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Abstract. Major adverse cardiac events (MACE) are among the leading
causes of death worldwide. Quantitative myocardium perfusion imaging
(MPI) based on rubidium (Rb) PET allows measuring myocardial blood
flow (MBF) in the left ventricle (LV), which proved to be predictive
for MACE. Clinical routine relies on an approximate 3D LV center-
line (CL) flattened to a 2D polar map (PM). PM-based artificial in-
telligences (AI) were proposed to predict MACE outperforming tradi-
tional non-image-based risk scores but discarding the true LV geometry
and epi/endocardium perfusion. Using our fully automated 3D Rb PET
processing pipeline, we developed tissue-depth–specific graph neural net-
works (GNNs) operating in the initial 3D PET space for our 232 patients
cohort, with 47 MACE events. We compared various models using a five-
fold cross-validation and fold-wise bootstrapping confidence interval es-
timation. Because of the substantial class imbalance, evaluation focused
on average precision (AP). As an initial baseline, we compared MBF
intensity along the CL to train a logistic regression classifier. When ex-
tracting min, mean and max intensity on the CL, an AP of 45.9[44.0,48.0]
is reached, which was outperformed by adding epi/endocardium values
with AP of 54.3[52.0,56.5]. A CNN trained on the CL-based PM reached
an AP of 50.7[48.6,52.9]. The proposed GNN leveraging multi-depth epi-
cardium, CL and endocardium perfusion (MBF, uptake and activity) in
the 3D PET space reached top AP of 60.3[58.3, 62.3], AUC 82.5[81.2,
83.8] and C-Index of 78.2[77.0, 79.4]. This approach could allow more
accurate identification of patients at risk of MACE when compared to
current clinical assessment based global LV CL MBF.
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1 Introduction

Cardiovascular diseases (CVD) are among the leading causes of death world-
wide [36]. Clinical manifestations of CVD are referred to as major adverse car-
diac events (MACE) including cardiac death, myocardial infarct (MI), stroke,
delayed revascularisation (>6 months post-PET/CT), congestive heart failure
and de novo stable angina. Early MACE prognosis is therefore a key element
for personalized patient handling. While many risk factors have been identified,
e.g. smoking, nutrition, cardiovascular conditions [24], studies showed that a sig-
nificant proportion of the CVD population does not suffer from any of these
established risk factors [18].

Myocardial Perfusion Imaging (MPI) of the left ventricle (LV) is a power-
ful non-invasive tool to detect and localise heart diseases. In nuclear medicine,
quantitative MPI can be obtained using PET e.g. Rubidium ([82Rb]), which
allows computing the myocardial blood flow (MBF). While many works inves-
tigated the use of artificial intelligence (AI) for MACE prediction using non-
quantitative SPECT MPI, most of them extracted imaging and clinical features
to train machine learning (ML) models. Even though they achieve convincing
results, intensity features discard locality information as well as all geometrical
considerations. More recent works used computer vision models using the MPI
as input with great results, highlighting the potential complex, subtle patterns
in MPI. However, given the dimensional complexity underlying MPI, they may
currently be underexploited and requiring more advanced processing tools. In
addition, most works convert the 3D MPI to a flattened clinical representation,
referred to as polar map (PM), thus altering the LV geometry. In this work, we
proposed a new multi-depth approach for MACE prediction using [82Rb] PET,
investing the importance of epi/endocardial perfusion. We further compared the
classical features-based ML to graph neural network (GNN), suggesting the im-
portance of subtle multi-depth perfusion patterns overlooked by classic AI and
global quantitative MPI.

2 Related work

Previous studies have shown that automated analysis of SPECT MPI allows
better long-term risk stratification beyond expert visual interpretation, leverag-
ing subtle or visually normal perfusion defects, as demonstrated in large cohorts
such as the REFINE-SPECT [23], where several works investigated the use of
feature-based ML for MACE. [30] demonstrated that ML models leveraging only
a limited set of automatically derived imaging features combined with key clinical
variables can better predict MACE than standard visual SPECT interpretation
or traditional multivariable risk models. Further work reinforced this conclu-
sion by adding coronary CT angiography features to provide highly accurate
patient-level MACE predictions [2].

While these works relied on predefined clinical and imaging features, subse-
quent work have shown that deep learning (DL) can extract prognostic informa-
tion directly from MPI. While [19] used raw MPI data, enabling fully data-driven
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estimation of cardiovascular risk, most works convert the 3D MPI to PMs, from
which convolutional neural networks (CNNs) were trained [33, 28].

These works relied on SPECT and few investigated PET for MACE predic-
tion even though quantitative MPI was shown to be predictive using DL for
all cause mortality [32]. [16] investigated MBF derived quantities (myocardial
reserve and resistance) shown to be predictive of MACE without using DL. [4]
used [82Rb] PET PMs to train CNNs and features-based models. Comparing
approaches, they showed that intensity features were the best performing in sur-
vival prediction while CNNs slightly outperformed them for the classification
task.

While these works demonstrated first relevance of AI to predict MACE from
MPI, they were not able to fully leverage quantitative PET MPI due to the lim-
ited datasets available for MACE prediction1 or because of important geometric
distortions of MPI such as the use of CNN with PM, discarding subtle patterns
of perfusion anomalies. We thus propose a new approach, partially investigated
by [34], using GNN to keep the signal as raw as possible.

3 Methods

This section presents the proposed Rb PET processing pipeline to obtain the
multi-depth LV centerlines as well as the DL algorithms to process them. Train-
ing scheme and the selected evaluation metrics are also detailed.

Fig. 1. Illustration of the usual clinical pipeline (top) and proposed automatic pipeline
(bottom) for graph-based characterization of multi-depth transmural LV perfusion.

3.1 Clinical [82Rb] PET MPI

The current clinical MPI processing pipeline is generally as follows. First, the
tracer is injected and a dynamic scan is conducted for 5-6 minutes before be-
ing reconstructed in 20-21 frames [82Rb] activity volumes. An approximate LV
1 Public release of large scale datasets such as REFINE-PET could alleviate this [29].
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centerline (CL) is then semi-automatically computed using commercial software,
e.g. FlowQuant or Corridor 4DM [8, 11]. This step is crucial for a proper MBF
quantification but still depends on the software and users [14]. Using a one-tissue
compartment model (1TCM), one can model the blood dynamics between the
myocardium tissue Cm(t) and arterial blood Ca(t) activities through uptake K1

and washout k2 rates [20]. From the uptake rate K1, the MBF can be computed
via the Renkin-Crone formula, Eq. (1) [20].

K1(x) = MBF (x) · (1− αe−β/MBF (x)), with α=0.79 and β=0.55. (1)

Using the 1TCM and solving Eq. (1) on the CL points, a single PM with 3 or
17 territories [5] is often obtained by flattening the LV to the polar domain.While
this approach is widely used, PMs distort the LV 3D geometry and do not allow
multi-depth perfusion characterization (see Fig 1). In addition, [14] showed the
impact of user and software on MBF values2 due to CL fitting and Ca(t). To
alleviate this we propose an automatic multi-depth CL generation pipeline.

3.2 Fully Automatic Multi-Depth MPI Processing Pipeline

To reduce the CL location variability and to allow multi-depth LV character-
ization, we developed an automated two-step pipeline depicted in Fig. 1. An
nnU-Net processes 3D PET to generate a static segmentation mask, LVSeg [3].
The mask is then used to compute the LV CL, LVCL, to obtain mid-muscle
perfusion.

Subtracting LVSeg from its convex hull allows to retrieve the blood pool cav-
ity, LVBP . By using erosion, dilation and subtraction between LVSeg and LVBP ,
LV inner and outer borders, LVinner/outer are extracted and post-processed to
remove small objects. A KNN classifier [13] is trained to separate outer and inner
points, then used to predict the probability of each class for all the segmentation
mask points, thus separating the LV in dense epi-/endocardium Epi/EndoDense.
Finally, the intersection of EpiDense and EndoDense defines the CL points. Doing
this recursively allows to obtain different muscle-depth signals, e.g. Epi/EndoCL

is computed by completing the same procedure on Epi/EndoDense instead of
LVSeg, corresponding to the CL between LVCL and LVOuter/Inner.

As the resulting point cloud is defined in the scanner space, the Rb activity
can be easily sampled. We use the model proposed in [22] based on the arterial
input function from FlowQuant [8], to predict 3D MBF and K1 volumes, which
are further sampled according to the point clouds. FlowQuant’s 3/17 segments
PM parcellation is then mapped to the predicted CL.

Graph Construction A graph is constructed by connecting neighboring CL
point clouds vertices closer than

√
3 voxels. After outlier filtering (due to basal ir-

regularities), graphs have a median number of 3133 nodes (1637 to 6187), which
is correlated to LVSeg volume (Pearson’s correlation of 0.94). Due to scanner
2 Note that other works [27, 15] reported limited MBF variations across software.
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resolution, the graphs are downsampled by a factor of ten to maintain the heart
morphology differences. Minimum spanning trees allow drastically reducing the
graph complexity, easing training and mitigating over-smoothing. CL point cloud
normals are automatically estimated to obtain epi-endo signals across LV tissue
depth as the intersection between LVCL normals and EpiCL & EndoCL. My-
ocardial flow reserve (MFR, defined as MBFStress

MBFRest
) was shown to be predictive

for MACE [9]. As the graphs change between stress and rest, due to heart defor-
mation, MFR cannot be computed. However, to help the models learn combined
rest-stress features, we used RANSAC [12] to register the graphs in their domain.

3.3 Dataset

Participants with suspected myocardial ischemia were enrolled to undergo [82Rb]
cardiac Silicon PhotoMultiplier (SiPM) PET/CT under approved ethics study
protocol anonymous. Following-up 232 patients revealed 47 who experienced
MACE after Rb exam, with an average of 572 days (2 to 862 days) between
the exam and a potential event. Quantitative PMs and segmental analysis were
obtained with FlowQuant. In addition, quantitative 3D volumes and automatic
CLs were obtained with our proposed pipeline. MACE subtypes included car-
diac death, delayed revascularisation (>6 months post-PET/CT), MI, conges-
tive heart failure, or de novo stable angina. We extracted min, mean and max
of global MBF at stress and rest as [9] showed global MBF, MFR and capacity
to be predictive of cardiovascular events. Important clinical features (CF) were
collected including age, sex, height, weight, blood pressure and heart rate as
potential non-MPI MACE predictors.

3.4 Machine learning models

In this section, we present the various ML graph and baseline models used to
predict MACE. Following earlier work on PET [4] and SPECT [2, 30, 23] we
investigated the performance of baseline feature-based and CNN models based on
the PM representation [4, 28, 33], which include important geometric distortions
of the perfusion along the LV.

Feature-based models Following [4], we trained logistic regression (LR) mod-
els using ElasticNet [38] based on two kinds of intensity features: min-mean-max
(MMM) intensities or 18 intensity radiomics [37] features (Radint). Intensity
was extracted from three signals: flow (MBF), uptake rate (K1) and raw nor-
malised myocardium tracer activity (Cm) and at each depth to investigate the
importance of transmural perfusion (i.e. epi, CL and endo).

Graph Neural Network To account for the complex and variable heart mor-
phology, we use graph neural networks (GNN) to remove geometric distortions
coming from PM representations and avoid interpolation. While standard neural
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networks assume grid-like data structures, GNNs are uniquely suited for non-
Euclidean domains represented as graphs G = (V,E), where V represents nodes
and E represents edges. GNNs can capture the L− hop neighborhood of a node
through L successive layers, allowing the model to learn relevant connectivity
patterns. The fundamental operation of a GNN layer involves updating the rep-
resentation of a node v based on its neighbours u in the set N(v). We used a
L-layer and K-head TransformerConv [31] following the node update as

hl,k
v = ReLU(Wl,k

1 hl−1
v +

∑
u∈N (v)

softmax
(
(Wl,k

3 hl−1
v )T (Wl,k

4 hl−1
u )√

d

)
Wl,k

2 hl−1
u )

(2)

where hl,k
v is the hidden state of node v at layer l for head k, d the node degree

and Wl,k
· the weight matrix of head k at layer l. Depending on the architecture,

hl
v is computed by concatenating or averaging hl,k

v over the K heads.

3.5 Model training and evaluation

Given the unbalanced proportion of MACE events and the high temporal vari-
ability between the exam and the potential event, the MACE prediction task is
formulated both as classification and survival. All models were trained using a
stratified five-fold cross-validation. Optuna [1] was used to select a unique set of
parameters performing well on all folds, using the same splits as the final models
to avoid data leakage. Fold-wise bootstrapping is used to compute performance
metrics, whose variability is estimated via a second bootstrap on the pooled
metrics to determine 95% confidence intervals (CI).

ElasticNet LR models were implemented with scikit-learn [26] and using
Gridsearch for L1ratio ∈ [0.1, 1.0]. The Cox model [7] was used for the survival
task. The GNNs were implemented in PyTorch 2.1.1 [25] and Torch Geomet-
ric 2.7 [10] and trained jointly for classification and survival tasks. Our final
GNN has four layers with skip connections and 32 hidden channels with 6 heads
concatenated. The resulting node-features were averaged using graph-wise mean
across nodes, further fed to two distinct fully-connected layer, one predicting
event probability and the other risk hazard. The resulting model was trained
using AdamW [21] with a weight decay of 0.2, learning rate of 0.01 and dropout
probability of 40%, optimising an addition of cross-entropy loss and Cox partial
negative log likelihood loss proposed in deepSurv [17], weighted by a factor 0.15,
for 100 epochs3. To encode spatial information, an approximated 17-segment la-
bel is added as a feature by mapping FlowQuant PM to the scanner space. Note
that the feature-based approach do not consider the segments’ information as
some segments are not well represented and detrimental to the models. Future
works will investigate 17-segment delimitation in 3D volume. Code is available
upon request. The dataset cannot be shared due to legal restrictions.
3 Number of epochs was set to 100 as the losses reached a plateau. All models were

trained on a NVIDIA A100 with five-fold training time of 2 to 5 minutes.
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We report two probability-based metrics: the area under the receiver operat-
ing characteristic curve (AUC) and the average precision (AP) summarising the
precision–recall curve. While AUC is suboptimal for imbalanced datasets, AP fo-
cuses on the model’s ability to detect the positive minority class across predicted
probabilities, particularly appropriate for less represented MACE events.We also
report two thresholded metrics. The F1-score combines precision and recall into
a single harmonic-mean measure, emphasising correct detection of the minority
class. The Matthews correlation coefficient (MCC) provides a correlation-like
summary of the confusion matrix. MCC is more reliable for overall performances
in imbalanced datasets [6] but less focused on positive class detection. To evalu-
ate the survival task, we used the Concordance index (C-Index) [35] measuring
concordance between predicted hazard score and time-to-event.

4 Results

Comparison of the predictive value of the multi-depth perfusion is listed in Ta-
ble 1. All models are trained using both rest and stress MPI. The first row
reports the results when training a CNN with FlowQuant’s PMs. The next two
double rows compare the results of models using either the CL solely or con-
catenated epi-, CL and endocardium (ECE ) perfusion with MMM or Radint
features. The next multi-row reports the performances using GNN for the dif-
ferent included signals using nodes with epi-, CL and endocardium perfusion.
The last two GNN rows report the performances when combining K1 and tracer
activity values referred to as Multi and the addition of clinical features.

Table 2 reports the results of the two best performing models of Table 1 in
the survival task. It is worth recalling that the GNN is jointly trained for survival
and classification. LR with multi is omitted due to worst performances.

Model Depth AUC AP F1 MCC

CNNPM MBFCLPM 74.2[72.7,75.6] 50.8[48.6,52.9] 47.5[45.7,49.5] 33.74[31.31,36.12]

LRMMM
MBFCL 69.8[68.4,71.1] 45.9[44.0,48.0] 35.3[33.4,37.3] 15.0[12.4,17.6]

MBFECE 79.3[78.0,80.5] 54.3[52.0,56.5] 48.2[46.3,50.0] 34.8[32.5,37.1]

LRRadInt

MBFCL 74.3[73.0,75.6] 47.7[45.8,49.7] 44.7[42.9,46.4] 28.7[26.5,30.8]
MBFECE 76.5[75.3,77.7] 50.4[48.4,52.5] 47.2[45.5,48.9] 32.7[30.5,34.9]

GNN

MBFCL 76.1[74.9, 77.2] 47.8[46.1, 49.6] 48.4[46.8, 49.9] 34.3[32.2, 36.2]
MBFECE 80.1[78.8, 81.4] 55.8[53.8, 58.0] 53.7[52.2, 55.2] 43.1[41.4, 44.9]
MultiECE 80.2[78.7, 81.6] 57.4[54.9, 59.8] 51.6[49.9, 53.3] 39.3[37.2, 41.5]

MultiECE+CF 82.5[81.2, 83.8] 60.3[58.3, 62.3] 53.7[51.9, 55.6] 42.2[39.7, 44.6]
Table 1. MACE classification performance comparing of the relevance of transmural
perfusion (i.e. epi-, CL and endocardial depths). Depth column details the signal con-
sidered (i.e. MBF or Multi combining MBF, K1 and normalized activity) sampled at
a given depth (ECE for all epicardium, CL and endocardium values). Rest and stress
values were concatenated for all models. Bold indicates best & italic second best.
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Model Depth C-Index

CoxMMM
MBFCL 65.4[63.9,66.8]

MBFECE 72.5[71.3,73.6]

GNN

MBFCL 75.8[74.6, 76.9]
MBFECE 76.8[75.7, 78.0]
MultiECE 79.6[78.3, 80.8]

MultiECE+CL 78.2[76.9, 79.4]
Table 2. MACE prognosis prediction (i.e. survival), following notation from Table 1.
Rest and stress values were concatenated. Bold indicates best and italic second best.

5 Discussions and Conclusions

In this work we addressed two research hypotheses for MACE prediction. First,
the prognostic value of multi-depth perfusion was investigated. Multiple ML
approaches, previously reported to be predictive [4], were trained using either
CL perfusion only or the concatenation of epicardium, CL and endocardium
perfusion (Table 1). To assess transmural perfusion at these three depths, we
proposed an automated Rb PET MPI processing pipeline which segments the
LV and further derives epi-, CL and endocardium perfusion. All multi-depth
models outperformed the CL-only models for both classification and survival
tasks, often with non-overlapping CIs. A CNN using rest-stress PMs slightly
outperformed non-graph based CL-only models, though not significantly.

As a second research question, we investigated the use of GNNs to best lever-
age multi-depth perfusion signals across the diverse heart morphologies. While
CNN and GNN reached similar results when using CL only (overlapping CIs),
multi-depth GNN outperforms CNN with non-ovelapping CIs (bottom rows of
Table 1). When comparing ECE models, feature-based and GNN reached sim-
ilar results for AUC (∼80%) and AP (∼55%), GNN significantly outperformed
all models in terms of thresholded metrics (F1 +5.1% and MCC +8.3%). When
comparing survival performances (Table 2), GNNs systematically outperformed
all Cox models, even solely based on MBFs reaching 76.8% C-Index (+4.3%).

Finally, the GNN approach was enriched by adding Multi inputs (K1 and
normalized activity) on top of MBF. While the classification performances are
similar to MBF only models, the survival performance is significantly increased
(+2.8% C-Index). Finally, adding the CF as a late fusion before the final fully-
connected layers did not significantly impacted the performance, motivating fur-
ther investigations to build optimal cardiac GNNs.

To conclude, we demonstrated the relevance of multi-depth perfusion char-
acterization for MACE prediction in Rb PET MPI. To best leverage the latter,
we proposed a fully automated pipeline and graph-based ML, which could allow
more reproducible and accurate identification of patients at risk of MACE when
compared to current clinical assessment based on global LV CL MBF.
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