via both fabricated and generative schemes. Compared to these 
pre-training strategies, HyperGraphMAE achieves the best overall per-
formance on both AD vs CN and on pMCI vs sMCI demonstrating 
that hyperedge-level reconstruction provides the most discriminative 
pre-training representations for PHGNN across both AD diagnosis and 
MCI progression prediction. Moreover, the results show that combining 
PHGNN with different pre-training methods consistently outperforms 
other PEFT methods, demonstrating the robustness of our methods.

4.4.  Experiments on external datasets

To further evaluate the generalization capability and robustness of 
PHGNN, we perform additional experiments on two external datasets: 
ADNI-3 for sMCI vs pMCI classification and OASIS-3 for AD vs NC clas-
sification. We compare PHGNN against previous baselines, as presented 
in Table 4. For a fair comparison, all models are trained on ADNI-1.

On the ADNI-3 (sMCI vs pMCI) task, PHGNN again demonstrates 
superior performance, achieving the highest BACC and AUC and gen-
erally displaying a robust ability to correctly identify MCI subjects in 

this newer cohort. Similarly, in the AD vs NC classification task on 
the OASIS-3 dataset, PHGNN confirms its strong generalization abil-
ity. It achieves the highest BACC and AUC, highlighting its ability to 
cope effectively with different demographics and acquisition protocols. 
The strong performance on OASIS-3 is particularly noteworthy as this 
dataset suffers from a high proportion of missing PET scans (∼ 90%).

To further evaluate the cross-domain performance of PHGNN, we 
consider the NACC dataset and introduce a new clinical task: differ-
entiating pMCI from NC. The results are summarized in Table 5. Dis-
tinguishing pMCI subjects from NC is critical for early intervention. On 
this task, PHGNN consistently outperforms competing baselines on both 
the ADNI-2 and external NACC cohorts. While SOTA methods like MFF 
and AdaGNN achieve competitive results, our framework demonstrates 
a clear performance edge, confirming that its discriminative power 
transfers effectively to the task of identifying early-stage pathological
deviations from NC. We finally evaluated pMCI vs sMCI on the external 
NACC dataset by incorporating FDG-PET or Amyloid-PET. Our PHGNN 
shows consistent improvement in both scenarios.

Overall, the consistent high performance of PHGNN across both the 
ADNI-3, OASIS-3, and NACC external datasets strongly validates our 
approach. The results show that PHGNN not only excels on the primary 
dataset but also demonstrates significant generalization and robustness, 
effectively capturing the complex data patterns required across different 
patient cohorts.

4.5.  Ablation study

We then perform an ablation study on the sMCI vs pMCI task in order 
to evaluate the effect of: 1) varying the number of prompt tokens |𝑃 |; 
2) replacing the HGNN with a GNN denoted as Prompt GNN; 3) replac-
ing our Prompt as graph strategy, where a graph prompt has multiple 
prompt tokens and a non-trivial structure, with Prompt as token, where 
we treat prompt tokens as independent prompts without considering the 
inner structure (denoted as PHGNN w/o S); 4) varying the 𝑘-NN param-
eter when constructing the hypergraph; 5) training on different ratios 
of data; 6) sparser and more localized prompting strategy.

Table 6 shows the results of the first four ablation studies. Firstly, we 
observe that the number of tokens |𝑃 | can have a significant influence 
on the result of the prompt learning, which is in accordance with what 
is highlighted in [41]. Therefore, to get optimal results it is important 
to select the optimal number of tokens |𝑃 |. In future work, one possibil-
ity would be to leverage meta-learning to automatically select the best 
value of |𝑃 |. Secondly, although the prompt learning strategy leads to 
an improvement over the original GNN performance (see Table 1), this 
is still inferior when compared to PHGNN. Moreover, the results clearly 
demonstrate the importance of the inner structure of prompt graphs, as 
opposed to simply treating the tokens as independent prompts.

Moreover, Table 6 (Right) shows the impact of the choice of 𝑘 in 
the 𝑘-nearest-neighbor graph used to build the hypergraph for PHGNN. 
As 𝑘 increases from 10 to 30, the AUC steadily rises , demonstrating 
that incorporating a moderate number of neighbors captures the most 
informative higher-order relationships. When 𝑘 grows beyond 30, per-
formance slightly decreases , indicating that overly dense connectivity 
introduces noise and degrades representation quality. Based on these 
results, we adopt 𝑘 = 30 for all subsequent experiments.

We also evaluate the impact of using different ratios of training data 
on the performance of HGNN and PHGNN. Fig. 4 shows that by using 
just 20% of the training data PHGNN can still achieve a performance 
comparable to that of HGNN trained on the full dataset, thus validat-
ing the effectiveness of our prompt tuning strategy under limited data 
scenarios.

Lastly, we test the use of sparser connections between prompts and 
nodes. Specifically, for each prompt, we connect a subset of the nodes 
based on feature similarity ranging from 20% to 80% (stride=20%), 
rather than connecting it to all the nodes (100%). As shown in Fig. 4, 
connecting all the nodes for each prompt results in the best performance. 
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Table 1 
Classification performance on AD vs CN and pMCI vs sMCI. For each metric we show the average (± std deviation) 
over 5 folds (best model highlighted in green).

AD vs CN pMCI vs sMCI
BACC SEN SPE AUC BACC SEN SPE AUC

GNNs [35] 86.8±0.3 89.7±0.2 83.7±0.4 91.5±0.4 70.9±0.7 52.7±0.7 89.1±0.6 75.9±0.5
HGNN [17] 89.7±1.3 88.7±1.0 90.7±1.2 94.1±0.8 74.7±0.7 72.3±0.9 77.1±0.4 77.7±0.8
HGNN+ [29] 89.4±0.9 91.6±1.1 87.1±0.9 94.2±1.2 74.6±1.3 77.5±1.2 71.8±1.3 77.3±1.6
PT-DCN [3] 92.7 91.7 93.5 96.4 75.3 70.8 78.4 77.8
SPDN [34] 92.9 91.9 93.6 96.6 76.2 62.8 80.6 77.3
MFF [4] 91.2±0.5 91.5±1.5 90.9±0.9 95.5±0.4 77.6±1.1 74.9±1.6 80.2±0.6 80.6±0.5
PHGNN 93.2±0.6 90.6±1.9 95.6±0.6 97.2±1.2 79.6±0.6 75.3±0.8 83.8±1.5 82.7±1.1

Table 2 
Prompt learning strategies on AD vs CN and pMCI vs sMCI. For each metric we show the average (± std deviation) 
over 5 folds (best model highlighted in green).

AD vs CN pMCI vs sMCI
BACC SEN SPE AUC BACC SEN SPE AUC

Finetune 89.7±1.3 88.7±1.0 90.7±1.2 94.1±0.8 74.7±0.7 72.3±0.9 77.1±0.4 77.7±0.8
GPF [26] 90.3±1.9 87.4±1.1 93.0±1.5 95.3±1.4 75.7±0.9 75.3±1.1 76.0±0.9 80.2±0.8
GPF-Plus [26] 89.0±1.4 89.7±1.2 88.4±1.6 93.3±1.5 71.1±0.5 47.6±0.4 94.5±0.8 79.0±1.8
LoRA [36] 89.0±0.1 86.1±0.3 91.8±0.2 93.0±0.1 76.2±0.5 70.7±0.7 81.7±0.5 79.5±1.0
AdaGNN[37] 90.3±4.0 86.1±1.3 94.5±0.6 94.5±0.1 77.6±0.6 69.2±1.4 86.0±0.5 80.5±0.2
PHGNN 93.2±0.6 90.6±1.9 95.6±0.6 97.2±1.2 79.6±0.6 75.3±0.8 83.8±1.5 82.7±1.1

Table 3 
Pre-training strategies on AD vs CN and pMCI vs sMCI. For each metric we show the average (± std deviation) over 
5 folds (best model highlighted in green).

AD vs CN pMCI vs sMCI
BACC SEN SPE AUC BACC SEN SPE AUC

SimGRACE [38] 91.5±0.6 91.3±0.8 91.7±0.6 95.8±0.5 76.3±0.7 63.9±0.6 88.6±0.8 81.5±0.4
DGI [39] 92.4±0.8 91.5±1.1 93.4±0.9 96.1±0.9 77.0±0.5 64.8±1.3 89.1±0.9 80.8±0.5
HyperGCL [40] 92.2±0.4 92.9±0.6 91.5±0.7 96.2±0.3 77.7±0.7 65.2±0.9 90.2±0.5 81.6±0.8
HyperGraphMAE 93.2±0.6 90.6±1.9 95.6±0.6 97.2±1.2 79.6±0.6 75.3±0.8 83.8±1.5 82.7±1.1

Table 4 
Classification performance over 5 folds (average ± std deviation, best results highlighted in green) on ADNI-3 
(sMCI vs pMCI) and OASIS-3 (AD vs NC).

Method
ADNI-3 (sMCI vs pMCI) OASIS-3 (AD vs NC)
BACC SEN SPE AUC BACC SEN SPE AUC

GNNs 66.0±0.3 67.0±1.4 75.9±1.5 68.9±0.3 65.3±0.6 67.7±0.6 63.0±0.5 73.1±0.7
MFF 74.0±0.1 64.6±0.6 83.4±0.5 76.8±0.2 73.9±0.6 71.2±1.4 76.6±1.1 80.1±0.8
HGNN 72.1±0.2 60.0±0.3 84.3±0.4 74.9±0.2 72.6±0.2 71.4±2.4 73.7±2.6 78.9±0.2
GPF 72.4±0.2 64.6±0.6 80.2±0.3 74.2±0.2 73.2±1.6 66.0±5.9 80.4±6.1 79.4±1.2
GPF-Plus 72.0±2.1 64.6±0.6 79.5±0.2 74.4±0.1 71.8±2.1 75.7±3.8 68.0±3.5 78.0±1.9
LoRA 73.9±0.1 63.0±0.3 84.9±0.4 76.2±0.1 73.3±0.2 72.8±4.4 73.7±4.4 78.8±0.6
AdaGNN 73.2±0.1 61.5±0.2 84.8±0.2 74.7±0.1 74.5±0.1 71.3±0.3 80.0±0.4 80.5±0.1
PHGNN 76.4±0.2 61.5±0.1 91.3±0.2 79.3±0.1 76.3±0.3 77.9±3.1 74.6±3.1 81.8±0.2

Table 5 
Classification performance over 5 folds (average ± std deviation, best results highlighted in green) on ADNI-2 
and NACC datasets.

Methods
pMCI vs NC pMCI vs sMCI
ADNI-2 NACC NACC (FDG) NACC (Amyloid)
BACC AUC BACC AUC BACC AUC BACC AUC

MFF 79.4±1.1 83.6±2.0 77.9±0.8 83.4±0.6 67.2±2.5 67.9±3.2 71.4±2.6 72.3±4.1
HGNN 78.8±0.9 82.3±1.9 77.4±1.4 83.2±0.8 67.8±0.4 67.9±0.5 69.6±0.6 71.2±0.4
GPF-Plus 76.5±1.3 82.9±1.6 75.0±0.4 80.0±0.1 67.2±1.3 70.1±1.5 69.9±0.4 71.3±0.3
LoRA 76.8±1.1 82.0±1.2 76.7±1.0 82.0±0.3 66.3±1.0 71.2±1.4 70.4±1.4 72.2±0.8
AdaGNN 78.2±1.0 83.1±1.1 77.1±1.1 83.9±1.4 66.1±2.1 67.4±2.6 69.8±1.9 73.1±2.4
PHGNN 84.8±0.5 87.7±1.2 81.0±0.5 86.9±0.7 71.8±1.2 75.6±0.9 75.1±1.5 80.1±1.4
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Table 6 
(Left) AUC scores for various settings on sMCI vs pMCI 
(best model in green). (Right) AUC scores for different 
𝑘-NN on sMCI vs pMCI (best model in green).

AUC

|𝑃 | 8 16 32 64

Prompt GNN – 77.4 – –
PHGNN w/o S – 79.8 – –
PHGNN 76.8 82.7 81.4 72.8

AUC

𝑘 10 20 30 40 50

PHGNN 81.3 81.7 82.7 82.2 82.0

Fig. 4. (Blue) The result of using different ratio of training data for training 
(dashed) HGNN, (solid) PHGNN. (Red) The result of connecting different ratio 
of nodes for each prompt based on feature similarity in PHGNN.

We assume that this is because our prompts require a global perspective, 
i.e., they must be able to integrate information from the entire graph (all 
subjects) to most effectively learn how to align different modalities and 
handle missing data, thereby achieving optimal performance. A sparse 
or local prompt connection restricts the model ability to acquire contex-
tual information, leading to a decline in performance.

4.6.  Contribution of different modalities

In Table 7, we evaluate the contributions of different data modali-
ties in PHGNN. The first three rows represent diagnostic results for MCI 
prediction using each modality independently. FDG-PET scans outper-
form MRI scans, which aligns with prior research [42] suggesting that 
hypometabolism in PET scans appears earlier in the disease than atro-
phy in MRI. Non-imaging clinical data perform worse, with the lowest 
BACC and AUC across all modalities.

The next three rows show the results of modality fusion. Adding a 
modality boosts performance, demonstrating the importance of multi-
modal fusion and PHGNN’s ability to handle it. Combining all three 
modalities yields the best diagnostic performance, suggesting that fea-
tures from different modalities provide complementary insights, im-
proving classification accuracy.

Furthermore, we incorporate Amyloid-PET in the last two rows of Ta-
ble 7. While the BACC remains relatively stable, we observe a notable 
improvement in terms of AUC, indicating enhanced overall discrimina-
tive power. This effectiveness is further validated on the external NACC 
dataset (Table 5), where PHGNN leveraging Amyloid-PET demonstrates 
superior robustness compared to both baseline methods and the FDG-
PET configuration.

4.7.  Parameter efficiency analysis

As a final experiment (Table 8), we compare the number of tun-
able parameters of the proposed PHGNN model and other tuning strate-

Table 7 
The results of PHGNN using different combinations of multimodal data on 
pMCI vs sMCI task.
MRI FDG-PET Amyloid-PET Tabular BACC SEN SPE AUC

✓ 72.9 66.3 79.5 77.1
✓ 74.0 67.2 80.8 77.4

✓ 72.4 65.1 79.6 76.6
✓ ✓ 76.0 67.2 83.9 79.6
✓ ✓ 73.8 69.2 78.5 78.9

✓ ✓ 77.4 72.0 82.8 80.4
✓ ✓ ✓ 79.6 75.3 83.8 82.7
✓ ✓ ✓ 79.3 82.2 76.4 84.2
✓ ✓ ✓ ✓ 79.7 73.6 86.0 84.8

gies in the sMCI vs pMCI classification task: traditional fine-tuning (∼
0.5M), GPF [26] (∼ 5K), GPF-plus [26] (∼ 0.21M), LoRA [36] (∼ 0.1M), 
AdapterGNN [37] (∼ 0.1M), and PHGNN (∼ 0.03M). The results show 
that PHGNN offers significant advantages in terms of parameter effi-
ciency in addition to the performance improvement already illustrated 
in Table 2. Specifically, our approach only uses 6% tunable parame-
ters compared to fine-tuning. Note also that our approach outperforms 
both GPF and GPF-plus by a large margin while only introducing a very 
small overhead, as only 5% more tunable parameters (wrt fine-tuning) 
are used compared with GPF.

Furthermore, we evaluated the training and inference latency of mul-
tiple PEFT methods over 1000 runs. PHGNN imposes virtually no extra 
overhead, it achieves modest speed gains over full fine-tuning during 
both training and inference. When compared to other PEFT approaches, 
especially LoRA and AdapterGNN, PHGNN delivers substantial accel-
eration while simultaneously attaining the highest accuracy. This effi-
ciency advantage is further emphasized by the analysis of memory con-
sumption and computational load (GFLOPs). As shown in the final three 
columns, PHGNN is equally efficient in terms of memory usage. Its re-
quired training memory is lower than full fine-tuning and it maintains a 
minimal inference memory that is comparable to the baseline . In con-
trast, AdapterGNN and GPF-plus introduce more memory overhead.  In 
terms of computational load, PHGNN introduces only a negligible in-
crease in GFLOPs compared to full fine-tuning In summary, PHGNN not 
only excels in accuracy and parameter efficiency but also achieves an 
efficient overhead.

4.8.  Model interpretability

Finally, we evaluate the interpretability of our model through two 
additional experiments. Firstly, we assess the contribution of individual 
tabular variables using the SHapley Additive exPlanations (SHAP) tool 
in Fig. 5. SHAP values demonstrate how each tabular variable impacts 
the model output, where larger absolute values signal a more significant 
effect on the classification result. For the MCI conversion prediction task 
(Fig. 5a), the most discriminative feature is FDG_bl which is a summary 
measure from FDG-PET. The plot shows that low FDG_bl values have 
high positive SHAP values, strongly pushing the model to predict a con-
version to AD. This aligns with clinical understanding, where reduced 
glucose metabolism (a low FDG_bl value) is a key biomarker for neu-
rodegeneration and progression from MCI to dementia [43]. For the AD 
classification task (Fig. 5b), similarly to the MCI model, low ABETA_bl 
values have strong positive SHAP values, pushing the model to classify 
the patient as having AD. This is consistent with the amyloid cascade 
hypothesis, where low amyloid in cerebrospinal fluid (a proxy for high 
plaque buildup in the brain) is a core hallmark of AD [44].

The APOE4 feature is also highly impactful in AD classification. 
Having zero APOE4 risk alleles results in large negative SHAP values, 
strongly pushing the model away from an AD classification. This di-
rectly reflects the role of APOE4 as a significant genetic risk factor for 
the disease. Consistent with the findings reported in [43], preclinical 
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Table 8 
Parameter efficiency analysis for different tuning strategies.
Tuning
Strategy

Tunable
Parameters

Relative
Ratio (%)

Training
time (ms)

Inference
time (ms) Inference

memory
Training
memory GFLOPs

FT ∼ 0.5M 100 1.9 ± 0.3 0.26 ± 0.03 9.72MB 14.14MB 0.8042
GPF ∼ 5K 1 2.1 ± 0.2 0.28 ± 0.06 10.01MB 12.94MB 0.8051
GPF-plus ∼ 0.21M 42 2.4 ± 0.2 0.29 ± 0.10 12.91MB 16.46MB 0.8365
LoRA ∼ 0.1M 20 4.3 ± 0.2 0.35 ± 0.01 11.12MB 15.72MB 0.8444
AdapterGNN ∼ 0.1M 20 7.9 ± 2.5 1.22 ± 0.04 11.82MB 17.04MB 0.8586
PHGNN ∼ 0.03M 6 1.8 ± 0.1 0.24 ± 0.04 10.31MB 12.98MB 0.8223

Fig. 5. Visualizations of tabular variables with SHAP values for the (a) MCI conversion prediction task and (b) AD classification task. Within each subfigure, the 
right part shows the SHAP value distribution, while the left part presents the mean absolute SHAP values. A higher absolute SHAP value signifies a more substantial 
influence on the classification result.

proof is provided that the existence of the APOE4 allele acts as a risk 
determinant for AD.

We also visualize the feature embeddings generated by HGNN and 
PHGNN for ADNI-1 and ADNI-2 where part of the PET modilities are 
missing, as shown in Fig. 6. In HGNN (Fig. 6a), the absence of PET 
data creates a null input, leading to distinct clusters with and without 
PET modality, respectively. The PHGNN model fundamentally solves 
this problem (Fig. 6b). When PET data is missing, the learnable soft 
prompts are activated and they dynamically generate a virtual PET fea-
ture representation based on the patient other available modalities, such 
as MRI and tabular data. This synthesized feature acts as an informed 

substitute, effectively filling the semantic gap. As a result, the model no 
longer perceives “missing PET" subjects as a distinct group and can pro-
cess both “real PET" and “missing PET" subject data through a unified 
information structure. This alignment forces the model to learn deeper, 
shared biological patterns across all patients, mapping clinically similar 
individuals to nearby points in the embedding space. 

5.  Discussion

The proposed framework is underpinned by several architec-
tural choices, the effectiveness of which has been validated by our 
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Fig. 6. Deep feature visualizations on ADNI-1/2 for (a) HGNN and (b) PHGNN. Different colors indicate whether the PET imaging for the sample is missing.

experiments. An alternative to our generative pre-training strategy 
could have been resorting to constrastive learning instead. The latter, 
however, heavily relies on constructing valid positive pairs via data 
augmentation [45]. In medical imaging and clinical tabular data, 
standard augmentations (e.g., adding Gaussian noise to MRI features or 
randomly dropping clinical attributes) create biologically implausible 
samples or even alter the underlying pathological semantics (e.g., 
artificially effectively “curing" a patient by masking a key atrophy 
marker). This noise can mislead the contrastive objective. AD involves 
complex, non-linear interactions between varying biomarkers, therefore 
by masking a subject features and forcing the model to reconstruct 
them, HyperGraphMAE is explicitly trained to learn these biological 
interdependencies. Moreover, in clinical practice, advanced imaging 
like PET is frequently missing due to cost or invasiveness [46]. A 
generative pre-training task forces the model to reconstruct missing 
data, which explicitly trains the model to be robust to incomplete data. 
Besides, to successfully reconstruct masked features, the model is forced 
to learn strong, non-linear correlations between different modalities, 
e.g., using available MRI imaging and clinical data to infer biological in 
PET imaging. This in turn can provide a crucial clinical and economic 
advantage for centers lacking expensive imaging facilities.

As a result of this pre-training, our model is able to learn complex 
biological patterns among the different data modalities. At this point, an 
alternative strategy could have been to use full fine-tuning instead of the 
proposed prompt tuning strategy. However, using full fine-tuning when 
the downstream task labels are noisy or the sample distribution is highly 
imbalanced (e.g., due to scarcity of MCI conversion instances) may re-
sult in fine-tuning gradients that destroy the robust, general-purpose 
representations obtained during pre-training. For example, there are 
115 sMCI subjects but only 13 subjects in ADNI-3. Furthermore, the 
HGNN model can easily find shortcut solutions by overfitting to spu-
rious correlations. Indeed, as shown in Fig. 6a, the HGNN model may 
erroneously interpret the presence or absence of the PET modality as a 
discriminative factor for the downstream task. By freezing the HGNN 
model, our prompt-based approach protects the pre-trained knowledge 
and only tunes the prompt tokens. This acts as a powerful form of regu-
larization, reducing the model degrees of freedom and forcing it to find 
a solution based on the biologically meaningful features learned during 
pre-training.

5.1.  Limitations and future work

Despite the promising results, our work has several limitations:
Sensitivity to hyperparameters selection. The construction of the 

initial hypergraph relies on the 𝑘-NN algorithm, making the model per-
formance sensitive to the choice of the hyperparameter 𝑘. As shown in 
our ablation study, an optimal 𝑘 is crucial for capturing true underlying 
biological relationships. Future work could explore ways to automati-
cally infer the optimal 𝑘. The selection of the number of prompt tokens 
|𝑃 | also currently relies on manual tuning. This process lacks theoretical 

guidance and can be inefficient when adapting to new tasks. To address 
this, we plan to investigate meta-learning optimization approaches that 
can dynamically determine the optimal prompt configuration for a given 
task without extensive manual supervision.

Additional modalities and temporal information. While our mul-
timodal approach is robust, it currently relies on FDG-PET images. We 
also conducted preliminary experiments incorporating Amyloid-PET, 
which demonstrated promising potential for AD diagnosis. The incor-
poration of additional PET imaging modalities, such as Tau-PET, would 
provide a more comprehensive diagnosis. Furthermore, our current 
framework operates on static, baseline data. Since AD is a progressive 
neurodegenerative disorder, A significant future direction is to extend 
PHGNN to leverage longitudinal data.

Scalability issues. While modeling each patient as a node in a hy-
pergraph has many advantages, this transductive setting can face scal-
ability challenges in terms of computational complexity and memory 
usage when applied to real-world clinical datasets with a very large 
number of patients. This is generally not the case for inductive mod-
els where patients are processed independently.

“Black box" nature of prompt tokens. In Section 4.8 we have as-
sessed the intepretability of our model in terms of the input tabular fea-
tures. However, the prompt tokens themselves remain abstract vectors 
lacking a direct clinical or biological meaning. Understanding what bi-
ological patterns are encoded in the prompts to compensate for missing 
modalities during the tuning phase remains an open challenge.

Beyond AD diagnosis. Finally, while this study focuses on AD, we 
believe that the impact of the prompted hypergraph framework under-
pinning PHGNN can go beyond the medical application presented in this 
paper. Indeed, we see our framework as a contribution to the broader 
field of multimodal graph machine learning providing a general solution 
for multimodal learning tasks. In future work we plan to showcase this 
generalizability by extending our model to handle large-scale multi-task 
multimodal graph machine learning problems. Specifically, we envision 
a single, frozen, pre-trained PHGNN backbone that can be tailored to 
several distinct downstream tasks, where each task is defined solely by 
its corresponding lightweight, task-specific prompt.

6.  Conclusion

In this paper we introduced PHGNN, a novel framework for AD 
diagnosis and MCI conversion prognosis based on hypergraphs and 
prompt learning. Our framework leverages multiple modalities of 
imaging and tabular data and can cope with common scenarios in 
medical applications where labeled data is scarce. To this end, we 
introduced a novel prompt learning strategy tailored for hypergraphs. 
Our experiments have shown that this strategy is highly efficient in 
terms of tunable parameters, running time, and memory consump-
tion while outperforming alternative tuning approaches in terms 
of downstream task accuracy. The resulting framework has been 
shown to significantly outperform SOTA multimodal classification 
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models, including in challenging cross-domain validation scenarios. 
In addition, the clinical insights derived from these visualizations 
align well with established findings in the literature. Importantly, the 
proposed prompted hypergraph paradigm serves as a generalizable 
methodological contribution to the broader multi-modal graph machine 
learning field, which will be demostrated in future work. 
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