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Abstract
With the growing volume of CT examinations, there is an increasing demand for automated tools such as organ
segmentation, abnormality detection, and report generation to support radiologists in managing their clinical workload.
Multi-label classification of 3D Chest CT scans remains a critical yet challenging problem due to the complex spatial
relationships inherent in volumetric data and the wide variability of abnormalities. Existing methods based on 3D
convolutional neural networks struggle to capture long-range dependencies, while Vision Transformers often require
extensive pre-training on large-scale, domain-specific datasets to perform competitively. In this work, we propose a 2.5D
alternative by introducing a new graph-based framework that represents 3D CT volumes as structured graphs, where axial
slice triplets serve as nodes processed through spectral graph convolution, enabling the model to reason over inter-slice
dependencies while maintaining complexity compatible with clinical deployment. Our method, trained and evaluated on 3
datasets from independent institutions, achieves strong cross-dataset generalization, and shows competitive performance
compared to state-of-the-art visual encoders. We further conduct comprehensive ablation studies to evaluate the impact
of various aggregation strategies, edge-weighting schemes, and graph connectivity patterns. Additionally, we demonstrate
the broader applicability of our approach through transfer experiments on automated radiology report generation and
abdominal CT data. This work extends our previous contribution presented at the MICCAI 2025 EMERGE Workshop. A
project page is available at https://theodpzz.github.io/projects/ctssg/.
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1. Introduction

Computed Tomography (CT) is a cornerstone imaging
modality in clinical practice, providing radiologists with
detailed three-dimensional views of the thorax and enabling
the accurate detection of a wide range of abnormalities (Pa-
tel and De Jesus, 2024). However, the increasing volume of
chest CT scans poses significant challenges for radiologists,
who face mounting demands and time constraints (Broder
and Warshauer, 2006). This has created an urgent need for
automated systems capable of assisting healthcare profes-
sionals to manage their increasing workload (Najjar, 2023).

In medical imaging, early developments in automated

abnormality detection predominantly focused on 2D modali-
ties, facilitated by the availability of large-scale datasets such
as CheXpert (Irvin et al., 2019) and MIMIC-CXR (John-
son et al., 2019). Early work on 3D chest CT abnormality
classification initially addressed single-label classification,
targeting one abnormality at a time (Panwar et al., 2020).
Yet, multi-label abnormality classification is of paramount
importance for clinical decision support, as it allows simul-
taneous detection of multiple co-occurring abnormalities
and leverages inter-abnormality relationships to improve
diagnostic performance (Draelos et al., 2021). Moreover,
multi-label classification serves as a versatile pretext task
that can later be fine-tuned for more specialized objectives,
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such as report generation or disease progression model-
ing (Tanida et al., 2023).

Figure 1: Axial slices from 3D CT Scans fromCT-RATE,
with abnormalities manually contoured in red, illustrating
distinct visual characteristics.

Despite its clinical relevance, multi-label abnormality
classi�cation in 3D chest CT remains a highly challenging
task due to the broad diversity of abnormalities, as illus-
trated in Figure 1. Furthermore, the volumetric nature
of CT data necessitates the development of computation-
ally e�cient architectures that are scalable and suitable for
real-world clinical deployment (Aravazhi et al., 2025).

Early approaches to multi-label abnormality classi�ca-
tion in CT imaging predominantly leveraged fully convolu-
tional networks. The recent release ofCT-RATE, a large-
scale public dataset (Hamamci et al., 2026) containing
chest CT scans from over 21,000 unique patients paired
with radiology reports, has signi�cantly broadened the scope
of CT-based research. This includes tasks such as synthetic
volume generation (Hamamci et al., 2023) and automatic
report generation (Hamamci et al., 2024). Notably, many
of these methods adopt visual encoder architectures based
on video vision transformers (Arnab et al., 2021), which
model the 3D CT Scan as a set of 3D patches. However,
3D Transformers-based methods often rely on extensive
pre-training on large, domain-speci�c datasets to achieve
competitive performance (Hamamci et al., 2023). Recently,
prior work has empiricaly demonstrated that 2.5D modeling,
representing a CT volume as a set of slices rather than a set
of 3D patches, can outperform purely 3D approaches. For
instance, CT-Net introduced a 2.5D alternative to full 3D
CNNs by modeling CT volumes as sequences of axial slices,
processed independently using a 2D backbone (Draelos
et al., 2021). While CT-Net demonstrated strong per-
formance on 83 abnormalities within an internal dataset,
its generalization across datasets and tasks remained un-
explored, largely due to the scarcity of publicly available
annotated CT datasets at the time.

Prior works describe graphs as "the main modality of
data we receive from nature" (Veli£kovi¢, 2023). From
this perspective, most machine learning applications can
be seen as special cases of graph representation learning,
including Transformers (Joshi, 2025), which has lead to
signi�cant e�orts in recent years across various domains
of application (Zhou et al., 2020). Speci�cally, Transform-

ers operate on fully connected graphs, where attention
mechanisms learn adaptive edge weights between all node
pairs (Giovanni et al., 2023). While this formulation has
proven expressive, it entails dense connectivity (Fey and
Lenssen, 2019), require extensive pre-training (Bommasani
et al., 2022) and is useful for tasks where we do not have
an apriori graph structure (Jumper et al., 2021), which may
be suboptimal for modeling localized spatial dependencies
inherent to 3D medical volumes. In contrast, represent-
ing 3D CT scans as structured graphs provides a more
�exible and physically grounded framework: it allows ex-
plicit control over neighborhood de�nitions, edge weighting
strategies, and hierarchical topologies. Recent advances in
Graph Neural Networks (GNN) have demonstrated their
ability to model complex relational structures across di-
verse imaging modalities (Ahmedt-Aristizabal et al., 2021).
In medical imaging, GNNs have been successfully applied
to tasks such as automated report generation (Liu et al.,
2021a), where they capture semantic dependencies among
knowledge entities, and whole-slide image analysis, where
hierarchical graph representations enhance abnormality clas-
si�cation (Guo et al., 2023). These successes suggest that
GNNs hold strong potential for extending 3D modeling
paradigms in chest CT analysis, particularly in scenarios
where volumetric context and inter-slice dependencies are
critical.

Building on the representational �exibility of 2.5D ap-
proaches and the relational expressiveness of graph neural
networks, we introduce CT-SSG (Structural Spectral Graph
for Computed Tomography), a framework that formally
represents 3D CT volumes as structured graphs. In this for-
mulation, each node corresponds to a triplet of axial slices,
and edges encode spatial dependencies parameterized by
inter-slice spacing along the z-axis. Slice-level features inter-
act through spectral-domain graph convolutions, enabling
e�cient modeling of both local anatomical context and
global volumetric structure. Spatial awareness is further
reinforced through an axial positional embedding. We con-
duct extensive experiments to analyze the impact of graph
topology, edge weighting, and feature aggregation strate-
gies, comparing CT-SSG with both standard neural encoders
and domain-speci�c CT architectures. Comprehensive abla-
tions and transfer studies demonstrate the generality of our
formulation, including applications to automated radiology
report generation and cross-organ adaptation to abdominal
CT scans for multi-label abnormality classi�cation.

To summarize our contributions and key advantages
of our work: (1) CT-SSG: We propose CT-SSG, a new
visual encoder that models a 3D CT volume as a graph
of triplet axial slices. To capture spatial dependencies, we
introduce a Triplet Axial Slice Positional Embedding, along
with an edge-weighting strategy for relative position aware-
ness within a spectral-domain GNN module; (2) Cross-
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dataset generalization: CT-SSG demonstrates strong
cross-dataset generalization, maintaining consistent per-
formance when trained on a public Turkish dataset and
evaluated on independent datasets from the United States
and France. Additionally, we demonstrate the transferability
of CT-SSG's pretrained weights from chest to abdominal
CT scans, highlighting its potential as a versatile back-
bone for a broad range of 3D medical imaging tasks; (3)
Ablation study: We conduct thorough ablation studies
to analyze the impact of model depth, hyperparameter
choices, graph topology, and connectivity patterns across
di�erent convolutional operators. Additionally, we evaluate
models under patient-speci�c variations, including z-axis
translations and voxel intensity perturbations. (4) Transfer
to Report generation: Beyond multi-label abnormality
classi�cation, we evaluate CT-SSG on automated radiology
report generation, demonstrating that the learned represen-
tations are transferable and e�ective for related CT-based
downstream tasks. (5) Transfer to Abdominal CT for
Abnormality Classi�cation: Although our primary focus
is chest CT, we evaluate CT-SSG representations via linear
probing on abdominal CT in a low-data regime. We �nd
that chest-pretrained backbones yield stronger performance
than supervised training from scratch when fewer than 3,750
samples are available, highlighting the transferability of our
approach across anatomical domains.

2. Related Works

2.1 3D Visual Encoder

3D Convolutional Neural Network. Early advances in
both 2D and 3D imaging, spanning natural images and med-
ical modalities, have been predominantly driven by Convolu-
tional Neural Networks (CNNs), which demonstrated strong
capabilities in extracting �ne-grained visual features (Le-
Cun et al., 2015). CNN-based architectures have been
successfully applied to a wide range of tasks, including seg-
mentation (Ilesanmi et al., 2024), classi�cation (He et al.,
2015), and image captioning (Kougia et al., 2019), across
diverse domains such as medical imaging (Anaya-Isaza et al.,
2021), earth observation (Bianchi and Barfoot, 2021), and
sports analytics (Chang et al., 2024).

3D Transformer Neural Network. Despite their suc-
cess, CNNs inherently struggle to capture long-range depen-
dencies due to their limited receptive �elds, which can hinder
their ability to model contextual information, an essential
requirement in 3D imaging for understanding large-scale
anatomical structures (Ma et al., 2024). Inspired by break-
throughs in Natural Language Processing (Devlin et al.,
2018), Vision Transformers (ViTs) were introduced for 2D
visual modalities, o�ering an alternative that leverages self-
attention mechanisms (Vaswani et al., 2023) to model

global context by enabling interactions between distant
image regions (Dosovitskiy et al., 2021). Building upon
these principles, Vision Transformers have been extended
to 3D data, including applications in video analysis and
3D medical imaging (Wang, 2023). Notably, ViViT, an
adaptation of the Vision Transformer for video sequences,
applies a Spatial Transformer to model interactions among
spatial tokens for each temporal step, followed by a Tempo-
ral Transformer to capture dependencies along the temporal
axis (Arnab et al., 2021). In the context of CT imaging,
ViViT has further inspired frameworks for synthetic volume
generation (Hamamci et al., 2023) and automated clinical
report synthesis (Hamamci et al., 2024). Similarly, the Swin
Transformer, initially designed for 2D vision tasks (Liu et al.,
2021b), introduces a hierarchical architecture with shifted
windows that enables local and global context modeling
while e�ciently handling large variations in the scale of
visual entities. Swin Transformer was adapted to 3D modal-
ities for various tasks such as video understanding (Liu et al.,
2021c), indoor scene understanding (Yang et al., 2023) and
organs segmentation of 3D medical images (Tang et al.,
2022).

2.5D Neural Network. While Vision Transformers
excel at modeling long-range dependencies, they often re-
quire extensive pre-training on large-scale, domain-speci�c
datasets to achieve competitive performance, a limitation
in medical imaging where annotated datasets are compar-
atively scarce (Hamamci et al., 2023). A widely adopted
alternative is transfer learning from models pre-trained on
large-scale natural image datasets (Zhang et al., 2023).
In 3D Chest CT imaging, CT-Net was among the �rst
approaches to propose a 2.5D strategy, representing vol-
umetric CT data as stacks of axial slices (Draelos et al.,
2021). Feature maps are extracted from each slice using a
2D image encoder pre-trained on natural images, then ag-
gregated through a lightweight 3D convolutional network to
produce a compact volumetric representation. This idea was
further extended by CT-Scroll, which introduced a hybrid
scheme wherein the volume is represented as a set of visual
tokens, each associated with triplets of slices (Di Piazza
et al., 2025a). These tokens interact through attention
mechanisms and are subsequently aggregated via mean
pooling. While 3D approaches, such as ViTs or Swin Trans-
formers, incorporate spatial awareness through positional
embeddings (Dosovitskiy et al., 2021) or relative positional
biases (Liu et al., 2021b), 2.5D methods lack explicit or
implicit modeling of spatial continuity within the volume.
This limitation may constrain their ability to e�ectively
capture both short- and long-range spatial dependencies.
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Figure 2: CT-SSG Architecture Overview. Adjacent axial slices are grouped into triplets, each representing a node in
a graph. Edges between nodes are weighted according to their physical distance along the z-axis. Node features are
enhanced with Triplet Axial Slices positional embeddings, and then processed by a Spectral Block that incorporates
Chebyshev graph convolution for structured spectral modeling. The resulting node representations are aggregated via
mean pooling and passed to a classi�cation head to predict abnormalities.

2.2 Foundation Models for CT Imaging

Recently, large-scale foundation models have emerged as
powerful feature extractors for medical imaging, including
CT volumes. Approaches such as CT-CLIP (Hamamci et al.,
2026), CT-FM (Pai et al., 2025), Merlin (Blankemeier et al.,
2024) and COLIPRI (Wald et al., 2026) leverage large-scale
pretraining to learn transferable representations that per-
form well when transfered to more speci�c task under limited
�ne-tuning. Such frameworks often rely on self-supervised
objectives including visual reconstruction (Hamamci et al.,
2023), visual contrastive learning (Pai et al., 2025) or vision-
language alignment (Wald et al., 2026; Blankemeier et al.,
2024; Hamamci et al., 2026) from large-scale datasets.
Similarly, general-purpose self-supervised models such as
DINOv2 (Oquab et al., 2024), that trains a 1B parame-
ters Vision Transformer model on large-scale curated data
from diverse sources, have been adapted to medical images
to obtain strong slice-level embeddings, both for CT and
MRI (Müller-Franzes et al., 2025), as well as for multi-
modal patch embeddings from multi-sequence MRI (Scholz
et al., 2025). While these methods excel at learning generic

visual representations, the visual encoders typically operate
within Euclidean framework and do not explicitly model
structured inter-slice relationships. In contrast, our work fo-
cuses on structured representation learning for CT volumes,
a paradigm which can be complementary to foundation
models. Notably, CT-SSG can incorporate features ex-
tracted from any 2D pretrained encoder, while providing
a structured graph reasoning layer tailored to volumetric
medical data.

2.3 Graph Neural Network

In various application domains such as biology (Reiser et al.,
2022) or transportation (Makarov et al., 2024), graphs are a
common representation of data found in nature (Veli£kovi¢,
2023). A graph, denoted asG = fV; Eg consists of a set of
edgesE which model the connections between a set of nodes
V. In deep learning, GNNs have become the main approach
for tasks involving graph-structured data (Bechler-Speicher
et al., 2024), where each node is associated with a vector
representation, which is iteratively updated through neigh-
borhood aggregation during the forward message passing

362



CT-SSG

process.
Representative models mainly include Convolutional

GNNs (GraphConv), which aggregate neighboring node
features through graph-based convolutions (De�errard et al.,
2017) or Attentional GNNs (GAT), which leverage attention
mechanisms to weight the importance of di�erent neighbors
during aggregation (Veli£kovi¢ et al., 2018). Inspired by
the attention mechanism (Bahdanau et al., 2016) and self-
attention mechanism of the Transformer (Vaswani et al.,
2023), the motivation of Graph Attention is to compute
a representation of every node as a weighted average of
its neighbors (Brody et al., 2022). While spatial networks,
including Graph Convolution and Graph Attention, de�ne
graph convolution as a localized averaging operation with
learned weights, spectral networks de�ne convolution via
eigen-decomposition of the graph Laplacian (Zhang et al.,
2021). In such spectral networks, the convolution operator
is de�ned in the Fourier domain through localized spectral
�lters.

In medical imaging, GNNs have been used in tasks such
as medical knowledge integration in 2D X-ray radiology
report generation (Liu et al., 2021a) to incorporate prior
knowledge as a graph of connected textual medical concepts,
and Whole Slide Image (WSI) analysis (Guo et al., 2023)
to model the hierarchical structure of the pyramids WSI. In
the context of Computed Tomography, recent work (Kalisch
et al., 2025) models CT volumes as graphs by grouping
patches based on anatomical segmentation for report gen-
eration. In contrast, our method is purely data-driven,
requiring no segmentation labels and is therefore applicable
in settings without anatomical annotations. For clarity,
this study is restricted to segmentation-free paradigms, dif-
ferentiating it from anatomical segmentation-based graph
methods. Separately, multi-view graph representations have
been explored in 3D medical imaging, where each node en-
codes features from orthogonal axial, sagittal, and coronal
slices using a frozen 2D Vision Transformer (Kiechle et al.,
2024).

Building on the empirical success of 2.5D approaches,
we propose a principled formulation of 3D CT volumes
as structured graphs of axial slices. This perspective uni-
�es slice-level representations with inter-slice dependencies,
enabling systematic investigation of graph topologies, edge-
weighting schemes, and aggregation mechanisms. This
work formalizes CT interpretation within a graph-based
framework, providing a �exible and general paradigm that
bridges 2D and volumetric modeling.

3. Method

As shown in Figure 2, CT-SSG models the 3D CT Scan
as a graph of triplet axial CT slices with undirected edges
weighted by their physical distance along the caudal-cranial

axis. Node features interact through a spectral domain
module, before being pooled and given to a classi�cation
head to predict abnormalities. A comprehensive PyTorch
pseudocode table outlining each operation, its semantic role,
and corresponding tensor shapes is provided in Appendix 13.

Symbol Description Value

S Number of axial slices 240
Hs Height of an axial slice 480
Ws Width of an axial slice 480
N Number of triplet axial slices 80
C Number of axial slices per triplet 3
d Dimension of latent space 512

L � Spectral module depth 1
q�

l Receptive �eld for layer l 16
K � Chebyshev �lter size 3

Table 1: Summary of key notations and optimal exper-
imental settings. Symbols marked with * denote tuned
hyperparameters.

3.1 Notations

We consider a multi-label abnormality classi�cation task
with an input spaceX 2 R S�H s �W s and a target space
Y 2 [1; � � � ; M ]. S refers to the number of axial slices,
each of dimensionHs � W s. M is the number of abnor-
malities. Table 1 details each variable with description and
corresponding value for experiments.

3.2 Features Initialization

Following a 2.5D strategy, we partition the input volumeX
into N non-overlapping triplets of slices to encode minimal
local 3D context while maintaining compatibility with 2D
backbones, resulting in a tensor of shapeN �C �H s �W s.
Using three adjacent slices allows the network to capture
inter-slice anatomical continuity and subtle volumetric con-
text without resorting to full 3D convolutions or excessively
large context windows that may dilute localized patterns.
Each triplet, noted asx triplet

i (i 2 f 1; : : : ; Ng), is processed
independently by a learnable 2D ResNet-18 backbone (He
et al., 2015), extracting spatial features. TheN output fea-
tures maps are subsequently aggregated via mean pooling
to produce a compact representation for each slice triplet.
This features initialization step maps each triplet of axial
slice into a d-dimensional embedding, denoted as�hi 2 Rd.
The use of ResNet-18 provides a favorable trade-o� between
representational capacity and computational e�ciency while
allowing us to focus on evaluating the contribution of the
proposed graph-based feature aggregation. Importantly,
the proposed CT-SSG formulation is backbone-agnostic.
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To empirically validate this property, we additionally eval-
uate a higher-capacity ResNet-34 encoder in Appendix H,
demonstrating consistent performance scaling without mod-
i�cation to the graph architecture.

3.3 Triplet Axial Slices Positional Embeddings

After obtaining all triplet slices embeddings�H = [ �h1; : : : ; �hN ],
triplet axial slices positional embeddings are added to re-
tain positional information along the caudal-cranial axis.
We use learnable 1D position embeddings, denoted as
Paxial

pos 2 RN�d , resulting as a sequence of embedding vec-
tors H, such that:

H = �H + P axial
pos : (1)

3.4 Graph Construction

We de�ne the volumetric representation as a graphG =
(V; E; H; A). In this section, we de�ne nodes, edges, node
features and the adjacency matrix.

Nodes. V = fv i gN
i=1 is the set of nodes, where each node

vi represents a triplet of 3 consecutive axial slices.

Edges. E � V � V is the set of edges, where an edge
(vi ; vj ) 2 E is weighted based on a function of inter-triplet
distance and z-axis spacing. The weight of an edge (vi ; vj ),
denoted as wi;j 2 R+ , is de�ned such that:

wi;j = 1 +
1

1 + 3 � ji � jj � s z
; (2)

wheresz is the spacing along the caudal-cranial axis in
millimeters.

We further investigate the impact of graph connectivity
by exploring a family of topologies parameterized by a
receptive �eld sizeq 2 N+ . Speci�cally, we construct
an undirected edge (vi ; vj ) 2 E between nodes if their
corresponding triplet slices are at mostq steps apart in the
sequence, yielding the edge set:

E = f(v i ; vj ) j ji � jj � qg : (3)

In Section 5.2, we perform a comprehensive ablation
study to assess how varyingq in�uences the performance of
di�erent GNN architectures, highlighting the role of graph
receptive �eld in modeling caudal-cranial axis dependencies
within 3D CT volumes.

Nodes features. H = fh 1; : : : ; hN g 2 RN�d is the node
feature matrix, wherehi 2 Rd denotes the feature embed-
ding of node vi .

Adjacency matrix. A 2 R N�N is the weighted adjacency
matrix, whereA ij = wi;j 2 R+ encodes the connectivity

and spatial relationship between triplets,wi;j being the
edge weight such that:

A ij =

(
wij ; if (v i ; vj ) 2 E

0; otherwise.
(4)

Figure 3: Spectral Block with detailed notations. Input
features are given to a �rst normalization layer, followed by
spectral graph convolutions with a residual skip connection.
These updated features are then fed to a feedforward neural
network followed by a second normalization layer with a
residual skip connection.

3.5 Spectral Domain Module

A key challenge in this formulation is the variability in
anatomical positioning across patients due to di�erences in
scan length and body proportions. Traditional spatial graph
convolutions, such as GraphConv (Morris et al., 2021), ag-
gregate information from �xed local neighborhoods, which
can be suboptimal in this context as anatomical structures
do not consistently align across scans. Instead, we lever-
age Chebyshev convolutions (De�errard et al., 2017) to
de�ne graph convolutions in the spectral domain, each
followed by a feedforward neural network. Unlike spatial
approaches, which struggle with non-uniform neighborhood
structures (Bruna et al., 2014), ChebConv utilizes polyno-
mial approximations of the graph Laplacian (Belkin and
Niyogi, 2001) to capture hierarchical feature representations
while preserving spatial localization. This allows the model
to adapt to variations in caudal-cranial slice positioning
and e�ectively learn long-range anatomical relationships,
making it more robust to inter-patient variability.

We introduce a Spectral Module, denoted as �SM, con-
sistingL Spectral Blocks. Each block consists of two sublay-
ers. While Figure 2 shows the overall CT-SSG architecture,
Figure 3 presents a detailed schematic of the spectral block,
where all operations and symbols are explicitly annotated
to facilitate interpretation of the notation.

The �rst sublayer consists of a Normalization Layer (Ba
et al., 2016), notedf LN

l , and followed by a spectral convo-
lution. Speci�cally, we leverage a Chebyshev Convolution,
denoted asf Cheb

l , to bene�t from its polynomial formu-
lation that allows us to capture information fromK -hop
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neighborhood. LetH0 = H , and H l denote the input
features of thel-th block, we formaly de�ne the forward
pass in the �rst sublayer such that:

Z l = H l +
�
f Cheb

l � f LN
l

�
(H l ) : (5)

For the Chebyshev convolution, denoted asf Cheb
l , the

scaled and normalized Laplacian̂L is de�ned as:

L̂ =
2

� max
(D � A) � I ; (6)

where� max is the largest eigenvalue of the graph Lapla-
cian L = D � A . The degree matrixD is a diagonal matrix
whereD i;i =

P N
j=1 wi;j . The convolution operation is pa-

rameterized using Chebyshev polynomialsTj (L̂ ) 2 RN�N ,
resulting in a recurrence relation for the transformation of
the node feature matrix. Let� l;k 2 Rd�d be the learn-
able parameters, andK be the Chebyshev �lter size. The
recurrence relation is given by:

f Cheb
l (X) =

K�1X

k=0

Tl;k (L̂)X� l;k : (7)

We investigate the e�ect of the �lter sizeK on model
performance in the ablation study presented in Section 5.2.
The Chebyshev convolution was implemented with Cheb-
Conv module from PyTorch Geometric. Spectral graph
convolutions are de�ned with respect to the graph Lapla-
cian and are therefore tied to the underlying graph topology.
In our setting, this dependency is mitigated by the use
of a �xed and regular graph structure re�ecting the axial
organization of CT volumes, which is shared across all sam-
ples. We note that extending the proposed approach to
substantially di�erent or data-dependent graph topologies
may require adapted spectral formulations.

The second sublayer consists of another Normalization
Layer, denoted asgLN

l , followed by a feedforward neural
network, notedgFNN

l and implemented as a linear layer
followed by a GELU activation function (Shazeer, 2020).
The second sublayer is also followed by a residual connection,
as followed:

H l+1 = Z l +
�
gFFN

l � g LN
l

�
(Z l ) : (8)

Formally, the Spectral Module outputs updated features,
denoted asZ = HL = [ z1; : : : ; zN ] with zi 2 Rd being the
updated features for the i-th node, such that:

Z = � SM(H) : (9)

3.6 Classi�cation

The obtained vector representations are aggregated through
mean pooling to derive a vector representation, denoted as

�z 2 R d, such that:

�z =
1
N

NX

i=1

zi : (10)

�z is subsequently passed to a classi�cation head, noted
	, which predicts the logit vector ŷ 2 R M . The model
is trained on a multi-label classi�cation task using Binary
Cross-Entropy as the loss function (Mao et al., 2023).

4. Dataset

Databases. All models are trained using 5-fold cross-
validation (Stone, 1974) and evaluated on theCT-RATE
dataset, which consists of non-contrast chest CT volumes
annotated with 18 abnormalities from 21,304 unique pa-
tients (Hamamci et al., 2026). These labels are automati-
cally extracted from radiology reports using RadBERT (Yan
et al., 2022), a language model trained to extract abnor-
malities for radiology report. Duplicates are not retrained
during training. To assess cross-dataset generalization, mod-
els are also evaluated on the externalRAD-ChestCTtest
dataset, using the 16 abnormalities shared withCT-RATE
from 1,334 unique patients, which are extracted from reports
via a SARLE-based labeler (Draelos et al., 2021). Addition-
ally, the CT-HCLinternal dataset comprises non-contrast
chest CT scans from 2,000 unique adult patients from the
Hospices Civils de Lyon, with 9 abnormalities shared with
CT-RATE. These labels are manually extracted from radiol-
ogy reports by radiologists (Jupin-Delevaux et al., 2023).
For cross-dataset evaluation databases (RAD-ChestCTand
CT-HCL), exact abnormality labels do not perfectly align
with those inCT-RATE. To address this, we map related ab-
normalities into broader semantic groups (e.g., both Artery
wall calci�cation and Coronary artery wall calci�cation are
grouped under Calci�cation). At inference time, following
the protocol of theCT-RATEoriginal paper, the model's pre-
diction for each abnormality group is derived by taking the
maximum predicted probability among all constituent ab-
normalities within that group (Hamamci et al., 2026). This
approach enables a consistent comparison across datasets
despite label granularity di�erences. Figure 4 provides a
comprehensive comparison of the test sets fromCT-RATE,
RAD-ChestCT and CT-HCL datasets.

Processing. Consistent with prior work (Hamamci et al.,
2024; Draelos et al., 2021; Di Piazza et al., 2025a), all
datasets are processed following the same pipeline to ensure
fair evaluation. CT scans are reformated to a SLP orien-
tation, such that �rst axis points from inferior to superior,
the second from right to left, and the third from interior to
superior. Volumes are cropped or padded to a standardized
resolution of 240� 480� 480, with a spacing of 0.75 mm
along the z-axis and 1.5 mm along the x- and y-axes (z,
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Figure 4: Comprehensive analysis of the datasets. Metadata not available for theRAD-ChestCTdataset. a) Abnormalities
from CT-HCLare extracted with a BERT-based language model trained on french radiology reports from manually
extracted anotations. b)CT-HCLcomprises data from 2,000 unique patients, with age randing from 20 to 100 years. c)
CT-HCLvolumes comes from Hospices Civil de Lyon, with scanners from four manufacturers. d)CT-HCLvolumes were
acquired both from male and female patients.

x, y). Houns�eld Units are clipped to the range [-1000,
200], which corresponds to the practical diagnostic win-
dow (DenOtter and Schubert, 2024), before being mapped
to the range [0; 1] and normalized using ImageNet statistics
(-0.449) (Russakovsky et al., 2015).

5. Experiments

Our experimental results comprise 4 sections: (Section 5.1)
We provide quantitative and qualitative results on the
multi-label abnormality classi�cation task; (Section 5.2)
We perform an ablation study on CT-SSG components;
(Section 5.3) We evaluate model's robustness to patient
body translations along the z-axis and to intensity noise
perturbations; (Section 5.4) We extend results to the re-
port generation task; and (Section 5.5) we evaluate our
model's transfer learning ability on CT abdominal scans for
abnormality classi�cation.

5.1 Multi-label abnormality Classi�cation

Baselines. We compare our approach against three cat-
egories of baselines. First, we consider 3D Convolutional
Neural Networks (� ) with an in�ated ResNet3D (Carreira
and Zisserman, 2018), which which leverages �lter in�ation
from pretrained 2D networks to learn transferable volumetric
representations. Second, we evaluate against Transformer-
based architectures (� ), including ViT3D, a straightforward

extension of Vision Transformer to 3D volumes (Dosovitskiy
et al., 2021); ViViT (Arnab et al., 2021), originally designed
for video processing; and Swin3D, an adaptation of the Swin
Transformer with hierarchical window-based attention for
3D inputs (Liu et al., 2021c). Third, we benchmark against
2.5D methods (�), which process 2D slices to extract fea-
ture maps. This includes CT-Net, which aggregates triplet
axial slices features using a lightweight 3D CNN (Draelos
et al., 2021), and CT-Scroll, which employs alternating local
and global attention mechanisms to capture dependencies
across slices (Di Piazza et al., 2025a). Additionally, we
include a Multi-View Graph (CT-MvG) baseline, which rep-
resents each 3D volume as a graph of nodes corresponding
to orthogonal axial, sagittal, and coronal slices (Kiechle
et al., 2024).

To ensure a fair comparison, all models are initialized
with ImageNet-pretrained weights, either directly for 2D
architectures or via weight in�ation (Zhang et al., 2023) for
3D counterparts, promoting stable and e�cient convergence.
Speci�cally, the ResNet3D via weight in�ation (Carreira and
Zisserman, 2018) from a 2D ResNet-18 (He et al., 2015)
pretrained on ImageNet (Russakovsky et al., 2015); ViT3D
and ViViT via weight in�ation from a 2D ViT-S16 (Doso-
vitskiy et al., 2021) pretrained on ImageNet; and Swin3D
via weight in�ation from a 2D Swin-S16 (Liu et al., 2021b)
pretrained on ImageNet. Since Vision Transformers families
of models are typically release in multiple capacity vari-
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Table 2: Performance of the models trained and evaluated on theCT-RATEdataset. Mean and standard deviation are
computed across 5 cross-validation folds. Experiments with („) refer to a cross-dataset evaluation from models trained
on CT-RATE, and assessed on theRAD-ChestCTand CT-HCLdatasets. Random refer to predictions sampled from a
uniform distribution. Best results are in bold, second-bestare underlined. � 3D Transformer, � 3D CNN, � 2.5D.

Dataset Method F1-Score AUROC Accuracy mAP

CT-RATE

Random 27:78�0:51 49:88�0:62 49:89�0:31 20:94�0:12

� ViT3D (Dosovitskiy et al., 2021) 49:53�0:51 78:97�0:37 75:37�0:52 46:31�0:43

� ViViT (Arnab et al., 2021) 50:66�0:45 80:03�0:18 76:81�0:81 48:57�0:66

� Swin3D (Liu et al., 2021c) 50:25�0:24 79:39�0:37 76:63�0:89 47:26�0:35

� ResNet3D (Carreira and Zisserman, 2018) 51:51�0:48 77:48�0:64 80:67 �0:60 50:81 �0:71

� CT-Net (Draelos et al., 2021) 51:04�0:60 79:69�0:27 77:78�0:19 48:52�0:64

� CT-MvG (Kiechle et al., 2024) 52:35�0:17 81:91�0:16 78:25�0:46 51:51�0:46

� CT-Scroll (Di Piazza et al., 2025a) 54:30 �0:20 82:18 �0:27 79:68�0:67 53:09�0:48

� CT-SSG (Ours) 57:18�0:19 83:64�0:21 81:03�0:38 58:24�0:50

RAD-ChestCT(y)

Random 35:91�0:41 49:68�0:55 50:40�0:32 32:65�0:08

� ViT3D (Dosovitskiy et al., 2021) 47:94�0:85 66:85�0:18 61:42�1:90 47:94�0:32

� ViViT (Arnab et al., 2021) 49:23�0:44 68:89�0:24 62:08�0:76 49:40�0:40

� Swin3D (Liu et al., 2021c) 47:36�1:10 66:34�0:45 61:34�1:41 47:71�0:66

� ResNet3D (Carreira and Zisserman, 2018) 48:56�1:29 69:94�0:92 61:04�0:94 51:37�0:74

� CT-Net (Draelos et al., 2021) 49:09�0:83 69:09�0:48 62:32�0:64 49:66�0:37

� CT-MvG (Kiechle et al., 2024) 50:33 �1:05 71:19�0:43 62:84�0:30 52:82 �0:69

� CT-Scroll (Di Piazza et al., 2025a) 49:47�0:82 71:43 �0:27 63:86 �1:87 52:53�0:52

� CT-SSG (Ours) 52:25�0:88 74:58�0:36 69:37�1:74 58:75�0:28

CT-HCL(y)

Random 33:38�0:28 50:16�0:41 49:98�0:40 27:01�0:13

� ViT3D (Dosovitskiy et al., 2021) 44:77�0:39 64:77�0:40 52:17�0:93 41:94�0:16

� ViViT (Arnab et al., 2021) 45:98�0:97 67:08�0:52 55:16�1:30 43:48�2:19

� Swin3D (Liu et al., 2021c) 44:76�0:99 64:41�0:37 52:94�0:74 41:73�0:42

� ResNet3D (Carreira and Zisserman, 2018) 45:92�0:42 67:95�1:02 53:17�0:65 45:81�0:70

� CT-Net (Draelos et al., 2021) 46:81�0:83 66:53�0:49 54:70�0:33 43:16�0:43

� CT-MvG (Kiechle et al., 2024) 47:10�0:52 69:04�0:33 56:13�1:38 47:10 �0:52

� CT-Scroll (Di Piazza et al., 2025a) 48:24 �0:53 69:36 �0:27 56:88 �1:81 46:46�0:39

� CT-SSG (Ours) 50:26�0:57 71:77�0:36 61:43�1:18 51:81�0:44

ants, we adopt the Small variants across all baselines to
ensure comparability. This consistent choice o�er compara-
ble parameter counts and computational budgets, enabling
a balanced comparison without favoring a particular design
and representing a practically deployable setting while still
retaining su�cient capacity to serve as strong baselines.
Similarly, 2.5D models leveraging ResNet-18 backbones use
ImageNet-pretrained 2D ResNet-18 weights at initializa-
tion. The 2D ViT-S16 module within CT-MvG is initialized
with ImageNet-pretrained weights. Both for CT-SSG and
baselines, all parameters are trainable during training to
ensure a fair and consistent comparison across methods.
Appendix 15 reports the training details of all methods.

Evaluation protocol. All models are trained and evalu-
ated using 5-fold cross-validation. For each run, we apply

early stopping based on the checkpoint that achieves the
highest macro F1-score on the validation set, i.e. the har-
monic mean of precision and recall, averaged across all
abnormalities. We report performance metrics on the test
set corresponding to this selected checkpoint.

Quantitative Results. Table 2 reports the quantitative
performance of all methods in terms of macro F1-Score,
AUROC, Accuracy, and mean Average Precision (mAP). On
the CT-RATE test set, CT-SSG achieves a macro-averaged
F1-Score of 57:18, yielding relative gains of +�5.30%
over CT-Scroll (Di Piazza et al., 2025a), +�11.01% over
ResNet3D (Anaya-Isaza et al., 2021) and +�12.87% over
ViViT (Arnab et al., 2021). Paired t-tests across all metrics
indicate p � value < 0:01, con�rming that the improve-
ments are statistically signi�cant for� = 0 :01, � being
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Figure 5: F1-Score per abnormality for the 18 abnormalities from theCT-RATEtest set, comparing our proposed CT-SSG
with representative 3D Convolutional and 3D Transformer baselines. For clarity, one representative model per family is
reported. CT-SSG consistently improves over both baselines, with the largest absolute gains observed in Pericardial
e�usion (+�8.96%), Calci�cation (+�6.23%), and Pleural e�usion (+�6.20%).

Figure 6: Average absolute F1-score improvements of CT-
SSG over representative 3D convolutional (CNN) and 3D
Transformer (ViViT) baselines. Abnormalities are grouped
by anatomical region and pathophysiological type to high-
light systematic patterns of gain. CT-SSG yields consistent
improvements across groups.

the Type I error rate (Ross and Willson, 2017). In cross-
dataset evaluations onRAD-ChestCTandCT-HCL, CT-SSG
consistently ranks highest across metrics, indicating strong
generalization to distinct clinical distributions. Although
the harmonization of the abnormality taxonomy may af-
fect absolute scores, the relative ordering of methods is
preserved across metrics and datasets.

Figure 6 reports the average absolute F1-score gain of
CT-SSG over ResNet3D and ViViT, aggregated by anatom-
ical region and pathophysiological category. Notably, CT-
SSG yields a +�3.2% improvement for pulmonary diseases
and +�5.0% for mediastinal, cardiovascular, and e�usion

diseases, indicating that the performance gains are consis-
tent across diverse abnormality types. Figure 5 presents per-
abnormality F1-scores for CT-SSG, ViViT, and ResNet3D,
while Table 10 details the results for all baselines, showing
that CT-SSG achieves superior classi�cation performance
for the majority of abnormalities. Abnormality-wise per-
formance and t-distributed stochastic neighbor embedding
(t-SNE) projections produced by CT-SSG are provided in
Appendix A and Appendix D, respectively.

Contextualization with CT Foundation Models. We
additionally contextualize our approach against recent CT-
speci�c foundation models. We include CT-CLIP pretrained
with vision-language alignment from chest CT (Hamamci
et al., 2026), Merlin also pretrained with vision-language
alignment from abdominal CT (Blankemeier et al., 2024),
CT-FM pretrained on CT scans with a wide variety of body
parts through visual contrastive learning (Pai et al., 2025),
and COLIPRI pretrained on chest CT with both vision-
only, vision-language alignment, opposite sentences and
report generation objectives (Wald et al., 2026). As these
foundation models are pretrained using objectives di�erent
from supervised abnormality classi�cation, we evaluate them
under a linear probing protocol. Speci�cally, the visual
encoder of each pretrained model is frozen, and only a
classi�cation head is trained for multi-label abnormality
prediction. Training splits and evaluation protocols are
kept consistent across all methods to ensure a controlled
comparison. We note, however, that the pretraining data of
CT-CLIP and COLIPRI partially overlap with our validation
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sets used for linear probing, as these models are pretrained
on the full CT-RATEtrain set. Importantly, all reported
results are evaluated on strictly held-out test sets for both
CT-RATEand RAD-ChestCT, with no overlap with either
pretraining or linear probing data.

Method CT-RATE RAD-ChestCT

Setup Model AUROC mAP AUROC mAP

Foundation
Probing

CT-FM 74:35�0:09 39:22�0:19 63:26�0:13 43:78�0:15

CT-CLIP(�) 76:85�0:04 42:87�0:08 63:38�0:05 44:30�0:06

Merlin 77:85�0:04 46:53�0:07 69:80�0:05 49:84�0:08

COLIPRI(�) 84:01�0:03 57:38 �0:08 73:98 �0:02 55:45 �0:10

Supervised CT-SSG 83:64�0:21 58:24�0:50 74:58�0:36 58:75�0:28

Table 3: Comparison of linear probing on frozen vi-
sual encoders from foundation models with CT-SSG, on
CT-RATE. Best results in bold, second-bestunderlined.
(�) Foundation models are pretrained on data that partially
overlap with oursCT-RATEvalidation splits. However, all
reported evaluations are conducted on strictly held-out test
sets, with no overlap for either CT-RATE or RAD-ChestCT.

Table 3 shows that CT-SSG outperforms CT-FM, CT-
CLIP and Merlin onCT-RATE, in terms of both AUROC
and mAP, achieving the best mAP among all compared
methods. While COLIPRI attains the highest AUROC on
CT-RATE, CT-SSG achieves a closely comparable perfor-
mance. OnRAD-ChestCT, CT-SSG yields the best results
in both AUROC and mAP when compared to CT-speci�c
foundation models (paired t-test across folds,p < 0:01).
These results indicate that CT-SSG's learned representa-
tions are well suited for multi-label abnormality analysis and
generalize well to unseen datasets, even when compared
with representations derived from foundation models with
substantially higher architectural complexity trained using
generic large-scale pretraining objectives. Additional details
on the evaluated CT foundation models, including pre-
training objectives, data processing, model complexity and
feature extraction protocols, are provided in Appendix E.

Qualitative Results. In addition to the quantitative anal-
ysis, Figure 7 presents qualitative examples of correct predic-
tions for each abnormality in theCT-RATEdataset. We visu-
alize Gradient-Weight Class Activation Mapping (Selvaraju
et al., 2019) heatmaps, where darker regions correspond to
lower activations. Speci�cally for each volume, we obtain
a heatmap of shapeS � H s � W s and we display thes-th
axial slice with highest activation, highlighting CT-SSG's
ability to classify abnormalities from relevant regions.

5.2 Ablation Studies

Impact of each model component. Table 4 quanti�es
the incremental impact of each component. Starting from
the initialization of the node features, we progressively inte-
grate seven architectural elements. Each addition results

Component AUROC F1-Score �F1 (abs) �F1 (%)

Triplet slices embeddings 81:20�0:42 52:41�0:69 N/A N/A
+ Spatial convolution 82:45�0:19 54:25�0:37 +1:84 +3:51
+ Spectral convolution 83:06�0:09 55:43�0:44 +1:18 +2:18
+ Normalization layer 83:28�0:19 56:16�0:39 +0:73 +1:32
+ Residual connection 83:32�0:16 56:37�0:13 +0:21 +0:37
+ Edge weighting 83:37�0:33 56:54�0:15 +0:17 +0:30
+ Axial. pos. encoding 83:53�0:23 56:76�0:31 +0:22 +0:39
+ Sparse topology 83:64�0:21 57:18�0:19 +0:42 +0:74

Table 4: Incremental contribution of each model compo-
nent, on the CT-RATEtest set. Starting from the base
architecture, components are added cumulatively across
rows. For each step, we report F1-score and AUROC, along
with absolute and relative improvements (�F1) over the
con�guration in the preceding row. All components yield
consistent gains, indicating that the overall performance
arises from complementary contributions.

in a positive improvement in both F1-score and AUROC.
For example, the integration of spectral network yields a
+�2.18% improvement in F1-Score over spatial convolu-
tion, while the axial positional encoding module results in
a +�0.39% improvement. The cumulative trend under-
scores that the model bene�ts from the synergistic e�ect
of multiple design choices, which suggests that each com-
ponent addresses complementary aspects of the task and
collectively ensures robustness.

Impact of node design. To investigate the impact of
slice selection, Table 5 compare a graph construction with
triplets of adjacent slices to one with triplets formed by
repeating the same slice three times. Using adjacent axial
slices for the three input channels yields consistently better
performance than repeating a single slice across channels,
suggesting that incorporating limited inter-slice context is
bene�cial for abnormality classi�cation.

Node design Slice indices F1-Score AUROC mAP

Adjacent slices (s; s + 1; s + 2) 57:18�0:19 83:64 �0:21 58:24 �0:50

Single-slice (x3) (s; s; s) 56:64�0:26 83:34�0:29 57:31�0:25

Table 5: Comparison between adjacent-slice and single-
slice triplets replicated across channels. Adjacent triplets
consistently outperform replicated single-slice representa-
tions, highlighting the bene�t of local inter-slice context.
Best resultsare underlined.

Impact of receptive �eld. We further analyze the impact
of the receptive �eld, de�ned as the number of neighbor-
ing nodes connected to each node, corresponding to the
number of axial slice triplets considered for feature aggrega-
tion. Figure 8 reports F1-Score and AUROC for receptive
�eld sizes in f 1; 16; 32; 64; 80g, where 80 corresponds to
the maximum number of triplets in a CT scan. Higher
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Figure 7: Gradient-weighted class activation maps, extracted from the 2D ResNet from the triplet slices embeddings
module, where darker regions indicate lower activations. For each input, we display the slice with the highest absolute
activation value from the heatmap.
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performance is observed for smaller receptive �elds, with
peak F1-Score at 16 neighbors in our settings, suggesting
that restricting the aggregation to a local neighborhood
facilitates e�ective integration of relevant visual context for
abnormality classi�cation.

Figure 8: Impact of the receptive �eld. We compare dif-
ferent receptive �eld sizes inf 1; 16; 32; 64; 80g, where 80
is the maximum number of nodes. Higher F1-Score and
AUROC is observed when restricting the aggregation to a
local neighborhood.

Impact of model depth. Table 6 details multi-label ab-
normality classi�cation performances with 1, 3, and 5 spec-
tral blocks. Increasing the number of propagation layers
does not improve performance. In fact, a single layer yields
the best results. This indicates that most discriminative
information resides in immediate slice-to-slice dependencies,
and that e�ective modeling of 3D CT does not necessarily
require deep graph structures, but rather careful design of
local inter-slice connectivity.

Model depth L F1-Score AUROC mAP Accuracy

1 57:18�0:19 83:64 �0:21 58:24 �0:50 81:03�0:38

3 56:46�0:20 83:04�0:09 56:58�0:35 81:44�0:60

5 56:47�0:16 83:09�0:06 56:79�0:25 82:11 �0:51

Table 6: Impact of the model depth. We compare models
with 1, 3, and 5 layers. Performance peaks at a single
layer, suggesting that shallow inter-slice message passing is
su�cient for e�ective representation learning.

Impact of the spectral �lter size. Spectral polynomial
�lters present � two sources of locality �. First, the adja-
cency matrix de�nes who is a neighbor of whom. For a fully
connected graph, every node would be a 1-hop connected to
every other node. Second, the spectral �lter sizeK which
de�nes how far the Laplacian power is applied. For a fully
connected graph, every node is already directly 1-hop away
from every other node, which means that increasingK does
not expand the receptive �eld but just adds higher-order
polynomials of the Laplacian. However if the graph is sparse,
the spectral �lter sizeK truly increases the receptive �eld,
making the spectral �lter exactlyK -localized. Hence, we
systematically evaluate the impact of spectral �lter sizeK ,

which controls the Chebyshev polynomial order in Equa-
tion 7, under di�erent graph topology: fully connected and
sparse.

Table 7 summarizes the e�ect of varying the spectral
�lter size K 2 1; 3; 5 across di�erent graph topologies. On
the fully connected topology, the best results yields for
K = 5, but the improvement is not statistically signi�cant
at the conventional� = 0 :05 (paired t-test,p = 0 :077),
though it approaches signi�cance. In contrast, on the sparse
graph with receptive �eld �xed to 16, a larger �lter size
proves bene�cial: K = 3 achieves the highest F1-score
(57:18), and the improvement overK = 1 is statistically
signi�cant (p < 0:01). These �ndings highlight the dual
role of connectivity and spectral �lter size in shaping the
e�ective receptive �eld of the network. In fully connected
graphs, even small Chebyshev orders (K = 1) su�ce to
capture global context, since each node already aggregates
information from all others. IncreasingK in this setting
may lead to redundant propagation and potential over-
smoothing, which explains why larger �lters do not improve
performance. In contrast, under constrained receptive �elds
(e.g., sparse graphs with �xed neighborhood size), higher-
order �lters become crucial. A moderate �lter size (K = 3)
expands the receptive �eld su�ciently to integrate useful
multi-hop context while avoiding the noise introduced by
excessively large �lters. This suggests that spectral �lters
primarily act as a mechanism to compensate for sparsity in
connectivity, while in dense regimes their e�ect diminishes
or even harms performance.

Topology Filter size K F1-Score AUROC mAP

Fully connected
q = 80

1 56:76�0:41 83:63�0:23 57:56�0:47

3 56:40�0:44 83:34�0:13 57:39�0:31

5 56:83�0:43 83:56�0:19 57:69�0:32

Sparse
q = 16

1 56:50�0:19 83:63�0:21 57:57�0:21

3 57:18�0:19 83:64 �0:21 58:24 �0:50

5 56:41�0:31 83:37�0:19 57:35�0:22

Table 7: Impact of the spectral �lter sizeK , for di�erent
graph topologies. q refers to the receptive �eld.

Impact of convolutional operator. Table 8 summarizes
abnormality classi�cation performance across di�erent graph
operators. Among them, the Chebyshev spectral convolu-
tion (De�errard et al., 2017) achieves the strongest results,
both on fully connected and sparse topologies. In particu-
lar, the spectral model consistently outperforms its spatial
counterparts, yielding a relative improvement of +�2.82%
in F1-Score compared to Graph Attention (Veli£kovi¢ et al.,
2018), and +�0.65% compared to Graph Convolution (Mor-
ris et al., 2021). These results highlight the advantage of
leveraging spectral formulations to capture dependencies
across slices, and suggest that Graph Convolution may be
too restrictive, while Graph Attention that can be more ex-
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pressive, often require more parameters and larger training
size to be competitive.

Impact of graph topology. Building on this operator-
level analysis, we next examine how graph connectivity
in�uences performance. Speci�cally, we compare a fully
connected topology, analogous to the Transformer formu-
lation where all nodes (triplet of axial slices) attend to
one another, with a sparse topology that constrains inter-
actions to local neighborhoods along the caudal�cranial
axis. Across all operators, Table 8 shows that sparse graphs
consistently outperform fully connected ones. On average,
sparse topologies yield a +�0.82% improvement in F1-
Score, suggesting that limiting the receptive �eld to local
interactions better captures short-range dependencies be-
tween adjacent slices and ultimately enhances abnormality
classi�cation performance.

Network Operator Topology F1-Score AUROC

Spatial
Graph Conv.

Fully connected 56:35�0:18 83:12�0:22

Sparse 56:81�0:28 83:44 �0:25

Graph Attention
Fully connected 55:05�0:19 82:81�0:07

Sparse 55:61�0:16 82:98 �0:18

Spectral Chebyshev
Fully connected 56:83�0:43 83:56�0:19

Sparse 57:18�0:19 83:64 �0:21

Table 8: Impact of graph topology on di�erent convolutional
operators. Results are reported on the classi�cation task
on the CT-RATEtest set. The sparse topology is de�ned
with receptive �eld sizeq = 16. Graph Convolution and
Graph Attention operators are implemented with GraphConv
and GATv2 from PyTorch Geometrics. For each operator,
best resultsare underlined.

5.3 Robustness Analysis

Beyond overall classi�cation accuracy, a clinically deploy-
able model must remain reliable under common sources of
variation in CT acquisitions. To this end, we assess the ro-
bustness of our approach to two perturbation types: z-axis
translation, simulating patient body translation along the
caudal�cranial axis (Di Piazza et al., 2025b), and robust-
ness to noise, simulating variations in scanner calibration or
patient-speci�c attenuation (Kiechle et al., 2024). Given
the large number of baseline methods, we report robust-
ness comparisons against the strongest representative of
each family, as identi�ed in our quantitative evaluations.
This strategy eases understability and facilitates clearer
interpretation.

Sensitivity to patient body translation. To emulate
variability in patient positioning along the caudal�cranial
axis, we translate the input volume by 5 to 30 axial slices
in both directions, applying minimum-value padding to pre-

Figure 9: Robustness evaluation. Left: macro-F1 under
axialz-axis translations (� 30 to +30 slices), where all meth-
ods remain invariant to volumetric shifts. Right: macro-F1
under Gaussian noise perturbations of increasing standard
deviation, where performance is stable up to� = 0 :025 and
CT-SSG maintains higher F1-Score than baselines even as
noise increases.

serve dimensional consistency. Across all methods, Figure 9
shows that macro-F1 remains unchanged, indicating that
both CT-SSG and the 3D-modeling baselines are robust to
moderate volumetric misalignments.

Sensitivity to noise. Following prior work (Sudre et al.,
2017; Kiechle et al., 2024), we simulate acquisition-related
variations by injecting Gaussian noise into voxel intensi-
ties, with standard deviation ranging from� min = 0 :01
corresponding to low noise, to� max = 0 :07 corresponding
to high noise. While CT-SSG exhibits a mild decrease in
performance at higher noise levels, it consistently maintains
an advantage over the supervised baseline. This pattern
suggests that pretraining confers robustness to common
intensity variations.

5.4 Transfer on the Automated Report Generation task

Motivation. We further evaluate the visual encoders on
an automated report generation task. To ensure that dif-
ferences in downstream performance re�ect the quality of
the learned visual representations rather than decoder en-
gineering, we adopt a deliberately simple encoder-decoder
architecture inspired by CT2Rep (Hamamci et al., 2024).
Concretely, the visual encoder is pretrained on the multi-
label abnormality classi�cation task and kept frozen while
a lightweight decoder is trained with a next-token predic-
tion objective. This setup isolates the quality of the latent
space, which is the central focus of our study, from the
confounding e�ects or more sophisticated sequence model-
ing strategies. Integration of advanced components such as
large pretrained language models (Li et al., 2025), extensive
modality-speci�c pretraining (Blankemeier et al., 2024) or
multimodal fusion (Liu et al., 2025) if left for future work.

Evaluation protocol. Figure 11 provides an overview of
the encoder-decoder pipeline. The pretrained visual encoder
is frozen and a lightweight decoder is trained using a token-
level cross-entropy loss for next-token prediction (Karpathy
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Figure 10: Qualitative comparison between ground-truth reports and those generated with CT-SSG for 3D Chest CT
volumes. Color-coded highlights indicate abnormalities correctly captured by the model, demonstrating alignment with
ground-truth annotations.

Figure 11: Report generation framework overview. The
frozen pretrained image encoder extract visual features that
are given to a decoder which generates the report, in a
auto-regressively manner.

and Fei-Fei, 2015). At inference, reports are generated
auto-regressively (Vinyals et al., 2015). This protocol en-
sures that observed di�erences in generated reports are
primarily attributable to di�erences in the visual latent
representations.

Quantitative results. We evaluate models using both
Natural Language Generation (NLG) metrics and Clinical
E�cacy (CE) metrics. NLG metrics, including BLEU-1 (Pa-
pineni et al., 2002) and METEOR (Lavie and Denkowski,
2009), assess the semantic alignment between ground-truth
and generated reports. To assess clinical relevance, CE
metrics quantify the model's ability to accurately identify
and report pathologies present in the 3D CT Scans. Specif-
ically, generated reports are given to a RadBERT (Yan
et al., 2022) to extract predicted abnormalities as binary
label vectors. These are compared against ground-truth
annotations, enabling computation of standard classi�ca-
tion metrics. We report F1-score and also incorporate the
CRG Score, a recently proposed metric that weights positive
predictions based on class frequency, re�ecting the clinical

imperative of minimizing false negatives, which can have
serious consequences in medical diagnosis (Hamamci et al.,
2025). Table 9 shows that our proposed CT-SSG achieves
substantial improvements over baseline encoders on the
report generation task. CT-SSG yields a relative gain of
+�40.56% in F1-Score compared to ViViT, and +�52.14%
compared to CNN-based baseline. A paired t-test between
CT-SSG and each baseline results inp-values below 0.01
across all metrics, con�rming the statistical signi�cance of
these improvements. Finally, Table 11 reports all metrics.

NLG CE

Encoder BLEU-1 METEOR F1-Score CRG

� ViViT 0:290�0:008 0:150�0:004 27:54�0:40 40:01�0:22

� ResNet3D 0:286�0:012 0:148�0:004 25:45�0:90 39:87�0:27

� CT-SSG 0:317�0:001 0:164 �0:003 38:72 �0:25 43:66 �0:15

Table 9: Quantitative evaluation on the report generation
task, reporting both Natural Language Generation (NLG)
and Clinical E�cacy (CE) metrics on theCT-RATEdataset.
CT-SSG achieves consistent improvements over baselines
across metrics, with thebest resultsunderlined, demon-
strating its ability to capture structured 3D information
that bene�ts downstream report generation.

Qualitative results. Figure 10 presents qualitative exam-
ples comparing ground-truths with the generated reports.
CT-SSG consistently identi�es clinically relevant abnormali-
ties and employs appropriate medical terminology, producing
outputs that closely resemble radiologist-authored reports.
Both quantitative and qualitative evaluations con�rm that
the model captures the presence of key abnormalities. How-
ever, descriptions of spatial localization and severity remain
less reliable. Although automated report generation is not
the primary focus of this study, these results underscore
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