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ABSTRACT

Real-time Prediction of Breast Cancer Site using Graph Neural
Network

Breast cancer is the most common cause of cancer-related fatalities in women, but early
diagnosis significantly improves treatment outcomes. Breast MRI plays a critical role in early
detection, especially for lesions that mammography and ultrasound may miss. However, confirming
malignancy requires a biopsy, a procedure that involves extracting tissue samples for pathological
analysis. Direct MRI-guided biopsies are highly accurate but costly and time-consuming. To address
these limitations, an indirect MRI-guided breast biopsy system has been proposed recently, which
leverages MRI-guided navigation to perform biopsies outside the MRI room. However, traditional
navigation systems have limitations, as they cannot account for tissue deformation in real time. To
solve this issue, we developed a real-time 3D deformable model using Graph Neural Network
(GNN). Our model predicts breast tissue deformations based on surface displacements, bypassing
the need for force measurements. Datasets were created using finite element simulations on 3D
models generated from breast phantoms and real patient MRI data, incorporating varying material
properties and force conditions. The input features consist of the displacement of surface nodes,
while the output features consist of the displacement of all nodes. Our GNN model, designed with
a specialized graph structure to represent physical properties, was trained on these datasets to predict
output features from input features. As a result, with our best model, we achieved average RMSE of
0.888 mm, average cancer RMSE of 0.089 mm, and dice score of 0.928 for phantom based dataset.
Additionally, the same model showed prominent performance in terms of RMSE and dice score on
real patient data.

Key words : GNN, Biopsy, Breast Cancer, MRI
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1. Introduction

1.1. Research background

Breast cancer is the most prevalent cancer and fatal cause of cancer-related deaths among
women [1]. Nevertheless, early diagnosis holds the potential to expand treatment options and
improve survival rates [2].

Among many diagnosis tools for breast cancer, breast MRI is crucial for early detection of
breast cancer since over half of lesions are exclusively detectable through MRI, capturing early-
stage breast cancers evading detection by other tests such as mammography and ultrasound [3].
However, MRI alone cannot assure that the lesion is cancerous. Biopsy is needed to confirm that the
lesion is cancerous.

Biopsy is the most definitive method for diagnosing cancer, as it involves taking and examining
tissue samples from areas of concern. Among the various biopsy techniques, core needle biopsy is
widely used [4]. Direct MRI-guided breast biopsy, in particular, uses MRI to identify and sample
abnormalities in the breast, especially those that are challenging to detect with mammography or
ultrasound [5]. Although this approach provides excellent accuracy, especially for complex or hard-
to-detect lesions, it can be both expensive and time-consuming.

Thus, indirect MRI-guided breast biopsy is proposed recently. Instead of performing biopsy in
MRI room, MRI-guided navigation system that can move MRI space and real space interchangeably
can be used, allowing the biopsy to be performed outside the MRI room. MRI-guided navigation
system is already used in medical field. For instance, [6] have investigated the feasibility of MRI-
guided techniques for demarcating breast cancer in preparation for breast-conserving surgery. They
explored strategies to enhance the accuracy and effectiveness of MRI-guided navigation, particularly
in the context of delineating breast tumors in supine patient orientation. However, there is a
limitation to the MRI-guided navigation system.

For biopsies, the navigation system must show real-time deformation because any external
interference (such as a needle or finger) can cause the cancer to move. Unfortunately, MRI provides
only still images, so it cannot display deformation. Therefore, traditional MRI-guided navigation
systems are not suitable for core needle biopsies. Thus, for indirect MRI-guided breast biopsy, real-
time 3D deformable model is needed, because current 3D deformable model takes several tens of
minutes.



Therefore, our objective is 3D deformable model that can predict breast cancer sites. The model
must have short inference time for real-time prediction. There have been some efforts to use machine
learning techniques to shorten the inference time, particularly by utilizing geometric information [7,
8]. Furthermore, there have been several attempts to develop surrogate models for FEM using GNNs
[9-13], among which PhysGNN [13] stands out as a notable example. The authors employed Graph
Neural Network (GNN) to predict brain tissue deformations under applied forces. However,
measuring forces poses significant challenges during biopsies. Therefore, our aim is to develop a
GNN that can predict breast cancer sites using surface deformation data, which is accessible.

1.2. Method Overview

The methodologies employed in this study are detailed as follows. First, a finite element model
is generated using MRI data from either a breast phantom or a real patient’s breast. Next, various
loading conditions are simulated through finite element analysis to create a training dataset. The
input data consist of displacements of surface nodes, while the output represents the displacements
of all nodes. This dataset is then used to train a GNN.

Four types of datasets were created using breast phantoms:
1. Single force location with linear uniform material. (Dataset 1)
2. Multi-force locations with linear uniform material. (Dataset 2)
3. Multi-force locations with nonlinear uniform material. (Dataset 3)
4.  Multi-force locations with nonlinear separated material. (Dataset 4)

These datasets progressively incorporate more realistic conditions by varying properties such
as force location and material properties.

The same methodology was applied to real patient data (Dataset 5-7), specifically using datasets
with multi-force locations and nonlinear separated material. For validation, three datasets from real
patient data were utilized to assess the model developed with breast phantom datasets.

This workflow highlights the capability of the GNN to predict displacement of all nodes from
displacement of surface nodes, enabling the development of a real-time deformable model based on
the provided data.



2. Methods

The methods section is divided into two subsections: Data Acquisition and GNN Training. The
Data Acquisition subsection is further divided into three procedures: Pre-Processing, Finite Element
Simulation, and Dataset Generation. Fig 1 shows the whole process of the method.
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Breast Phantom/
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Fig 1. Whole Process of the Method. The methods section is divided into two subsections: Data
Acquisition and GNN Training. The Data Acquisition subsection is further divided into three
procedures: pre-processing, finite element Simulation, and dataset generation.

2.1. Data Acquisition

Pre-processing We first acquired MRI data from breast phantoms or real patients. Using a
3D image visualization and analysis tool, we processed the MRI data to generate a surface model of
the breast. This involved segmentation using the threshold and brush tools to isolate the breast region
and cancer region and create a detailed surface representation. The resulting surface was then refined
and simplified, making it suitable for further processing. The simplified surface was exported as an
OBJ file, which was then imported into ANSYS SpaceClaim to create a 3D breast model. The entire
modeling workflow is illustrated in Fig. 2.



(a) MRI data (c) SurfaceGen

(d) Simplifier (e) Ob;j file

Fig 2. Process of 3D modeling. First, MRI of breast phantom or breast of real patient is taken. Then
segmentation is proceeded using the threshold and brush tools to isolate the breast region and cancer
region obtain. The resulting surface was then refined and simplified using the simplifier tool in
AMIRA obj file from that. The simplified surface was exported as an OBJ file, which was then
imported into ANSYS SpaceClaim to create a 3D breast model.

Finite Element Analysis For Dataset 1-2, linear finite element analysis was applied.
Continuum mechanics based local equilibrium equations govern the tissue deformation in linear
analysis [14], as indicated by

Tij,j+fiB =0 in .Q., (1)

where 7;; ; denotes the derivate of the ij component of the stress tensor with respect to j,

fErepresents the i-directional component of the applied body force, and Q indicates the volume
region under analysis. From Eq. 1, principle of virtual work (PVW) is derived.

jfij.j&ijd‘/:f fEowdv + | f78e;dS (2)
v v Sf

V isvolume, T isstresstensor, € isstraintensor, f® isbody force, S, issurface force, u
is virtual strain and e is virtual displacement.



On the other hand, for Dataset 3-7, nonlinear finite element analysis was applied. Continuum
mechanics based total Lagrangian formulation govern the tissue deformation in nonlinear analysis
[14], as indicated by

J- 6Oeij0Cijrsoersd0V+f §Si6om;;d°V = HMR—f 6Sij60e;;d°V
oy oy Oy

Where °V is volume at time 0, 8oe;; is virtual incremental Green Lagrange (GL) strain
(linear), &om;; is virtual incremental GL strain (nonlinear), 5Sij is stress measured from the initial
configuration, and ‘*A'R is external virtual work at time t + At.

This further can be changed into (KU = **AtR — EF form, where EK s tangential stiffness
matrix, U is incremental nodal displacement vector, t*A‘R is external nodal force vector at time
t + At,and (F is internal force vector.

After applying appropriate mechanics for each dataset, we separated the elements and apply
PVW or total Lagrangian formulation to each element individually before combining them together.
These entire processes were automatically computed in ANSYS Mechanical. The automation
provided by ANSYS Mechanical allows for efficient and accurate calculations.

Finite Element Simulation The simulation was performed using finite element analysis
under conditions specific to each dataset. Random forces were applied to nodes near one of the fixed
reference nodes. Specifically, the forces were applied to nodes within a sphere centered on the
reference node, hereafter referred to as force sphere, with a radius randomly chosen between specific
range. The bottom surface nodes are considered to be fixed and used as the boundary condition. The
direction of force is random, but y-direction force is negative, where y-direction is height direction.
Magnitude of force is random also, in particular range. Using ANSYS Mechanical, we calculated
nodal displacement of multiple simulations for each dataset.

Dataset Generation Datasets were created based on the results of the ANSYS analysis. The
analysis provided the displacement data for all nodes, but only the displacements of the top surface
nodes were used as input, while the displacements of all nodes were used as output. Thus, the goal
with this dataset is to develop a GNN model capable of predicting the nodal displacements of all
nodes using the displacements of only the top surface nodes. Since a GNN requires node features
for all nodes, we assigned zero values to the input features of nodes that were not on the top surface.
Additionally, fixed nodes were excluded from both the input and output data. Table 1 organizes the
input and output information.

Dataset 1-4 are phantom-based, while Dataset 5-7 are real patient-based. As the process
progresses through Dataset 1-4, the model becomes increasingly complex and realistic. From
Dataset 1 to Dataset 2, variations are introduced in the reference node, which determines the force
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location. In Dataset 3, the material property is changed to nonlinear. Finally, in Dataset 4, cancer is
represented as a mass, requiring the use of two separate material properties. The conditions
established in Dataset 4 are also applied to Dataset 5—7, with the only difference being that the MRI
data in Dataset 57 is based on real patients rather than phantoms. Table 2 organizes the property of
each dataset.

Table 1. Input and Output Information. The displacement of the top surface nodes is input, and the
displacement of all nodes is output. zero value is assigned for nodes other than top surface nodes in
input.

Top Surface Nodes  Nodal Displacement (Ax, Ay, Az)
Other Nodes 0(0, 0, 0)
Output All Nodes Nodal Displacement (Ax, Ay, Az)

Input

Table 2. Property of Each Dataset. Dataset 1-4 are phantom-based, while Dataset 5-7 are real
patient-based. As the process progresses through Dataset 1-4, the model becomes increasingly
complex and realistic. From Dataset 1 to Dataset 2, variations are introduced in the reference node.
In Dataset 3, the material property is changed to nonlinear. In Dataset 4, cancer is represented as a
mass. The conditions established in Dataset 4 are also applied to Dataset 5-7, with the only
difference being that the MRI data in Dataset 57 is based on real patients rather than phantoms.

Dataset Reference node  Material property Cancer MRI Dataset size
Dataset 1 1 Linear Node Phantom 1000
Dataset 2 10 Linear Node Phantom 1000
Dataset 3 10 Nonlinear Node Phantom 1000
Dataset 4 10 Nonlinear Mass Phantom 3000

Dataset 5-7 10 Nonlinear Mass Real patient 3000

2.1.1. Breast Phantom Based Dataset

Dataset 1

The mesh is set with a target quality of 0.05, resulting in an average surface area of
2.6473 x 1075 m? and a minimum edge length of 2.2894 x 10~3 m. For constructing the FE
model, 10-node tetrahedral quadratic elements (known as Tetl0 in ANSYS) are assigned to the
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meshes, totaling 7,598 elements and 13,311 nodes. Additionally, we assumed linear material
properties in the finite element model. In this model, we set Young’s modulus to 6,900Pa and
Poisson’s Ratio to 0.495.

Reference nodes for force location is fixed one node. The radius of force sphere ranges from
0.02m to 0.032m. The force magnitude ranges from 12N to 24N, and this force is evenly distributed
across the nodes in the force sphere. Which means that the force applied to each node is between
12N/M and 24N/M, where M represents the total number of nodes in force sphere. The dataset
consists of 1,000 simulation results, with 800 used for the training set, 100 for the validation set, and
100 for the test set.

Dataset 2

Dataset 2 shares all properties with Dataset 1, except for the reference nodes. In Dataset 2,
reference nodes for force locations are fixed to 10 specific points, with 5 located near the cancer and
the other 5 positioned farther away. This dataset includes 1,000 simulation results, with 100
simulations per reference node. Similar with Dataset 1, the data is split into 800 simulations for the
training set, 100 for the validation set, and 100 for the test set.

Dataset 3

Dataset 3 shares all properties with Dataset 2, except for the material property. We assumed
nonlinear material properties in the finite element model. Among the various models available to
represent nonlinear material properties, we opted for the Mooney-Rivlin 2-Parameter model. In this
model, we set C;, to 2000 Pa and C,, to 1333 Pa for fat tissue [15]. This dataset includes 1,000
simulation results, with 100 simulations per reference node. Similar with Dataset 1, 2, the data is
split into 800 simulations for the training set, 100 for the validation set, and 100 for the test set.

Dataset 4

The mesh is set with a target quality of 0.05, resulting in an average surface area of
2.2987 x 1075 m? and a minimum edge length of 1.6802 x 10~3 m. For constructing the FE
model, Tet10 elements are assigned to the meshes, totaling 9,219 elements and 15,864 nodes.
Additionally, we assumed nonlinear separated material properties in the finite element model. There
are 2 materials in the model: fat and cancer. We opted for the Mooney-Rivlin 2-Parameter model in
Dataset 4 also. In this model, we set C;, to 2000 Paand C,,; to 1333 Pa for fat tissue, and C;, to
6667 Paand C,, to 10000 Pa for cancer tissue [15].
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Reference nodes for force locations are fixed 10 locations, where 5 locations are near to the
cancer and other 5 locations are far from the cancer. The radius of force sphere ranges from 0.02m
to 0.032m. The force magnitude ranges from 120N to 240N, and this force is evenly distributed
across the nodes in the force sphere. Which means that the force applied to each node is between
120N/M and 240N/M, where M represents the total number of nodes in force sphere. The dataset
consists of 3,000 simulation results, with 2,400 used for the training set, 300 for the validation set,
and 300 for the test set.

2.1.2. Real Patient Based Dataset

Basically, most of the properties of each dataset are the same as those of Dataset 4. Therefore,
only the differences from Dataset 4 are described in the following parts.

Dataset 5

The mesh was generated with a target quality of 0.05, yielding an average surface area of
4.0017 x 107> m? and a minimum edge length of 7.0702 x 10~* m. It consists of 9,744 elements
and 16,985 nodes.

Dataset 6

The mesh was generated with a target quality of 0.05, yielding an average surface area of
2.4443 x 107> m? and a minimum edge length of 9.4996 x 10~* m. It consists of 8,562 elements
and 15,064 nodes.

Dataset 7

The mesh was generated with a target quality of 0.05, yielding an average surface area of
2.9163 x 1075 m? and a minimum edge length of 1.0066 x 1073 m. It consists of 9,810 elements
and 16,935 nodes.

2.2. GNN Training



2.2.1 Graph Structure

GNN [16] is a neural network architecture specifically designed to handle structured data
represented in the form of graphs. It is usually used to task such as node classification, graph
classification. Graph can be expressed as G = (V,E), where V isthe set of nodesand E is the set
of edges. Additionally, each node has node features that can express properties of the node. Fig 3
illustrates the definition of Graph.

In GNN, message passing is a fundamental process, where each node collects, or aggregates,
information from its neighboring nodes using edge information to update its own features. Fig 4
illustrates message passing of GNN.

Therefore, we have to define node condition and edge condition to construct the graph and
utilize message passing. In this model, we made a graph satisfying the following conditions to
represent the physical structure.

1. Nodes of Graph are the nodes of Finite Element Analysis

2. For Nodes 4,B, |r, — 15| < d © A,B are connected, where r, means the position of
node A

d was set to 0.005m for Dataset 1-3, 0.003m for Dataset 4-7. Fig 5 shows the above conditions.

Node

Node
Features

Fig 3. Definition of Graph. Graph can be expressed as G = (V,E), where V, is the set of nodes
and E is the set of edges. Additionally, each node has node features that can express properties of
the node.



LT Ly

Fig 4. Message Passing of GNN. In GNN, message passing is a key mechanism, where each node
aggregates information from its neighboring nodes using edge information to update its own features.

-
N\

(a) Node Condition (b) Edge Condition

Fig 5. Graph Structure. (a) Nodes of graph are the nodes of Finite Element Analysis. (b) For Nodes
A, B, |r, — 15| < d & A, B are connected, where r, means the position of node A.

Actually, edge condition could simply be defined as nodes within the same element being
connected to each other. However, doing so might lead to excessive edges, resulting in longer
computation time and potentially exacerbating oversmoothing. Therefore, the decision was made to
determine edge condition using Euclidean distance.

In addition, we applied random edge addition. This process involves creating edges that connect
cancer surface nodes to breast surface nodes. In Dataset 1-3, where there is only one cancer node,
multiple edges were added between the cancer node and randomly selected breast surface nodes.
For Dataset 4-7, which contain multiple cancer nodes, edges were randomly added between
individual cancer nodes and breast surface nodes. These additional edges facilitate effective message
passing between cancer and surface nodes, enabling a reduction in the number of GNN layers
required while enhancing the prediction performance for cancer nodes. Without this random edge
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addition, the message passing distance is limited to d multiplied by the number of GNN layers,
restricting the model’s capacity to learn and propagate information effectively. Fig 6 illustrates
random edge addition process.

Fig 6. Random Edge Addition. Edges were added that connect one cancer surface node to one breast
surface node randomly. These connections enable effective message passing between the cancer and
surface nodes, allowing us to reduce the number of GNN layers needed while enhancing the
prediction performance of cancer nodes.

Furthermore, for Dataset 4-7, to improve the accuracy of predicting the displacement of cancer
nodes, a training mask was applied to the cancer nodes. This approach helps the model to focus on
the cancer nodes during training, which results in more precise predictions for these critical nodes.
While this may lead to less accurate predictions for the other nodes, the trade-off is a notable
enhancement in prediction accuracy for the cancer nodes, which is the primary focus of the model.

2.2.2 GNN Model

Several layers of GNN and 3 linear layers are in our GNN model. For activation function, ReLU
is used. For loss function, MSELoss is used, and for optimizer, AdamW is used. Learning rate is le-
3. Total number of epochs are 1000 and best model which has the minimum validation loss after
500 epochs is saved. The number of GNN layers (n), the number of hidden channels (h), other
hyperparameters and aggregation function can be adjusted based on the characteristics of the dataset.
Fig 7 shows the structure of the GNN model.
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Fig 7. The Structure of GNN Model. Several layers of GNN and 3 linear layers are in our GNN
model. For activation function, ReL U is used. For loss function, MSELoss is used, and for optimizer,
AdamW is used. The number of GNN layers (n), the number of hidden channels (h), and other
hyperparameters can be adjusted based on the characteristics of the dataset.

2.2.3 Computation Setting
Above methods are executed in this computer setting:
CPU: AMD Ryzen 9 5950X 16-Core Processor, 3401Mhz

RAM: 128GB

GPU: NVIDIA GeForce RTX 4080 (VRAM: 16GB)
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3. Result

The main evaluation methods for this study are Average RMSE (Rooted Mean Square Error) of
displacement and average cancer node error. RMSE is defined as follows:

_ Z(8gr — 8pp)?

where &gr is nodal displacement (ground truth simulated by ANSYS), &pp is nodal
displacement (prediction of model), and N is the number of nodes. Therefore, we calculated the
RMSE for each simulation in test dataset and then averaged RMSE values.

Evaluating this study using only RMSE is insufficient because most of the nodal displacements
are zero, and this cannot directly show the prediction performance of cancer. Therefore, we also
wanted to evaluate the displacement error of cancer nodes for each simulation. For datasets that used
separated material, we calculated RMSE of cancer nodes. This is considered to be important
evaluation method, because the object of this study is prediction of cancer site. On the other hand,
for other dataset that cancer nodes are not specified, we chose one specific cancer center target node
and calculated the average magnitude of displacement errors specifically for this target node in the
test dataset.

However, RMSE itself cannot represent relative error. Thus, we calculated RMSD (Rooted Mean
Square Displacement) of whole nodes and cancer nodes to evaluate relative accuracy of RMSE.
RMSD is defined as follows:

For datasets with uniform material properties, we calculated average cancer node displacement
instead of cancer RMSD, because there is only one cancer node.

For datasets with separated material properties, we also evaluated the model's performance using
the dice score, focusing specifically on the cancer mass. The dice score quantifies the overlap
between the ground truth and predicted regions, providing insight into how accurately the model
captures the shape and location of the cancer mass. This evaluation requires voxelizing the cancer
mass with a resolution of 1 mm. The voxelization process starts with discretizing the coordinates of
nodes by dividing each coordinate by the voxel size and applying the floor function, as given by:

_ |V
W = s
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where x; means x,y,z (i =1, 2, 3, respectively), wy; is the voxelized coordinate, v, is the
position component, and s is the voxel size, set to 1mm. The resulting voxelized coordinates were
stored as sets for both the ground truth and prediction.

Once voxelized, the intersection and union of the ground truth and predicted voxels are computed.
The dice score is then defined as follows:

2 x n(GT N PD)

Dice Score = ——"— "7/
1€ 5COTe = 2(GT) + n(PD)

where GT is set of voxels of ground truth and PD is set of voxels of prediction.

The evaluation methods used for each dataset is summarized in Table 3.

Table 3. Evaluation Method used for Each Dataset.

Cancer Cancer node Cancer Dice
D RMSD RMSE
ataset S RMSD error S RMSE Score
Dataset 1-3 (0] X (0] (0] X X
Dataset 4-7 (0] (0] X (0] 0] 0]

3.1. Sensitivity Analysis with Dataset 4

The sensitivity analysis was conducted using Dataset 4, as it represents the most realistic
assumptions among the breast phantom datasets. The RMSD of Dataset 4 is 1.11mm, and the cancer
RMSD of Dataset 4 is 1.53mm. The basic setting is as followed: 8 layers of GraphSAGE [17] with
max aggregation function, 80-channel, 100 random edge addition. Now for each experiment, we
changed some properties from basic setting. The result of sensitivity analysis is analyzed in Table 4
and Fig 8, 9.

First, we examined the effect of varying the type of GNN model used. Specifically, we
compared the performance of GCN [18], GraphSAGE, and GraphConv [19]. GCN is one of basic
GNN model that relies on all edges for information propagation. On the other hand, GraphSAGE
performs well in inductive learning scenarios by sampling neighbors. GraphConv is similar to GCN,
but integrates neighbor information and self-information with separate weights. GraphSAGE shows
the best performance in average cancer RMSE.
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Next, we explored how varying the number of layers and channels affected the model's
performance. When using too few layers, the distance required for information propagation can be
insufficient. On the other hand, too many layers can cause oversmoothing, where node features
become indistinguishable. The best performance was achieved with 8 layers.

For number of channels, a small number of channels reduced the model's capacity to capture
complex features. Conversely, using too many channels can cause overfitting, again leading to
increased average cancer RMSE. The best performance was achieved with 80 channels.

In addition, we examined the influence of random edge addition. These connections played a
crucial role in alleviating the limitations of information propagation distance. However, when too
many random edges are added, the structural information of the graph can be distorted. The best
performance was achieved with 100 edges.

Finally, we tried to use jumping knowledge (JK) [20] for basic setting and 10-layer setting. JK
is typically employed to mitigate oversmoothing in deep GNNs by aggregating node representations
from multiple layers, allowing the model to retain information from earlier layers. The structure of
JK used in our experiments is illustrated in Fig 10, and the pooling method applied was max pooling.
However, contrary to the expected benefits, our results showed that using JK led to higher RMSE
compared to the original configurations without JK.
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Table 4. Result Tables of Sensitivity Analysis. The basic setting is as followed: 8-layer of
GraphSAGE layer with max aggregation function, 80-channel, 100 random edge addition. Now for

each experiment, we changed some properties from basic setting.

GNN RMSE (mm) Cancer RMSE (mm) Dice Score

GCN 1.185 £ 0.454 1.586+1.179 0.509 £0.129

GraphSAGE 0.932 +£0.359 0.093 £0.056 0.925 £0.040

GraphConv 0.857 +£0.397 0.099 £0.059 0.920 £0.041
Layers RMSE (mm) Cancer RMSE (mm) Dice Score

6 0.876 £0.376 0.111 £0.062 0.913 £0.044

8 0.932 £0.359 0.093 £0.056 0.925 £0.040

10 1.045 £ 0.343 0.099 £0.057 0.922 £0.041

12 0.893 +0.343 0.115+0.074 0.909 £ 0.050
Channels RMSE (mm) Cancer RMSE (mm) Dice Score

64 0.922 +0.343 0.112 +0.060 0.911 +£0.043

72 1.008 + 0.333 0.112 £0.065 0.913 £0.045

80 0.932 +0.359 0.093 +0.056 0.925 + 0.040

96 0.888 +0.391 0.100 + 0.058 0.921 + 0.041
Random Edge Addition RMSE (mm) Cancer RMSE (mm) Dice Score

0 1.144 £ 0.380 0.831 +0.607 0.762 + 0.089

100 0.932 +0.359 0.093 +0.056 0.925 + 0.040

200 0.893 +£0.375 0.104 £ 0.065 0.918 £0.046
Number of Layers with Add RMSE (mm) Cancer RMSE (mm) Dice Score

0 0.932 +0.359 0.093 +0.056 0.925 + 0.040

1 0.888 +£0.387 0.089 £0.059 0.928 +0.043

2 0.857+£0.359 0.094 £0.056 0.924 £0.041
Layers RMSE (mm) Cancer RMSE (mm) Dice Score

8 0.932 +£0.359 0.093 £0.056 0.925 £0.040

8 w/ JK 0.876 +0.386 0.100 + 0.062 0.920 + 0.043

10 1.045 £0.343 0.099 £0.057 0.922 £0.041

10 w/ JK 0.928 £0.356 0.102 £ 0.065 0.918 £0.046
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Fig 8. Cancer RMSE Graphs of Sensitivity analysis. The basic setting is as followed: 8-layer of
GraphSAGE layer with max aggregation function, 80-channel, 100 random edge addition. Now for
each experiment, we changed some properties from basic setting.
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Fig 9. Dice Score Graphs of Sensitivity analysis. The basic setting is as followed: 8-layer of
GraphSAGE layer with max aggregation function, 80-channel, 100 random edge addition. Now for
each experiment, we changed some properties from basic setting.
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Fig 10. Jumping Knowledge Structure. The pooling method is max. If n=8, jumping knowledge
process features of 4 layers and transfer to next layer. If n=10, jumping knowledge process features
of 5 layers and transfer to next layer.
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3.2. Performance of the GNN Model in Predicting Breast Cancer Site
for Breast Phantom Dataset

Dataset 1

The specific model used is as follows: 6 layers of GraphSAGE, max aggregation, 80 channels,
and 100 random edge additions. The detailed structure of this model is illustrated in Fig 11. This
model was applied not only to Dataset 1 but also to Dataset 2 and 3. The performance metrics for
this model include an RMSD of 17.41 mm, an average RMSE of 2.62 mm, and an average cancer
node error of 1.78 mm.

Dataset 2

The same model as Dataset 1 was used, resulting in an RMSD of 11.78 mm and an average
RMSE of 2.02 mm. The average cancer node error was 4.43 mm.

Dataset 3

The same model as Dataset 1 was used, resulting in an RMSD of 0.989 mm and an average
RMSE of 0.173 mm. The average cancer node error was 0.350 mm.

Dataset 4

The specific model used is as follows: 8 layers of GraphSAGE, max aggregation except the first
add aggregation layer, 80-channel, 100 random edge addition. The detailed structure of this model
is shown in Fig 12. This model was also used for Dataset 5—7. For Dataset 4, the average RMSD
was 1.11 mm, and the average cancer RMSD was 1.53 mm. The average RMSE was 0.888 mm,
with an average cancer RMSE of 0.089 mm. The dice score for the cancer mass was 0.928.

Fig 13 illustrates the difference between ground truth and prediction for one example of test
dataset. The black points are location of nodes before deformation. Colored points are location of
nodes after deformation. The blue points are the ground truth simulated by ANSYS. The red points
are the prediction produced by the model. All displacements have been magnified by 50 times for
easier visual recognition.
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Table 5 shows the result of Dataset 1-4.

Table 5. The Result of Dataset 1-4.

Dataset RMSD (mm) RMSE (mm) Cancer Error (mm)

Dataset 1 17.41 2.62 + 1.03 1.78 + 0.95

Dataset 2 11.78 2.02 + 1.01 443 + 0.32

Dataset 3 0.989 0.173 + 0.079 0.350 + 0.218
RMSD Cancer RMSD RMSE Cancer RMSE .

Dataset Dice Score
(mm) (mm) (mm) (mm)

Dataset 4 1.11 1.53 0.888 + 0.387  0.089 + 0.059 0.928 + 0.043

= g 3 g S 2
o 5 5 - )
Input o e S @ = o
oM 3 i 3 | 3 col % 3 < OUtpUt
(Surface Tg—=> 20—+ 2= —>2g—>Tcag>T—
data) g  4x g de §sx g (All data)
= g & g £ =
G} G G] —

-
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Fig 11. The Model used for Dataset 1-3. It consists of 6 of GraphSAGE layers and 3 linear layers.
For aggregation function, max aggregation is used.
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Fig 12. The Model used for Dataset 4-7. It consists of 8 of GraphSAGE layers and 3 linear layers.
For aggregation function, max aggregation is used except the first add aggregation layer.

e Before
e Ground Truth After
e Prediction After

Fig 13. Cancer Sites of One Example in Dataset 4. These images illustrate the difference between
ground truth and prediction. The black points are location of nodes before deformation. Colored
points are location of nodes after deformation. The blue points are the ground truth simulated by
ANSYS. The red points are the prediction produced by the model. All displacements have been
magnified by 50 times for easier visual recognition.
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3.3. Performance of the GNN Model in Predicting Breast Cancer Site for
Real Patient Dataset

For Dataset 5-7, the same model is used as in Dataset 4.

Dataset 5

The average RMSD was 3.24 mm, and the average cancer RMSD was 3.52 mm. The average
RMSE was 3.08 mm, with an average cancer RMSE of 0.31 mm. The dice score for the cancer mass
was 0.683.

Dataset 6

The average RMSD was 1.50 mm, and the average cancer RMSD was 1.31 mm. The average
RMSE was 7.71 mm, with an average cancer RMSE of 0.21 mm. The Dice score for the cancer mass
was 0.827.

Dataset 7

The average RMSD was 1.23 mm, and the average cancer RMSD was 1.15 mm. The average
RMSE was 1.10 mm, with an average cancer RMSE of 0.076 mm. The Dice score for the cancer
mass was 0.911.

Table 6 shows the result of Dataset 5-7. In addition, Fig 14 illustrates the difference between
ground truth and prediction for one example of test dataset in each dataset. The black mass is location
of nodes before deformation. Colored masses are location of nodes after deformation. The blue mass
is the ground truth simulated by ANSYS. The red mass is the prediction produced by the best model.
All displacements have been magnified by 50 times for easier visual recognition.
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Table 6. The Result of Dataset 5-7.

RMSD Cancer RMSD RMSE Cancer RMSE .
Dataset Dice Score
(mm) (mm) (mm) (mm)
Dataset 5 3.24 3.52 3.08 £ 1.18 0.31 £+ 0.18 0.683 + 0.133
Dataset 6 1.50 1.31 7.71 + 0.58 0.21 £ 0.11 0.827 + 0.067
Dataset 7 1.23 1.15 1.11 +£1.04 0.094 +0.108 0.891 + 0.099
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Fig 14. Cancer Sites of One Example in Test Dataset for Each Dataset. These images illustrate the
difference between ground truth and prediction. The black points are location of nodes before
deformation. Colored points are location of nodes after deformation. The blue points are the ground
truth simulated by ANSYS. The red points are the prediction produced by the model. All
displacements have been magnified by 50 times for easier visual recognition.
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4. Discussion

4.1. Interpretation of Sensitivity analysis

In the first set of experiments, we evaluated different types of GNNs. GraphSAGE achieved
the best performance, while GraphConv produced comparable results. However, GCN performed
poorly. This discrepancy is likely due to GCN's approach of treating all edges equally during
message passing, applying the same weight to self-information. In our graph structure, the
importance of neighboring nodes varies significantly. Specifically, nodes closer to the surface tend
to carry more critical information. GCN's use of all edges indiscriminately leads to a loss of accuracy,
whereas GraphSAGE improves performance by selectively sampling edges. Moreover, in our
dataset, both the input and output features represent node displacements, making self-information
particularly important. GraphConv handles this effectively by using separate weights to combine
neighbor information and self-information, a capability GCN lacks. Consequently, GCN suffers
from reduced accuracy in this regard as well.

Next, we evaluated the model's performance across varying numbers of layers and channels,
identifying 8 layers and 80 channels as the optimal configuration. Regarding the number of layers,
models with fewer than 8 layers exhibited lower accuracy, likely due to limited information
propagation across the graph. However, the decrease in accuracy when using more than 8 layers may
not be attributed solely to oversmoothing. We will further explore this issue in the context of JK in
a later paragraph. For the number of channels, models with fewer than 80 channels suffered from
insufficient representational capacity, leading to lower accuracy—an observation consistent with
general trends in neural networks. On the other hand, models with more than 80 channels also
experienced a decline in accuracy, likely due to overfitting. A phenomenon that the increased
complexity from excessive channels appears to hinder the model’s generalization ability is
commonly observed across neural networks also.

In addition, we evaluated the influence of random edge addition. The best performance was
achieved with 100 edges. Without any random edge addition, the result was bad. In this case, the
information delivery distance is limited to a distance of up to d X n because only edges exist
according to the edge condition we defined. (d : edge condition distance, n : number of layers)
Therefore, message passing does not occur properly to the cancer nodes. With 200 edges, the model
performed worse than with 100 edges. This is likely because random edge addition disregards the
physical structure of the breast. While the existing edges indicate that connected nodes are spatially
close, the randomly added edges lack this spatial relationship. Although these random edges may
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facilitate message passing to cancerous nodes, they inadvertently disrupt the structural integrity of
the graph. As a result, adding too many random edges negatively impacts the model’s performance.

In the final part of the sensitivity analysis, we evaluated the performance of Jumping
Knowledge (JK). We expected JK to alleviate oversmoothing and yield better results. However, the
actual results did not align with our expectations. Several factors may explain this outcome. First
expected cause is that the JK implementation in our model was relatively simple. In PhysGNN [13],
the authors used JK with LSTM pooling, which may have improved performance. However, due to
the excessive training time required for LSTM, we opted not to use it. It's possible that LSTM
pooling would have provided better results than the max pooling we used. Additionally, there are
various types of JK, and the JK used in our model is just one example. There may be a more suitable
JK structure that could better alleviate oversmoothing in our model. The second expected cause is
that oversmoothing may not be the sole factor causing poor performance with many layers. If the
JK mechanism in our model had been effective, it would have alleviated oversmoothing. However,
the lack of improvement despite JK's potential suggests that other factors may be contributing to the
poor results.

4.2. Interpretation of Results for Breast Phantom Dataset

Compared to RMSD, Dataset 2 and 3 showed relatively larger errors for cancer nodes than
Dataset 1. This indicates that the model performs worse in scenarios involving varying force
locations. However, in Dataset 4, cancer RMSE is not so big compared to cancer RMSD. This result
may be interpreted as an impact of the model's complexity; however, there is another factor worth
considering. While training on Dataset 4, we applied a train mask to the model. This may have
significantly reduced the cancer RMSE, but coincidentally increased the overall RMSE. In fact, we
observe that while the RMSE is poor in Dataset 4, the cancer RMSE is relatively good.

4.3. Analysis of Results for Real Patient Dataset

Our model is specifically tuned for Dataset 4, so we expected worse results for Dataset 5-7, and
this was indeed the case. Several factors likely contributed to this. First, the volume of the breast
and cancer mass differs from that in Dataset 4. Second, the location of the cancer mass is also
different. These variations affect the graph structure, making it harder for our model to achieve
optimal results.
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Nevertheless, our model still performed reasonably well on Dataset 5-7. Despite the differences
in graph structure, all datasets share a common property—they are based on the breast structure.
This could explain why our model showed relatively good results for Dataset 5-7, even considering
the above-mentioned factors.

4.4. Future Directions

In this study, we developed a GNN model that predicts the displacement of all nodes based on
the displacement of surface nodes as input features. However, there may be other factors that could
be used as input features. For example, incorporating the material properties of the nodes or their
pre-deformation positions could be potential options. By including more information, the model's
performance could likely improve, so exploring these possibilities could be beneficial.

Additionally, with the current approach, the model is trained on data from a single patient and
must be applied to that specific patient, which introduces the drawback of requiring the patient to
wait during the training process. Since GraphSAGE excels in inductive settings, it could be
developed to learn from multiple patients' data and make predictions without the need for additional
training. Alternatively, methods like LoRA (Low-rank adaptation) [21] could be explored to
minimize the additional training required, thus reducing the wait time for patients.
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5. Conclusion

In this study, a 3D finite element model of a breast was constructed using MRI data of breast
phantom or real breast cancer patient. Using finite element simulation data from MRI, we generated
datasets with varying material properties and force conditions. We created a dataset where the input
consists of the displacements of the top surface nodes, and the output consists of the displacements
of all nodes throughout the model. We then trained a GNN model using this dataset. GNN model
used special graph structure that can represent physical structure. Finally, the GNN model succeeded
to predict the site of breast cancer with high accuracy in real-time.
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Abstract in Korean
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