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Abstract. Risk stratification for pulmonary embolism (PE) is critical
for clinical decision-making. Stratification guidelines are based on pa-
tient medical records, parameters measured from computed tomogra-
phy pulmonary angiography (CTPA), and blood tests. However, blood
tests are often missing in routine practice. This work studies whether
state-of-the-art models can accurately classify risk stratification from
only medical records and biomarkers extracted from CTPA images. We
benchmark different approaches to combine medical records and car-
diac biomarkers with rich pulmonary vascular information; we add vas-
cular biomarkers to tabular models and apply graph neural networks
(GNNs) on the vascular tree’s intrinsic graph representation. We use a
private dataset (n=353) with uniquely complete data for PE risk strat-
ification. Our results show that, among global features, medical records
and cardiac biomarkers are the most significant predictors, while vascular
biomarkers do not further improve stratification. Even more surprising,
even GNNs on vascular graphs fail to outperform strong tabular baseline
on global features. We consider hypotheses, on both models and data,
that could explain this suboptimal performance. Our investigation sug-
gests that, counter-intuitively, vascular graphs may not help predict PE
guidelines risk better than simpler clinical biomarkers. Code is available
from https://github.com/creatis-myriad/GENESIS.

Keywords: multimodal fusion · tabular data · foundation model · graph
neural networks · graph classification.
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1 Introduction

Risk stratification for pulmonary embolism (PE) determines how patients are
treated, e.g., whether they receive intensive care, thrombolytic therapy, or an-
ticoagulants. Current stratification guidelines rely on a combination of medical
records, visual evaluation of Computed Tomography Pulmonary Angiography
(CTPA), and blood tests to measure troponin and NT-proBNP [19]. CTPA is
the standard diagnostic modality and is almost universally available, but blood
tests are frequently not performed for the initial diagnosis [23]. This gap between
guidelines and clinical practice motivates research on maximising the diagnostic
accuracy from CTPA and medical records only.

While CTPA is used to confirm PE diagnosis by the presence of thrombi,
its current use for risk stratification is limited to measuring right ventricle (RV)
heart dysfunction, rather than thrombus burden. Clinical scores were proposed to
globally assess thrombus burden from CTPA, e.g., Qanadli [28] and Mastora [26]
vascular obstruction scores, and were correlated to PE risk factors. However, they
require to locate thrombi’s positions in the pulmonary arterial tree, a labour too
time-intensive to perform manually in routine clinical settings.

Deep neural networks have been successfully applied to automate part of
this process by detecting [30] and segmenting [8] PE in CTPA. They have also
been used to segment the pulmonary arterial tree [6, 21]. Recently, an automated
pipeline was introduced to segment both the arterial tree and thrombi, and to ex-
tract a feature-rich patient-specific graph representation of the arterial tree [20].
Still, since thrombi and arteries are thin and sparse in CTPA, the spatial priors
of deep vision models make them ill-suited for patient-level PE risk stratification.

By contrast, the new patient-specific vascular graphs [20] and the rising pop-
ularity of graph neural networks (GNN) for medical applications [1] present the
opportunity to use a framework intrinsically adapted to the application. How-
ever, global features, i.e., patient-level data and biomarkers, are important for
PE risk stratification [19], and comparatively little research has explored multi-
modal learning with GNNs, all applications considered [3, 32, 25]. Furthermore,
no specific GNN model dominates across tasks and datasets [22], and even graph
foundation models (GFMs) for healthcare currently target specific tasks, mostly
knowledge discovery and brain networks [17].

In this context, specifying an optimal PE risk stratification model is not
trivial. Using a private dataset with uniquely complete PE risk stratification
data, we propose the first study of the usefulness of pulmonary vascular graphs
for PE risk stratification, structured into three main contributions:

1. We introduce a pipeline for automatic PE risk stratification from routine
clinical data, i.e., structured medical records and CTPA images;

2. We benchmark state-of-the-art tabular models and GNNs to compare two ap-
proaches for adding vascular information: global biomarkers vs. full graphs.
We test several backbones, notably two new proposed methods to combine
global features in GNNs;
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3. We empirically investigate hypotheses to explain counter-intuitive negative
results, concluding that vascular graphs may be more relevant to predict
patient outcome, or other pathologies, rather than PE guidelines risk.

2 Methods

We propose a pipeline, detailed in Fig. 1, to categorize PE risk in three classes
by combining routine clinical data, i.e., structured medical records and CTPA
images. Clinical guidelines were used to determine reference PE risk, using blood
tests results not provided to our pipeline.
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Fig. 1. Proposed pipeline for PE risk stratification, including CTPA preprocessing.

We first preprocess high-dimensional 3D CTPA by segmenting structures of
interest for PE, i.e., ventricles and pulmonary vasculature. The latter is then
converted into a graph. Finally, cardiac and vascular biomarkers are computed
from the ventricle masks and vascular graph, respectively (see Section 2.1).

The stratification model then combines structured medical records and ex-
tracted image features. Since medical records and CTPA are complementary, we
focus on exploring two fusion strategies, which tend to perform better in this
context [12]. We test tabular models where image information is provided by
concatenating cardiac and vascular biomarkers to medical records, as shown in
Fig. 2a, motivated by similar applications having shown tabular models to be
strong baselines [31]. We also test GNNs, extended to support global features
(see Section 2.2), to make use of the rich vascular graph representation.

2.1 CTPA Images Preprocessing & Vascular Graph Representation

To segment the heart’s left and right ventricles (LV & RV), we use TotalSegmen-
tator [33], a reference nnUNet [15] pretrained to segment important anatomical
structures in CT. From these masks, we compute 3 cardiac biomarkers related
to RV function (middle branch in Fig. 1).
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(b) Existing methods of early fusion [25] and
late fusion [3, 32].
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(d) Graph Transformer [29] with proposed
cross-attention on tokenized global features [11].

Fig. 2. Schemas summarizing benchmarked methods for combining global features and
vascular graphs for patient risk classification. Some layers (e.g., residual connections,
norm, dropout) are not shown for readability.

To extract the pulmonary arterial graph, we use the pipeline developed
in [20]. An nnUNet was iteratively trained and its predictions semi-automatically
checked to obtain anatomically and topologically consistent masks of arteries and
thrombi (e.g., ensuring a single connected artery component, thrombi within
arteries). The arteries masks were converted to graphs by representing junc-
tions or terminal vessels as nodes and vessels as edges, with automatic quality
checks and corrections to ensure topological consistency (e.g., removing artifact
branches and cycles). Each vessel, i.e., edge in the graph, is described using 6 fea-
tures computed from the masks (bottom right in Fig. 1). Thrombi are described
by concatenating 3 thrombus features, i.e., thrombus volume and obstructions,
equal to 0 in the absence of thrombi, to the 6 vessel features.

Finally, the vascular graph enables the automatic computation of 6 patient-
level vascular biomarkers defined by clinicians to summarise thrombus burden
(bottom centre in Fig. 1), previously too time-consuming to measure manually.

2.2 Graph Neural Networks with Global Features

Compared to the extensive research on multimodal fusion in computer vision,
few works have studied how to combine global features with graphs. Previous
works have proposed two fusion methods (see Fig. 2b), namely early fusion by
concatenating global features on each node [25] and late fusion by concatenating
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global features to the graph embedding of a GNN encoder [3, 32]. Considering
computer vision literature has shown intermediate fusion typically performs bet-
ter than early or late fusion when data modalities are structured differently [12],
we propose two new intermediate fusion methods designed for GNNs.
Virtual Node from Global Features. Previous works have proposed to
facilitate interactions between faraway nodes by adding virtual nodes (VN), i.e.,
nodes not originally in the graph, connected to all other nodes [27]. VNs have
primarily been used as they tend to improve performance on graph-level tasks.
Prior works also suggested to use VNs to integrate global features and store a
global state [27], but did not test this in practice. Thus, we perform the first
empirical evaluation of VNs initialised from global features, as shown in Fig. 2c.
Cross-attention in Graph Transformers. Graph Transformers (GT) have
become a state-of-the-art alternative to message passing neural networks (MPNN),
demonstrating high performance on graph-level tasks [29]. Additionally, Trans-
formers’ ability to adapt to data with different structures and levels of details
helped them succeed in multimodal applications [35]. These successes motivated
us to propose to use cross-attention in GTs to fuse global features.

We use the state-of-the-art GPS [29] as the backbone. It augments the graph
by adding a node’s positional encoding to its features. Node features are updated
in parallel by an MPNN layer and self-attention between nodes treated as a
sequence of tokens. On top of GPS, we propose to use a Feature Tokeniser [11] to
map each global feature to a token, and to perform bidirectional cross-attention
between global tokens and node tokens, as shown in Fig. 2d.

3 Experiments & Results

3.1 Experimental Settings

Dataset. Data were collected from 353 PE patients, diagnosed by CTPA (see
[20] for acquisition details) at the CHU Saint-Étienne emergency department
between 04/2014 and 06/2020. The retrospective study was approved by the local
ethics committee (IRBN262017/CHUSTE). Compared to other PE datasets,
additional information to stratify risk using ESC guidelines [19] was collected:
troponin & BNP measurements, sPESI score and its 6 factors [16]. Risk groups
are: low (n=88), intermediate-low (n=138), and intermediate-high (n=127). To
evaluate models, 10-fold cross-validation with an 80/10/10 split was used.
Tabular Models. Since tree-based models have historically outperformed deep
learning [11] we compare XGBoost [5], a reference machine learning method,
against TabPFN-2 [13], a state-of-the-art Transformed-based foundation model.
Graph Neural Networks and Architecture Search. All GNNs were im-
plemented using PyTorch Geometric [10]. We conducted an exhaustive hyperpa-
rameter search across the options detailed in Table 1 using Optuna [2] with the
Tree-structured Parzen Estimator (TPE) and a budget of 250 cross-validation
trials for each GNN backbone. For each backbone, we chose the configuration
with the best validation average across folds.
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Table 1. Configuration space for automated hyperparameter tuning of GNNs.

Message passing GNN (MPNN) Graph Transformer (GT)

Backbone GCN [18], GATv2 [4], GIN [34]
with/without Virtual Node (VN) GPS [29]

Attention heads – 1, 2, 4
Graph representation
(readout)

Global pooling: sum, mean,
virtual node

Global pooling: sum, mean,
[CLS] token

Layer depth
Hidden channels
Normalization
Dropout
Prediction head layers
L2 regularization

Hyperparameter
Tested configurations

2 . . . 10
16, 32, 64

BatchNorm, InstanceNorm, GraphNorm
[0, 0.6]
1 . . . 5

[10−5, 10−3]

Additionally, we ran an ablation study of the best GNN configurations’ key
components, not detailed because of space constraints. Results showed that us-
ing the line graphs, i.e., inverting edges and vertices, improves performance, ex-
plained by the graphs’ features being exclusively on edges. They also confirmed
that embedding global features using a Feature Tokenizer [11] (see Fig. 2d) out-
performs both linear projection and TabPFN-2’s internal embedding.

3.2 Key Results

In this section, we present key results on the relevance of pulmonary vascu-
lar graphs for PE risk stratification. We first study whether clinicians’ vascular
biomarkers improve tabular models. Then, we test if GNNs applied to the intrin-
sic vascular graph manage to use the richer data representation to improve upon
the tabular baseline. Finally, we investigate whether data and models limitations
explain the unexpected lack of improvement from vascular graphs.

Unless otherwise specified, scores in Tables 2 to 4 correspond to cross-validation
test mean ± s.d. Results in bold are not statistically different from the best
(p>0.05 using a one-sided Wilcoxon signed-rank test).
Can tabular models learn from vascular biomarkers? Our first experi-
ment studies the predictive power of global features. Cardiac biomarkers should
be important, considering the link between RV dysfunction and PE risk [19].
Similarly, vascular biomarkers extracted from the graph should be predictive,
given correlations between obstruction scores [26, 28] and PE risk factors.

We tested tabular models on combinations of global features, reporting the re-
sults in Table 2. Cardiac biomarkers are more predictive than vascular biomark-
ers (+6.6 on average for rows 2-3 and 4-5). Still, neither are informative on their
own (≤ 52.7), and they benefit from taking into account medical records (+35 on
average for rows 4-2 and 5-3). Surprisingly, adding vascular biomarkers to cardiac
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Table 2. Ablation study on the types of global features considered, using tabular
models. Only the best model for each feature combination is presented.

Model

Best
backbone

Medical
records

Cardiac
biomarkers

Vascular
biomarkers

TabPFN-2 ✓ 75.2 ± 6.1
XGBoost ✓ 52.7 ± 10.3
XGBoost ✓ 44.9 ± 8.5
TabPFN-2 ✓ ✓ 86.8 ± 6.6
TabPFN-2 ✓ ✓ 81.4 ± 6.3
TabPFN-2 ✓ ✓ ✓ 86.3 ± 6.2

Global features

F1 (%) ↑

Table 3. Benchmark of GNNs, including models integrating global features, compared
to tabular baseline. Rows without fusion method indicate monomodal models.

Type Fusion
method

Best
backbone

#
params Validation Test

Tabular – TabPFN-2 7.2M ✓ – 86.3 ± 6.2

– GCN+VN 22.3K ✓ 65.5 ± 9.0 55.9 ± 8.3

Early fusion GCN+VN 4.3K ✓ ✓ 88.1 ± 4.4 83.4 ± 4.4
Late fusion GIN+VN 89K ✓ ✓ 88.1 ± 4.6 83.3 ± 5.1

Virtual node GIN+VN 8.4K ✓ ✓ 87.6 ± 3.5 81.4 ± 7.6

– GPS 23K ✓ 65.6 ± 7.2 50.2 ± 8.6

Early fusion GPS 35.3K ✓ ✓ 88.3 ± 4.6 81.3 ± 4.8
Late fusion GPS 97.4K ✓ ✓ 87.5 ± 5.3 80.8 ± 6.4

Cross-attention GPS 932K ✓ ✓ 89.2 ± 5.4 83.8 ± 4.9

Model
Global
features

Vascular
graph

F1 (%) ↑

M
P

N
N

G
T

biomarkers and medical records does not significantly change results (−0.5 for
rows 6-4). This suggests that discriminative information for PE risk stratification
may be lost when summarising vascular graphs to a few biomarkers.

Can GNNs leverage rich vascular graphs? To explore the hypothesis that
vascular biomarkers discard important details from vascular graphs, we evalu-
ated GNNs directly on the graphs, with and without global features. Table 3
benchmarks them against the best tabular model. GNNs without global features
improve over tabular models on vascular biomarkers (+8 on average for rows 2 &
6 vs. row 3 in Table 2). Still, global features are necessary to reach competitive
results. Compared to the impact of global features, differences between fusion
methods across MPNN/GT are minor (test means all between 80.8 and 83.8).
Still, the top two methods end up within statistical significance of TabPFN-2,
even if they do not outperform it.
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Table 4. Results for the regression of vascular biomarkers.

Best
backbone

Medical
records

Cardiac
biomarkers

Total
Embolism
Volume

Qanadli
Score

Tabular TabPFN-2 ✓ ✓ 35.3 ± 20.3 32.7 ± 5.6

MPNN GCN+VN ✓ 95.7 ± 3.0 83.1 ± 4.2
GT GPS ✓ 98.2 ± 0.8 82.0 ± 4.4

Model Global features
Vascular
graph

R2 (%) ↑

Type

Baseline

GNN

What explains suboptimal results with vascular graphs? As both vascu-
lar biomarkers and learning directly on vascular graphs counter-intuitively fail
to improve risk predictions, we explore three limitations (overfitting, failure to
learn, and biased labels) that could explain suboptimal performance.

First of all, given our sample size (n=353), GNNs may be overfitting, even if
some are as small as 4.3K parameters. Table 3 does show a generalisation gap be-
tween validation and test of −5.8 on average for multimodal GNNs. However, this
is in line with generalisation gaps reported on much larger datasets: 0.319/0.387
(+21%) train/test MAE on ZINC with 12K graphs [9], and 84.79/77.07 (−7.72)
val/test AUROC on ogbg-molhiv with 41K+ graphs [14]. Thus, GNNs do not
overfit our dataset more than datasets two orders of magnitude larger.

Alternatively, the tree structure of vascular graphs may be fundamentally
challenging for GNNs. We tested this by regressing vascular biomarkers more
directly linked to local graph features than PE risk. Table 4 compares TabPFN-
2 to GNNs for this, where Total Embolism Volume and Qanadli score are the
simplest and most complex biomarkers to regress, respectively. Improvements
over the tabular baseline (+56 on average for rows 2 & 3 vs. 1) confirm that
GNNs can learn patterns found only in vascular graphs and not in global features.

As for the labels, guideline risk groups might not exactly reflect real PE risk,
and erroneous predictions from our models could be closer to real risk. This
hypothesis is harder to test, as real PE risk in populations is typically quantified
from 30-days mortality risk, too rare in our case for significant analysis (11 deaths
for 353 patients). We therefore tried to predict another clinically meaningful
endpoint, i.e., elevated troponin or BNP, but we observed the same ranking
between methods. Alternatively, we looked at ambiguous cases, which we define
as patients whose stratification changed between guidelines versions (2014 vs
2019), to check if they correlate with our models’ errors. A large overlap could
suggest that our models align with the guidelines overall, but disagree on difficult
cases. However, 0 out of 64 errors from our best GNN (GPS with cross-attention)
match the 39 ambiguous patients, refuting the initial hypothesis.

After ruling out the explanations above, we conclude that vascular graphs
are not more discriminative than medical records and cardiac biomarkers for
predicting PE guidelines risk. Other endpoints, e.g., mortality or complications,
may need to be studied on larger cohorts to reveal vascular graph potential.
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4 Limitations & Conclusions

Limitations. The focus on one dataset may raise concerns about the cohort’s
diversity. However, no other dataset provides similarly comprehensive data. Pub-
lic datasets like PARSE (n=203) [24] and AirRC (n=254) [21] provide pulmonary
vessel annotations but lack thrombi annotations, medical records and disease in-
formation. RSNA (n=12 195) [7] targets PE and covers more cases, but lacks
segmentations and complete medical records. Compared to these, our dataset
provides a unique combination of vessel and thrombi segmentations and medical
records, at a larger scale (n=353) than pixel-level annotated public datasets.
Conclusions. This work presented the first study of the relevance of vascu-
lar graphs for pulmonary embolism risk stratification, enabled by an automatic
CTPA processing pipeline. We extensively benchmarked methods to combine
rich vascular graphs and medical records, from tabular models on global fea-
tures to multimodal GNNs. The lack of improvements from vascular graphs lead
us to investigate and rule out models and data limitations. Instead, our results
refute clinical intuitions and suggest that vascular graphs do not contribute dis-
criminative information for PE severity on top of simpler clinical biomarkers.
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