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ARTICLE INFO ABSTRACT
Keywords: Background : Cardiovascular disease (CVD) is the most prevalent complication of Type 2 Diabetes Mellitus
Type 2 Diabetes Mellitus (T2DM) and a leading cause of mortality in this population. Early and accurate CVD risk prediction is essential

Cardiovascular disease
Machine learning
Graph Neural Networks

for timely intervention, yet traditional clinical risk calculators may overlook complex, non-linear relationships
between risk factors, and have exhibited varying performance. Graph neural networks (GNNs) are able to
. capture these complex relationships but often lack interpretability.
Anomaly detection . i . )
Explainable artificial intelligence Objective : The present study aims to develop and evaluate the first interpretable Graph Neural Network
Global surrogate model (GNN)-based framework for Cardiovascular Disease (CVD) risk prediction in patients with Type 2 Diabetes
Mellitus (T2DM). We introduce a novel approach that integrates a GNN classifier with a rule-based surrogate
model to generate clinically meaningful explanations for the model’s predictions, addressing the critical need
for both high accuracy and transparency in clinical Al
Methods : A population graph of 560 T2DM patients was constructed using demographic, lifestyle, laboratory,
and treatment data. A GNN-based classifier was trained by leveraging a loss function originally designed for
graph-based anomaly detection to address class imbalance. Post-hoc interpretability was achieved through the
deployment of a RuleFit surrogate model, combining decision tree ensembles and a sparse linear model to
extract global, rule-based explanations.
Results : The proposed model achieved an AUC of 0.786+0.076, exceeding all benchmark methods and
outperforming prior best-reported results on this dataset by over 7% in terms of the AUC, and produced
well-calibrated probabilities (Brier score: 0.053+0.021). RuleFit explanations aligned with established CVD
risk factors, while revealing intermediate-risk patterns, such as residual dyslipidemia despite treatment, that
may warrant earlier intervention.
Conclusion : The proposed interpretable GNN framework demonstrated its ability to provide reliable CVD
risk estimates while offering transparent, clinically relevant explanations. These findings support its potential
integration into CVD risk screening tools for patients with T2DM, paving the way for real-world clinical
implementation.

1. Introduction may lead to the incidence of long-term, serious, and mortality-related
complications including micro- and macro-vascular diseases. According

Diabetes Mellitus (DM) is a chronic metabolic disease, characterized to the International Diabetes Federation (IDF), the global prevalence
by increased blood glucose levels. Type 2 Diabetes Mellitus (T2DM) is of DM is high and rising across all regions, accounting for 589 million
the most common type of DM accounting for over 90% of all DM cases
worldwide. In T2DM, hyperglycemia is the result of insulin resistance,
that is the inability of the body cells to fully respond to insulin. T2DM
is commonly diagnosed in older adults, yet the exact time of onset
is usually impossible to determine due to the asymptomatic nature of
the disease at its early stages. Prolonged elevated blood glucose levels

adults in 2024 globally, whereas this number is projected to rise to 853
million by 2050 [1]. Due to its association with acute episodes and com-
plications, the disease caused 3.4 million deaths and at least 1 trillion
dollars in health expenditure in 2024. T2DM, in particular, is currently
the 8th leading cause of disease burden globally and estimated to
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become the second leading cause by 2050. Optimal management of
T2DM requires glycemic control through effective lifestyle behavioral
changes and appropriate medication — insulin or oral medication - if
needed. Moreover, it is critically important to manage blood pressure
and blood cholesterol levels along with performing regular screening
for possible complications in order to initiate preventive measures.

Cardiovascular disease (CVD) constitutes the most prevalent compli-
cation of DM and the main cause of mortality in this population. The
CVD risk in patients with T2DM is estimated to be 2- to 4- folds higher
compared to the general population, thus, posing the need to develop
evidence-based recommendations for the prevention and management
of CVD in patients with DM [2]. In response to this need, the European
Society of Cardiology (ESC) in collaboration with the European Asso-
ciation for the Study of Diabetes (EASD) has recently released relevant
guidelines recommending CVD risk-based management while adopting
CVD risk scores dedicated to the DM population [3].

Statement of Significance

Problem Cardiovascular disease (CVD) is the leading cause
of morbidity and mortality in type 2 diabetes
mellitus (T2DM). Current risk assessment methods
often fail to capture risk factor interactions, thus
limiting timely, personalized intervention.

Graph neural networks (GNNs) can model complex,
non-linear relationships in patient data, but their
limited interpretability hinders clinical adoption.
Their use in CVD risk prediction for T2DM patients
has not been investigated.

What this Paper This work introduces an interpretable GNN

Adds framework, combining graph anomaly detection
with clinically understandable rules, able to reveal
hidden risk patterns even in challenging,
imbalanced datasets. This approach bridges
predictive performance with transparency,
supporting earlier, tailored CVD prevention in
T2DM.

(i) Patients with T2DM who may gain access to
earlier, more targeted CVD prevention, (ii)
clinicians supported in making evidence-based
decisions, (iii) researchers applying graph-based
models in other disease contexts, (iv) policymakers
seeking to integrate accurate, transparent Al tools
into clinical workflows.

What is Already
Known

Who Would
Benefit from the
Knowledge in
this Paper

2. Related work

The most thoroughly studied CVD risk calculators [4], such as the
Framingham, SCORE, and DECODE, have been based on data from
the general population, thus underestimating the CVD risk in DM
individuals. This has oriented many studies towards building CVD risk
prediction models focusing on DM [5]. In this direction, survival analy-
sis [6], linear regression [7], logistic regression [8], and hidden Markov
models [9] have been utilized for the models’ development, thus assum-
ing the existence of linear relationships between the considered risk
factors and the CVD risk while ignoring potential complex interactions
between risk factors. Among the proposed models, the T2DM-specific
UKPDS risk engine has demonstrated varying performance, primarily
due to its data selection criteria, which have resulted in poor represen-
tation of a broader spectrum of T2DM patients, whereas the RECODe
risk calculator, which has been based on data from the ACCORD
study, has shown moderate-to-good discrimination and calibration in
assessing the CVD risk in T2DM patients [10].

Attempts towards performance improvement in CVD risk predic-
tion models for DM have been pursued through the investigation of
more sophisticated approaches, founded on machine learning methods,
including neural networks [11], support vector machines [12], self-
organizing maps [13], as well as tree-based methods such as decision
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trees [14], and, most recently, the extreme Gradient Boosting (XG-
Boost) algorithm [15]. Moreover, the ability of deep learning models to
effectively capture non-linearities in DM patient datasets in the case of
CVD has also been explored [16]. All of the previous approaches have
focused on modeling the complex interactions between risk factors, usu-
ally represented in the Euclidean space, while ignoring the existence of
relationships between different patient profiles. Graphs offer a powerful
and intuitive way to model individuals (nodes) and the relationships or
similarities (edges) between individuals. In [17] it has been shown that
creating relatively sparse geometric graphs from the tabular data of a
dataset, even in the absence of information of relationships between
the data points, provides an effective tool for modeling hidden relation-
ships between features and patients, which can increase classification
performance when fed to a Graph Convolutional Network (GCN) [18].

Graph Neural Networks (GNNs) constitute a class of artificial neural
networks, able to unveil the complex relationships that can be found in
non-Euclidean domains represented in the form of a graph. GNNs have
been recently applied to the biomedical informatics domain, yielding
promising results in prediction of pathogenicity in multi-type vari-
ants [19], disease diagnosis and prediction [20,21], neuroscience [22,
23], survival analysis [24,25], source identification of infectious dis-
eases [26,27], patient similarity learning [28] and side effects predic-
tion [29]. Representing populations as a graph and transforming the
disease prediction problem into a node classification task has been
explored in [30-32].

To ensure the reliability and trustworthiness of risk prediction
models in health and facilitate their adoption in clinical decision mak-
ing, research has recently emphasized on harnessing inherently inter-
pretable models as well as exploring various post-hoc model-agnostic
interpretability techniques towards the generation of explanations on
the black-box models’ decisions. Along these lines, different inter-
pretable risk prediction models have been proposed, aiming at enhanc-
ing human understanding on the models’ reasoning process, increasing
transparency, and ensuring user trust. Apart from inherently inter-
pretable CVD risk prediction models, which have been based on the
use of linear regression models and decision trees, a variety of in-
terpretable approaches, leveraging different post-hoc interpretability
techniques, have been proposed for estimating the CVD risk inci-
dence. Global surrogate models, Partial Dependence Plots, Local In-
terpretable Model-agnostic Explanations (LIME), and SHapley Additive
exPlanations (SHAP) constitute some of the most widely investigated
interpretability techniques that have been used to provide insights
about features’ contribution in the models’ decision process. Further-
more, recent research in interpretable GNNs is advancing beyond basic
attention mechanisms, with novel frameworks including the Graph
Multilinear neT (GMT) [33] and the Tree-like Interpretable Frame-
work (TIF) [34], aiming for more faithful and multi-granular explana-
tions of GNN predictions. Concurrently, the integration of GNNs with
Healthcare Knowledge Graphs [35] and Large Language Models [36]
is enhancing their reasoning capabilities and the transparency of their
applications in complex biomedical domains. However, a limited num-
ber of interpretable models focusing on the assessment of the CVD risk
in DM patients can be identified in the literature.

In the present study, an interpretable approach, based on the com-
bined use of Graph Neural Networks (GNNs) and the RuleFit algo-
rithm [37], is proposed towards the development of an interpretable
personalized risk prediction model for the fatal or non-fatal CVD inci-
dence in T2DM. The ability of GNNs to model latent relationships be-
tween patients through a comprehensive weighted patient network and
address the graph anomaly detection problem in the case of class im-
balance is leveraged towards exploring nonlinear complex interactions
between patients and CVD-related risk factors and effectively handling
the unbalanced nature of the used dataset. A global hybrid surrogate
model, combining the predictive power of tree-based ensembles with
the interpretability of linear models, is deployed in order to provide
meaningful rule-based explanations on the GNN model’s outputs. To
the best of the authors’ knowledge, this is the first work proposing an
interpretable GNN-based prediction model for the calculation of the
CVD risk in T2DM.
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Table 1
Demographic characteristics of the study cohort
(N=560).
Characteristic Value
Age (years), mean + SD 58.56 + 10.70
Sex, n (%)
Male 263 (46.96%)
Female 297 (53.04%)
Ethnicity, n (%)
Greek 560 (100%)
Table 2

Baseline prevalence of comorbidities in the study
cohort (N = 560).

Comorbidity n (%)
Dyslipidemia 208 (37.1)
Hypertension 80 (14.3)
Retinopathy 85 (15.2)
Microalbuminuria 60 (10.7)
Macroalbuminuria 33 (5.9)
Chronic Kidney Disease 9 (1.6)
Peripheral Neuropathy 42 (7.5)
Autonomic Neuropathy 3 (0.5
Angina 14 (2.5)
Myocardial Infarction 7 (1.3)
Hemorrhagic Stroke 4 (0.7)

3. Materials and methods
3.1. Data

Data collected from the 5-year follow-up of 560 T2DM patients
at the Hippokration General Hospital of Athens (1996-2007) were
used for the model’s development and evaluation. The study cohort
includes patients with a confirmed T2DM diagnosis and complete base-
line records for the variables under study. The dataset is characterized
by a severe class imbalance, which presents a significant modeling
challenge. Specifically, a small fraction of the patients (41,7.32%) pre-
sented a CVD incident during their follow-up. Four patients experienced
stroke and the rest experienced coronary heart disease (CHD). Baseline
demographic, lifestyle, laboratory, and treatment data that provide
adequate information on a T2DM patient profile were used to compose
the model’s feature space [13]. The considered variables represent the
full set of routinely monitored parameters for T2DM management and
CVD risk assessment, which were recorded by clinicians in accordance
with current guidelines and established literature. To support model
interpretability and facilitate clinical translation, this compact set of
clinically relevant and consistently collected variables was directly
utilized without any prior exploratory or automated feature selection
procedure. An overview of the continuous and categorical dataset
variables — none of which contained missing values — is presented in
Tables 3 and 4. The demographic characteristics and key comorbidities
of the study cohort are summarized in Tables 1 and 2.

3.2. Methods

3.2.1. Conceptual framework

The complexity of interactions between the multitude of factors, un-
derpinning the manifestation of T2DM and its complications, motivated
the deployment of graphs as a means for the efficient representation
and identification of complex patterns present in the data. Moreover,
the inherent highly expressive capability of GNNs in learning graph rep-
resentations through message passing was leveraged towards building
the proposed CVD risk prediction model.

To address the imbalanced nature of the dataset, an approach
based on graph anomaly detection was adopted, building on GNNs’
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Table 3
Continuous variables of the dataset.
Variable

Average + Standard deviation

7.67 + 7.37 (years)
29.49 + 5.54

56.75 + 15.80 (mmHg)
7.43 + 1.81 (%)

165.15 + 56.15 (mg/dL)
226.64 + 50.04 (mg/dL)
167.39 + 110.81 (mg/dL)
48.35 + 16.46 (mg/dL)

Diabetes duration

Body Mass Index (BMI)
Pulse Pressure
Glycosylated Hemoglobin
Fasting Glucose

Total Cholesterol
Triglycerides

HDL Cholesterol

Table 4
Categorical variables of the dataset.

Variable

Number of patients

Smoking Habit:
Non Smokers
Current Smokers
Ex-smokers

289 (51.61%)
146 (26.07%)
125 (22.32%)

Parental History of Diabetes:
No 304 (54.28%)
Yes 256 (45.72%)

Lipid-lowering therapy:
No 469 (83.75%)

Statins 74 (13.21%)
Fibrates 17 (3.04%)
Aspirin:

No 509 (90.89%)
100 mg 44 (7.85%)
325 mg 7 (3.03%)

ability to detect anomalous patterns in graphs. Handling class imbal-
ance through anomaly detection algorithms [38,39] involves solving a
classification problem, where data belonging to the minority class are
considered anomalous, and the rest normal. In the case of graphs, al-
gorithms addressing anomaly detection usually follow an unsupervised
approach, but may also consider label information, referring to the
characterization of observations either as normal or anomalous [40].
GNNs have been adopted to efficiently and intuitively detect anomalies
by examining graph topology/structure and node attributes/instance
information simultaneously to extract anomalous patterns from graphs,
even those with highly complex structures or attributes.

Within the framework of the present study, a GNN-based model
with a loss function that was originally proposed for an anomaly
detection task, accepting data from the normal and abnormal class and
learning to separate them [41], was deployed. Unlike standard cost
sensitive learning methods, including weighted cross-entropy or focal
loss, which address imbalance by increasing the penalty for misclassi-
fying minority samples, the adopted approach reframed the problem
entirely. The chosen hypersphere-based loss function was designed to
learn a geometrically compact representation for the ‘normal’ (Non-
CVD) patient majority in the embedding space, while encouraging
embeddings of high-risk (CVD) patients to lie far from this ‘normal’
center, treating them as structural anomalies within the graph. This
method is particularly well-suited for GNNs, as it leverages both patient
features and the learned inter-patient relationships to achieve more
robust class separation than simple loss re-weighting. In this context,
the GNN model operated in a transductive learning setting, where only
training nodes contributed labels to the loss, but the model had access
to the entire graph structure — including nodes with withheld outcomes
(i.e., validation and test patients) — allowing it to exploit relational
information from these ‘unlabeled’ nodes during training. The resulting
anomaly scores were transformed into the corresponding probabilities
via an exponential cumulative distribution function.

To facilitate user trust and enhance the reliability and transparency
of the model’s decision process, a post-hoc interpretability approach
was deployed, combining decision tree ensembles and a sparse linear
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Fig. 1. Conceptual framework of the proposed model. It comprises the decision space, involving the GNN-based prediction model, and the explanation space,
featuring a decision-tree-based global surrogate model and a sparse linear model for the generation of rule-based explanations. In this conceptual depiction,
’Unlabeled patient’ refers to a node whose CVD outcome is withheld during model training (i.e., a member of the validation or test set), but whose features and
graph connections are still leveraged by the GNN in its transductive learning process.

model towards building a global surrogate model able to generate
rule-based explanations [42]. An overview of the proposed model’s
conceptual framework is depicted in Fig. 1.

3.2.2. Population graph construction

Inspired by [31,32], a population graph was constructed in which
each patient was represented by a node linked to the patient’s corre-
sponding feature vector. Edges between nodes were added according to
the value of the following distance function:

2
x,(S2) = x,(5,)|

L Y sw(Dx ) @

D(i, j) = exp( 202 * |S| | P2
1

where i, j are the indices of two T2DM patients, S, and .S, represent the
sets of the considered categorical and continuous features, respectively,
x;(.S,) is a vector containing the continuous features of patient i, x;(f)
is the value of feature f for patient i, 5(x, y) is a function that returns 1
if x = y, o is equal to the mean value of |[x;(.S,) — xj(Sz)”2 over all
pairs of patient indices i, and j and x;(B) are normalized such that
sl = 1.

The values of the distance function D were calculated for all node
pairs u and v with corresponding indices i and j and stored in a 560x560
matrix A for which A;; = D(,j). Then, according to a predefined
threshold y, which was optimally tuned, the values of the matrix A
below y were set to 0 and the rest to 1. The matrix A represented the
adjacency matrix of the population graph. Each node u was assigned a
label y, equal to one or zero depending on whether the corresponding
patient had developed or not fatal or non-fatal CVD during their 5-year
follow-up period. Following this procedure, the CVD risk prediction
problem was formulated as a node classification task.

3.2.3. GNN model

The proposed GNN model was based on a GNN architecture in-
troduced in [41], which employs GCNs to compute node embeddings
taking into account both local node features and their K-hop neighbor-
hood in the graph. This representation learning framework is designed
to facilitate the detection of anomalous nodes by mapping normal
nodes to embeddings that lie close to a center vector ¢, while anoma-
lous nodes are encouraged to deviate significantly from this center. To
address the imbalanced nature of anomaly detection tasks, a differential
approximation of the AUC was utilized, which has been shown to be
effective in imbalanced settings. A comprehensive description of the
original architecture and its integration into the proposed approach,

adapted to the specific requirements of this study, is provided in the
remainder of this subsection.

Let G = (V,A,X) represent the patient graph, where V is the
set of N=560 nodes, A € RW*N) is the graph adjacency matrix,
and X = [x,...,xy]" € R¥*D) ig the node feature matrix with D
denoting the number of features. Let Norm and AbNorm represent the
index set of patients without and with CVD, corresponding to class 0
(normal) and class 1 (abnormal), respectively. The model was trained to
assign an anomaly score to all nodes, with the objective function being
optimized on the labeled training nodes. For unlabeled nodes within the
graph (i.e., those belonging to the validation and test sets), the model’s
generalization ability was evaluated by how well it assigned low scores
to normal (class 0) and high scores to abnormal (class 1) patients.

The model architecture was based on a two-layer GCN, which
computed node embeddings by aggregating information from local
neighborhoods up to K hops based on the following equation:

H=D2

D %a(D 2AD 2XW<°>)W“> )
where A is the graph adjacency matrix with the addition of self loops
(A;; = 1,Vi € [1,2,...,N]), D is a diagonal matrix where each D;;
contains the number of neighbors of node i, ¢ is a non-linear activation
function, X is the feature matrix with the continuous and the one-
hot encoded categorical values, W© is the weight matrix of the first
layer of the GCN, W is the weight matrix of the second layer of
the GCN, and H = [hy,...,hy]" € RWV*Y is the matrix that contains
the final embedding, h;,for each node i. During training, the Dropout
regularization method was utilized [43] and ¢ was set to be the GELU
activation function [44].

For each node u;, the model produced an anomaly score a(u;)
computed as the squared Euclidean distance between its embedding h;
and the center c:

aw) = ||h; = | )

The center vector ¢ was calculated as the mean of embeddings for the
normal-class nodes h;,i € Norm of the training set in the initial forward
pass with randomly initialized weights, reflecting the assumption that
embeddings of normal nodes should lie near ¢, while abnormal ones
should lie farther away. This derivation of ¢ solely from the distribution
of normal patients in the training set prevented the risk of distribution
leakage, ensuring that the representation of ‘normality’ was defined
solely by data available during training. Thus, the anomaly scores
assigned to test patients quantified deviations from this training-defined
embedding space rather than from statistics influenced by unseen test
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data. Moreover, while the center vector is considered to be the center
of a hypersphere where each normal node embedding lies inside its
radius and each abnormal one lies outside it, its calculation was not
part of the original model training procedure and, thus, no explicit
decision threshold for classifying an instance as normal or anomalous
was learned.

The model was trained by minimizing a custom loss function incor-
porating both hypersphere compactness for normal nodes and discrim-
inative separation from abnormal nodes:

L(6) = L,,,(0) = AL 4y (6) 4

where 6 = (WO WO} denotes the learnable parameters and A is a
hyperparameter controlling the trade-off between objectives. The first
term of the loss function enforces compactness of normal node embed-
dings around the center by minimizing the volume of the hypersphere
that encloses normal nodes:

2
Lnar(e) = Z —”hu — c”

u€Norm |N0rm|

(5)

The second term is a differential approximation of the AUC, encourag-
ing higher anomaly scores for abnormal nodes:

1

L H= ————
avc(®) | Norm||AbN orm|

> flaw) - atw,)) (6)
i€AbNorm jENorm
where f is the sigmoid function. Model optimization was performed
using the Adam optimizer [45].

To enable probabilistic interpretation of anomaly scores, each score
a(u;) was transformed into a probability estimate indicating the likeli-
hood that patient u; belonged to class 1 (CVD). This was achieved by
computing a scaling parameter y, defined as the inverse of the mean
anomaly score across the training set, and applying the exponential
cumulative distribution function:

l—exp(—puxx) ifx>0
F(x;p) = )
010 {O ifx<0

Under this formulation, a score of zero mapped to a probability of
0, a score equal to the mean anomaly score yielded a probability
of 0.5, and the probability asymptotically approached 1 as the score
tended towards infinity. This transformation enabled the model to pro-
duce interpretable probability estimates consistent with the underlying
anomaly score distribution.

3.2.4. Interpretability

To derive insightful explanations on the model’s decisions, an in-
terpretable surrogate model was employed based on the use of the
RuleFit algorithm [37]. RuleFit constructs a set of human-interpretable
rules by extracting decision paths from an ensemble of decision trees,
and subsequently fits a sparse linear model using both the original
input features and the derived rules as predictors. A key advantage
of this approach lies in its inherent interpretability as the surrogate
model can yield transparent and informative explanations regarding the
decision boundaries of the original, more complex predictive model.
For a given instance, interpretability is achieved by identifying the
subset of rules that the instance satisfies. Each rule is associated with a
coefficient in the linear model, indicating its contribution to the overall
prediction. The magnitude of the coefficient reflects the importance
(i.e., weight) of the rule, while the sign denotes the direction of its
influence with positive (negative) coefficients supporting classification
into the positive (negative) class.

4. Results
4.1. Evaluation framework, hyperparameters’ tuning, and model training
To ensure robust hyperparameter optimization and unbiased gen-

eralization performance estimates, a 10 x 4 nested stratified cross-
validation scheme was employed [46], with inner loops used for tuning
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Table 5
Search space of the hyperparameter tuning procedure.

Hyperparameter Values

Hidden Layer Neurons 4,8,16,32,64,128

4 0.3, 0.4, 0.5, 0.6, 0.7

Output Layer Neurons 4, 8, 16, 32, 64, 128

Dropout 0, 0.1, 0.2, 0.3, 0.5, 0.6

Adam Learning Rate le-2, 5e-3, le-3, le—4, 5e-4

A 0,1, 10,102, 10%,10%, 105, 10°

Adam Weight Decay 0, le-2, 5e-2, 5e-3, 1e-3, 5e—4, 1le—4, 5e-5, le—6

and outer loops for model evaluation, preserving class imbalance across
folds [47]. Model performance was assessed using appropriate metrics
for imbalanced classification tasks, including the Area Under the ROC
Curve (AUC), F1-score, Precision, and Recall. Brier Score was deployed
to evaluate probability calibration, quantifying the mean squared dif-
ference between predicted and true outcome probabilities, with lower
values indicating better calibration [48].

Hyperparameter optimization was performed by applying grid search
over a predefined hyperparameter space. The search space, presented in
Table 5, featured the number of neurons in the hidden and output lay-
ers, the adjacency matrix threshold y, the training loss hyperparameter
A, the dropout rate, the Adam learning rate, and Adam weight decay.
The optimal configuration was selected based on the obtained average
AUC score on the inner loop of the nested cross-validation scheme.

During model training, each iteration of the outer cross-validation
loop involved partitioning the data into training and validation sets
using a 90:10 split. The model was trained for up to 2000 epochs, with
early stopping applied based on the F1-score obtained on the validation
set. The scaling parameter y of Eq. (7) was calculated by considering
the anomaly score on the validation set of the outer loop. The optimal
decision threshold was selected within the range [0.1, 0.9] based on
the obtained F1-score on the validation set.

4.2. Evaluation of models’ performance

The results obtained from the applied cross-validation scheme are
summarized in Table 6. The model yielded satisfactory discrimination
performance, achieving an AUC score of 0.786 + 0.076, and demon-
strated its ability to handle the unbalanced nature of the data, as
reflected by a Precision of 0.711 + 0.210, Recall of 0.630 + 0.130, and
F1-score of 0.641 + 0.100. In terms of calibration, the model produced
well-calibrated probability estimates, as indicated by the obtained Brier
Score of 0.053 + 0.021.

To validate the model’s underlying learning mechanism, we ana-
lyzed the distribution of the final anomaly scores (i.e., the squared
Euclidean distance from the center c¢) across all held-out test sets. The
results confirmed that the hypersphere-based loss function successfully
learned a discriminative embedding space. Patients in the normal (non-
CVD) group had a mean anomaly score of 1.15 + 0.65, reflecting
their intended compactness around the normative center. In contrast,
patients who developed CVD (abnormal group) were mapped signifi-
cantly farther away, with a mean anomaly score of 3.20 + 1.85. An
independent samples t-test performed on these scores confirmed that
this difference was statistically significant (p < 0.001), providing direct
evidence that our anomaly detection framework effectively separates
the two classes.

4.3. Comparison with the state of the art

The dataset used in the present study has been previously explored
in [13,15], where various machine learning algorithms were applied
for CVD risk prediction in T2DM. Compared to these approaches, the
proposed model achieved superior performance, exhibiting an AUC
improvement of over 7% with respect to the best results reported
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Table 6

Performance of the proposed GNN-based model and comparative assessment
with the previously proposed XGBoost-based model within the applied cross-
validation scheme (metrics reported as average + standard deviation across
folds).

Metric Proposed GNN-based model XGBoost-based model
AUC 0.786 + 0.076 0.724 + 0.060
F1-score 0.641 + 0.100 0.367 + 0.120
Precision 0.711 + 0.210 0.353 + 0.230
Recall 0.630 + 0.130 0.515 + 0.050
Brier Score 0.053 + 0.021 0.141 + 0.030

in the aforementioned studies. This performance gap indicated the
proposed model’s ability to handle the class imbalance and limited
sample size inherent in the dataset more effectively. The proposed
approach also outperformed baseline regression models currently used
in clinical practice, including the UKPDS Risk Engine and Bayesian
Logistic Regression (BLR) [13]. This provided further evidence regard-
ing GNNs’ ability to capture complex relational structures within the
data more effectively than traditional models, suggesting that GNN-
based approaches may offer a more suitable framework for CVD risk
prediction in T2DM patients.

Furthermore, to provide a direct performance benchmark, the XG-
Boost classifier, which was recently applied to the same prediction
task [15], was comparatively assessed against the proposed model,
given its relatively low computational complexity and fast training
time. To this end, XGBoost was trained using the same nested cross-
validation scheme and fold structure as the proposed GNN model. A
random search over the positive class weight parameter in the range
[0, 1] was conducted, along with a threshold-moving technique on
the validation set, mirroring the approach used for the GNN model.
As depicted in Table 6, the proposed GNN model demonstrated sig-
nificantly stronger performance across all metrics. Compared to the
XGBoost classifier, our model achieved an 8.6% higher AUC (0.786 vs.
0.724), a 75% higher Fl-score (0.641 vs. 0.367), and a 101% higher
precision (0.711 vs. 0.353). This highlights the GNN’s superior ability to
effectively handle the severe class imbalance and complex relationships
within this dataset.

4.4. Interpretability

4.4.1. Surrogate model performance

The RuleFit algorithm was implemented using the skope-rules
Python library, a well-established package for rule extraction. To ensure
a standardized and reproducible approach, we utilized the library’s
default hyperparameter settings, which are optimized for general-
purpose rule induction and allowed us to focus the evaluation on the
GNN’s learned representations rather than on tuning the surrogate
model itself.

The RuleFit surrogate model was trained on the same dataset with
each sample labeled with the predictions of the original GNN model.
To evaluate the surrogate’s ability to approximate the behavior of the
original model, the R-squared measure was employed. For each train-
test split of the outer cross-validation loop, the surrogate model was
fitted on the corresponding training set. To address the class imbalance
present in the data, a random 40% undersampling was applied to
the negative class during training. The surrogate model achieved an
average R-squared score of 92.51%, indicating a strong correspondence
with the GNN’s predictions. This high level of agreement suggested that
the RuleFit model served as a faithful and interpretable approximation
of the original GNN model, enabling the extraction of meaningful rules
that explain model behavior for individual instances.

4.4.2. Rule-based explanations
The analysis of the rule-based explanations generated by the sur-
rogate RuleFit model provided useful insights into the factors driving
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the proposed model’s predictions and enabled an assessment of their
alignment with established clinical knowledge and recognized car-
diovascular risk factors. Fig. 2 presents the most influential rules —
determined by their corresponding coefficients in the RuleFit surrogate
model - that were satisfied by four representative patient cases from
the test set of the first cross-validation fold, corresponding to a True
Positive (TP), a True Negative (TN), a False Positive (FP), and a False
Negative (FN) prediction.

Rules linked to the TP prediction (Fig. 2(a)) highlighted estab-
lished cardiovascular risk factors, including elevated total cholesterol,
advanced age, and low HDL levels, especially in patients undergoing
lipid-lowering therapy. Conversely, the identified rules associated with
the TN prediction (Fig. 2(b)) predominantly reflected feature combina-
tions characteristic of low-risk patient profiles, including shorter dia-
betes duration, moderate triglyceride levels, absence of lipid-lowering
therapy, adequate HDL levels, and controlled blood pressure. These
findings suggest that the proposed model correctly identified protective
factors against CVD and exhibited sensitivity to clinically meaningful
indicators of CVD risk, aligning with clinical knowledge.

In the FP prediction case (Fig. 2(c)), the highlighted rules reflected
the model’s sensitivity to individual risk factors, such as very high total
cholesterol, that triggered a positive prediction despite the absence of
an actual event. Overall, this case indicated overestimation of the CVD
risk due to the increased influence of the patient’s lipid profile as well as
possibly uncaptured protective factors or individual patient variability
not represented in the training data. For the FN prediction (Fig. 2(d)),
the identified rules involved specific value ranges for various features
(e.g., triglycerides, blood pressure, and HbAlc) that the model may
have interpreted as non-critical, thus leading to an underestimation of
risk. Moreover, although known risk factors such as age or smoking
habit were identified, these may have been outweighed by the influence
of protective features, guiding the model towards the calculation of
lower risk scores.

5. Discussion

The present study demonstrated that GNN-based models can pro-
vide reliable predictions for CVD risk stratification in patients with
T2DM, even in the presence of class imbalance and limited sample
sizes. To achieve this, the proposed approach leveraged individual-level
attributes and inter-patient relationships modeled in a graph repre-
sentation to capture higher-order dependencies present in the data.
Moreover, it adapted a graph anomaly detection method, originally
developed for the unsupervised identification of anomalous patterns, to
the supervised prediction of CVD risk in a severely imbalanced setting,
enhancing the model’s ability to detect minority-class (high-risk) cases
while ensuring balanced classification performance.

During model development, conventional cost-sensitive learning
approaches, including weighted cross-entropy and focal loss, were ini-
tially investigated for model training. In both cases, the GNN failed
to learn meaningful discriminatory patterns; specifically, the model
converged to predicting exclusively the majority class, labeling all
nodes as ‘Normal’ and yielding an average AUC of 0.50. These results
demonstrated that simply re-weighting the classification loss was in-
sufficient for capturing the subtle minority-class signal present in this
severely imbalanced clinical dataset.

Data-level imbalance handling methods such as SMOTE [42] were
also explored but did not improve discriminative performance. These
experiments resulted in an average AUC of 0.50, as the model assigned
all validation nodes to the majority ("Normal’) class. This outcome
is expected in small, high-dimensional clinical datasets, where syn-
thetic minority samples often fail to approximate the true underlying
distribution and may introduce additional noise.

Along these lines, the conceptual reframing of the task, from classifi-
cation to anomaly detection, emerged as a key element of the proposed
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(a) True positive patient

HDL<= 44.5 AND Lipid-
Lowering therapy=
{‘Statins’, ‘Fibrates’}

Total cholesterol > 325.0 Age >46.0 AND
Total cholesterol

>325.0

Triglycerides <= 509.0 AND
Triglycerides > 70.0 AND
Aspirin = 'No’ AND HbA1c <= 12.7

Total cholesterol > 325.0
AND Triglycerides <= 340.5

(c) False positive patient

Total cholesterol > 325.0

Total cholesterol > 325.0 AND
Triglycerides <= 340.5

—— Positive coefficient
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(b) True negative patient

HDL > 34.5 AND Aspirin
<='No’

Diabetes Duration <= 9.5

Triglycerides <= 227.5 Diabetes Duration <= 9.0
AND Lipid-Lowering

therapy ='No’

Aspirin <= ‘No’ AND Blood
pressure <= 85.0 AND
HbA1c <=11.6

Triglycerides <= 451.5
AND Triglycerides >
102.5 Triglycerides > 86.0
AND HDL > 30.5

Triglycerides > 75.5 AND
HDL >34.5

(d) False negative patient

Total cholesterol >

157.0 AND HDL <= 50.0

AND HbA1c <= 10.45
Triglycerides <= 332.0
AND Lipid-Lowering

therapy ='No’
Age > 46.0 AND Total
Age > 63.0 AND
cholesterol >325.0 Smoking Habit =
’Ex-Smoker’
Triglycerides <=

332.5 AND Glucose

<=240.0
Triglycerides <= 749.0 AND

Blood pressure <= 85.0
AND HbA1c <= 11.35

Negative coefficient

Fig. 2. Rules satisfied by a true positive (a), a true negative (b), a false positive (c), and a false negative (d) patient case. For each patient case, the subset of
rules satisfied was identified along with the corresponding coefficients, indicating both the direction and magnitude of their contribution to the prediction.

model architecture, that was essential for addressing the aforemen-
tioned limitations of conventional approaches. The training objective
was to learn a geometrically compact, normative representation of
the majority (non-CVD) class within the embedding space, with the
hypersphere-based loss function serving as the direct mechanism for
enforcing this structure by treating high-risk patients as topological
anomalies distant from the normative center. This formulation is par-
ticularly synergistic with the GNN architecture: by combining node
features with relational information from neighboring patients, the
model learns a more robust and holistic separation between high-risk
and low-risk individuals than can typically be achieved through simple
instance re-weighting. The integrated interaction between the graph
structure, anomaly-driven objective, and hypersphere-based separation
is therefore central to the model’s ability to discriminate rare CVD cases
in the context of severe class imbalance.

Using a nested cross-validation evaluation, the proposed framework
yielded satisfactory discrimination ability, reflected in an AUC score
of 0.786 + 0.076, and was effective in identifying high-risk patients
despite the severe class imbalance, while maintaining a low false pos-
itive rate, as indicated by the obtained precision, recall, and F1-score.
Furthermore, the model produced well-calibrated probability estimates,
ensuring that its outputs corresponded well to the actual observed risks.

Comparison with the state of the art showed that the proposed
model outperformed all benchmark methods, including the best-
performing models reported in prior work on this dataset [13,15] by
a margin exceeding 7% in AUC, while surpassing clinical baseline
models such as the UKPDS Risk Engine and BLR. These improvements
provided evidence regarding the potential of GNNs to capture complex,
non-linear relationships between patient attributes which may be less
easily modeled by traditional statistical models and machine learning
methods unable to account for relationships between patients. When
compared directly with the XGBoost classifier that was recently applied
to the same prediction task [15], the proposed GNN consistently
delivered superior results across all metrics. While XGBoost achieved

competitive AUC values, its precision, recall, and F1-score were sub-
stantially lower, indicating its limited ability to accurately identify
high-risk patients under class imbalance.

Overall, the obtained performance estimates highlighted the pro-
posed model’s superiority in minimizing the false negative rate, which
can be attributed to core properties of the GNN architecture that
distinguish it from conventional feature-based classifiers. In particular,
unlike models that treat each patient as an independent instance,
the GNN explicitly models inter-patient similarity, allowing informa-
tion to propagate across clinically related profiles and strengthening
minority-class discrimination. In addition, the GNN learns context-
aware representations: each node embedding reflects both the patient’s
own features and those of neighboring patients, enabling the detection
of subtle, higher-order risk patterns that are not apparent from isolated
feature vectors. When combined with the anomaly - detection objective
- which enforces a compact representation of the majority class and
treats CVD cases as structural deviations - this relational and context-
aware formulation provides a principled advantage over traditional
feature-based classifiers under severe class imbalance.

The integration of RuleFit as a global surrogate model enabled the
generation of transparent insights into the GNN’s decision-making pro-
cess. The selection of RuleFit was motivated by its ability to generate
explicit, human-readable rules that capture non-linear relationships and
higher-order feature interactions. In contrast, feature-attribution meth-
ods such as SHAP [42] provide per-instance additive explanations based
on Shapley values. Although SHAP can quantify interactions through its
extended formulations, it does not present these interactions as explicit
conditional logic, and its outputs typically require aggregation and
post-processing to yield global patterns. RuleFit, by directly expressing
decision logic in the form of IF-THEN rules, offers a more intuitive
structure for clinical interpretation, reflecting the threshold-based and
conditional reasoning common in guideline-driven practice. This ability
to uncover multivariate, clinically meaningful patterns — including sig-
nals of residual risk in treated patients — was a key reason for selecting
a rule-based surrogate over purely feature-attribution approaches.
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By translating graph-derived embeddings into explicit decision rules,
RuleFit facilitated understanding of how the original model combined
diverse patient attributes into a unified risk assessment. The surrogate
model achieved high fidelity (R-squared: 92.512%) in reproducing
the predictions of the original GNN model, thereby indicating that
the extracted rule sets closely approximated the underlying model
behavior.

The examination of rules derived from the surrogate model across
different prediction cases provided evidence regarding the model’s ca-
pacity to capture clinically meaningful patterns consistent with expert
knowledge. Specifically, the identified rules in the TP and TN cases
linked traditional cardiovascular risk factors, such as dyslipidemia, age,
and diabetes duration, with higher risk scores, while underscoring pro-
tective attributes, including adequate HDL, absence of lipid-lowering
therapy, and shorter diabetes duration, as indicators of a lower risk phe-
notype. Beyond confirming known associations, the extracted rules in
these cases also highlighted multivariate patterns that may be underap-
preciated in routine clinical risk scoring. For example, the combination
of lipid-lowering therapy with HDL levels lower than or equal to 44.5
mg/dL was highlighted among the most influential rules for the TP
prediction, indicating that the GNN may be sensitive to intermediate-
risk phenotypes. In clinical terms, HDL values below 40 mg/dL in
men or 50 mg/dL in women are typically considered high-risk CVD
thresholds. While the identified threshold of 44.5 mg/dL does not meet
these high-risk cutoffs for all patients, its occurrence in someone al-
ready on lipid-lowering therapy may indicate residual dyslipidemia and
incomplete lipid control, both of which are associated with elevated
long-term risk. Identifying such cases could prompt earlier intervention
in T2DM, where multiple modest deviations from normal values may
cumulatively increase vascular risk.

On the other hand, the analysis of rule-based explanations for the
cases of misclassification revealed instances where the GNN’s decision
pathway diverged from clinical expectations, either due to the strong
weighting of individual high-risk factors without sufficient counter-
balancing from protective factors or due to the model’s sensitivity to
protective factors that masked underlying risks. These results may, in
part, reflect constraints in the dataset, such as limited sample size or
unmeasured risk factors not represented in the feature space, though
model-specific biases or interaction effects could also have contributed
to the observed reduced predictive accuracy in these cases. Overall,
the obtained surrogate explanations largely aligned with established
clinical expectations and were cross-checked with domain experts, who
confirmed the clinical plausibility of the dominant patterns. They also
revealed instances where the model’s reasoning focused on factors
that are not typically emphasized in routine clinical assessment, or
diverged from conventional medical judgment. These deviations may
offer complementary insights alongside conventional risk stratification
while highlighting data- and model-related aspects where targeted
adjustments could further enhance model performance.

From a translational perspective, the integration of these inter-
pretable outputs into a clinical decision support system is crucial for
real-world implementation. In a practical workflow, a clinician could
enter a patient’s data and receive two outputs: (1) an estimated CVD
risk probability and (2) a concise set of rules that explain the primary
factors driving that prediction. Unlike feature attribution methods in-
cluding SHAP, which provide numerical importance scores requiring
an additional interpretation step, the rule-based explanations are ex-
pressed in natural conditional logic (e.g., ‘IF feature X is in range Y
AND feature Z is true...’). This format aligns closely with clinical rea-
soning and can be understood with minimal additional training. Such
outputs offer immediately actionable insights — for example, prompting
a review of medication regimens or a focused discussion on lifestyle
modification — thereby enhancing usability and reducing cognitive
burden in routine practice. In this way, the framework transitions from
serving solely as a risk calculator to functioning as a decision-support
partner that facilitates evidence-based, individualized patient care. As a
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next step towards clinical translation, these components will require in-
tegration testing within EHR environments and prospective evaluation
with clinicians to ensure workflow compatibility and practical utility.

Some limitations should be acknowledged. First, the model was
developed and validated using data from a relatively small cohort
(N=560) from a single center, which may limit generalizability and
increase susceptibility to variability or distribution shifts. A nested
stratified cross-validation scheme was employed to obtain an unbiased
estimate of generalization performance in the absence of compatible
external datasets in terms of feature availability and variable and
endpoint definitions. Also, by recomputing training-derived quantities
independently within each fold, this procedure prevented distribution
leakage and limited fold-to-fold discrepancies arising from partitioning.
Nonetheless, the observed standard deviations reflect the expected
inter-fold variability inherent to a dataset of this size. Furthermore,
the computational complexity of the proposed GNN framework is a
practical consideration for clinical integration. While inference on a
pre-trained model is fast, the reliance on a transductive learning frame-
work necessitates full graph reconstruction and model retraining to
generate predictions for new patients. A critical next step is the ex-
ploration of inductive GNN architectures that enable predictions for
unseen nodes without requiring a fixed graph structure or full re-
training. Finally, a formal qualitative evaluation of the rule-based
explanations by an external panel of clinicians is considered essential
for determining their practical utility, trustworthiness, and potential
integration into clinical workflows.

6. Conclusions

This study introduced an interpretable GNN-based framework for
CVD risk prediction in patients with T2DM, demonstrating both su-
perior predictive performance and clinical transparency. The model
outperformed state-of-the-art methods, achieving an AUC of 0.786, a
more than 7% improvement over previous best results, and gener-
ated well-calibrated probabilities that reliably reflect observed risks.
Importantly, the integration of a RuleFit surrogate provided human-
readable rules that confirmed known cardiovascular risk factors while
highlighting under-recognized interaction patterns, such as residual
dyslipidemia under therapy.

These findings underline the potential of GNN-based approaches to
enhance clinical risk stratification by capturing latent inter-patient rela-
tionships beyond traditional statistical models. While the single-center
dataset size remains a limitation, the results encourage validation on
larger, multi-center cohorts and exploration of inductive GNNs for
scalable clinical deployment. Ultimately, the proposed framework rep-
resents a step towards integrating interpretable Al into routine diabetes
care, supporting earlier, tailored interventions for CVD prevention.
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