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Abstract—Accurate prediction of kidney transplant
survival outcomes is essential for guiding personalized
treatment decisions and improving long-term patient
care. Traditional machine learning methods often fail
to capture the complex, heterogeneous relationships and
long-range dependencies within clinical data, limiting
their predictive accuracy and generalizability. To address
these challenges, this study introduces a hybrid Graph
Neural Network–Transformer framework that integrates
Graph Attention Network (GAT) and Graph Sample and
Aggregate (GraphSAGE) layers to model fine-grained
local and hierarchical patient relationships, followed
by Transformer layers that capture global contextual
dependencies across the entire cohort. Using real-world
clinical data from 1,138 kidney transplant recipients
obtained through the Hospital Information System of
Iranian medical sciences university, the proposed hy-
brid model demonstrates consistently superior perfor-
mance compared to existing approaches across multiple
evaluation metrics, including F1 Score, Jaccard Index,
and Precision–Recall Area Under the Curve (PRAUC).
These results confirm that combining attention-based
graph learning with Transformer-driven global context
modeling significantly enhances prediction accuracy and
generalization.

Index Terms—Kidney transplant, graph attention net-
work, graph neural network, transformer, classification.

I. INTRODUCTION

Chronic kidney disease is a progressive loss of renal
function that often leads to end-stage renal disease.
It mainly affects individuals with diabetes, hyperten-
sion, or a family history of kidney dysfunction and
is staged by the estimated glomerular filtration rate
[1]. The rising global prevalence of kidney disease,
driven by aging and metabolic disorders, poses a ma-
jor healthcare burden. Kidney transplantation remains
the most effective treatment, offering better survival,
quality of life, and cost-efficiency than dialysis [2].
Yet, long-term graft survival remains uncertain due to
rejection, infection, and non-adherence [3]. Accurate
prediction of post-transplant outcomes is therefore vital
for improving patient selection and organ allocation.

The availability of large, structured clinical datasets
has enabled machine learning (ML) to uncover com-
plex nonlinear relationships among demographic, bio-
chemical, and immunological factors affecting graft
outcomes. ML models now predict graft rejection,
patient survival, and donor–recipient compatibility, of-
fering insights beyond traditional statistical approaches
[4]. However, most conventional ML methods treat
clinical variables as independent features, ignoring
relational dependencies among patients such as shared
comorbidities or treatments. Because post-transplant
success arises from interactions across multiple clinical
dimensions, models that capture both individual and
relational information are essential for reliable predic-
tion.

Graph Neural Networks (GNNs) effectively model
structured relationships in clinical data by representing
patients as nodes and their similarities as edges [5].
This allows each node to learn not only from its
own features but also from its neighbors, capturing
both local and contextual information. Among GNN
variants, Graph Attention Networks (GATs) assign
adaptive weights to neighbors to emphasize clinically
relevant relationships [6], while GraphSAGE [7] sam-
ples and aggregates neighborhood information to effi-
ciently capture higher-order dependencies in large or
evolving graphs [8]. Combining GAT and GraphSAGE
thus balances fine-grained attention with scalable struc-
tural learning, making it well-suited for heterogeneous
medical data.

While GNNs capture local structural dependencies,
they struggle to model global relationships across dis-
tant or heterogeneous patients. To overcome this, we
integrate Transformer layers, which use self-attention
to capture cohort-wide dependencies beyond local
neighborhoods [9]. In kidney transplant prediction,
the Transformer enhances global context awareness,
complementing the GNN’s localized feature learning
and enabling a unified representation of both micro-
and macro-level patient relationships.



Based on this analysis, we propose a hybrid
GNN–Transformer framework for kidney transplant
survival prediction. After preprocessing with standard
scaling, one-hot encoding, and Synthetic Minority
Oversampling Technique (SMOTE) [10]. GAT and
GraphSAGE layers learn multi-scale node embeddings,
while a Transformer module captures global depen-
dencies through self-attention across the cohort. This
hybrid design integrates local, structural, and global
contextual learning, resulting in higher predictive per-
formance than existing models. The main contributions
of this study are summarized as follows:
• We construct a comprehensive clinical dataset of

kidney transplant recipients and design a three-
stage preprocessing pipeline incorporating normal-
ization, encoding, and oversampling to ensure bal-
anced model training.

• We propose a hybrid GNN–Transformer model that
integrates GAT, GraphSAGE, and Transformer lay-
ers to jointly learn local structural, neighborhood-
level, and global contextual dependencies.

• We utilize a real-world dataset from the Hospital
Information System of Iranian medical sciences uni-
versity to evaluate our prediction model, demonstrat-
ing its improvement over existing approaches.
The rest of the paper is organized as follows. Sec-

tion II reviews the related literature. Section III details
the proposed framework, including data preprocessing,
model architecture, and training methodology. Sec-
tion IV presents simulation results and performance
comparisons. Finally, Section V concludes the paper.

II. RELATED WORKS

Recent studies have increasingly applied ML to
improve kidney transplantation survival prediction.
Ravindhran et al. [11] conducted a comprehensive
review of ML-based transplantation models and sum-
marized commonly used architectures, including arti-
ficial neural networks (ANNs), convolutional neural
networks (CNNs), decision trees (DTs), random forests
(RFs), and hybrid ensemble methods for graft sur-
vival prediction. Paquette et al. [12] evaluated several
survival models, including Cox proportional hazards
regression, random survival forests, and deep neural
networks such as recurrent neural networks (RNNs),
for predicting graft survival probabilities. Naqvi et al.
[13] applied ML-based classification models and deep
autoencoders for dimensionality reduction to estimate
graft failure risk across temporal cohorts. However,
none of these works explicitly modeled relational struc-
tures or inter-patient dependencies within the clinical
population.

Recurrent and attention–based models have been
widely explored for clinical prediction tasks involving

temporal dependencies. Wang et al. [14] proposed
TAMSGC, which integrates temporal attention with
simple graph convolution to model medication cor-
relations over time. Choi et al. [15] developed RE-
TAIN, a reverse-time attention model designed for
interpretable visit-level analysis. Zhang et al. [16]
introduced LEAP, which employs reinforcement learn-
ing for sequential decision-making to reduce adverse
drug interactions. Yang et al. [17] designed SafeDrug
with dual molecular graph encoders to capture drug
structures and reduce unsafe combinations. However,
none of the above recurrent or attention-based models
considered graph-level patient similarity or long-range
cohort dependencies, limiting their ability to model
global clinical relationships.

GNN have been employed to capture structural
dependencies in healthcare data. Shang et al. [18]
developed GAMENet, which combines drug–drug in-
teraction graphs with GCNs in a memory network to
improve medication safety. Shang et al. [19] proposed
G-BERT, which pre-trains graph-augmented Trans-
formers to represent hierarchical medical code struc-
tures. Su et al. [20] introduced GATE, which con-
structs co-occurrence graphs with temporal updates
to model visit-level relationships. Wang et al. [21]
presented ARMR, leveraging adversarial regularization
for sequential representation learning, and He et al.
[22] proposed AMANet, a dual-view self-attention
framework for asynchronous EHR sequences. Wang et
al. [14] proposed PKANet, which incorporates heuris-
tic diagnosis–medication mappings to guide attention-
based learning. Gao et al. [23] introduced MK-GNN,
which fuses drug network structures with EHR-derived
patient features to improve medication representation
and interpretability. However, these GNN-based ap-
proaches primarily focus on local neighborhood ag-
gregation and lack Transformer-based mechanisms for
modeling long-range cohort-level dependencies.

To the best of our knowledge, no prior study
has applied GNN to kidney transplantation survival
prediction. Existing GNN-based approaches in med-
ical field have mainly focused on local neighbor-
hood aggregation without modeling long-range de-
pendencies across patients. The proposed hybrid
GNN–Transformer framework overcomes these limita-
tions by combining GAT and GraphSAGE for local and
hierarchical feature learning, while Transformer lay-
ers capture global dependencies through self-attention.
This unified design enables richer representations of
clinical relationships and achieves higher predictive
accuracy for kidney transplant survival.

III. FRAMEWORK DESIGN

The proposed hybrid GNN–Transformer framework,
as shown in Fig. 1, is designed to predict kidney



transplant survival outcomes by integrating heteroge-
neous clinical, demographic, and treatment data into a
unified, graph-based learning architecture. The frame-
work begins with structured input data preprocess-
ing, where categorical and numerical patient attributes
are normalized, one-hot encoded, and balanced using
SMOTE to mitigate class imbalance. Each patient is
represented as a node within a clinical graph, with
edges encoding relational similarities such as shared
medical histories, treatment patterns, or physiological
characteristics. These node representations are then
embedded into a latent feature space and processed
through GAT and GraphSAGE layers, which jointly
capture fine-grained neighbor importance and aggre-
gated multi-hop structural information. The resulting
node embeddings are passed through a Transformer-
based global context module, which models long-range
dependencies and inter-patient correlations across the
entire cohort. Finally, the contextualized embeddings
are fed into a fully connected classification layer that
outputs the probability of graft survival.

Fig. 1: Hybrid GNN–Transformer framework for kid-
ney transplant outcome prediction.

A. Data Preprocessing

The kidney transplant dataset used in this study is
obtained from the Hospital Information System of Ira-
nian university of medical sciences. It contains 1,138
records of kidney transplant recipients, encompassing
comprehensive demographic, socioeconomic, and clin-
ical variables. Each record represents a unique patient
profile with 25 features covering categories such as
age, gender, blood group, primary cause of end-stage
renal disease (ESRD), dialysis type, donor source,
immunosuppressive drug usage, and post-transplant
clinical indicators. The target label indicates transplant
survival status, i.e., patients who survived after trans-
plantation are labeled as 1 (successful), and those who
did not are labeled as 0 (unsuccessful).

Before model training, the training dataset is pro-
cessed through a structured pipeline to ensure con-
sistency and suitability for graph-based learning. The
preprocessing includes standardization of numerical
attributes, one-hot encoding of categorical variables,
and class balancing SMOTE.

1) Numerical Feature Standardization: Continuous
attributes such as age, weight, ischemia time, and
months from dialysis to transplant are standardized to
remove scale disparities. Each numerical feature xi is
normalized using z-score normalization x′

i = xi−µi

σi
,

where µi and σi represent the mean and standard
deviation of feature i, respectively. This ensures that all
features have zero mean and unit variance, contributing
proportionally during model training.

2) Categorical Feature Encoding: Categorical vari-
ables such as blood group, donor source, and insurance
type are transformed into numerical form using one-
hot encoding. For a categorical variable with C unique
categories, each sample is represented as a binary
vector xi ∈ {0, 1}C , where a single element is set to
1 to indicate the active category. This transformation
preserves categorical distinctions without introducing
artificial ordinal relationships.

3) Class Balancing with SMOTE: The dataset con-
tains 946 surviving and 236 non-surviving transplant
recipients, resulting in class imbalance. SMOTE is
applied to generate new minority samples through
linear interpolation between each minority instance xi

and one of its k nearest neighbors x̃i, i.e., xnew =
xi + λ(x̃i − xi), where λ ∈ [0, 1] is a random coeffi-
cient controlling the interpolation ratio. This approach
expands the minority class and mitigates bias toward
the majority class during model training.

B. Graph Neural Network

To model complex dependencies among kidney
transplant patients, we construct a patient similar-
ity graph and employ a hybrid GNN that integrates
GAT and GraphSAGE layers. The GAT component
adaptively learns the importance of neighboring pa-
tients, while GraphSAGE performs structural feature
aggregation to ensure stability and generalization. This
combination enables the model to capture both fine-
grained local interactions and broader neighborhood-
level patterns within clinical data.

1) Graph Construction: Each patient is represented
as a node in an undirected graph G = (V,E), where
V denotes the set of N patients and E represents
edges that connect clinically similar individuals. Edges
are established using a k-nearest neighbor (k-NN)
similarity measure applied to preprocessed feature vec-
tors. The adjacency matrix A is defined as Aij ={
1, if j ∈ N (i)

0, otherwise,
where N (i) denotes the set of

node i’s k-nearest neighbors. Each node i is initialized
with a feature vector h

(0)
i = x′

i obtained from the
preprocessing stage.

2) Graph Attention Network (GAT) Layer:
The GAT layer assigns adaptive importance to



neighboring nodes, reflecting their clinical rele-
vance. For node i and its neighbor j ∈ N (i),
the unnormalized attention score is computed as
e
(l)
ij = LeakyReLU

(
a(l)⊤

[
W (l)h

(l)
i ∥W (l)h

(l)
j

])
,

where W (l) and a(l) are learnable parameters, and
∥ denotes concatenation. The normalized attention
coefficient is obtained using a softmax function

α
(l)
ij =

exp(e
(l)
ij )∑

k∈N(i) exp(e
(l)
ik )

. The node representation

is updated as h
(l+1)
i = σ

(∑
j∈N (i) α

(l)
ij W

(l)h
(l)
j

)
,

where σ(·) is a nonlinear activation. To stabilize
training and capture diverse relational aspects, multi-
head attention with M heads is used h

(l+1)
i =∥∥M

m=1
σ
(∑

j∈N (i) α
(l,m)
ij W (l,m)h

(l)
j

)
.

3) GraphSAGE Aggregation Layer: To complement
the attention-driven focus of GAT and mitigate over-
fitting, the GraphSAGE layer aggregates neighbor-
hood information using statistical averaging. Given
the output h

(l)
i from the previous GAT layer, the

GraphSAGE update rule is defined as h
(l+1)
i =

σ
(
W

(l)
1 h

(l)
i +W

(l)
2 · Avgj∈N (i)h

(l)
j

)
, where W

(l)
1 and

W
(l)
2 are learnable weights. This operation enforces

smoothness and improves generalization across hetero-
geneous patient subgroups.

After the hybrid GAT–GraphSAGE block, the fi-
nal node embeddings are expressed as H(L) =

[h
(L)
1 , h

(L)
2 , . . . , h

(L)
N ]⊤, where each h

(L)
i encodes both

local relational dependencies and smoothed statistical
context. These embeddings are then passed to the
Transformer layers for global context modeling.

C. Global Context Modeling with Transformer Layers

While the GNN module captures local and
neighborhood-level dependencies, its receptive field
is limited to a few graph hops. To model broader
relationships across distant patient subgroups, such
as variations in donor type, comorbidities, or im-
munosuppressive therapy, we incorporate Transformer
layers that perform global self-attention over all patient
embeddings.

Given the input embeddings H(l) at layer l, the
queries Q, keys K, and values V are computed as Q =
H(l)WQ,K = H(l)WK , V = H(l)WV , where WQ,
WK , and WV are learnable projection matrices, and
dk is the hidden dimension. The scaled dot-product at-
tention mechanism is defined as Attention(Q,K, V ) =

softmax
(

QK⊤
√
dk

)
V . Multi-head attention extends this

process by concatenating M parallel attention heads.
Each Transformer encoder layer applies residual con-
nections, layer normalization, and a feed-forward net-
work. Stacking LT layers yields the globally con-
textualized embeddings H(LT ), where each patient

representation aggregates information from all oth-
ers, capturing cohort-level dependencies beyond the
graph’s local structure.

D. Final Classification and Model Training

After GNN and Transformer processing, the model
produces patient-specific embeddings that encode both
local and global contextual information. Each em-
bedding h

(LT )
i is passed through a fully connected

prediction head followed by a Sigmoid activation to
output the probability of transplant survival ŷi =

σ(Wfinalh
(LT )
i +bfinal), where Wfinal and bfinal are learn-

able parameters, and σ(·) maps the output to [0, 1].
For binary classification, the model is trained using

cross-entropy loss L = − 1
N

∑N
i=1

[
yi log(ŷi) + (1 −

yi) log(1− ŷi)
]
, where yi ∈ {0, 1} is the ground-truth

label. All parameters of the GNN, Transformer, and
classification layers are jointly optimized via stochastic
gradient descent to minimize L, ensuring end-to-end
learning of the complete framework.

IV. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the
proposed kidney transplant survival prediction frame-
work through simulations implemented in Python. We
use a real-world dataset from the Hospital Informa-
tion System of Iranian medical sciences university,
containing medical records of 1,138 kidney transplant
patients. Model performance is evaluated using three
metrics including F1 Score, Jaccard Index, and Pre-
cision–Recall Area Under the Curve (PRAUC). The
F1 Score measures the balance between precision and
recall, the Jaccard Index quantifies the overlap between
predicted and actual outcomes, and PRAUC assesses
performance under class imbalance by capturing the
trade-off between precision and recall. The proposed
hybrid GNN-Transformer framework consists of two
GAT layers with eight attention heads each, followed
by two GraphSAGE layers, and then four Transformer
encoder layers.

Fig. 2 compares the proposed hybrid
GNN–Transformer model with representative baselines
across Jaccard, F1 Score, and PRAUC metrics. RNN-
based attention models, including TAMSGC [14],
RETAIN [15], LEAP [16], SARMR [24], and
SafeDrug [17], capture temporal dependencies but
lack graph-based patient similarity modeling. Graph
convolutional approaches, such as GAMENet [18],
G-BERT [19], GATE [20], ARMR [21], AMANet
[22], PKANet [14], and MK-GNN [23] incorporate
patient graphs but omit Transformer-based global
attention for long-range cohort reasoning. In Fig. 2(a),
the hybrid GNN–Transformer achieves the highest
Jaccard score by combining GAT and GraphSAGE



(a) Jaccard (b) F1 Score (c) PRAUC

Fig. 2: Performance comparison of our model with existing models.

(a) Jaccard (b) F1 Score (c) PRAUC

Fig. 3: Performance comparison of architectural variants.

(a) Embedding dimension (b) Attention heads

Fig. 4: Performance comparison with different hyper-
parameters.

to capture both fine-grained edge importance and
broader structural relationships, improving alignment
between predictions and ground truth. Fig. 2(b) shows
superior F1 performance, as the integrated Transformer
enhances precision and recall by modeling global
contextual dependencies missed by RNN-based and
local GNN models. Fig. 2(c) demonstrates the highest
PRAUC, indicating strong discrimination under class
imbalance, as the multi-scale attention design enables
the model to focus on clinically significant minority
cases.

Fig. 3 illustrates the epoch-wise performance of four
architectural variants (Transformer + GAT + Graph-

SAGE, SAGE + Transformer, GAT + Transformer, and
GAT + SAGE), evaluated across Jaccard, F1 Score,
and PRAUC metrics over 200 training epochs. The
complete hybrid model (Transformer + GAT + Graph-
SAGE) consistently achieves the highest performance
and fastest convergence across all metrics. In Fig.
3(a), the Jaccard results demonstrate that integrating
the Transformer with both GAT and GraphSAGE im-
proves prediction consistency by combining attention-
based edge weighting with multi-hop neighborhood
aggregation. Fig. 3(b) shows that the hybrid model
attains superior F1 scores, as Transformer layers en-
hance precision–recall balance by capturing global
dependencies beyond local graph propagation. In Fig.
3(c), the PRAUC trend highlights the model’s strong
discriminative ability and training stability under class
imbalance.

Fig. 4 presents the parameter sensitivity analysis of
the hybrid GNN–Transformer model with respect to
two key hyperparameters: embedding dimension and
number of attention heads. Fig. 4(a) examines how
varying the embedding dimension from 32 to 256 influ-
ences model performance across F1 Score, Jaccard, and
PRAUC. The results show that performance improves
as the embedding dimension increases up to 64, reflect-
ing richer and more discriminative feature representa-
tions, but declines beyond this point due to overfitting



and redundant information. Fig. 4(b) illustrates the
effect of changing the number of attention heads on
model accuracy. Moderate head counts of 6 yield the
best results for F1 Score and Jaccard, demonstrating
that multi-head attention effectively captures diverse
relational patterns among patients, whereas excessive
heads fragment the embedding space and reduce sta-
bility. PRAUC remains relatively stable across head
variations, suggesting the model’s robustness under
class imbalance. Overall, these results identify the
optimal configuration for kidney transplant survival
prediction.

V. CONCLUSION

In this paper, we have presented a hybrid
GNN–Transformer framework for predicting kidney
transplant survival outcomes using heterogeneous clin-
ical, demographic, and treatment data. We have inte-
grated GAT and GraphSAGE layers to jointly capture
fine-grained patient-level relationships and hierarchi-
cal neighborhood structures, while Transformer layers
model long-range dependencies and cohort-level in-
teractions through self-attention. This unified design
enables the model to learn comprehensive patient rep-
resentations that capture both local and global con-
textual information. Simulation results have demon-
strated that the proposed hybrid architecture consis-
tently outperforms existing models across metrics F1
Score, Jaccard Index, and PRAUC. The analysis of
architectural variants and parameter sensitivity further
confirms that the combination of GAT, GraphSAGE,
and Transformer components is essential for achieving
optimal performance.
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