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Abstract—Medical image analysis has evolved beyond single-
organ segmentation towards holistic understanding of anatomical
relationships. However, current approaches struggle to explicitly
represent the complex structural dependencies between multiple
organs, which limits their utility for downstream tasks. In this
paper, we propose MedGraphGen, a unified pipeline that directly
generates interpretable medical knowledge graphs from CT im-
ages in an end-to-end manner, enabling structured understanding
beyond pixel-level perception. Specifically, we introduce a Spatial-
Semantic Context Aggregator to bridge segmentation features
with graph-based reasoning by explicitly modeling spatial rela-
tionships between organs. These spatial priors are integrated
into a Relation-Aware Hypergraph Module, which leverages
hyperedges to represent higher-order interactions among multiple
organs. Then, we introduce Relation-Aware Hyperedge Attention
(RA-HA) to differentiate semantically meaningful multi-organ
interactions from trivial co-occurrences during message passing.
Crucially, to support this task, we present a new benchmark
dataset with dense pixel-wise segmentation masks and medical
knowledge graph annotations, enabling training and evaluation of
models capable of medical image understanding. We demonstrate
that the generated graphs are not only anatomically plausible but
also serve as powerful priors to enhance the relational reasoning
capabilities of medical vision-language models.

Index Terms—Knowledge Graph, Medical Image Analysis,
Relational Reasoning

I. INTRODUCTION

Computed Tomography (CT) imaging is fundamental to
modern diagnosis and treatment planning, providing detailed
anatomical information. A key challenge lies in moving
beyond isolated organ identification toward a systems-level
understanding that captures the intricate spatial and func-
tional relationships among multiple organs [1]. Such structured
anatomical knowledge is crucial not only for clinical tasks like
surgical navigation but also as foundational reasoning support
for advanced medical artificial intelligence, particularly Med-
ical Vision-Language Models.

While deep learning has revolutionized organ segmenta-
tion, existing methods [2] [3] treat this as a dense per-pixel
prediction problem. They excel at identifying ”what” and
”where” but lack an explicit mechanism to model ”how”
organs relate to one another. This limits their ability to provide
the structured, relational context required for complex clinical
reasoning. Concurrently, Medical Vision-Language Models
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Fig. 1. We formulate the organs as nodes and their spatial correlations as edges
in a structured graph representation, then employ deep learning strategies to
learn both node representations and edge dependencies in the feature space.

[4], which aim to answer questions about medical images,
have shown promise but often struggle with tasks requiring
deep anatomical reasoning. Their performance can be ham-
pered by a lack of explicit, grounded knowledge about organ
interactions, leading to plausible but incorrect inferences.

To bridge this gap, we propose MedGraphGen, a uni-
fied end-to-end pipeline that generates interpretable medical
knowledge graphs directly from CT scans, enabling structured
understanding beyond isolated object detection. Our frame-
work integrates a segmentation backbone with a novel Spatial-
Semantic Context Aggregator, which extracts relative geomet-
ric cues and transforms them into initial spatial relations.
These are further refined within a Relation-Aware Hyper-
graph Module, where hyperedges naturally represent higher-
order anatomical constellations. To prioritize semantically
meaningful interactions during message passing, we introduce
Relation-Aware Hyperedge Attention, an attention mechanism
that dynamically weights hyperedges based on their func-
tional significance, enhancing clinically relevant multi-organ
patterns. Crucially, to enable training and evaluation of such
models, we contribute a new benchmark derived from Synapse
[5] and TotalSegmentator [3], with both pixel-accurate seg-
mentation masks and medical knowledge graph annotations.
We demonstrate that MedGraphGen produces anatomically
plausible graphs and significantly improves vision language
model performance on medical VQA tasks. As shown in Fig.
1, each node is associated with an organ label and contains



additional attributes such as shape, size, and location. The
set of edges represents relationships between organs, and
each edge is associated with a predicate that describes the
correlation type. This formulation allows for a more structured
and interpretable understanding of multi-organ dependencies,
facilitating downstream medical image analysis. It enables
the explicit modeling of multi-organ relationships, integrates
information about organ-to-organ interactions, and offers a
holistic view of organ organization.

The main contributions of our work are as follows:
• We propose MedGraphGen, a novel framework to gen-

erate interpretable medical knowledge graphs directly
from CT images, bridging pixel-level segmentation with
structured anatomical reasoning.

• We introduce a hypergraph-based Relation-Aware Hy-
peredge Attention, enabling explicit modeling of spatial
relations and higher-order organ interactions through se-
mantically weighted message passing.

• We present a new dataset with paired segmentation masks
and annotated medical knowledge graphs, and demon-
strate that the generated graphs serve as effective priors
that significantly enhance the reasoning ability of medical
vision-language models.

II. RELATED WORK

A. Medical Image Analysis

Medical image analysis has witnessed remarkable progress
in recent years, particularly in tasks such as organ segmen-
tation [2] and anatomical landmark localization [6]. These
efforts have largely focused on dense pixel-level prediction,
where deep neural networks are trained to map raw imaging
data to semantic labels or probability maps [7] [8]. Traditional
approaches [9] utilize spatial priors from manually annotated
atlases to guide segmentation, which struggle with computa-
tional efficiency and adaptability to new datasets. Fully convo-
lutional networks [10] have demonstrated remarkable success
due to their ability to capture multiscale contextual features.
Despite these advances, deep learning typically rely on implicit
learning of anatomical priors, which can not fully exploit the
structural relationships between organs [11]. Other works [11]
[12] have also integrated shape priors into neural networks,
allowing more anatomically plausible predictions. In recent
years, vision-language models (VLMs) have been adapted
to the medical domain [13] [14]. However, they typically
treat images as holistic embeddings and lack mechanisms for
compositional reasoning. As a result, they often fail on queries
requiring fine-grained spatial understanding.

B. Medical Graph Learning

Graph-based methods have been widely used in medical
imaging to model complex relationships between anatomical
structures [15] [16]. By encoding data as nodes and their
relationships as edges, these methods [17] [18] leverage graph
representations to encode spatial and structural information,
enabling more effective feature extraction and reasoning [19].
In the context of medical images, graphs provide a natural way

Liver Right kidney

IVC Liver

Right kidneyIVC

Stomach Spleen

Spleen Left kidney

Liver

Right kidney

IVC

near

left
left

Stomach

Spleen

Left kidney

behind

on

Fig. 2. Illustration of the multi-organ correlation graph. We represent organs
as nodes and their inter-organ relationships as edges, capturing both spatial
and contextual dependencies.

to model the spatial and functional relationships between or-
gans. Recent studies [6] [8] have explored graph convolutional
networks to capture inter-structure dependencies. For example,
Rahman et al. [20] introduced a new graph-based cascaded
convolutional attention decoder for multi-stage feature aggre-
gation. However, they only use graphs as auxiliary constraints,
rather than learning to generate rich relational structures in a
data-driven manner.

III. METHOD

Our proposed MedGraphGen is an end-to-end framework
designed to translate medical images into structured, anatomi-
cally consistent knowledge graphs. Our approach consists of a
Multi-Organ Segmenter, a Spatial-Semantic Context Aggrega-
tor, a Relation-Aware Hypergraph Module, and a Knowledge
Graph Decoder. The pipeline simultaneously outputs pixel-
level multi-organ segmentation maps and a structured knowl-
edge graph G = (V,R), where nodes vi ∈ V represent
organ entities, and typed edges (vi, rij , vj) ∈ R define their
explicit anatomical relationships. As shown in Fig. 2, each
node represents a specific organ and anatomical structure,
and each edge encodes a relationship between two organs,
which can be defined based on spatial adjacency and statistical
co-occurrence. Both nodes and edges are associated with
attributes, such as organ shape, size, spatial proximity, and
correlations. The overview of our proposed framework is
shown in Fig. 3.

A. Multi-Organ Segmentation

We employ a pre-trained convolutional neural network
(ResNet-50 [21]) as the visual feature extractor and generate
the feature map F0 ∈ RH×W×C . Then, it passes through the
transformer-based encoder [20] with fixed positional encoding
and generates the feature context F ′ ∈ RHW×C . The feature
decoder will transform organ queries, which interact with
each other to capture the organ context from F ′, into the
organ representations Xvisual ∈ RNo×C , where No represents
the number of organ queries. Finally, they will be fed into
a segmentation head to generate high-quality segmentation
predictions. The final output is the organ-level segmentation
mask M and a corresponding feature embedding fi for each
segmented organ instance, extracted via masked ROI pooling
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Fig. 3. The overview of the proposed architecture. Given a set of scan images, the backbone extracts multi-scale features, which are processed by a Spatial-
Semantic Context Aggregator to construct hypergraph nodes and hyperedges encoding pairwise spatial and semantic relationships among organs. These are
refined via a Relation-Aware Hypergraph Module to model higher-order organ interactions.

from the final feature map. Our econder is based on R50-ViT,
a hybrid vision transformer model that combines a ResNet-
50 [21] backbone with a Vision Transformer (ViT) [22]. The
goal of this hybrid design is to leverage the feature extraction
capabilities of ResNet-50 while benefiting from the long-range
dependency modeling of transformers. The ViT and ResNet-50
were pretrained on ImageNet. The input resolution and patch
size are set as 224×224 and 16, unless otherwise specified.
The detailed structure is shown in Table I. Then we directly
deploy three convolutional layers as the decoder to generate
the segmentation maps.

We use cross-entropy loss for multi-class segmentation
tasks, and it is defined as:

Lseg = −

(
1

I

I∑
i

pi log(p̂i) + (1− pi) log(1− p̂i)

)
, (1)

where pi and p̂i correspond to the ground truth label for pixel
i and the predicted probability for pixel i, respectively. I is
the total number of pixels.

B. Spatial-Semantic Context Aggregator

This novel module is the bridge between pixel-level fea-
tures and graph-level reasoning, which explicitly models the
spatial context and semantic context for each organ. First, we
compute the spatial context vector sij the relative geometric
relationships between every pair of organs (i, j):

sij = [∆xnorm,∆ynorm,∆znorm, dnorm], (2)

where ∆ denotes normalized centroid displacement in 3D,
dnorm is the normalized Euclidean distance between centroids.

For semantic context vector, we initialize a learnable organ-
type embedding for each of the K predefined organ classes.
The semantic context for a pair (i, j) is the element-wise
product of their type embeddings:

cij = Etype(class(i))⊙ Etype(class(j)), (3)

where Etype ∈ RK×d is a learnable organ-type embedding
matrix, d is dimensionality of the embedding vector (set as
128).

The initial node feature h
(0)
i for organ i is not just its visual

feature fi, but an aggregate of its neighbors’ contexts:

h
(0)
i = MLP

fi||
∑

j∈N (i)

MLP (sij)||
∑

j∈N (i)

cij

 , (4)

where || denotes concatenation and N (i) is the set of spatially
proximate organs. This step grounds each node in its local
anatomical environment.

C. Relation-Aware Hypergraph Module

Many anatomical structures and functional systems are
defined not by binary relations, but by coordinated interactions
among groups of organs. The hypergraph generalizes edges
to connect any number of nodes, providing a natural and
powerful abstraction to directly model these group-wise re-
lationships. Traditional hypergraph convolution treat all nodes



TABLE I
THE DETAILED STRUCTURE OF TH ENCODER, WHERE H AND W REPRESENT THE HEIGHT AND WIDTH OF INPUT IMAGES, N IS THE NUMEBR OF

TOKENS, D IS THE EMBEDDING DIMENSION (AS 1024).

Stage Layer Type Number of Layers Output Dimensions

ResNet-50

Convolution (7×7, stride=2) 1 H
2

× W
2

× 64

Max Pooling (3×3, stride=2) 1 H
4

× W
4

× 64

Residual Block 1 (Conv3×3) 3 H
4

× W
4

× 256

Residual Block 2 (Conv3×3) 4 H
8

× W
8

× 512

Residual Block 3 (Conv3×3) 6 H
16

× W
16

× 1024
Patch Embedding Flatten & Linear Projection 1 N ×D

Transformer Encoder

Multi-Head Self-Attention 12 N ×D
Feed-Forward Network (MLP) 12 N ×D

Layer Normalization 1 N ×D
Positional Embeddings 1 N ×D
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Fig. 4. The structure of Relation-Aware Hypergraph Module. ”RA-HA”
represents Relation-Aware Hyperedge Attention mechanism.

within a hyperedge uniformly, ignoring the rich semantic di-
versity of medical relationships, which are critical for accurate
anatomical reasoning. To overcome this limitation, we propose
a Relation-Aware Hyperedge Attention (RA-HA) mechanism
(shown in Fig. 4). This module dynamically weights node
contributions within each hyperedge based on both their visual
features and the semantic type of the relationship encoded by
that hyperedge, enabling the model to prioritize anatomically
meaningful interactions during message passing. Each hyper-
edge corresponds to a predefined medical relation type, and we
assign each relation type re a learnable semantic embedding
he ∈ Rds , initialized randomly and updated during training.
These embeddings allow the model to distinguish between
different relational semantics during aggregation. For each
node ni ∈ e, we compute an attention weight αi,e that reflects
how relevant node i is within hyperedge e, conditioned on

both its own feature and the hyperedge’s semantic context:

αi,e =
exp(aT ·ReLU(Wqhi +Wkhe))∑
j∈e exp(a

T ·ReLU(Wqhj +Wkhe))
, (5)

where hi is the node feature vector, he is hyperedge semantic
embedding, Wq , Wk are linear projections, and a is a learnable
attention vector. This attention mechanism allows the model to
emphasize nodes that are more semantically aligned with the
hyperedge’s relation type. The updated node representation at
layer l + 1 is computed as:

h
(l+1)
i = σ(

∑
e∋i

αi,e ·
∑
j∈e

Wh
(l)
j ) (6)

where σ is a non-linear activation as ReLU, W ∈ Rdh×dh is
a transformation matrix. After L = 4, we obtain contextually
enriched, relation-aware node representations h

(L)
i .

D. Knowledge Graph Decoder

This module decodes the node representations into the final
set of relational triplets. For every ordered node pair (i, j), we
compute a score for each possible predicate:

ϕ(i, r, j) = MLP (h
(L)
i ||h(L)

j ||sij ||(h(L)
i ⊙ h

(L)
j )). (7)

To avoid redundant predictions and enforce structured out-
put, we formulate graph generation as a set matching problem.
Let Y = {yk}

Tgt

k=1 be the ground truth set of triplets, and let
Pall = {ϕ(i, r, j)}Ni,j=1,r∈P be all possible predicted triplets.
We find the optimal bipartite matching σ̂ between these two
sets:

σ̂ = argmin
σ∈G

G∑
k=1

Cmatch(yk, ϕσ(k)), (8)

Cmatch(yk, ϕσ(k)) = −1{yk ̸=∅} · ϕσ(k)(rk)+

λtype · Ltype(sk, ok, ŝσ(k), ôσ(k)),
(9)

where λtype Weight for type matching loss (set as 0.01), Ltype

is the cross-entropy loss for matching subject/object types,
sk and ok are the ground truth subject and object indices,
respectively. ŝσ(k) and ôσ(k) are predicted subject and object
indices, respectively. After obtaining the optimal matching σ̂,
we compute the graph loss:



Lgraph =

Tgt∑
k=1

[− log
exp(ϕ(i, r, j))∑

r′∈P exp(ϕ(i, r′, j))

+λtypeLtype + λspatial||ŝij − sij ||22].

(10)

And the total loss function is computed as:

Ltotal = Lseg + Lgraph. (11)

IV. EXPERIMENTS

A. Datasets

Based on Synapse [5] and TotalSegmentator [3] datasets,
we build two datasets for medical knowledge graph genera-
tion, called Synapse-G and TotalSeg-G dataset. Specifically,
each patient’s CT images are paired with high-resolution
organ segmentation masks and automatically generated multi-
organ knowledge graphs encoding spatial and anatomical
relationships. These relational graphs are synthesized via
a large language model (Qwen2.5-vl [23]) prompted with
slice-specific organ lists and instructed to output clinically
plausible, directional pairwise relations. Given the set of
visible organs per slice, the LLM generates clinically plau-
sible relational statements using key anatomical descrip-
tors such as Spatial Direction (”anterior, behind, above,
beneath, left of, right of”), Proximity (”adjacent to, near,
overlies, underlies, encapsulated by”), Structural Relationship
(”runs parallel to, connects to, drains into, supplies, inner-
vates, is part of, is located in”). The final datasets Synapse-
G has 4422 scans for training and 1715 scans for testing,
and TotalSeg-G has 2040 scans for training and 380 scans
for testing.

B. Metrics

In our experiments, we use Dice Score, Hausdorff Distance
to assess segmentation performance. To evaluate the accuracy
of knowledge graph generation, we use the F1-score as metric
to ensure balanced evaluation of precision and recall across
different components of the generated organ graph.

Dice Similarity Coefficient, commonly referred to as Dice
Score, is used for evaluating the overlap between the predicted
segmentation and the ground truth. It is defined as:

DSC =
2× |A ∩B|
|A|+ |B|

, (12)

where A and B represent the set of predicted pixels
(segmentation result) and ground truth pixels, respectively.
|A ∩B| represents the number of overlapping pixels between
the prediction and the ground truth. The Dice score of 1.0
indicates a perfect match, and 0 means no overlap at all.

Hausdorff Distance measures the worst-case discrepancy
between the boundary points of the predicted segmentation
and the ground truth. It is defined as:

HD(A,B) = max

{
sup
a∈A

inf
b∈B

d(a, b), sup
b∈B

inf
a∈A

d(a, b)

}
, (13)

where d(a, b) is the Euclidean distance between points a and b.
The function sup finds the maximum distance from a point in

TABLE II
PERFORMANCE COMPARISON OF MULTI-ORGAN GRAPH GENERATION

WITH DIFFERENT BACKBONES ON SYNAPSE-G DATASET AND
TOTALSEG-G DATASET. ↑(↓) DENOTES THE HIGHER (LOWER) THE

BETTER. THE BEST RESULTS ARE SHOWN IN BOLD.

Methods Synapse-G TotalSeg-G
DICE↑ HD95↓ F1↑ F1↑

DARR 69.77 - 72.74 64.03
U-Net 61.50 39.61 80.26 70.41

TransUNet 77.48 31.69 88.12 72.79
AttnUNet 75.57 36.97 85.35 71.79

R50-AttnUNet 77.77 36.02 86.20 72.78
SwinUNet 79.13 21.55 87.93 72.37

MISSFormer 81.96 18.20 80.75 70.45
ViT 71.29 32.87 85.35 73.04
PVT 83.28 15.83 89.75 69.19

CASCADE 82.68 17.34 92.59 71.15
nnU-Net 80.74 15.46 90.07 72.11

Ours 84.12 12.45 93.30 73.88

TABLE III
QUANTITATIVE ANALYSIS ON MEDICAL VQA DATASETS. ”*”

REPRESENTS THE MODEL IS FINE-TUNED BY QUESTION-ANSWER DATA,
GENERATED FROM OUR MEDICAL KNOWLEDGE GRAPHS.

Methods Slake VQA-RAD
MISS 82.0 76.0
M2I2 81.2 76.8
MILE 83.0 74.8
MISS* 82.3 76.2
M2I2* 81.8 76.9
MILE* 83.5 75.1

one set to the closest point in the other set, and the function
inf finds the minimum distance from one point to another.
Moreover, HD95 computes the 95th percentile of all point-
wise distances, instead of taking the maximum distance. Lower
HD95 values indicate better segmentation performance.

C. Implementation Details

Our algorithm is implemented using Pytorch frameworks
and trained on 4 NVIDIA GeForce RTX 3090. We optimize
our algorithm based on Adam [24] optimizer, and the initial
learning rate is set as 10−4. We set a step scheduler to reduce
the learning rate by 10 after 200 epochs, and the total number
of epochs is 400. Moreover, we also compare our method with
several competitive methods, including U-Net [25], DARR
[26], AttnUNet [27], TransUNet [28], SwinUNet [29], MISS-
Former [30], PVT [20], ViT [22], CASCADE [31], nnU-Net
[32]. Because most of the compared methods are designed
for segmentation, we introduce a graph head, composed of
two convolutional layers and three fully connected layers to
generate one-hot vectors encoding the categories of subjects,
objects, and corresponding predicates. The input resolution
and patch size are set as 224×224 and 16.

D. Results Analysis

Table II shows the performance of segmentation and
multi-organ graph prediction. It is obvious that our method
achieves the state-of-the-art performance in both datasets and
outperforms all CNN-based and transformer-based methods.
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Fig. 5. Visualization of multi-organ knowledge graph generation. (a) The input CT scan image. (b) The segmentation results of our method. (c) Qualitative
results showing multi-organ knowledge graph generated by our method. (d) The explanation of the generated multi-organ knowledge graph. The relations
between different organs are highlighted in blue, and organs are highlighted in different colors.

We add visualization and explanation about the generated
multi-organ knowledge graph from the Synapse Dataset in
Fig. 5. The prediction ⟨spleen, above, leftkidney⟩ and
⟨spleen, left, stomach⟩ mean that the spleen is to the left of
the stomach and above the left kidney. Moreover, some organs
have more than two relation with others, and an organ can
appear as both a subject and an object simultaneously. Our
framework can adapt to more complex organ systems with
more predicates to analyze entire body systems.

To leverage the rich relational structure encoded in our auto-
matically generated medical knowledge graphs, we synthesize
a set of spatially grounded question-answer pairs directly
from the graph edges based on SLAKE and VQA-RAD
datasets. Each edge, representing a directional, proximity, or
functional relationship between two organs, is mapped to
natural language questions using a template-based system. For
example, the triplet (Spleen, superior to,Left Kidney) can be
transferred to the question: “Is the spleen positioned superior
to the left kidney?”. These QA pairs are then merged with
the original SLAKE and VQA-RAD training sets to form
augmented datasets. As shown in Table III, fine-tuning medical
VQA models (M2I2 [4], MISS [33], and MILE [34]) on
the augmented datasets consistently improves performance
across both benchmarks. On SLAKE, accuracy increases
by 0.3–0.6% (e.g., MILE improves from 83.0% to 83.5%),
while on VQA-RAD, gains range from 0.1–0.3%. Notably,
even models like MISS and M2I2, which do not explicitly
model spatial relations, benefit significantly, indicating that
our graph-derived QA data provides valuable inductive bias
for anatomical reasoning.

As illustrated in Fig. 6, when asked “From the patient’s
perspective, is the spleen located to the left of the liver?”, the

TABLE IV
COMPARISON OF GRAPH CONVOLUTIONAL NETWORK (GCN), GRAPH

ATTENTION NETWORK (GAN), AND OUR HYPERGRAPH-BASED METHODS
IN SYNAPSE-G AND TOTALSEG-G DATASETS.

Dataset Synapse-G TotalSeg-G
Graph(GCN) 85.32 70.01
Graph(GAN) 88.14 72.32

Ours 93.30 73.88

TABLE V
ABLATION STUDY OF DIFFERENT NUMBERS OF RA-HA.

Num Synapse-G TotalSeg-G
1 89.54 70.12
2 90.32 72.74
3 93.29 73.85
4 93.30 73.88

baseline model MISS incorrectly answers “No” — reflecting
a common failure mode where visual position is conflated
with anatomical orientation. In contrast, MISS*, trained with
QA pairs synthesized from our medical knowledge graphs,
correctly answers “Yes”. The result confirms that augmenting
VQA training with our graph-derived spatial relations enables
models to overcome perspective ambiguity.

E. Ablation Study

We contrasted our method with two mainstream graph-based
approaches, Graph Convolutional Network (GCN) [35] and
Graph Attention Network (GAN) [36], with results shown in
Table IV. Our hypergraph-based framework consistently out-
performs both baselines across both Synapse-G and TotalSeg-
G datasets. This performance gap confirms that modeling
multi-organ relationships through hyperedges captures richer
anatomical context than pairwise graph methods, which are
inherently limited to binary interactions.



Question: From the patient’s perspective, is the spleen located to the left of 
the liver?
Answer:

MISS: No (✘)
MISS*: Yes (✔)

Explanation: “Left of” here refers to anatomical left (patient’s left), not 
image-left. The spleen lies in the left upper quadrant, while the liver is 
primarily in the right upper quadrant.

Fig. 6. Example of one challenge question and corresponding answers. While the baseline model MISS [33] incorrectly answers “No”, the enhanced model
MISS* on the augmented datasets correctly answers “Yes”.

TABLE VI
ABLATION STUDY OF LOSS FUNCTIONS, INCLUDING CROSS-ENTROPY

LOSS LCE , CATEGORY-AWARE SUPERVISED CONTRASTIVE LOSS LCon ,
FOCAL LOSS LFocal , AND OUR DESIGNED GRAPH LOSS. WE UTILIZE

F1-SCORE AS METRICS.

Dataset Synapse-G TotalSeg-G
LCE 89.71 71.26
LCon 88.72 68.09
LFocal 89.05 71.28
LCE + LCon 90.34 72.75
LCE + LFocal 92.57 72.74
Ours 93.30 73.88

In medical knowledge graph generation, the Relation-Aware
Hypergraph Module and RA-HA mechanism has a great
influence on the performance of multi-organ knowledge graph
generation. We consider the influence of RA-HA on the
performance of the model, then show the performance with
different numbers of RA-HA in Table V. Note that as the
number of layers increases, the performance also becomes
better on both datasets. The experimental results demonstrate
that the performance of the two datasets is best when the
number of layers is set to four.

Moreover, we conduct ablation study on different loss
functions for medical knowledge graph generation, including
cross-entropy loss LCE , category-aware supervised contrastive
loss LCon [37], Focal loss LFocal, and our designed graph
loss. The results in Table VI demonstrates that our proposed
graph loss achieves the highest F1-scores on both Synapse-G
and TotalSeg-G, outperforming all individual and combined
losses. This indicates that our graph loss effectively encodes
structural and relational priors inherent in anatomical knowl-
edge graphs, enabling the model to generate not only pixel-
accurate segmentation but also coherent organ interactions.

V. LIMITATIONS AND FUTURE WORK

While MedGraphGen achieves promising results in generat-
ing anatomically plausible knowledge graphs from CT images,
several limitations remain. First, the proposed approach is
primarily trained and evaluated on CT scans, which can limit
its generalizability to other imaging modalities such as MRI
and PET. Differences in contrast and resolution might require
additional adaptation strategies. Moreover, the multi-organ

knowledge graph captures spatial and functional relationships,
so it assumes a relatively static anatomical structure. However,
inter-organ relationships vary due to pathological conditions,
individual anatomical variations, and imaging artifacts. Our
future work will focus on reducing reliance on labeled data
by leveraging self-supervised and few-shot learning methods
to improve model adaptability and enable broader application
to datasets with limited annotations. Instead of relying on a
predefined structure, future research could explore adaptive
graph learning techniques that dynamically adjust connections
based on anatomical variations and pathological changes.
Furthermore, we intend to develop dynamic graph modeling
capabilities to support spatiotemporal reasoning over time-
series scans, enabling applications in disease progression anal-
ysis and surgical planning.

VI. CONCLUSION

In this paper, we present MedGraphGen, a unified end-to-
end framework for generating interpretable medical knowledge
graphs from CT images, advancing the field beyond pixel-level
segmentation toward structured anatomical understanding. By
integrating a Spatial-Semantic Context Aggregator with a
Relation-Aware Hypergraph Module, our model explicitly
captures both pairwise spatial relations and higher-order or-
gan interactions through geometry-grounded and semantically
weighted message passing. To support training and evaluation,
we introduce a new benchmark dataset with dense segmenta-
tion masks and expert-annotated relational graphs, enabling
rigorous study of structured reasoning in medical imaging.
Experiments show that MedGraphGen produces anatomically
plausible graphs and achieves state-of-the-art performance
in multi-organ relation prediction. Moreover, the generated
graphs serve as powerful structured priors that significantly
enhance the relational reasoning capabilities of medical vision-
language models, improving accuracy on Med-VQA tasks
involving spatial and functional queries.
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