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Abstract

Breast cancer was diagnosed for over 7.8 million women
between 2015 to 2020. Grading plays a vital role in
breast cancer treatment planning. However, the current
tumor grading method involves extracting tissue from pa-
tients, leading to stress, discomfort, and high medical costs.
A recent paper leveraging volumetric deep radiomic fea-
tures from synthetic correlated diffusion imaging (CDIs) for
breast cancer grade prediction showed immense promise
for noninvasive methods for grading. Motivated by the im-
pact of CDIs optimization for prostate cancer delineation,
this paper examines using optimized CDIs to improve breast
cancer grade prediction. We fuse the optimized CDIs signal
with diffusion-weighted imaging (DWI) to create a multi-
parametric MRI for each patient. Using a larger patient
cohort and training across all the layers of a pretrained
MONAI model, we achieve a leave-one-out cross-validation
accuracy of 95.79%, over 8% higher compared to that pre-
viously reported.

1. Introduction

Breast cancer was diagnosed for over 7.8 million women
between 2015 to 2020 and resulted in 685,000 deaths across
the world in 2020 [10]. Grading is a crucial factor in breast
cancer treatment planning, but the current method to grade
breast cancer tumors involves tissue extraction from the pa-
tient which causes patient stress and discomfort [14], along
with high medical fees [7]. In addition, the current method
to determine the cancer grade is based on a human pathol-
ogist’s opinion [1]. With potential biases and high uncer-
tainty in clinical judgement, it is possible for the patient to
receive an incorrect grade leading to an unsuitable treatment
strategy [12]. Recent advancements in computer vision and
imaging in the cancer domain have shown promise of non-
invasive ways to diagnose and evaluate cancer tumours with
high accuracy [13].

Table 1. SBR grade distribution in the patient cohort.

SBR Grade Number of Patients

Grade I (Low) 10
Grade II (Intermediate) 99
Grade III (High) 200

In literature, multiparametric MRIs have recently gained
popularity as they have been shown to greatly benefit breast
cancer clinical task enhancement with deep learning [6].
Multiparametric MRIs are created by fusing two or more
MRI modalities together with the combination achieving
better performance than each MRI modality on its own [5].

Specifically, leveraging volumetric deep radiomic fea-
tures from synthetic correlated diffusion imaging (CDIs)
fused with DWI for breast cancer grade prediction showed
promise compared to other MRI modalities, achieving a
prediction accuracy of 87.70% [13]. First introduced in
Wong et al. [15], CDIs is a method that utilizes a combi-
nation of native and synthetic diffusion signal acquisitions,
coupled with a signal calibration that aims to achieve en-
hanced consistency in the dynamic range across various ma-
chines and protocols. CDIs, on its own, was shown to pro-
duce superior results for prostate cancer delineation com-
pared to other gold-standard modalities.

In Wong et al. [15], they demonstrate the impact of tun-
ing CDIs for the specific cancer domain. However, in Tai
et al. [13], they only slightly modified CDIs for breast can-
cer instead of properly tuning the coefficients. Motivated by
the impact of CDIs optimization for prostate cancer delin-
eation in [15], this paper examines using optimized CDIs to
improve breast cancer grade prediction.

2. Methodology
In this study, we use the American College of Radiology
Imaging Network (ACRIN) 6698/I-SPY2 study [3, 8, 9,
11] and filter for non-null Scarff-Bloom-Richardson (SBR)
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Figure 1. Clinical support workflow copied from [13] that is used in this study.

grade values with a total of 309 patients remaining. Similar
to [13], we also combine SBR grade I and II into one cat-
egory due to the imbalanced distribution between the three
grades (as shown in Table 1).

To obtain the optimized CDIs coefficients, we leverage
the Nelder-Mead simplex optimization strategy to maxi-
mize the area under the receiver operating characteristic
curve (AUC) for breast cancer tumour delineation. After
generating the optimized CDIs signals, we fuse the signals
on the diffusion-weighted imaging (DWI) to create a mul-
tiparametric MRI. To achieve dimensional consistency for
machine learning, all volumes are then standardized into
224x224x25 volumetric data cubes for each patient.

Using a previously introduced deep radiomic clinical
support workflow [13] (shown in Figure 1), we lever-
age a pretrained 34-layer volumetric residual convolutional
neural network architecture initialized with weights from
MONAI [4] and train it to extract deep radiomic features.
The MONAI weights were derived by training on the ex-
tensive 3D medical dataset, 3DSeg-8. This comprehensive
dataset comprises images from eight different 3D segmen-
tation datasets, encompassing both MRI and CT images [2].
These features are then fed into a fully-connected neu-
ral network grade predictor to predict breast cancer grade
(Grade I/Grade II and Grade III).

For training, a learning rate of 0.001 was used along
with a weighted random sampler, AdamW optimizer, cross-
entropy loss function and cosine annealing learning rate
scheduler. We also train all the model layers with no freez-
ing. Leave-one-out cross-validation was conducted to ob-
tain the results with the average accuracy, sensitivity, and
specificity recorded.

3. Results

As seen in Table 2, using the optimized CDIs obtained a
leave-one-out cross-validation of 95.79%, over 8% higher
than that previously reported (87.70%). Optimizing CDIs

also achieved higher sensitivity and specificity, with all val-
ues above 90%. Figure 2 shows an illustrative example
highlighting the visual differences between an unoptimized

Table 2. Results using unoptimized and optimized CDIs with the
best results bolded.

CDIs Version Accuracy Sensitivity Specificity

Unoptimized [13] 87.70% 90.29% 81.82%
Optimized 95.79% 96.50% 94.50%

CDIs signal and an optimized CDIs signal, along with the
corresponding tumour mask and DWI. Given the promis-
ing results, this proposed noninvasive method to identify
the severity of cancer would allow for better treatment de-
cisions without the need for a biopsy and highlights the im-
pact of optimizing CDIs for the specific cancer domain.

References
[1] Canadian Cancer Society. Grading breast cancer.

https://cancer.ca/en/cancer-information/
cancer-types/breast/grading, 2022. Accessed:
2022-12-10. 1

[2] Sihong Chen, Kai Ma, and Yefeng Zheng. Med3d: Trans-
fer learning for 3d medical image analysis. arXiv preprint
arXiv:1904.00625, 2019. 2

[3] K. Clark and et al. The cancer imaging archive (tcia): Main-
taining and operating a public information repository. Jour-
nal of Digital Imaging, 26(6):1045–1057, 2013. 1

[4] MONAI Consortium. Project monai. https://docs.
monai.io/en/stable/index.html, 2024. Accessed
: 2024-02-25. 2

[5] Qiyuan Hu, Heather M Whitney, and Maryellen L Giger. A
deep learning methodology for improved breast cancer di-
agnosis using multiparametric mri. Scientific reports, 10(1):
10536, 2020. 1

[6] Maria Adele Marino, Thomas Helbich, Pascal Baltzer, and
Katja Pinker-Domenig. Multiparametric mri of the breast:
A review. Journal of Magnetic Resonance Imaging, 47(2):
301–315, 2018. 1

[7] MDsave. Breast biopsy. https://www.mdsave.com/
procedures/breast- biopsy/d78af5cf, 2022.
Accessed: 2022-12-14. 1

[8] D. C. Newitt and et al. Test–retest repeatability and repro-
ducibility of adc measures by breast dwi: Results from the

2

https://cancer.ca/en/cancer-information/cancer-types/breast/grading
https://cancer.ca/en/cancer-information/cancer-types/breast/grading
https://docs.monai.io/en/stable/index.html
https://docs.monai.io/en/stable/index.html
https://www.mdsave.com/procedures/breast-biopsy/d78af5cf
https://www.mdsave.com/procedures/breast-biopsy/d78af5cf


(a) (b)

(c) (d)

Figure 2. An example slice illustrating visual differences between
(a) Unoptimized CDIs, (b) Optimized CDIs, (c) the associated
DWI, and (d) the associated tumour mask for a patient who has
SBR Grade III (High). In this patient case, grade prediction was
correct using the Optimized CDIs signal fused with DWI.
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