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Summary

Introduction: Pathological complete response (pCR) is confirmed by the absence of residual
tumor cells after pathological evaluation of the resected breast specimen after surgery. As about
46% of patients report any form of pain after surgery, and around 15% of the patients are still
reporting moderate to severe pain 12 months after surgery, it would greatly improve the qual-
ity of life of these patients if pCR can be predicted and futile surgery can be left out in the
treatment for these patients. For these reasons, it is desirable to predict pCR after neoadjuvant
chemotherapy (NAC) in a non-invasive way.

Deep learning approaches have shown promising results to predict the response of breast tu-
mors in breast cancer patients to NAC. However, these approaches need a manual tumor seg-
mentation in the MR images. The segmentation is burdensome and takes much time since the
radiologist needs to do this slice by slice. Especially after NAC, segmentation of the tumor is
challenging due to unclear tumor boundaries.

In this study, it has been investigated to what extent it is possible to use a 3D CNN for predict-
ing pCR without the need for tumor segmentation. For this, three sub-questions have been
answered. First, the effect of the size of the region of interest (ROI) on the performance of the
3D CNN has been investigated. Second, it has been investigated which areas in the ROIs are
most important for the prediction of the CNN. Lastly, it has been investigated if the usage of
the molecular subtype can improve the performance of the CNN.

Methods: A large and a small ROI is drawn in the first post-contrast phase of the dynamic
contrast-enhanced T1-weighted images, resulting in two datasets. Each ROI dataset is used
to train a single-input 3D CNN on post-NAC MR images and a double-input 3D CNN on pre-
and post-NAC MR images. Gradient-weighted Class Activation Mapping (Grad-CAM) has been
used to visualize the most important regions in the MR images for predicting pCR. An addi-
tional input channel for the molecular subtype has been integrated into the single-and double-
input CNN. Bayesian optimization has been used to find the optimal hyperparameters for all
models above. The models are compared in mean accuracy, AUC, and mean Matthews correl-
ation coefficient (MCC) after 10-fold cross-validation.

Results: The dataset contained 124 pCR patients and 55 non-pCR patients. The single-input
CNN trained on the small ROI achieved the highest performance (a mean AUC, accuracy, and
MCC of 0.74 £0.09, 69.90 + 7.77, and 0.22 + 0.25, respectively). No significant differences in the
performance scores were found between training the CNNs with the large or small ROI dataset.
Grad-CAM shows that the heart (visible in the large ROIs) and the nipple (visible in both ROIs),
influence the prediction of the CNNs. Integration of the molecular subtype did not improve the
performance of the CNNs.

Discussion and conclusion: It is possible to predict pCR with a 3D CNN without tumor seg-
mentation with an AUC of 0.74 and mean MCC of 0.22. The main complication for all models
was localizing the (former) tumor location in the MR images. Parts of the heart and the nipple
influenced the performance of the prediction. To improve on the performance of the model,
the main recommendations are to use smaller ROIs and to research which MR sequences to
use as input for the model.
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1 Introduction

1.1 Context

In The Netherlands, breast cancer is the cause of cancer with the highest prevalence and in-
cidence in 2020, approximately 67,500 and 15,700, respectively (Sung et al., 2021). Over 50%
of these breast cancer patients require chemotherapy as part of their treatment (Miller et al.,
2019). The chemotherapy is increasingly administered before (neoadjuvant chemotherapy =
NAC) instead of after breast surgery (adjuvant chemotherapy). Some benefits of NAC com-
pared to adjuvant chemotherapy are the possibility of breast-conserving surgery (BCS) due to
the downsizing of the tumor load and reducing the risk of recurrence (Thompson and Moulder-
Thompson, 2012; Kaufmann et al., 2006).

If NAC is prescribed to a patient, magnetic resonance (MR) imaging is used to evaluate the
effect of the therapy on the tumor (Mann et al., 2008; Liu et al., 2010). Multiple MR images are
acquired during the therapy, one before the start of the chemotherapy (pre-NAC MR image),
halfway through the course of the chemotherapy and the last MR image is acquired after the
final course of chemotherapy (post-NAC MR image). Sometimes, also an MR scan is acquired
after the first cycle of chemotherapy (Mann et al., 2008).

The effect of NAC can objectively be measured with the Response Evaluation Criteria In Solid
Tumors (RECIST) criteria. With RECIST, a differentiation can be made between four groups:
complete response (CR), partial response, progressive disease, and stable disease. CR means
that all tumor cells have entirely disappeared after completion of NAC. For partial response,
the tumor diameter needs to be shrunken at least 30%, and for progressive disease, the tu-
mor diameter has increased at least 20%. All the other cases are categorized as stable dis-
ease(Eisenhauer et al., 2009).

Pathological complete response (pCR) is CR determined by pathological evaluation of the re-
sected breast specimen after surgery. Patients who achieve pCR are associated with longer
event-free survival and overall survival. (Kong et al., 2011; Cortazar et al., 2014; Prevos et al.,
2012).

Another way to predict CR is by visually inspecting the pre-and/or post-NAC MR images. The
absence of residual tumor mass on visual inspection of the MR images is called radiologic com-
plete response (rCR) (Mann et al., 2008). Other studies have tried to use minimal invasive
biopsy techniques for the pCR prediction (Heil et al., 2015, 2016). However, for both methods,
the selection of patients with CR is unreliable (Prevos et al., 2012; Mann et al., 2008; Heil et al.,
2015, 2016) meaning that surgery is still needed to remove the initial tumor bed and assess the
specimen pathologically to confirm pCR.

As about 46% of patients report any form of pain after surgery (Wang et al., 2020), and around
15% of the patients are still reporting moderate to severe pain 12 months after surgery (Mere-
toja et al., 2014), it would greatly improve the quality of life of these these patients if pCR can
be predicted and futile surgery can be left out in the treatment for these patients. For these
reasons, it is desirable to predict pCR after NAC in a non-invasive way.

1.2 Problem statement

Using radiomics-based approaches have shown promise in the assessment of tumor response.
More recently, deep learning approaches have emerged as promising tools for the prediction
of the tumor response. Convolutional neural networks (CNNs) can discover visual patterns
in images. These visual patterns can be used by the algorithm as imaging features for breast
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cancer diagnosis, subtype classification, diagnosis for metastasis, or the prediction of pCR after
NAC.

Some recently developed models to predict pCR after NAC are all using deep learning tech-
niques (Braman et al., 2020; El Adoui et al., 2020; Qu et al., 2020; Ravichandran et al., 2018;
Huynh et al.,, 2017; Ha et al., 2019). All studies need a manual segmentation of the tumor in the
MR volume before making the response prediction. Five of these studies (Braman et al., 2020;
El Adoui et al., 2020; Ravichandran et al., 2018; Huynh et al., 2017; Ha et al., 2019) use one 2D
slice of the segmented tumor as input for the prediction model, only Qu et al. (2020) uses the
3D segmented tumor as input. All studies use one or multiple contrast phases from dynamic
contrast-enhanced (DCE) T1 MR images as input.

One of the limitations of these state-of-the-art models is the usage of 2D slices of the MR images
instead of the whole 3D volumes. If 2D slices instead of 3D volumes are used as input, the
model can only learn from the information in one image. Possibly, there is more information
along the third dimension of the MR volume. Also, a tumor may be absent in one slice, but it
may still be present in the other slices of the 3D MR volume. So when the 2D slice of the 3D
volume is wrongly determined, the tumor, and thus, important information might be missed.

Another limitation is that the manual segmentation is burdensome and takes much time since
the radiologist needs to do the tumor segmentation slice by slice. Also, due to the adhesion of
the tumor tissue to other tissues, the tumor boundaries are unclear and complicated to determ-
ine (Tian et al., 2021). Because of this, manual segmentation is prone to subjectivity and gives
a lot of inter and intraobserver variability (Tian et al., 2021; Meyer-Baese and Schmid, 2014).
Since these models are trained on images of segmented breast tumors, likely, the performance
of these models is also influenced by the subjectivity and variability of the segmentation. Espe-
cially after NAC for some patients, the tumor boundaries are not visible. Segmentation or even
localizing the tumor would then be very challenging.

Apart from being much quicker, an automatic tumor segmentation does not necessarily over-
come these problems. Because due to the variability in the manual segmentation, it is hard to
perceive correct and robust labels to train tumor segmentation algorithms (Tian et al., 2021).

By segmenting the tumor, the information in the surrounding healthy tissue of the tumor is re-
moved. The healthy cells, molecules, and blood vessels surrounding and feeding into the tumor
are called the tumor microenvironment (TME) (Whiteside, 2008). The TME and microvascu-
lature in the area directly surrounding the tumor have much information on the effect of the
chemotherapy on the tumor (Machireddy et al., 2019; Braman et al., 2017). So it seems that the
information in the tissue surrounding the tumor is valuable for the response prediction of the
tumor after NAC.

El Adoui et al. (2020) confirms this after comparing a CNN trained on segmented tumors and
a CNN trained on images without segmented tumors. An model trained on non segmented
2D MR images (AUC = 0.91, sensitivity = 92.2, specificity = 79.1) outperforms an model trained
on segmented 2D MR images (AUC = 0.74, sensitivity = 82.4, specificity = 68.7). This supports
the statement that indeed the region surrounding the tumor has important information for the
response prediction.

The different molecular subtypes of breast cancer respond differently to NAC. The molecular
subtypes of breast cancer are based on the status of the receptors on the breast cancer cells.
This means that the status of the receptors on the breast cancer cells may be another effective
factor for predicting response to NAC (Rouzier et al., 2005; Subbiah et al., 2017). The receptors
on breast cancer cells include estrogen receptor (ER), progesterone receptor (PR), human epi-
dermal growth factor receptor 2 (HER2), and the nuclear antigen Ki-67. Qu et al. (2020) uses the
ER, PR, and HER2 status as extra input for their model, improving the area under the receiver
operating characteristic (ROC) curve (AUC) from 0.942 to 0.970. Ravichandran et al. (2018) also
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Figure 1.1: A slice of one of the pre-NAC MR images with an example of the large ROI (red rectangle)
and the small ROI (blue rectangle).

investigated if there were significant age differences, lesion diameter, ER, PR and HER2 status
between pCR and non-pCR patients. In this study, only adding the HER2 status improved the
AUC of the model from 0.77 to 0.85.

1.3 Goal and research questions

To improve the assessment of NAC response prediction, the Image-Guided Surgery group in
the Netherlands Cancer Institute-Antoni van Leeuwenhoek Hospital (NKI-AvL) wants to pre-
dict tumor response to NAC by analyzing pre-NAC and post-NAC MR images by the use of an
automatic pipeline. To investigate if it is possible to use a 3D model for the prediction without
the need for tumor segmentation in the MR volumes, the following main research question has
been answered in this study:

To what extent is it possible to predict the response from breast tumors to neoadjuvant chemo-
therapy using a 3D multi-channel neural network and the pre-and post-NAC MR images without
the need for tumor segmentation?

Since no tumor segmentation is performed, another way of determining a region of interest
(ROD) is needed. Two possibilities determining the ROI have been conceived, resulting in a
large and small ROI. The large ROI can be determined automatically by cropping one-quarter
of the MR volume based on the affected breast, resulting in the red square in Figure 1.1. Pos-
sibly, an improvement in the performance of the model can be made by using a smaller ROI,
containing only the breast tissue of each patient, as the blue square in Figure 1.1. The small
ROl is determined manually for each patient.

To answer the main research question and to investigate the influence of the size of the ROI on
the performance of the model, the following two sub-questions have been answered:

1. Whatis the effect of the size of the ROI on the performance of a 3D CNN for the prediction
of the breast tumor responses to NAC?

2. Which areas in the ROI are most important for the model’s prediction of the breast tumor
response to NAC?

To try to improve the performance of the model and to investigate the influence of the integra-
tion of the receptor statuses on the performance of the model, a third sub-question has been
answered:

Robotics and Mechatronics Jaap Lobeek
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3. To what extent can the integration of the ER, PR, and HER2 receptor status as extra input
for the model improve the model’s performance?

At the end of this study, it is expected to predict the response of breast tumors to NAC by us-
ing an automatic pipeline on pre-and post-NAC 3D MR volumes, without the need for tumor
segmentation.

Jaap Lobeek University of Twente



2 Background

2.1 Clinical background

Cell division is happening continuously in the human body and is important to replace worn-
out cells and repair damaged tissue. It is estimated that in the order of 10' cell division occur in
a human body during a lifetime. One of the steps in cell division is making two identical copies
of the deoxyribonucleic acid (DNA) molecule. This process is called DNA replication. Although
very rare, mutations can be made in the DNA during DNA replication. Certain mutations can
interrupt the normal cell division. The mutant cell can grow and divide (proliferate) out of
control and form an expanding population of mutant cells. This mass of mutant unwanted
cells is called a tumor. Benign tumors are encapsulated, localized and limited in size. Malignant
tumors, however, are continuously growing and invade neighboring tissues (Parham, 2015).

When a malignant tumor is growing inside the breast, this is called breast cancer. The cells
of the malignant tumor can also spread throughout the breast or to other organs via lymph or
blood vessels. New tumor foci are called metastases. When the tumor or a metastasis is large
enough, it can eventually disrupt the function of the affected organ and the body’s physiology.
Eventually, this leads to health problems and even death when not treated (Rubin and Reisner,
2014; Parham, 2015). Due to early detection and treatment, the risk of breast cancer death has
significantly decreased in the Netherlands. Based on the breast cancer mortality rates of 2010,
1in 27 women will die from breast cancer during their lifetime, based on the mortality rates in
2000, this was still 1 in 24 women (Van Der Waal et al., 2015).

Breast cancer can be classified into different kinds of sub-types based on histological features.
A further classification of breast cancer types can be made based on the molecular biology of
breast cancer (Kumar and Clark, 2012).

2.1.1 Breast cancer sub-types

The breast is primarily composed of glandular tissue. Glandular tissue is the functional tissue
of the breast that produces the milk. This includes the lobes, that produce the milk and the
ducts, that transport the milk to the nipple. Between all the lobes and ducts is adipose tissue
(fat tissue) distributed (Figure 2.1). The adipose tissue makes up for most of the breast volume,
around 50-70% (Gabriel and Maxwell, 2020).

}—% \ Lobe
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\
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Duct
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duct
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Figure 2.1: Anatomy of the female breast. The breast is mostly composed out of fat, milk producing
lobules and milk ducts. Image from: Gabriel and Maxwell (2020)
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Figure 2.2: Schematic representation of ductal carcinoma in situ (DCIS) and invasive ductal carcinoma
(IDC) (a) and lobular carcinoma in situ (LCIS) and invasive lobular carcinoma (ILC) (b). The blue color-
ing is a schematic representation of the cancer cells.

Most breast cancers originate from cells from the glandular tissue, either from the milk-
producing lobes or the ducts. Accordingly, most breast cancers are either lobular carcinoma
(originating from the lobes) or ductal carcinoma (originating from the ducts). Further classi-
fication can be made on if the malignant cells have infiltrated through the membrane of the
tissue, into neighboring breast tissues (invasive) or if the tumor is still bound by the membrane
of the tissue where the tumor originated (in situ). Based on this information a discrimina-
tion between four breast tumors can be made: ductal carcinoma in situ (DCIS), lobular car-
cinoma in situ (LCIS), invasive ductal carcinoma (IDC), and invasive lobular carcinoma (ILC)
(Figure 2.2). More variants of invasive and in situ breast cancers are known, such as Paget dis-
ease, encapsulated papillary carcinoma, or tubular carcinoma), but these variants are rare and
the first four mentioned breast cancer variants account for most of the breast cancers (Rubin
and Reisner, 2014).

A further sub-division of breast cancers can be made based on the molecular subtype of breast
cancer. The molecular subtype is based on the expression of the ER, PR, and HER2 on the cell
(Rubin and Reisner, 2014; Gomes Do Nascimento and Otoni, 2020). Also the cell proliferation
regulator (Ki-67), a nuclear protein, is used for the subdivision of molecular subtypes of breast
cancer. Ki-67 is associated with tumor cell proliferation and growth and correlates with meta-
stasis (Gomes Do Nascimento and Otoni, 2020; Li et al., 2015). Based on the gene expression
patterns in breast cancer, four molecular subgroups can be made: Hormone receptor (ER or
PR) positive tumors, called Luminal A and Luminal B, enriched HER2 (HER2+), and tumors
lacking all 3 standard molecular markers, called triple negative (TN). Each molecular subtype
has its own gene expressions and individual disease prognosis, see Table 2.1 (Rubin and Reis-
ner, 2014; Gomes Do Nascimento and Otoni, 2020).

The molecular classification makes breast cancer a heterogeneous collection of diseases. Each
molecular subtype of breast cancer has its own prognosis, treatment, and responses to treat-
ment (Rubin and Reisner, 2014; Gomes Do Nascimento and Otoni, 2020). The different mo-
lecular subtypes of breast cancer also can have different responses to NAC (Rouzier et al., 2005;
Subbiah et al., 2017). This means that the information on the molecular subtype can possibly
improve the performance of the model for NAC response prediction.
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Table 2.1: Classification and prognosis of molecular subtypes of breast cancer

Luminal A Luminal B HER2+ TN
HER2- HER2+
ER + + + - -
PR + - -1+ - -
HER2 - - + + -
Ki67 Low High Low/high High High
Prognosis Good Intermediate Poor Poor

+ = positive, - = negative, -/+ = positive or negative
Note: adapted from Gomes Do Nascimento and Otoni
(2020)

2.1.2 Breast cancer treatment

The choice of breast cancer treatment is determined by, among others, tumor size, lymph node
status, distant metastases (TNM classification), and molecular classification (Kumar and Clark,
2012). For non-metastatic breast cancer and metastatic breast cancer, the goal of the treatment
is different (Waks and Winer, 2019).

For non-metastatic breast cancer, the goal of the treatment is to remove the tumor from the
breast and regional lymph nodes and prevent a (metastatic) recurrence. This can be done by
local therapy, consisting of surgical resection and removal of the lymph nodes. Surgery can vary
from BCS for masses smaller than 3 cm in diameter or mastectomy (complete removal of the
breast) with or without reconstruction (Kumar and Clark, 2012). Additionally, postoperative
radiation can be given. Additionally to local therapy, systemic therapy can be given, this can
be preoperative (neoadjuvant), postoperative (adjuvant), or both. The molecular subtype of
breast cancer determines which systemic therapy is given. (Waks and Winer, 2019)

For metastatic breast cancer, the goal of the treatment is to extend life and symptom palliation.
Local therapy (surgery and radiation) is only used for palliation purposes. For systemic treat-
ment, the same treatments are used in metastatic breast cancer as in non-metastatic breast
cancer (Waks and Winer, 2019).

Since this project is concerned with the prediction of the response of breast cancer patients to
NAC, only this treatment will be described in the next section. The other systemic and local
treatments are not explained further.

Neo-adjuvant chemotherapy

Chemotherapy is an essential treatment for preventing recurrence in many patients with breast
cancer and can provide good-quality palliation and prolongation of life (Waks and Winer, 2019;
Kumar and Clark, 2012). It is also the only effective systemic treatment for TN breast cancer and
is an important extra treatment for endocrine therapy or HER2-targeted therapy in patients
with hormone receptor-positive or HER2+ breast cancer (Waks and Winer, 2019).

A lot of different treatment regimens exist for NAC. A gross division between these regi-
mens can be made based on chemotherapy benefits and severeness of toxicities. Some
chemotherapy regimens (like docetaxel/cyclophosphamide, adriamycin/cyclophosphamide,
and cyclophosphamide/methotrexate/5-fluorouracil) are reasonable choices for lower-risk pa-
tients, where chemotherapy benefits are less important and severeness of the toxicities can
weigh more in the decision making. Some chemotherapy regimens (anthracycline and taxane-
containing regimens) achieve the highest risk reduction in recurrence from the tumor, but also
have higher severeness of toxicities. These regimens are best for high-risk patients (Waks and
Winer, 2019).
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Figure 2.3: Example of a NAC schedule. Image adapted from: Newitt and Hylton (2016)

Neoadjuvant chemotherapy is chemotherapy given before surgery to make inoperable tumors
operable or make large tumors smaller to provide BCS instead of mastectomy. NAC addition-
ally reduces the risk of death from distant metastases (Kumar and Clark, 2012). The optimal
outcome of NAC is the complete removal of the tumor in the breast and lymph nodes (Mon-
temurro et al., 2020).

Figure 2.3 is an example of a NAC schedule. Each gray block in the figure represents one cycle
of chemotherapy. After finishing the chemotherapy, surgery is following to remove the last re-
maining tumor lump or to confirm pCR. Most current chemotherapy regimens consist of an-
thracyclines and taxanes given either sequentially for up to 8 cycles, like in Figure 2.3. The
time between the cycles of current commonly most used regimens is one up to three weeks
(Rapoport et al., 2014).

MRI is used to monitor the response of the tumor to NAC (Mann et al., 2008; Prevos et al.,
2012). A pre-NAC MR image is made before the start of NAC (MRI; in Figure 2.3). After NAC
and before surgery a post-NAC MR image is made (MR, in Figure 2.3). Often also an MR image
after the first cycle of chemotherapy and in the middle (after four cycles of chemotherapy) is
made ((MRI, and MRI3 in Figure 2.3). For this project, the pre- and post-NAC MR images are
used to develop the prediction model.

2.1.3 rCR and biopsy techniques

As already discussed shortly in the introduction, another way to determine if there is presence
of residual tumor is rCR. This is defined as the absence of tumor on a MR image by visually in-
specting this image. Although, patients achieving rCR are strongly associated with recurrence-
free surival and overal survival, rCR can not predict pCR (Gampenrieder et al., 2019). According
to the research of Gampenrieder et al. (2019), using rCR to predict pCR had a sensitivity of 75%
and a corresponding specificity of 67%. These scores are not high enough to replace the patho-
logy examination. In many cases small tumor foci could not be detected on MRI.

The low sensitivity and specificity for rCR in predicting pCR can be contributed to the MRI
missing small tumor foci with regular vascularization (Gampenrieder et al., 2019). Also, miss-
ing the tumor on the MRI can be caused by reactive changes due to NAC, like inflammatory
response or fibrotic reaction in the tumor bed (Woo et al., 2020). Inflammatory response or
fibrotic reaction in the tumor bed can result in a strong decrease of contrast enhancement by
the tumor and thus result in less visible on the MRI (Wasser et al., 2003).

Other studies tried to use minimal invasive biopsy techniques to diagnose pCR after NAC (Heil
etal., 2015, 2016). Ultrasound-guided vacuum assisted minimal invasive biopsy (VAB) was per-
formed on patients with rCR to diagnose pCR. Heil et al. (2015) reached a sensitivity of 50.7%
and corresponding specificity of 93.5% to predict pCR. Although this looks like a small improve-
ment on the predictive value of rCR, but are still too low for replacing the surgery and pathology
examination. The high specificity and low sensitivity also means that it is more useful for ruling
out the patients who don't have pCR, instead of determining which patients have pCR.
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Artificial intelligence
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Figure 2.4: Venn diagram of the field of Al It shows that deep learning is a subfield of machinelearning,
which is a subfield of Al. Each subfield includes a small explanation of that subfield. Adapted from:
Goodfellow et al. (2016).

The low sensitivity in the VAB for predicting pCR can be attributed to the high change of VAB
missing the (former) tumor region due to suboptimal conditions in the surgical theatre (no
high-end ultrasound machine, time pressure) and clip markers which are not always visible in
ultrasound (Heil et al., 2016). The performance of a deep learning model for the prediction of
PCR can possibly outperform the performances of rCR and VAB for this prediction. Also, using
a deep learning model for the prediction would be not invasive, compared to minimal invasive
with using VAB.

2.2 Technical background

We always say that we are the most intelligent species on earth. We have always dreamed to
replicate our own intelligence and making a machine that can think. Artificial intelligence (AI)
is the field of developing these intelligent machines. Today, this field covers a lot of practical
applications and research topics. (McCorduck, 2004; Goodfellow et al., 2016)

The first working electro-mechanical computer was about 2.1 by 1.8 by 0.6 meters and weighed
around 1000 kg. It was called The Bombe and was developed in 1940 by the English mathem-
atician Alan Turing. During the Second World war, this machine could crack the Enigma code
used by the German army. Before The Bombe, this code was almost impossible to break by the
best human mathematicians and this made Turing think about the intelligence of these ma-
chines. This made him write his article ’‘Computing Machinery and Intelligence’ in 1950. This
article describes how to test if a machine can be considered intelligent or not. This test is called
the Turing test. (McCorduck, 2004; Haenlein and Kaplan, 2019)

The first computers solved problems that can be described and solved by a list of formal and
mathematical rules. Today, due to the development of Al, the problems that computers can
solve are more and more problems that can not be solved by a list of rules but need some sort
of previous knowledge. Among others, speech recognition, recognize faces or objects from im-
ages, credit card fraud detection, text translation, and making diagnoses from medical images
or other medical data. (Goodfellow et al., 2016; Haenlein and Kaplan, 2019)

The field of Al can nowadays be divided into different subfields with every subfield its different
approaches. Machine learning is one of the approaches to Al. Within the domain of Machine
learning, the machine is trained by using large amounts of data and algorithms that give it the
ability to learn how to perform a task, instead of coding a specific list of mathematical instruc-
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Figure 2.5: Schematic figure of a single neuron. Adapted from (Alberts et al., 2014)
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Figure 2.6: Schematic figure of a perceptron. Each input x; is multiplied with a weight w; and all these
values are summed. If this summation exceeds a certain threshold, the perceptron will give an output of
1. Adapted from: (Nielsen, 2015)

tions. Machine learning approaches are, for instance, random forest, k-nearest neighbor, Naive
Bayes, and linear regression.

Deep learning is a domain within the domain of machine learning (see Figure 2.4). Deep learn-
ing methods are methods with multiple levels of representation of data. These representations
are obtained by composing simple but non-linear transformations on the data. This is done
by the use of multilayered neural networks (NN). The key aspect of deep learning is that all the
different representations of data are not designed by human engineers, but they are learned
from the data by the algorithm itself (LeCun et al., 2015; Goodfellow et al., 2016).

A NN is composed of multiple perceptrons stacked in multiple layers. A perceptron is the math-
ematical model of a neuron. A biological neuron typically has many inputs (dendrites), a cell
body with a nucleus, and a single output (the axon), see Figure 2.5. The axon divides into many
branches so that the neuron’s message can be passed simultaneously to many other cells (Al-
berts et al., 2014; Goodfellow et al., 2016; Charniak, 2018; Nielsen, 2015).

A perceptron is based on the same concept, it also has multiple inputs and a single output,
see Figure 2.6. All inputs x = [x], X2,...X,] are each multiplied with a weight. We can write
these weights as a vector w = [wy, w»,...wy,]. After multiplicating each input with the weight,
these values get summed. If the subsequent value exceeds a certain threshold 8, the perceptron
returns one, otherwise, it returns zero (Equation 2.1)(Goodfellow et al., 2016; Charniak, 2018;
Nielsen, 2015).

1, ifY¥" wix;>0
yz{ Z]—l I (2.1

0, if Z;lzl WiXj= 0

We can simplify Equation 2.1 by subtracting both sides of the equation with § and replacing
it by the perceptron’s bias b (b = —6). We can also write }_; wjx; as the dot product of the
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(a) The graph of a sigmoid function. From: Char- (b) The graph of a rectified linear unit (ReLU). From:
niak (2018) Charniak (2018)

Figure 2.7: The graphs of two activation function examples.

two vectors w and Xx. We can write the equation as a function of x, with x the input of the
perceptron and w and b the parameters for the perceptron. (Goodfellow et al., 2016; Charniak,
2018; Nielsen, 2015)

1, ifw-x+b>0

oy (X) = 2.2
Jop ) {0, ifw-x+b=<0 (22)

A NN is just a mathematical function mapping some input values to output values. This func-
tion is composed out of many much simpler functions, the mathematical function for the per-
ceptron. A NN can be made deeper by just stacking more layers of perceptrons on each other,
although there is no consensus on how much depth a NN requires to be qualified as deep.
(Goodfellow et al., 2016; Charniak, 2018; Nielsen, 2015)

With training a NN, we change the weights and biases in the NN a little bit every time, so that
the output of the network gets closer to the desired output. How the training and changing of
the weights and biases exactly is done, will be explained further in the text.

Since we have only two possible outputs for a perceptron (a one or a zero), a small change in
the weights and biases of a single perceptron in the NN can cause a large change in the output
of the NN. This makes it very difficult to see how the weights and biases need to be modified
to get the desired output. To overcome this problem a NN uses an activation function, like the
sigmoid function, which is defined by Equation 2.3 with the corresponding graph in Figure 2.7a.

Due to the shape of the sigmoid function, it is possible to have small changes in the weights
and biases and have small changes in the output from the neuron. Other activation functions
are used often, like the rectified linear unit (ReLU), see Figure 2.7b.

1
o w,D) = 1+exp(—w-x—b) 2.3)

There are many NN architectures of which the fully connected feedforward NN is the most ba-
sic one. Many different architectures have been proposed for specific tasks. A specialized NN
architecture for computer vision is called a convolutional neural network (CNN), these net-
works are partially connected NNs. A unit in a partially connected NN only feeds its output to
some of the next layer’s units. (Goodfellow et al., 2016) Since a CNN is the type of network that
is used in this project, this network will be further explained in the next chapter.

2.2.1 Convolutional neural networks

When feeding data into an (ordinary) feed-forward fully connected NN, the network is looking
at the absolute values of the data and making its decisions or solving its designated problem
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Figure 2.8: Two examples for convolution kernels for detecting horizontal and vertical edges. Adapted
from McReynolds and Blythe (2005)

based on these absolute values. But sometimes you want to look at the differences between the
values of the data points, rather than the absolute values of these data points.

For instance, to recognize an object in a picture, the relation of the light intensity (the pixel
value) on one location to its neighboring locations is important. In other words: the differences
in the pixel value of a certain pixel to its neighboring pixels. This is what CNN’s are particularly
good at, detecting local light intensity differences in images. But this doesn’t need to be par-
ticularly images, a 2D grid of pixels. This can also be a 1D grid, for instance, time-series data,
which are a grid of 1D samples at regular time intervals. (Goodfellow et al., 2016; Charniak,
2018)

Convolutional layers, nonlinearity and pooling layers

To find these differences between (local) pixel values a CNN makes use of a mathematical oper-
ation called convolution. The convolution is an integral that expresses the amount of overlap of
one function g asit s shifted over another function f. We typically write a convolution between
two functions with an asterisk:

(f*g)(t)=f fglt—1)dr 2.4

In image terminology one can think about this as shifting a 2D filter kernel K(i, j) over a 2D
image I(i, j) to get a feature map S(i, j). Since the image and filter kernel are discretized data
(an image is nothing more than data points at regular intervals in space), we can write the
discrete convolution as a summation.

Also, Since both the image and filter kernel have a finite size and we assume that K(i, j) and
I(i, j) are zero everywhere except within their boundaries, we can replace the infinite sum-
mation as a summation over a finite number of array elements. Lastly, the image and filter
kernel are both 2D arrays instead of a 1D array as in Equation 2.4. These three arguments
changes Equation 2.4 into Equation 2.5. (Goodfellow et al., 2016; Charniak, 2018; McReynolds
and Blythe, 2005)

SG, ) =U*K)(i, ) =) ) Im,m)K(@i—m,j-n) (2.5)

What this equation does, is moving the filter over the image and computing an output. The
output is saying something about how much different parts of the image corresponds to the
filter kernel. The higher the value of the output, the more that part of the image looks like
the filter kernel. With convolution kernels, you can detect certain structures in an image, for
instance, horizontal or vertical lines (Figure 2.9) or edges.

Normally a filter kernel is designed by the programmer to detect certain features within an im-
age. Within a CNN there are multiply convolutional layers with a lot of different filter kernels,
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(a) Original image (b) After convolution with an
edge detection kernel

Figure 2.9: Example of an image after convoluting it with an edge detection kernel. Image (a) shows
the original image and image (b) shows the convoluted image. In the convoluted image, the highlighted
parts are parts where edges are present in the original image (a). Adapted from McReynolds and Blythe
(2005)

but what kind of feature is picked out from the image is not designed by the programmer, it
is learned by training the CNN. Figure 2.10 is an example of convolution kernels learned by
the first layer of a CNN. What can be seen is that different kinds of edge detectors and colors
are being learned to be detected by the CNN. The filter kernel K(i, j) are the weights w, talked
about earlier, that are being trained by the network. The resulting feature map after the con-
volutional layer is then passed through a non-linearity function, such as sigmoid function or
ReLu function to introduce non-linearity into the network. (Charniak, 2018; LeCun et al., 2015)

The role of the pooling layer is to reduce the dimensions of the feature maps. This provides
two advantages. First, it reduces the number of parameters to learn and thus number of com-
putations to be made. Second, a convolutional layer also detects the precise location of the
different features. Due to pooling multiple pixels into one pixel, precisely positioned features
are summarized, this makes the the network more robust for small translations of the features
in the image. Pooling can be done in different ways, by taking the maximum pixel value of a
small neighborhood of pixels (max pooling), or by taking the average of a small neighborhood
of pixels, called average pooling. (Goodfellow et al., 2016; LeCun et al., 2015)

A CNN consists of stacks of convolutional layers, non-linearity functions (like a sigmoid or
ReLU function), and (max) pooling layers. Making the network deeper can be done by stacking
more of these layers. This does not have to be necessarily in this order, but typically one or two
or three convolutional layer(s) is/are followed by a non-linearity function and a pooling layer.
(Goodfellow et al., 2016; LeCun et al., 2015)

2.2.2 Training a network

There are multiple approaches to train a deep learning model. In this project supervised learn-
ing is used to train the CNN. Supervised learning is a form of learning where each image is
labeled with its class. During training, the CNN is presented with an image and the CNN is
producing an initial output. The output is in the form of a vector (with the length of the num-
ber of classes) with scores, a score of the likelihood of the input image being that class. An
error is calculated between the initial output of the CNN (the vector of scores for each class)
and the desired scores (the label of the image). The CNN then adjusts the internal parameters,
the weights w and biases b to reduce the error. The function that calculates the error is called
the loss function. Sometimes this function is also called objective function or cost function.
(LeCun et al., 2015; Goodfellow et al., 2016; Nielsen, 2015)
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Figure 2.10: Example of convolution kernels learned by the first layer of a CNN. Adapted from: Goodfel-
low et al. (2016)

A regularly used loss function is the mean squared error:
1
Lw,b) = — Y lly(x) - y'(x,w,b)|[? (2.6)
2n s

Here, w is the collection of all the weights of the network, b of all the biases, n the number of
training inputs, y(x) the labels of all the inputs and y’(x,w,b) the prediction of the network.
The loss becomes equal to zero when y(x) becomes equal to y'(x,w,b). If the outcome is not
equal to the label, the training algorithm adjusts weights and biases in the network to reduce
the loss function. The goal of the training is to find the weights and biases which make the loss
function as small as possible. To do that, the training algorithm computes a gradient vector.
(Nielsen, 2015; LeCun et al., 2015)

The gradient vector VL indicates for each weight and bias by what amount the loss would
change (and in what direction) if this weight or bias would be changed by a small amount.
We have a gradient vector for the weights and a gradient vector for the biases:

- _( oL oL oL ) o
we Owl_l’awl,z""’awm,n )
_("_L oL "L) 2.8)

b=\ on," ob, " ab,, '

The weight vector and bias vector are adjusted in the opposite direction to the gradient vector.

oL

Sw;j=-n aw,'-”j 2.9)
oL,

Sb; = — 2.10

i n ab; ( )

Here, 7 is the learning rate. The learning rate is an important parameter, which needs to be
chosen correctly. The averaged loss function over all the training inputs can be seen as a wavy
plane. In this multi-dimensional plane (set up by all the weights and biases), we want to find the
minimum value for the loss function. The negative gradient vector is pointing into the direction
of the steepest decline. By every update of the weights and biases according to the gradient
descent, we will hopefully find the minimum of the loss function. When the loss function is
dependent on only two variables, it is easy to visualize the loss function, this can be seen in
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Figure 2.11: Visualisation of a two-dimensional loss function L(v;,v2). The green dot is the position
of the loss, and the gradient vector (the green arrow) points into the direction of the steepest descent,
taking it closer to the minimum. Adapted from: Nielsen (2015)

Figure 2.11. In reality, the loss function is a complex multidimensional function (Nielsen, 2015;
LeCun et al., 2015; Charniak, 2018)

The gradient vector is calculated for every training sample and shows how we would change
each parameter to minimize the loss. The parameters are not actually changed until for each
sample, a gradient vector is calculated. Each parameter gets modified by the sum of the
changes from each individual sample. The problem with this is that it can be very slow, es-
pecially when the training set is very large. To coop with this a stochastic gradient descent is
used. The stochastic gradient descent updates the parameters for every  samples. The size
of B is much smaller than the size of the training set and is called the batch size. (Goodfellow
et al., 2016; Charniak, 2018; Nielsen, 2015)

When a batch size § is small, the learning rate ) needs to be smaller as well. When for instance
a batch size of one is chosen, the gradient descent is going to change the weights and biases to
classify this sample correctly at the expense of others. If the learning rate is low, this effect is
smaller, since the parameters change with a very small value. With a large batch size, a higher
learning rate can be chosen, since the change of parameters is averaged over a larger batch size,
so the danger of pushing the parameters to a certain direction to satisfy one sample is smaller.
(Goodfellow et al., 2016; Charniak, 2018; Nielsen, 2015)

The process where you use Equation 2.6 and calculate the loss for a mini-batch, is called the
forward pass. You are going from input to the output from the network and calculating the loss,
forward in the network. The process where you use Equation 2.8, Equation 2.7, Equation 2.9
and Equation 2.10 is called the backward pass or backpropagation. The just calculated loss is
'going backward’ into the network and calculates how the weights and biases should change in
order to minimize the loss.

Commonly, for training a model, three sets of data are used. One training set, for doing the
training and updating the weights and biases and another smaller validation set, to calculate
the accuracy after each epoch of training. A third set is used after completing the training to
determine the accuracy (or other performance scores) on samples which are never seen before
by the network. This third set can also be used to find the hyperparameters of the network.
These are parameters other than the weights and biases, which can not be learned by the net-
work through training. The following four steps summarize the algorithm of training a network.
(Charniak, 2018; Goodfellow et al., 2016; Nielsen, 2015)

1. For j from 0 to m Set b; randomly, but close to zero
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2. For jfrom 0 to m and i from 0 to n set w;, j randomly, but close to zero
3. Until validation loss stops decreasing

(a) for each training sample in the mini batch of size 8

i. Do the forward pass and calculate the loss using Equation 2.6

ii. Do the backward pass and calculate the weight updates and bias updates using
Equation 2.8, Equation 2.7, Equation 2.9 and Equation 2.10

iii. Every mini batch, after § samples, modify the weights and biases using the
summed updates

(b) Compute the validation loss and validation accuracy of the model by doing a for-
ward pass of all the samples in the validation set

4. Save all the weights and biases from the epoch scoring the lowest loss on the validation
set.

5. Use the samples from the test set as input for the model. Calculate the accuracy and/or
other performance scores for the
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3 State-of-the-art response prediction methods

State-of-the-art literature can be divided into literature that describes deep learning models
and conventional machine learning models other than deep learning. An analysis of the state-
of-the-art models on the second category can be found in Appendix A. The rest of this section
focuses on the state-of-the-art literature on deep learning models for the prediction of NAC
response.

In Table A.2 the extracted data from the reviewed deep learning techniques for breast cancer
response prediction can be found. During the literature review, a total of six studies on deep
learning models for the response prediction have been found (Braman et al., 2020; El Adoui
etal., 2020; Qu et al., 2020; Ravichandran et al., 2018; Huynh et al., 2017; Ha et al., 2019). These
studies are all retrospective studies.

Braman et al. (2020) developed a double-input CNN (Figure 3.1) for the prediction of pCR. Two
contrast phases from the DCE-T1 MR images are used. An ROI is placed around the tumor in
the slice with the largest tumor area. This is done for both the pre-and post-contrast phases and
both ROIs are used separately as input to their convolutional branch. The features from each
convolutional branch are then combined into a dense layer to give the relationship between
these features and to make a response prediction.

All possible combinations for the pre-and post-contrast phases (pre-contrast phase and first to
third post-contrast phase) were used as input for the CNN. Using the pre-contrast phase and
the third post-contrast phase gave the best AUC of 0.85 (see Table A.2). This score has been
obtained on a test set of 28 patients.

In El Adoui et al. (2020) a single-input CNN (Figure 3.2) and a double-input CNN (Figure 3.3)
has been developed. A total of 723 axial slices from 42 patients are used to train the model. The
first post-contrast phase of the DCE T1 sequence of the pre-NAC MR images and the post-NAC
MR images are used as input. The tumor is manually segmented and zero-padded to an input
size of 120 x 120. Using segmented tumors from only the post-NAC MR images for the single-
input CNN resulted in an accuracy of 0.69 and an AUC of 0.71. The double-input CNN trained
on the segmented tumors from both the pre-and post-NAC MR images achieved an accuracy
0f 0.70 and an AUC of 0.74.

Convolutional Neural

Pre-treatment MRI Network (CNN)

Post—Contrast

Predicted
probability

/ \ of response
/

Pre-Contrast

T‘J

Figure 3.1: The double-input network from Braman et al. (2020)
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Figure 3.3: The double-input network from El Adoui et al. (2020)

To investigate the role of the TME around the tumor for the prediction of pCR in breast cancer
patients, the CNN is also trained on a second dataset. Instead of segmenting the tumor, the MR
images are cropped to a size of 120 x 120 by manually drawing an ROI around the tumor. The
CNN trained on the dataset without segmentation achieved the best results with an accuracy
of 0.88 and an AUC of 0.91 for the double-input CNN and an accuracy of 0.80 and an AUC of
0.79 for the single-input CNN.

In this study, a gradient-based localization evaluation is performed to visualize the tumor re-
gions providing the most important features to classify pCR and non-pCR patients. It turned
out that for non-pCR patients, the CNN emphasized its surrounding region in the DCE-MRI
images. For pCR patients, it focuses on all the tumor regions. This means that the surrounding
tissue of the tumor can play an important role in the classification of pCR patients.

Qu et al. (2020) developed a multi-input CNN for the classification of pCR patients (Figure 3.4).
This CNN has 12 different input channels, one for each of the 6 phases of the pre-NAC MRI and
post-NAC MRI. Each input channel has five repetitions of convolution and max-pooling layers
to detect the features. Three indices for the status of the ER, PR, and HER2 receptor are used
as extra input for the dense layers. The tumor was segmented manually on each slice of the
tumor and zero-padded to a size of 128 x 128 x 16. The trained CNN reached an AUC of 0.970
on a validation set of 58 patients.

Ravichandran et al. (2018) used a CNN consisting of 6 blocks with convolutional layers with
batch normalization and ReLu activation followed by one fully-connected layer. The tumor was
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Figure 3.4: The multi-input CNN from Qu et al. (2020)

segmented by thresholding semi-quantitative pharmacokinetic parameters and was further re-
fined by morphological operations. From the tumor mask, patches of 64 x 65 were randomly
selected to use as input for the CNN. Both pre-and post-contrast images are used as input for
the CNN. The model gave each pixel in the tumor a probability of response. Majority voting
was used to determine predictions for a given patient.

Integrating the HER2 status in the model improved the model from an accuracy of 0.82 and
AUC of 0.77 to an accuracy of 0.85 and AUC of 0.85. The pixel-wise probabilities were used to
overlay the original MRI images as a heat map, showing the response likelihood of different
areas of the tumor. The heat maps suggested that the center of the tumor is highly predictive in
response to NAC compared to the sides of the tumor.

In Huynh et al. (2017) a VGGNet was trained on 561 ROIs of 64 patients. Patches of 111 x 111
were used as input of the VGGNet to extract features from the image. The color channels of
the VGGNet were used for the different time points of the DCE MRI images (pre, post-contrast
1, post-contrast 2). The resulting feature vector of 1472 features was used as input of a linear
discriminant analysis classifier.

Using only the pre-contrast MRI images resulted in the best predictive score. After leave-one-
out cross-validation this resulted in an AUC of 0.85 (0=0.033). Adding more contrast time
points reduced the standard error, but had a worse predictive performance.

Ha et al. (2019) used a VGG 16 network for a tumor response prediction. A total of 3107 MR
slices from 141 patients were used for training this network. A 64 x 64 crop of the segmented
tumor was used as input for the network. The model classified the patients into three categor-
ies: complete response, partial response, and no response. Using pre-treatment MRI images,
the CNN algorithm achieved an overall mean accuracy of 0.88 and an AUC of 0.98 in the three-
class prediction of NAC treatment response, using five-fold cross-validation.

In most of the mentioned studies, the ROI determination is done manually and 2D slices of
the MRI are used as input for the model. Only Qu et al. (2020) are using a 3D input of 128 x
128 x 16 for the model. Three studies (Qu et al., 2020; Ravichandran et al., 2018; Ha et al., 2019)
are segmenting the contours of the tumor and excluded the tissue around the tumor for the
response prediction. Two studies (Braman et al., 2020; Huynh et al., 2017) manually drew an
ROI around the tumor.

El Adoui et al. (2020) investigated the role of the influence of the healthy tissue around the tu-
mor on the prediction performance. A model was once trained on ROIs with the healthy tissue
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surrounding the tumor and once on segmented tumors without the surrounding tissue. The
model trained on the ROIs including the surrounding healthy tissue outperformed the model
trained only on the segmented tumors.

Most studies included patients with different breast cancer subtypes for training their model.
Only Braman et al. (2020) included only patients with HER2+ breast cancer. All studies are using
only the DCE T1 sequence MR images for the prediction of breast cancer response. Two studies
(Qu et al., 2020; El Adoui et al., 2020) used the pre-and post-NAC MR images, the other studies
only used the pre-NAC MR images.

The scores of all deep learning models are outperforming or comparable to the best scores of
the other machine learning classifiers in Table A.1. The highest performance is achieved by Qu
etal. (2020).

3.1 White spots

All six studies required some form of tumor localization in the MR images. El Adoui et al. (2020),
Qu et al. (2020), and Ha et al. (2019) did this by manually segmenting the tumor. Braman et al.
(2020) and Huynh et al. (2017) did this by manually drawing an ROI around the tumor. Doing
this manually requires experienced radiologists and takes a lot of time. Only Ravichandran
et al. (2018) is using an automatic segmentation tool, which includes classical segmentation
methods, such as thresholding and morphological operations.

Apart from being time-consuming, errors are easily made in a manual (but also an automatic)
tumor segmentation. Due to the adhesion of tumor tissues to other tissues, the tumor boundar-
ies are unclear and complicated to determine (Tian et al., 2021). Since the deep learning models
are trained on the tumor segmentation results, likely, the performance of these deep learning
models for response prediction is influenced by errors produced during the segmentation step.

Especially after NAC, the tumor boundaries are hard to determine. After NAC, for some pa-
tients, the tumor has almost or completely disappeared. Segmenting or even localizing the
tumor would then be very challenging.

Only El Adoui et al. (2020) and Qu et al. (2020) were using the pre-and post-NAC MR images.
From the pre-and post-NAC MR images, the same tissue location needs to be feed to the net-
work as input (the tumor location in the pre-NAC MR image and the former tumor location in
the post-NAC MR image). Since it is required to have the same locations in the breast in both
sets of images, this adds an extra registration step to the whole pipeline.

In El Adoui et al. (2020) the images were aligned using an affine registration algorithm. In Qu
etal. (2020) when no tumor was seen on the post-NAC MR image, the ROI was manually placed
on the former tumor region. The affine registration algorithm makes the image pipeline extra
complex and both methods can cause more errors in the ROI determination in the post-NAC
MR images. This can, especially by doing the registration manually, even result in using the
wrong locations in the post-NAC MR images.

Only Qu et al. (2020) used a 3D CNN. All other studies are using a 2D CNN and only one 2D
slice of the 3D MR volume. By doing this, information along the z-axis is discarded. Possibly,
there is more information along this third dimension of the MR volume since 2D images are
not representative of a change in the tumor volume. With using 2D slices, there is a possibility
of choosing the wrong slice (with no tumor presence), while the tumor is still present in the
breast of the patient.

Regarding the added value of patient’s clinical data, only Qu et al. (2020) and Ravichandran
et al. (2018) have researched the influence of the clinical information (such as breast cancer
subtype) on the prediction of breast cancer response. Ravichandran et al. (2018) only used the

Jaap Lobeek University of Twente



CHAPTER 3. STATE-OF-THE-ART RESPONSE PREDICTION METHODS 21

HER2 status as additional input for the model. Qu et al. (2020) used HER2 status, ER status, and
PR status as additional input for the model.

Only a few studies investigated the importance of ROI selection in response prediction.
Ravichandran et al. (2018) used a pixel-wise probability map for this and concluded that the
center of the tumor is most important for the prediction of the tumor response. The research-
ers did not include the healthy tissue around the tumor. El Adoui et al. (2020) used a gradient-
based localization evaluation to visualize the tumor regions providing the most important fea-
tures for the prediction and concluded that the healthy tissue outside the tumor can also give
important features for the classification. However, it was not investigated how much of the
healthy tissue around the tumor needs to be in the ROI for the best result.

Other limitations of these studies are: the studies are all retrospective studies and all studies
use single-institutional data.

Robotics and Mechatronics Jaap Lobeek



A 3D deep learning method for the prediction of breast tumor response to neoadjuvant
22 chemotherapy using MR images without the need for a tumor segmentation

4 Methods

4.1 Materials
4.1.1 Software and hardware

For this project, Python 3.7 (Van Rossum and Drake, 2009) will be used to develop the pre-
diction models. This programming language is chosen since Python has a lot of libraries that
can be used for developing machine learning and deep learning algorithms. The deep learn-
ing models are developed using Keras (2.3.1) (Chollet, 2015) framework and Tensorflow (2.1.0)
(Abadi et al.,, 2015) in the backend. Training of the models was executed using four graphics
processing units (GPUs) (NVIDIA GeForce GTX 1080 Ti) with a memory of 11 GB each. IBM
SPSS Statistics 26 (IBM Corp., 2019) is used for the statistical analysis.

4.1.2 Data

For this study, a dataset was collected retrospectively. Patients were included if a patient was
diagnosed with breast cancer at the NKI-AvL or a referring hospital in the Netherlands between
January 2019 and July 2020 and received a NAC therapy with a pre-NAC and post-NAC MR-
scans as part of their treatment plan, followed by surgical resection of the (former) tumor loca-
tion.

Patients were excluded if one of the following conditions applied: if the patient had silicone
implants in the affected breast, no DCE T1 MR scans available in post- or pre-NAC timepoint,
no pre-NAC MR scans available, no post-NAC MR scans available, MR scans were not access-
ible, and if no immunohistochemical information was available. The included patients were
randomly divided into a train set (70%), validation set (15%), and test set (15%) while keeping
the ratio between pCR and non-pCR the same over each set.

The MR images of the patients in the dataset include different image sequences: T1 DCE, T2,
and DWI. The T1 DCE sequence contained for all patients a pre-contrast phase and a first
post-contrast phase (3 minutes after injecting contrast). Some patients also had a second post-
contrast phase image (7 minutes after injecting contrast). An overview of other MR acquisition
parameters of the MR images can be found in Table 4.1.

The outcome of the pathological examination is used as a label to train the CNN. The outcome
is categorized into two groups, pCR, and non-pCR. pCR is defined as the absence of invasive
and in situ carcinoma in the resected breast tissue (ypTO0).

4.2 Data pre-processing

To use the MR data, first, the MR data needs to be pre-processed. Pre-processing the data is
necessary since the data feed into the CNN need to be from the same MR sequence and need
to have the same size.

To answer the first sub-question, a dataset containing a large ROI and a dataset containing a
small ROI have been obtained after the pre-processing steps. Figure 4.1 shows a flowchart of
the pre-processing steps for the two datasets. A more detailed pseudo-code for both the pre-
processing methods can be found in Appendix B.
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Figure 4.1: Flowchart data pre-processing steps to obtain the small ROI and large ROI dataset.

Sequence extraction

The first step of the pre-processing is to get the correct sequence for each patient. The first
contrast phase (3 min after injecting contrast) of the DCE T1 MR images is used as input for the
training and evaluation of the model. Compared to the pre-contrast phase (before injecting the
contrast bolus), the first contrast phase MR image contains information related to blood flow
and vascular permeability. Because of this, potentially the first contrast phase image contains
important information for the model.

The tumor has a higher contrast with the rest of the image in the post-contrast phase compared
to the pre-contrast phase. Because of this, it is hypothesized that the tumor can more easily be
located by the model in the post-contrast phase image compared to the pre-contrast phase
images. Since no segmentation of the tumor has been used, it can thus be beneficial to use the
post-contrast phase images.

Because of these reasons, it seemed reasonable to choose the first contrast phase MR image.
The second contrast phase (7 min after injecting contrast)is not used, because for a lot of pa-
tients the second contrast phase is not available.

For some patients, the different slides of each contrast phase of the DCE T1 images were not
saved as separate scans but stacked one after the other in the same scan. This resulted in an MR
volume with the pre-contrast phase, first post-contrast phase, and second post-contrast phase
stacked one after each other. To be clear, this means that the first slice was a pre-contrast phase
image, the second slice a first post-contrast phase image, the third slice, a second post-contrast
phase image. The fourth slice was a pre-contrast phase image again, the fifth a post-contrast
phase image, and so on. For these patients, the first contrast phase needs to be extracted and
saved as separate scans. This can be done by selecting every third slice starting from the second
slice.

Resizing
Not all MR volumes had the same size, so the second pre-processing step includes resizing
some of the MR volumes. Most MR volumes had a size of 400 x 400 x 200 voxels. The MR

volumes that had a different size were resized to this size. This is needed since the model can
only accept MR images as input of the same size.

For the resizing, a bicubic interpolation method is used. Compared to two other common in-
terpolation techniques, bilinear, and nearest-neighbor interpolation, bicubic interpolation has
a much higher level of computation complexity and thus takes more time, but also results in
much sharper images and it has the smallest error rate for image resizing (Triwijoyo and Adil,
2021).

ROI determination

The third pre-processing step is determining the ROI and cropping the MR volumes in the xy-
plane. Step 3a in Figure 4.1 is an automatic cropping method by using the information on the
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Figure 4.2: An MR image (xy-plane) of one of the MR volumes. The image can be divided into four
quadrants, depending on the laterality the right area of the image will be cropped. In this image, in
quarter 2 a tumor can be seen in the breast. Cropping will be done for every slice in the MR volume, the
created volume will be used as input for the model.

affected breast of the patient (the laterality). When taking one slice from the MR volume, the
slice can be divided into 4 equal quarters, like in Figure 4.2. Depending on the laterality, the
affected breast will be in quarter 1 or 2. When cropping this area in all adjacent slices of the MR
volume, this results in a volume of size 200 x 200 x 200, containing one-quarter of the original
MR volume.

Step 3b is the manual cropping of only the breast tissue in the MR volumes. This will result in a
crop, only containing the breast tissue and tumor of the patient. The four coordinates defining
the (square) crop will be used to crop the breast in all the MR slices of the patient. The blue
rectangle in Figure 1.1 is an example of this crop. The size of the largest crop after this step is
184 x 186 x200. All smaller cropped volumes are zero-padded to this size so that all MR volumes
in this dataset also have the same input size. Due to the zero-padding, the image size from the
small ROI dataset is not that different compared to the size of the large ROI dataset.

Length reduction z-direction

Due to the GPUs memory limitation, it was not possible to use all 200 slices in the MR volume.
For an MR volume of 200 slices, the GPU can only handle a batch size of one. Otherwise, the
batch size will be too large for the memory of the GPU. When sticking to a batch size of one,
training a CNN would take a very long time. For these reasons, pre-processing step four in-
cludes reducing the length of the z-direction of the MR volumes.

When taking a subset of 30 slices of the total MR volume, the GPU can handle to train the model
with batch sizes up to eight. Since the first 25 and last 25 slices of the MR volume, do not contain
imaged breast tissue, the MR volume can be cropped in the z-direction to a size of 150 slices.
When taking every 5th slice, a total of 30 slices remains, leaving a total input size for the MR
volume of 200 x 200 x 30 for the large ROI dataset and 184 x 186 x 30 for the small ROI dataset.
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Of course, by doing this, information from some slices is lost. An alternative would be to resize
the MR volumes to a size 0f 200 x200x 30 and 184 x 186 x 30, but then some form of interpolation
technique is needed, altering the data. Interpolation can deform patterns in an around the tu-
mor, negatively effecting performance of the CNN. To avoid interpolation as much as possible,
it has been chosen to take a subset of the slices.

Data splitting

In the fifth and last step for both preprocessing methods, the dataset is divided into a train,
validation, and test set, while keeping the ratio between pCR and non-pCR labels the same for
each set. For the training set, 70% of the dataset is used, while for the validation and test set
15% of the dataset is used. After splitting the data, the MR images of each of the three datasets
are stored in separate folders. The data generator can feed the MR data from these locations
into the CNN.

4.3 Models

Since the MR volumes are data with three dimensions, a 3D CNN has been used for the predic-
tion of the tumor response. This study is not to obtain a new architecture for a CNN, so known
2D CNN architectures are transformed to 3D architectures so that the three-dimensional data
can be used as input for the CNN.

First, the 2D single-input CNN from El Adoui et al. (2020) (Figure 3.2) has been converted to a
3D model. Itis chosen to start with this model because it got only one input for one MR volume.
This makes it easier to program the architecture and the data generator and, later on in the
project, add extra inputs to the model and change the setup and data generator accordingly.

Second, the architecture from Braman et al. (2020) (Figure 3.1) and El Adoui et al. (2020) (Fig-
ure 3.3) have been converted to a 3D double-input CNN. Both studies are using the same 2D
architecture for their CNN. This architecture consists of four blocks of 2D convolutional layers.
The convolutional layers are followed by a ReLu activation function and max-pooling layer. It
is chosen to convert this 2D model to a 3D model since these models achieve the highest per-
formance on the 2D classification task from the double-input models of the studies mentioned
in 22,

Both the single-input and double-input 2D architectures can be converted to a 3D architecture
by changing the 2D convolutions in the architecture to 3D convolutions. Also, the max-pooling
operation for 2D spatial data had been converted to a max-pooling operation for 3D volumetric
data. For both models, every convolutional layer has a kernel initializer and has filter sizes of
3x3x3. The 3D single-input CNN consists of one branch with four blocks of (3D) convolutional
layers. The double-input consists of two branches with both four blocks. For both models, each
block is followed by a ReLu layer and max-pooling layer.

For both models, the last convolutional block is followed by a fully connected layer (FCL). To
prevent overfitting, this layer is followed by a drop-out layer. The final layer is an FCL with a
softmax activation function and two nodes. In this way, the output of the model consists of two
probabilities, a probability for the patient being that class (either pCR or non-pCR). To further
prevent overfitting, L2 regularization is used in the convolutional and fully connected layers. A
figure of the architecture of both models can be found in Section C.1.

Qu et al. (2020) is achieving the highest performance on the response prediction and is showing
promising results. However, the 2D architecture from Qu et al. (2020) will not be converted to a
3D architecture since it requires all six phases of the DCE T1-weighted images. The used dataset
for this study did not include six contrast phases of the DCE T1 MR scan for all the patients.
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(a) Image (b) Flipped image

Figure 4.3: The resulting MR images before and after horizontal flipping

4.4 Datagenerator and data augmentation

After pre-processing the MR data and programming the model, a data generator must be pro-
grammed to feed the MR data in the model. The default data generator in Keras (Chollet, 2015)
is only suitable for 2D image classification tasks and can thus not be used for this project. To
overcome this, two custom data generators have been programmed for this project, one for the
3D single-input model and one for the 3D double-input model.

A data generator can load the saved MR volumes and labels and feed them into the CNN. It does
this by getting a list of IDs of the current batch and feeding the corresponding MR volumes and
labels into the CNN. The single-input data generator loads one MR volume per patient and
the double-input data generator loads two MR volumes per patient. Pseudocode for the data
generators can be found in Section B.3.

In the data generator, the MR volumes are scaled between zero and one. It is important to
scale the input values between zero and one since the weights in a CNN are initialized to small
numbers. Using very large numbers would slow down or lead to an unstable learning process.

4.4.1 Dataaugmentation

Data augmentation has also been done in the data generator. Since the training set that is used
in this project to train the models only consists of MR volumes from 125 patients, the diversity
of the training examples is very limited. The lack of quantity and diversity in the data negatively
influences the performance of the models. Data augmentation is used to generate new training
data from the existing training data, increasing the number of training examples and variability
in the dataset. This reduces the overfitting of the model on the training data and helps improve
the performance of the model.

Five augmentation techniques are applied on the MR volumes: flipping, gamma correction,
translation, rotation, and scaling. Applying the augmentation on the data during the training
of the model is called on the fly data augmentation. This means that before loading the batch
into the model during training, augmentation is applied to the MR volumes. Every epoch new
augmentation parameters are determined, resulting in slightly different images used during
training every epoch.

Flipping

What needs to be taken into account is that the MR images won'’t get unrealistic after apply-
ing the augmentation techniques. When flipping is done in the vertical direction (along the
horizontal axis), it would look like the MR scan (and thus the breasts) are upside down. Since
the breasts are symmetrical along the vertical axis, flipping the MR images along the horizontal
axis would not give a realistic representation of the breasts. So flippling is only done in the
horizontal direction (along the vertical axis). An example of an MR image before and after ho-
rizontal flipping can be seen in Figure 4.3
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(@) y=0.65 b)yy=1 (©y=125

Figure 4.4: The resulting MR images after gamma correction: im,; = i mz./n, for y = 0.65, y = 1.25 (the
outer two values) and y = 1 (no gamma correction)

(a) —15° (b) no rotation (c) 15°

Figure 4.5: The resulting MR images after rotating the image with —15° and 15° (the outer two values)
and no rotation

Gamma correction

For gamma correction the following formula has been used: MR,,; = MRz’n. For y larger than
one, the output image will be darker than the input image and for y smaller than one, the
output image will be lighter than the input image. y is randomly chosen for every patient every
epoch during training between 0.65 and 1.25. The resulting MR images after gamma correction
with these two boundary values for y can be seen in Figure 4.4

Rotation

For rotation, too large angles will result in breasts that are not oriented correctly, for instance,
breasts that are oriented sideways when rotated with 90°. So too large rotation angles will not
result in realistic-looking breast MR images. For these reasons rotation angles are between
—15° and 15° are chosen. Rotating the images with these angles, the breasts are still oriented in
a way that they can be imaged in an MR scanner. The MR volumes are rotated in the xy-plane.
The resulting MR images after rotating the image with these boundary values can be seen in
Figure 4.5

translation

Translating the MR volumes is also done in the xy-plane. For translating the volume, the trans-
lation in the x-direction and the y-direction needs to be chosen, there is no translation in the
z-direction. To prevent tumors close to the border of the MR image fall out of the image, the
translation in the x- and y-direction is randomly chosen between -10 and 10 voxels. After the
translation the image is zero-padded. An example for two translations can be seen in Figure 4.6

Scaling

Scaling the MR volumes is the fifth and last used augmentation technique. For a scale factor
larger than 1, the MR volume is enlarged and for a scale factor smaller than 1, the MR volume
is shrunken. After enlarging, the MR volume is cropped to its original size and after shrinking,
the MR volume is zero-padded, so that the input sizes stay the same. For the tumors close to
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(a) translation = (-10, (b) no scaling (c) translation = (10, -
10) 10)

Figure 4.6: The resulting MR images after translating the image with (-10, 10), (10, -10) (the outer two
values) and (0,0) (no translation)

(a) scalingfactor = 0.8 (b) no scaling (c) scalingfactor = 1.2

Figure 4.7: The resulting MR images after scaling the image with a factor of 0.8, 1.2 (the outer two values)
and 1.0 (no scaling)

the border of the MR volume not to fall off the MR volume, the maximum scaling factor is 1.2.
For the breast not getting too small, the minimum scaling factor is 0.8. An example of an image
after scaling with these two scaling factors can be seen in Figure 4.7

Scaling and rotation both need an interpolation method to determine the new voxel values.
Within the used methods, the interpolation techniques available are the nearest-neighbor, bi-
linear, bicubic, quadratic, and quintic interpolation. Also for these interpolation methods, a
bicubic interpolation had been chosen, since this gives better interpolation results than for
nearest-neighbor and bilinear (Triwijoyo and Adil, 2021), but doesn’t cost as much time as
quadratic or quintic interpolation.

Due to the image interpolation used with the two augmentation techniques, it takes a lot of
time to train the model if all the augmentation techniques are applied to the volumes every
epoch. To save time during training, randomly two augmentation techniques are chosen for
every patient every epoch. For the two randomly chosen augmentation techniques, the para-
meters are chosen randomly between the set boundaries for these parameters.

4.5 Experimental setup
4.5.1 ROIsize

To make a comparison between both the two ROI sizes, both the generated 3D single-input
CNN and 3D double-input CNN will be trained on both datasets.

For getting the best performance from the models, the optimal hyperparameters for the model
will be trained first. The hyperparameters of each model will be trained with a Bayesian optim-
ization algorithm, resulting in an optimal set of hyperparameters for each model. Bayesian op-
timization is chosen since this algorithm uses a Gaussian process to approximate the function
to optimize. This can speed up the hyperparameter optimization compared to other optimiza-
tion algorithms like random or grid search.
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Table 4.2: The trained hyperparameters and their boundaries. The hyperparameters are trained with
Bayesian optimization. For each hyperparameter, the kind of hyperparameter (real or categorical) and
boundaries or categories are shown.

Hyperparameter Sort Boundaries/Categories
Learning rate Real [1x107%-1x1073]

Decay Real [1x1077-1x1072]

Batch size Categorical [4, 8]

drop-out Real [0.0 - 0.5]

Loss function Categorical [Weighted BCE, weighted MSE]
Optimizer Categorical [ADAM, SGD, RMSprop]

L2 learning rate Real [1x1077-1x1074

Weight initializer Categorical [He normal, Random normal]

Number of filters block 1  Categorical [4, 8, 16, 32]

Number of filters block2  Categorical [8, 16, 32, 64, 128]

Number of filters block3  Categorical [8, 16, 32, 64, 128]

Number of filters block4 Categorical [8, 16, 32, 64, 128, 256]

Number of nodes FCL Categorical [128, 256, 384, 512, 640, 768, 896, 1024]

For Bayesian optimization, two things need to be determined, thy hyperparameters to train
and the total number of evaluations. The total number of evaluations is set to 200. The hyper-
parameters to be trained and the boundaries of each hyperparameter can be seen in Table 4.2.

To determine the boundaries of each hyperparameter, first, the models are trained by setting
the hyperparameters manually. Reasonable boundaries are set around the manually determ-
ined hyperparameters resulting in the best performance for each model after training.

Since the distribution of the patients along the two classes is not equal, the dataset is slightly
imbalanced. In the dataset, there are more cases of pCR than there are non-pCR cases. The
imbalanced distribution of the two classes can affect the performance of the model. It is pos-
sible that the model simply for all cases predicts the majority class for every patient. To com-
pensate for this, a weighted loss function had been used. Two weighted loss functions are used
as categories in the hyperparameter optimization, a weighted binary cross-entropy (BCE) loss
function and a weighted mean squared error (MSE) loss function.

The number of epochs is not treated as a trainable hyperparameter, since an early stopping
argument is used to stop the training. An early stopping argument determines when the model
starts to overfit on the training data and stops the training when this happens. The early stop-
ping argument is monitoring the validation loss and when this is not decreasing for over 10
epochs, it stops the training of the model. The maximum number of epochs for the training is
set at 200.

The training set, validation set, and test set are used for training the hyperparameters. The best
set of hyperparameters is determined based on the highest AUC score on the test set.

After finding the optimal set of hyperparameters for the single-input and double-input model,
and for both the small and large ROI dataset, the models have been compared using a stratified
10-fold cross-validation. For the 10-fold cross-validation, the complete dataset (179 patients)
has been used. Since the hyperparameters are already trained, no hold-out dataset is used and
all patients are used for the 10-fold cross-validation.

Every fold, the CNN is thus trained on 90% of the data and validated on 10% of the data. After
every fold, performance scores are calculated on the 10% validation set. For every fold, a ROC
curve has been drawn. From these ROC curves, a mean ROC curve has been visualized and the
corresponding mean AUC had been determined. The effect of the ROI size on the performance
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Grad-CAM for "Cat” Grad-CAM for “Dog"
L '

Figure 4.8: Example of Gradient-weighted Class Activation Mapping applied on a network trained on
dogs and a network trained on cats. It can be seen in the images on which part of the image the model-
based its decision on. From: Selvaraju et al. (2019)

of the single-input and double-input model will be determined by comparing mean AUC, mean
accuracy, mean Matthews correlation coefficient (MCC), sensitivity, and specificity. Absolute
differences are calculated for the mean AUC, accuracy, and MCC and a t-test is used to determ-
ine if these differences are statistically significant. The optimal sensitivity and specificity are
determined by using Youden’s index (Youden, 1950).

4.5.2 Gradient visualization

CNN’s and other deep learning techniques are often treated as a black box. These techniques
give little insight into how they make their classification, which makes these techniques hard
to interpret. Also, it is hard to know where the network is "looking’ in the image. To make the
prediction of the network more explainable and to answer subquestion 2, a technique called
Gradient-weighted Class Activation Mapping (Grad-CAM) has been used. Grad-CAM is a tech-
nique that visualizes which parts of the image are important for the prediction of the network
(Selvaraju et al., 2019). Figure 4.8 is showing an example of such a heat map. It can be seen
which part of the images is important for the decision of the model.

By applying Grad-CAM a heat map will be produced. This heat map can be placed over the
input image, highlighting which areas of the image have the most influence on the prediction of
the model. With this information, it can be shown which areas of the MR volumes are important
for the prediction of the NAC response. Grad-CAM can be applied on a trained network and
there is no need for retraining the network.

For every 10-fold cross-validation, the algorithm is training and testing 10 models. To use the
Grad-CAM algorithm, one model needs to be chosen from these 10 models. This is done by
choosing the model with the highest AUC after one fold. This is done for the single-input CNN
and double-input CNN, and every ROI size.

For the selected models, for every patient in the test set, a heat map has been made using Grad-
CAM. The heat map has been overlayed on every slice of the MR volume. By visually inspecting
the created heat maps for every patient it had been determined which areas of the MR images
are most important for the model’s prediction of the response of the breast tumor to NAC.

4.5.3 Extrainput: Cancer subtype

To improve upon the model and to answer subquestion 3, the ER, PR, and HER2 status have
been used as extra input for the model. For this, the model needs to have an extra input for the
molecular subtype.
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Both the single-and double-input models have been adapted to use the receptor statuses as an
extra input. To do so, the input of the molecular subtype is concatenated with the output from
the convolutional branches. Also, the data generator needs to have a small adaptation to be
able to feed this extra information into the model during training. A figure of the architecture
of the model can be found in Appendix C.

The dataset with the ROI size which gives the best performance in the previous section has
been used to train the two models. As in the previous section, the optimal hyperparameters of
these two models have been determined with Bayesian optimization. To compare the models a
stratified 10-fold cross-validation had been performed. The mean ROC curve will be visualized
and the models have been compared in mean AUC, mean accuracy, mean MCC, sensitivity, and
specificity.
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5 Results

5.1 Patient characteristics

As indicated in Figure 5.1 a total of 179 out of 328 patients were included in this study. In
this patient group, 124 patients reached pCR, and 55 did not reach pCR (non-pCR). Splitting
the dataset resulted in a training set of 125 patients, and a validation and test set of both 27
patients.

Table 5.1 shows a summary of the patient characteristics of these patients in each group. A t-
test is used to check if there is a significant difference between the pCR and non-pCR groups
within each set. A chi-squared test is used to check if the other categorical variables (the clinical
staging, ER, PR, and HER?2 statuses) give significant differences between the pCR and non-pCR
groups within each set.

No significant difference was found between the mean age of the pCR group and the non-pCR
group (49.10 years and 52.13 years, respectively, p=0.107). Also within the training, validation,
and test set no significant differences were found in the mean age between the pCR and non-
pCR group (p=0.199, p=0.595, and p=0.113, respectively).

Figure 5.2 shows the distribution of the age of the patients in the complete dataset. The young-
est patient is 25 years and the oldest patient is 77 years old at the moment of diagnosis. The
mean age of the complete dataset is 50.03 years. Figure 5.3 shows the age distribution for each
dataset for the pCR and non-pCR groups.

P/atients included if the following inclusion \
criteria were satisfied (n=328):

« Patients diagnosed with breast cancer in the
NKI or a referring hospital between January
2019 and July 2020

+ Received NAC, including a pre-NAC and
post-NAC MR scan as part of their treatment

« Received surgical resection of the (former)
tumor location and pathological examination

\ of the removed breast specimen / Patients excluded with foIIowing reasons (n=149):

« Silicone implant in affected breast (n=7)
- +« No DCE T1 MR sequence available in post- or pre-

v 7 t NAC timepoint (n=4)

179 patients The pre-NAC and/or the post-NAC MR scans not
included and pre- accesible (n=138)

processed the MR
images from these
atients

70% 15% 15%
v v v

‘ Training set ’ ‘ Validation set

(n=125) (n=27) ’ ‘ Test set (n=27) ’

Figure 5.1: Flowchart showing the inclusion and exclusion criteria. A total of 328 patients with breast
cancer between January 2019 and July 2020 were included initially in this study. All these patients re-
ceived NAC and the breast tumor is removed surgically. 149 Of these patients were excluded.

As Table 5.1 indicates, only for the HER2 receptor, a significant difference is found between
the pCR and non-pCR group in the complete dataset (p=0.037). After splitting the complete
dataset in the training, validation, and test set, no significant differences were found between
the pCR and non-pCR group for the HER2 receptor. For the ER and PR receptor, no significant
differences were found between the pCR and non-pCR group in all datasets.
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10 Mean = 50,03
Std. Dev. = 11,556
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Figure 5.2: Histogram of the age distribution of the complete dataset (n=179). The minimum age at the
time of diagnosis is 25 years. The maximum age is 77 years. The mean age is 50.03 years with a stand-
ard deviation of 11.556. The black line shows a normal distribution with the same mean and standard
deviation.
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Figure 5.3: Boxplot of the patient’s age for the train set, validation set, and test set for both the pCR and
non-pCR group

Significant differences are found between the pCR and non-pCR group in the complete dataset
for the lymph node status and metastasis status (p=0.000 and p=0.001 respectively). In the
training set also a significant difference is found for these variables (p=0.012 and p=0.001), but
the differences between these two groups were not statistically significant in the validation and
test set. For the tumor status variable, no statistical difference between the pCR and non-pCR
group were found in all the datasets.

5.2 ROIsize

After pre-processing, the resulting size for the large ROI dataset is 30 x 200 x 200 voxels. The MR
volumes in the small ROI dataset had a size of 184 x 186 x 30 voxels. Due to zero-padding the
small ROI images, the sizes of the MR volumes do not differ much. Although not being much
different in size, the information in the images is different, as can be seen in Figure 5.4.

Table 5.2 shows the optimal hyperparameters using the Bayesian optimization for both the
single-input and double-input model for the large ROI dataset and the small ROI dataset. The
last row of Table 5.2 shows the total trainable parameters of each model after compiling the
model with the found hyperparameters. The single-input model (small ROI) has the largest
amount of trainable parameters. The double-input model (small ROI) has the least amount of
trainable parameters. A schematic image of the architecture of each model can be found in
Appendix C.
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Figure 5.4: Example of a small ROI after zero-padding and a large ROI of the same MR slice and same
patient.

Table 5.2: The optimal hyperparameters after the Bayesian optimization for the single-input and
double-input models for the small and large ROI. The last row shows the total trainable parameters
of each model after compiling the model with the found hyperparameters.

Single-input

Single-input

Double-input

Double-input

Hyperparameters (large ROI) (small ROI) (large ROI) (small ROI)
Learning rate 2.937x107* 2.460 x 107° 3.892x107° 1.501 x 107°
Decay 1.587x 1077 2.305x 107° 6.317 x 1073 8.939 x 107*
Batch size 4 4 4 4
Loss function Weighted binary =~ Weighted binary =~ Weighted binary = Weighted binary

crossentropy crossentropy crossentropy crossentropy
Optimizer Adam RMSprop SGD RMSprop
Drop-out 0.2 0.2 0.4 0.5
L2 learning rate 4.818x1077 8.457 x 107° 9.663 x 1077 5.840 x 1076
Number filters block1 16 16 8 16
Number filters block2 64 32 32 8
Number filters block3 16 128 16 32
Number filters block4 8 8 64 8
Number of nodes FCL. 128 384 512 512
Weight initializer He initialization = He initialization = He initialization = He initialization
Total parameters 203 802 1087 358 628914 170 834
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Table 5.3: The mean performance scores after the 10-fold cross validation for the single-input models
for both the small and large ROI. The last column shows the absolute difference between the two models
for the mean AUC, mean accuracy, and mean MCC.

Single-input  Single-input Absolute

Performance scores (large ROI) (small ROI)  difference

Mean AUC + std 0.75+0.06 0.74+0.09 0.01 (p=0.773)
Mean accuracy + std (%) 62.61+£13.74 69.90+7.77 7.29 (p=0.161)
Mean MCC 0.16 £0.15 0.22+0.25 0.06 (p=0.523)
Sensitivity (%) 56 74
Specificity (%) 83 66

Table 5.4: The mean performance scores after the 10-fold cross validation for the double-input models
for both the small and large ROI. The last column shows the difference between the two models for the
mean AUC, mean accuracy, and mean MCC.

Double-input Double-input Absolute

Performance scores (large ROI) (small ROI) difference

Mean AUC =+ std 0.68 +£0.05 0.69+0.08 0.010 (p=0.741)
Mean accuracy + std (%) 65.26 +7.20 70.39+7.03 5.130 (p=0.124)
Mean MCC 0.03+0.14 0.15+0.25 0.120 (p=0.202)
Sensitivity (%) 66 75
Specificity (%) 72 66

Table 5.3 shows the mean AUC, mean accuracy, mean MCC, sensitivity, and specificity of the
single-input model trained on the large ROI and small ROI dataset after the 10-fold cross-
validation. This table also shows the differences between the AUC, accuracy, and MCC for the
two datasets. Table 5.4 shows these results for the double-input model trained on the large ROI
and small ROI dataset.

In Figure 5.5 the mean ROCs for the double-input model trained on the large ROI and small ROI
are plotted. The mean AUC for the double-input model trained on the small ROI is 0.69 + 0.06.
For the double-input model trained on the large RO, this is 0.68 + 0.05.

In Figure 5.6 the mean ROCs for the single-input model trained on the large ROI and small ROI
are plotted. The mean AUC for the single-input model trained on the small ROI is 0.74 + 0.09.
For the single-input model trained on the large RO]I, this is 0.75 + 0.06.

For the models, the ROCs and corresponding AUCs of each fold can be found in Appendix C.

5.3 Gradient visualization

The Grad-CAM algorithm has been applied on the test set from the best folds from 10-fold
cross-validation from the single-input and double-input models trained on the large and small
ROI datasets. The best fold has been determined by the highest AUC. The AUC of each best fold
can be found in Table 5.5. Figure 5.7 shows 8 generated heat maps for the single-input model.
Figure 5.8 shows this for the double-input model.

Table 5.5: The AUC of the best fold of the 10-fold cross-validation for each model and each ROI size.

Single-input Single-input Double-input Double-input
(large ROI) (small ROI) (large ROI) (small ROI)
AUC 0.82 0.94 0.75 0.79

Performance scores
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Figure 5.5: The mean ROC curve for the large and small ROI input for the double input model. The
mean AUC and corresponding standard deviation for the small ROI is 0.69+0.08. For the large RO, this

i 0.68+0.05
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Figure 5.6: : The mean ROC curve for the single input model trained on the large and small ROI dataset.
The mean AUC and corresponding standard deviation for the small ROI is 0.74+0.09. For the large ROI
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Figure 5.7: Heat map examples for the single-input model
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Figure 5.8: Heat map examples for the double-input model
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Table 5.6: The optimal hyperparameters after the Bayesian optimization for the single-input and
double-input models with the extra molecular subtype as input. The last row shows the total trainable
parameters of each model after compiling the model with the found hyperparameters.

Hyperparameters

Single-input

double-input

(small ROI) (small ROI)
Learning rate 6.231 x 1074 9.233x 1074
Decay 8.666 x 1076 1.490 x 1077
Batch size 4 4
Loss function Weighted binary Weighted binary
crossentropy crossentropy
Optimizer SGD SGD
Drop-out 0.45 0.2
L2 learning rate 9.371x 1077 1.221x 1077
Number filters block 1 32 32
Number filters block2 128 64
Number filters block3 64 64
Number filters block4 32 8
Number of nodes FCL. 384 512
Weight initializer He initialization =~ He initialization
Total parameters 1135624 1088018

Table 5.7: The mean performance scores after the 10-fold cross validation for the single-input and
double-input model with the molecular subtype as extra input for the model. The last column shows
the difference between the two models for the mean AUC, mean accuracy, and mean MCC.

Single-input Double-input

Performance scores Absolute difference

(small ROI) (small ROI)
Mean AUC =+ std 0.72+0.08 0.74+0.08 0.02 (p=0.5830)
Mean accuracy + std (%) 67.61+6.38 67.12+9,92 0.49 (p=0.8969)
Mean mcc 0.05+0.18 0.05+0.28 0.00 (p=1.000)
Sensitivity (%) 74 78
Specificity (%) 66 66

5.4 Extrainput: molecular subtype

Table 5.6 shows the optimal hyperparameters using Bayesian optimization for both the single-
and double-input model with the molecular subtypes as an extra input. The last row of this
table shows the total trainable parameters of both the models after compiling the models with
the found hyperparameters. A schematic image of the architecture of both the models can be
found in Appendix C.

Table 5.7 shows the mean AUC, mean accuracy, mean MCC, sensitivity, and specificity of the
single-input and double-input model with the molecular subtypes as an extra input after the
10-fold cross-validation. Both models are trained with the small ROI dataset.

Table 5.8 shows the difference in the performance of the single-input model from Table 5.7 and
the single-input model (small ROI) from Table 5.3. It also shows the difference in the perform-
ance of the double-input model from Table 5.7 and the double-input model (small ROI) from
Table 5.4.

In Figure 5.9 the mean ROCs for the single-and double-input model with the molecular subtype
as an extra input. Both models are trained on the small ROI dataset. The mean AUC for the
double-input model is 0.74 + 0.08. For the single-input model, this is 0.72 + 0.08. For both
models, the ROCs and corresponding AUCs of each fold can be found in Appendix C.
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Table 5.8: The differences in performance scores between the single-input model with molecular sub-
type as extra input and the single-input model (small ROI) from Table 5.3 and the double-input model
with molecular subtype as extra input and the double-input model (small ROI) from Table 5.4.

Performance scores

Single-input models Double-input models

Absolute difference mean AUC 0.02 (p=0.606) 0.05 (p=0.179)
Absolute difference mean accuracy 2.29 (p=0.481) 3.27 (p=0.406)
Absolute difference mean MCC 0.17 (p=0.098) 0.10 (p=0.416)

1.01

True Positive Rate

= Mean ROC single input model(AUC = 0.72 = 0.08)
Mean ROC double input model(AUC = 0.74 = 0.08)
+ 1 std. dev.
+ 1 std. dev.

0.4 06 0.8 10
False Positive Rate

Figure 5.9: The mean ROC curve for the single-and double-input model with the clinical variables as
an extra input. The mean AUC and corresponding standard deviation for the double-input model is
0.74 +0.08. For the single-input model, this is 0.74 + 0.08
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6 Discussion

6.1 Interpretation of the results

Table 5.1 shows that there is no significant difference in the mean age of the patients between
the training set, validation set, and test set. Figure 5.3 shows that also the median age of the
patients of each set is almost the same. This means that there is no age bias between the three
datasets.

6.1.1 ROIsize

When comparing the performance from the double-input models in Table 5.4, it can be seen
that both the large ROI and small ROI almost give the same performance in terms of mean AUC.
In terms of mean accuracy and the mean MCC, the small ROI has an increased performance
compared to the large ROI, although both differences are statistically not significant (p=0.124
and p=0.202). The mean MCC of 0.03 for the double-input model trained on the large ROI
dataset indicates that this model has almost no predictive value. The mean MCC of 0.15 for the
double-input model trained on the small ROI dataset, indicates that the predicted labels and
true labels are weakly correlated.

Comparing the performance of the two single-input models in Table 5.3 the performance of
the two models are almost equally performing on the classification in terms of the mean AUC.
In terms of the mean accuracy and mean MCC the model trained on the small ROI dataset is
slightly outperforming the model trained on the large ROI dataset. These differences, however,
are not statistically significant (p=0.161 and p=0.523).

The standard deviation for the four trained models in Table 5.3 and Table 5.4 for the mean
accuracy and mean MCC is relatively high. This means that there are large differences between
the performance of the model in every fold, meaning that the models are not very robust to
changes in training and/or test data. The instability of the model across the different training
sets also indicates that there is a high probability of overfitting of the model on the training data
(Cawley and Talbot, 2010).

Comparing the single-and double-input model trained on the small ROI dataset, the single-
input model is outperforming the double-input model based on mean AUC and mean MCC.
Based on the mean accuracy, the two models are performing almost identical. Beforehand,
it was expected that the double-input model could make a better prediction than the single-
input model since it has the pre-and post-NAC MR scans as input and thus more information
to base a prediction on. Table 5.2 shows that after the hyperparameter tuning, the number of
convolutional filters in the single-input model is larger than for the double-input model. This
means that the single-input model is able to get more (deep) features out of the image. These
features might be important to be able to make a better prediction.

Also for the large ROI dataset, the single-input model is outperforming the double-input model
based on mean AUC and mean MCC. Again, based on the accuracy, the models are almost
having the same performance.

6.1.2 Gradient visualization

Figure 5.7 and Figure 5.8 show some examples of the generated heat maps by the Grad-CAM
algorithm. The more a region lights up, the more important it is for the decision of the model.

It can be noticed that for some cases the decision of the model is (partly) determined by
(former) tumor locations in the breast, like Figure 5.7b, Figure 5.7h, Figure 5.8d, Figure 5.8e,
Figure 5.8f, and Figure 5.8g. However, notin all these mentioned images the classification of the
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model is solely made by the (former) tumor location. For instance, in Figure 5.7f, Figure 5.8e,
and Figure 5.8g, apart from the (former) tumor location, other locations light up aswell. This
means that these other locations influence the prediction of the models.

It can be noticed in the heat maps of the large ROI images that some kind of wavy pattern is
visible, like in Figure 5.7c, Figure 5.7g, and Figure 5.7h. This can mean that the model trained
on the large ROI images is basing its decision (partly) on some kind of noise that is present in
the images. This wavy pattern is much less present in the heat maps for the small ROI images.

Also, in the large ROI images, the model bases its decision a lot of times on structures outside
the breast, like parts of the heart in Figure 5.7c, Figure 5.7g, Figure 5.8c, and Figure 5.8h. These
structures have thus (a negative) influence on the performance of the model.

Other structures that influence the performance of the model, for both the small ROI and large
RO], are the nipple area (Figure 5.7a, and Figure 5.8b) and the skin fold between the breast and
thorax (Figure 5.7f and Figure 5.7e). Both these areas have a large contrast with their surround-
ings and thus are easily detected on the MR images.

It can be concluded that structures with a large contrast with their surroundings have the
largest influence on the prediction of the model. This can be the tumor, but also (a part of)
the heart, the nipple and the skin fold between the breast and thorax. When no tumor is visible
in the MR image (as for pCR patients in the post-NAC MR images), it is difficult for the model
to determine on what location it needs to base its decision. Smaller ROIs can help the model
determine the (former) tumor location of the tumor.

6.1.3 Extra input: molecular subtype

Looking in Table 5.7, comparing the single-input model and double-input with the extra input,
there is no statistical difference in one of the performance scores between the two models.

In Table 5.8 the models with the molecular subtype as extra input are compared with the single-
and double-input model trained on the small ROI. For both the single-and double-input mod-
els no significant differences in any of the three used performance scores are found. Expec-
ted was that the receptor statuses would improve the model, because previous studies have
demonstrated the correlation of pCR and the ER, PR, and HER2 statuses (Liu et al., 2019;
Cortazar et al., 2014; Braman et al., 2019). Also, Qu et al. (2020) and Ravichandran et al. (2018)
showed an increase in the performance of the model after using the molecular subtype as extra
input for their model.

A possible explanation for having no improvement in performance after integrating the re-
ceptor statuses in the model can be induced from the information in Table 5.1. No statistical
difference is found in the training, validation, and test set for the number of ER, PR, and HER2
receptor status between the pCR and non-pCR groups. Also in the complete dataset, no statist-
ical difference is found between the pCR and non-pCR group in the ER and PR receptor status.
Only for the HER2 status, a statistical difference is found between the pCR and non-pCR group
in the complete dataset. Although, previous studies have demonstrated the correlation of pCR
and the molecular receptor statuses, for the dataset used in this study this correlation could
only be found in the HER2 status for the complete dataset.

Because of this, a possible improvement can be made to only use the HER2 status as extra input
for the model. Ravichandran et al. (2018) also left out the ER and PR status and only used the
HER? status as extra input for the model. This improved their model from an AUC of 0.77 to an
AUC of 0.85 for classifying the pCR and non-pCR patients.

For this study, the information on the expression of the nuclear protein Ki-67 on the tumors
was not available. In the review from (Li et al., 2015) it is stated that this protein can possibly
be used as a marker to classify patients who are likely to respond to cancer therapy. When
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using the expression of the Ki-67 protein on the tumor as extra input for the model, a possible
improvement in the model’s performance can be made.

In Table 5.1, it can be seen that significant differences are found between the lymph node status
(N) and metastasis status (M) of the clinical staging between the pCR and non-pCR patient
group (respectively, p=0.000 and p=0.001) in the complete dataset. In the training set these
differences are also significant (p=0.012 and p=0.001). This indicates that there might be a cor-
relation between the clinical staging and pCR status. It might be useful to investigate if this can
be used as extra input for the model to improve the performance.

6.2 Comparison with literature

Comparing the performance of these models with the models from the studies in Table A.2
(Braman et al., 2020; El Adoui et al., 2020; Qu et al., 2020; Ravichandran et al., 2018; Huynh
et al,, 2017; Ha et al., 2019), all models are outperforming the models from this study in terms
of accuracy, AUC, sensitivity, and specificity. The reason for this could be that all other studies
are segmenting the tumor before making the prediction. This makes it unnecessary for the
model to locate the tumor first. When using the whole breast as input for the model, the model
first needs to localize the tumor and then make the response prediction. This can negatively
affect the performance of the model.

Also, using 3D volumes as input for the model increases the number of parameters to be
learned. The number of patients that is used to train the model is approximately the same
compared to the other studies. When the number of parameters is increased and the number
of training data is kept the same, this has a negative influence on the final performance.

The scores from the models from this study are comparable with the predictive performance
of rCR in (Gampenrieder et al., 2019). The sensitivity and specificity from Gampenrieder et al.
(2019) for predicting pCR are 75% and 67%, respectively. This sensitivity and specificity are
almost the same as for the models used in this study.

When comparing the sensitivity and specificity with the minimally invasive biopsy to predict
pCR from Heil et al. (2015), the sensitivity from almost all models in this study is higher than
the sensitivity from Heil et al. (2015) (50.7%). But Heil et al. (2015) also reached a much larger
specificity (93.5%) compared to the specificity of the models used in this study.

Other studies (Qu et al., 2020; Braman et al., 2020; Ha et al., 2019; Gampenrieder et al., 2019;
Ravichandran et al., 2018) are using different definitions for pCR. In this study, pCR is defined
as the absence of invasive cancer in the resected breast specimen, regardless of lymph nodes
(ypT0). Using a different definition for pCR has an influence on the total number of pCR cases
in a patient group (Choi et al., 2017) and influences what the model learns during training. To
make a better comparison, the same definitions for pCR should be used.

6.3 limitations

This study has several limitations. First, the dataset contained only 179 patients, this is a very
limited size for developing a deep learning method. This also makes the model easily prone
to overfitting. Although using different kinds of regularization techniques, like data augment-
ation, drop-out, L2 regularization, and early stopping, overfitting of the model could not be
prevented. Also, the data is acquired in only one institution.

Secondly, this study was a retrospective study. Due to this, the MR acquisition parameters could
not be set the same for every MR image, as can be seen in Table 4.1. The difference in the MR
acquisition parameters can influence the quality of the MR images and the performance of the
model. Keeping these the same will probably improve the performance of the model.
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Due to the different MR acquisition parameters, some of the MR images had different sizes in
the x-and y-direction of the MR image. These images are all resized to the same size as the other
images. For resizing, interpolation is used. Due to the interpolation, patterns in and around
the tumor are getting deformed or can vanish. Since the information in the micro-vasculature
around the tumor can be important for the response prediction, deforming this imaged micro-
vasculature (and other imaged structures) can affect the performance of the model. Using MR
data with the same image sizes means that less resizing is needed during pre-processing, this
can improve the performance of the model.

During the data pre-processing, for every MR volume, every 5th slice is taken to get to a total of
30 slices. Since the tumor might be very small in the post-NAC images, it can be that the tumor
is removed from the MR volume, while the tumor is still present. Reducing the number of slices
in the MR scans was needed for the GPU being able to handle larger batch sizes than one.

Also, in the dataset that was used the majority of the patients (124 out of 179) reached pCR. In
real life only 10% to 30% of the patients receiving NAC achieve pCR (Kong et al., 2011; Cortazar
et al., 2014; Prevos et al., 2012). This means the models from this study are probably more
inclined to predict pCR. This can result in many false-positive predictions when such a network
is used in real-life.

The goal of this study was to predict pCR without the need for segmentation of the tumor in
the MR images. This is also directly a limitation since the tumor is thus not localized in the MR
image before making the prediction. It gets harder in this way for the model since the model is
expected to localize the tumor and make the prediction of the response. From the results from
Section 5.3 it can be seen that this is a complicated task to perform for the models.

Another limitation of this study is the fact that it is not researched which sequences of the MR
images give the most information for the model to make the prediction. In this study for the
double-input network, only the first post-contrast phase of the DCE T1 MR image of the pre-
and post-NAC MR images are used. The performance of the model can maybe be improved
by using the pre-contrast phase of the DCE T1 MR images or using the pre-and post-contrast
phase MR images from only one MR timepoint (only the pre-or post-NAC images).

Lastly, all models are trained with the use of post-NAC MR images. With a model trained on
only the pre-NAC and/or the MR scans after the first cycle of chemotherapy, it is possible to
predict the response of the patients in an early stage of the chemotherapy. Since a large group
of patients does not respond well to the chemotherapy (Kong et al., 2011; Cortazar et al., 2014;
Prevos et al., 2012), these patients unnecessarily suffer from the side effects and toxicity of the
chemotherapy (Reinisch et al., 2013).

A prediction in an early stage of the chemotherapy may allow for a more personalized treatment
plan and change of treatment plan for patients not categorized as CR(Liu et al., 2010; Tudorica
etal., 2016). To use a model in an early phase of the therapy, it seems also important to not only
distinghuish patients with pCR, but also the patients with partial response, progressive disease
and stable disease. Since in this study, for every model, post-NAC images are used, a prediction
in an early phase of the treatment is not possible.
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7 Conclusions and Recommendations

The goal of this study is to predict the response of breast tumors to neoadjuvant chemother-
apy with a 3D CNN without the need for tumor segmentation. If this were to be realized, the
radiologist does not need to make the segmentation slice by slice and this would rule out the
subjectivity and variability in the segmentations. Also, it would potentially improve the per-
formance of the prediction by using a 3D volume instead of a 2D slice. Lastly, by excluding the
tumor segmentation, potentially the performance of the prediction can be improved due to the
information in the TME. To reach this goal, a main research questions and three sub-questions
were made up.

The first sub-question is: What is the effect of the size of the ROI on the performance of a 3D CNN
for the prediction of the breast tumor responses to NAC?

It is expected that the models trained on the small ROI dataset would have a better perform-
ance than the models trained on the large ROI dataset. This is hypothesized since the large ROIs
contain other anatomical structures by which the model can be 'distracted’. The results from
this study do not support this hypothesis completely. A smaller size of the ROI slightly improves
the mean accuracy and mean MCC for the single-and double-input model, although these dif-
ferences are not statistically significant. For the two different ROI sizes, almost no difference is
found in the mean AUC for both models.

This is followed by the second question: Which areas of the MR images are most important for
the model’s prediction of the breast tumor response to NAC?

From the data from this study, it is hard to say which areas of the MR images are most import-
ant for predicting pCR. What can be concluded is that the visible structures in the thorax in the
large ROI images (like parts of the heart) are in most cases distracting the model and negatively
influencing the performance of the model. Other structures that negatively influence the per-
formance of the model are the area around the nipple and the skin fold between the breast and
thorax.

In order to improve the performance of the model, the third sub-question is: To what extent
can the integration of the ER, PR, and HER?2 receptor status as extra input for the model improve
the model’s performance?

It is expected that the integration of the receptor statuses would improve the performance of
the model. In this study, no statistically significant increase was reported in the mean AUC,
mean accuracy, or mean MCC for the single-and double-input model after integration of the
cancer subtypes. So it can be concluded that for this study, no improvement in the performance
of the models is made after integration of the cancer subtypes. A possible reason is that no
statistical differences were found in the ER, PR, HER2 receptor statuses between the pCR and
non-pCR groups in this dataset.

Finally, to conclude the study, the main research question was:

To what extend is it possible to predict the response from breast tumors to neoadjuvant chemo-
therapy using a 3D multi-channel neural network and the pre-and post-NAC MR images without
the need for tumor segmentation?

The best model after 10-fold cross-validation was able to predict pCR with a mean AUC of 0.74
and mean MCC of 0.22. This performance did not improve on the performance of state-of-the-
art models. It seemed that one of the reasons for this is that it is hard for the model to localize
the tumor. Especially when no tumor is visible in the MR image (as for pCR patients in the
post-NAC MR images), it was hard for the model to localize the former tumor location. Only in
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a few cases, the best model was able to solely make its prediction based on the (former) tumor
location.

7.1 Recommendations

A few recommendations can be made for future studies. Since the main bottleneck of the
model for the prediction of the pCR response is the localization of the (former) tumor in the
MR volume, it is recommended to use smaller ROI areas. By using smaller ROI areas, it is easier
for the model to localize the (former) tumor. A downside of using smaller ROI areas is that a
radiologist should look at the MR images and determine the ROI. Somebody else cannot easily
localize the tumor in the (post-NAC) MR images.

Another valuable option might be to use a segmentation CNN for transfer learning. A CNN
trained for segmenting tumors can localize tumors in an MR image. When such a network
is used for transfer learning, the models for the response prediction can possibly more easily
localize the (former) tumor location and make a better prediction.

For the extra input of the model, it might be useful to research the added value of the TNM
staging. In the dataset used for this study statistical differences were found between the pCR
and non-pCR groups. Maybe this information can improve the performance of the model.
Also, in this study, the status of the Ki-67 protein for each patient was not available. The Ki-67
protein can possibly be used as a marker to classify patients who are likely to respond to cancer
therapy (Li et al., 2015), so this information might improve the model’s performance.

Furthermore, adding more MR images to the dataset will increase the performance of the
model. When increasing the dataset, it will also be useful to keep the MR acquisition para-
meters the same. Especially keeping the size of the MR images the same, to avoid resizing the
MR images as much as possible. Also, a more realistic pCR/non-pCR ratio in the dataset will
help improve the model.

Finally, it is highly recommended to research which contrast phases of the DCE T1-weighted
MR image to use as input for the model. For this study, only the first contrast phase of the DCE
T1 MR image is used to train the models. Using more or different contrast phases can possibly
improve the performance of the models. The different contrast phases contain different kinds
of information, so using more or other contrast phases can possibly improve the model’s per-
formance. Also, researching using other sequences than the DCE T1 images, like T2 or DWI,
can be valuable. In literature, to the best of my knowledge, it is not tried to use other sequences
than the DCE T1 images for training a CNN.
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A Appendix: Results literature review

On the following pages the description of the state-of-the-art machine learning models and
two tables with extracted information from the reviewed articles. Table A.1 shows the extrac-
ted information from the studies on machine learning techniques other than deep learning
techniques. Table A.2 shows the extracted information from the studies on deep learning tech-
niques for the prediction of breast cancer response.

A.1 state-of-the-art machine learning models

In Table A.1, a summary of the reviewed articles on response prediction using machine learning
techniques can be found. Articles running multiple experiments, only the result of the experi-
ment achieving the best performance is included in Table A.1. All results in the table are repor-
ted on a validation set. If the article only reports training results, the results are not included in
this table. All studies in Table A.1 are retrospective studies.

Looking at Table A.1, it can be seen that most studies are using a heterogeneous dataset. Based
on breast cancer subtype, only Banerjee et al. (2017), Braman et al. (2019), and Liu et al. (2019)
are using a homogeneous dataset. Cain et al. (2019) used a heterogeneous dataset, including all
the three breast cancer subtypes. Apart from this, they also tested their algorithm on a subset
containing only HER2+ and TN cancer types, this improved their results from an AUC of 0.59 to
an AUC 0.71.

Based on MRI specifications, most studies are using heterogeneous data sets, with MRI im-
ages from different manufacturers, different field strengths, and different amount of breast coil
channels. Most studies are using MRI scanners with a field strength of 1.5 or 3.0 T. The most
used MRIsequence is DCE T1. DCE T1 can give additional information, since this sequence has
an extra (time) domain compared to other sequences. Most studies used breast coil channels
are 8 or 16 coils.

Most ROI segmentations are done manually by a radiologist. Some studies are using semi-
automatic methods, such as a fuzzy c-means algorithm. Giannini et al. (2017) and Wu et al.
(2016) are using an automatic and semi-automatic in-house developed algorithm respectively.

Judging on the AUC, the best result is obtained by Xiong et al. (2020) with an AUC of 0.94, but
no sensitivity and specificity are reported. Based on sensitivity and specificity, the best results
are obtained by Henderson et al. (2017) (sensitivity: 0.875 and specificity: 0.847) and Bian et al.
(2020) (sensitivity: 0.882 and specificity: 0.909), with corresponding AUC of 0.845 and 0.91 re-
spectively. Getting close to these results is Zhou et al. (2020) (AUC: 0.888, sensitivity: 0.762,
specificity: 0.845) and Chen et al. (2020) (AUC: 0.837, sensitivity: 0.714, specificity: 0.952). The
accuracy (0.893) of Chen et al. (2020) is the highest accuracy after Xiong et al. (2020). The
best performing classifiers are: Multivariable logistic regression analysis, Mann-Whitney U-
test, and random forest algorithm.

A.2 Extracted data literature review
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B Appendix: Pseudocode pre-processing methods and
data generator

B.1 Pseudocode large ROI dataset

Algorithm B.1: Pseudocode of the data processing resulting in the large ROI dataset
input : X - Dataset containing the DCE T1 volume x, of each patient 7,
L - Containing the information on laterality [, for each patient
output: X;,4i, - training set containing 0.7 of the pre-processed images x,,
X, 41 - validation set containing 0.2 of the pre-processed images x/,,
Xyest - test set containing 0.1 of the pre-processed images x),

1 Load input data;
2 forall x, in X do
3 | if length(x,) > 200 then

4 xn:xn[lz?):end]; // If the MR scan has more than
200 slices, starting from the
second slice, every third slice
is a slice of the first
contrast phase of the DCE T1

scan

5 end

6 if size(x,,) # (200,400,400) then

7 resize x, to 200 x 400 x 400 voxels ; // Bicubic interpolation is used
as interpolation method

8 | end

9 if [, = 'LEFT’ then

10 x’n = xp[:, 0:200, 200:400] ; // Volume containing the left

breast of the patient

11 elseif [,, = 'RIGHT’ then

12 x’n = Xxpl: 0:200, 0:200] ; // Volume containing the right
breast of the patient

13 end

14 Xn =Xn[25:175,:,:]; // Get slices containing breast
tissue

15 Xn=xn[0::5,5,:]; // Take every 5th slice, to get a
total of 30 slices

16 end

17 Split X in Xr4in, Xpar and Xiegr ; // With ratio (0.7, 0.15, 0.15)

and while keeping the ratio
pCR/non-pCR the same over each
set

18 Save Xyrqin, Xvar and Xyess;
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APPENDIX B. APPENDIX: PSEUDOCODE PRE-PROCESSING METHODS AND DATA
GENERATOR

B.2 Pseudocode small ROI dataset

Algorithm B.2: Pseudocode of the data processing resulting in the small ROI dataset

input : X - Dataset containing the DCE T1 volume x, of each patient n,
L - Containing the information on laterality /,, for each patient
output: X;4;, - training set containing 0.7 of the pre-processed images x},,
Xy a1 - validation set containing 0.2 of the pre-processed images x},,
Xest - test set containing 0.1 of the pre-processed images x/,

1 Load input data;

2 forall x, in X do

3 if length(x,) > 200 then

4 X5 = Xp[1:3:end]; // If the MR scan has more than
200 slices, starting from the
second slice, every third slice
is a slice of the first
contrast phase of the DCE T1

scan

5 end

6 if size(x,) # (200,400,400) then

resize x;, to 200 x 400 x 400 voxels ; // Bicubic interpolation is used

as interpolation method

8 end

9 if [, = 'LEFT’ then

10 xZZank,OQOO,ZOOAOO]; // Volume containing the left

breast of the patient
11 elseif /,, = 'RIGHT’ then

12 X, = x,[:, 0:200, 0:200] ; // Volume containing the right
breast of the patient

13 end

14 Xn=Xx,[25:175,:,:]; // Get slices containing breast
tissue

15 Xn=Xx,[0::5,::]; // Take every 5th slice, to get a
total of 30 slices

16 co0rdpreast = Xstartr Xend» Ystartr Yend ; // Manually determine the image

coordinates defining the box
that fits around the breast
17 xn::xnk,xsn”t:xend,ysnnt:yend]; // Use these coordinates to crop
the breast in every slice of
the MR volume

18 end

19 Split X in Xyr4in, Xpar and Xiegy s // With ratio (0.7, 0.15, 0.15)
and while keeping the ratio
pCR/non-pCR the same over each
set

20 Save Xtrain, Xyar and Xyest;
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B.3 Pseudocode data generator

Algorithm B.3: Pseudocode for the data generator used in this project

input : list,qns - csv-file containing the paths to the MR volume x;, of each patient n,
labels - dictionary with the labels y,, of each patient n. When calling labels[pathl,
you'll get the corresponding label of these
b_size - Size of the batch,
n_epochs - The number of epochs,
dim - Dimensions of the MR volumes,
n_channels - Number of channels (1 for grayscale),
aug - Parameter to apply Augmentation (True or False)
output: Xp ;. - The MR volumes of a batch,
VYbatch - The corresponding labels of the batch

1 n_batches = round down(len(listyqps) / batch_size); // Determination of the
number of batches by
r__len_ '

2 indexes = [0,1,2 ... len(listparns)l;
3 for epoch=0to n_epochs do

4 for i =0to n_batchesdo
5 b_indexes =indexes [i x b_size: (i +1) x b_sizel; // Get the correct
patient indexes for
the batch
6 b_paths = [listparps k] for k in b_indexes]; // And get the
corresponding paths
to the MR volumes
7 X _batch = zeros(b_size, dim, n_channels); // Place to store the MR
volumes
8 y_batch = zeros(b_size); // Place to store the
labels
9 for j=0to b_sizedo
10 xp =load(b_pathsljl); // '__data_generation’
function is called to
load the MR volumes...
11 if aug == True then
12 Xp = augmentxy ; // ...and to apply the
augmentation methods
13 end
14 X, = normalize(x,); // scale the voxel values
between 0 and 1
15 X_batchljl=x,; // Store the MR volume
16 y_batchlj]l = labels[batch_path[j]]; // Store the corresponding
label
17 end
18 return X_batch, y_batch; // The '__getitem__ ' function
returns the MR volumes and
corresponding labels for the
batch. The ’'__getitem_ '
function is called for every
batch, over all epochs
19 end
20 indexes = shuffle(indexes); // At the end of every epoch,
patients indexes are shuffled
by ’on_epoch_end’ function
21 end
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C Appendix: Results

This appendix shows the model architectures in Section C.1. Section C.2 shows the ROC curves

of each model of each fold (with corresponding mean ROC curve) of the 10-fold cross valida-
tion.

C.1 Model architectures

] input: | (2 30, 200, 200, 1)]
input_10: InputLayer

output: | [(2. 30, 200. 200. 1)]

2. 30. 200. 200 1)
conv3d_90: Conv3D

(2. 30 200. 200. 16)
(2. 15.°100. 100. 16)

input: | (2. 15. 100 100. 16)

output: | (2. 15, 100. 100. 64)

)

input: | (2. 15. 100 100. 64)

conv3d_93: Conv3D

output: | (2. 15, 100. 100. 64)

}

max_pooling3d_37: MaxPooling3D

)

input:

input: | (2. 15. 100, 100. 64)

(2. 8.50. 50. 64)

output:

(2.8, 50. 50. 64)
. 50. 50. 16)

conv3d_94: Conv3D

output:

)

input:

(2. 8. 50. 50. 16)
. 50. 50. 16)

conv3d_95: Conv3D

output:

input: | (2. 8, 50. 50. 16)
conv3d_96: Conv3D

output: | (2, 8. 50. 50. 16)

)

] ] input: | (2. 8. 50, 50, 16)
max_pooling3d_38: MaxPooling3D

output: | (2 4. 12, 12, 16)

I

input: | (2 4. 12,12, 16)

conv3d_97: Conv3D

output: | (2 4. 12.12.8)

)

input:

conv3d_98: Conv3D

output:

)

input:

conv3d_99: Conv3D

output:

input:

max_pooling3d_39: MaxPooling3D

)

input: | (2. 1.3.3.8)

’ flatten_9: Flatten

output: (2.72)

input: | (2.72)

dense_16: Dense

output: | (2. 128)

input: | (2. 128)

dropout_8: Dropout

output: | (2. 128)

input: | (2. 128)

dense_17: Dense

output: | (2.2)

Figure C.1: The architecture of the single-input model for the dataset containing the large ROIs. The
input size of this model for the MR volume is 200 x 200 x 30
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input: | [(2. 30. 184, 186, 1)]

input_9: InputLayer
- . 30. 184, 186. 1)]

)

output: | [(

)

input: | (2. 30, 184. 186. 1)
output: | (?.30. 184, 186. 4)

)

input: | (2, 30, 184. 186. 4)
output: | (2. 30. 184, 186. 4)

}

max_pooling3d_32: MaxPooling3D

)

input: (2.15.92.93. 4)
output: | (2, 15.92. 93. 32)

)

input: | (2. 15,92, 93, 32)
output: [ (2. 15.92,93. 32)

}

max_pooling3d_33: MaxPooling3D

)

input: (2. 8.46.47. 32)
output: | (2. 8. 46. 47. 128)

)

input: | (2. 8. 46. 47. 128)
output: [ (?. 8. 46. 47. 128)

)

input: | (2. 8. 46, 47. 128)
output: [ (?. 8. 46. 47. 128)

}

max_pooling3d_34: MaxPooling3D

)

input: | (2. 4. 11. 11, 128)
output: | (2,4, 11.11. 8)

)

input: | (2,4, 11. 11, 8)
output: | (2, 4. 11, 11, 8)

!

input: | (2.4, 11, 11. 8)
output: | (2.4, 11. 11, 8)

}

max_pooling3d_35: MaxPooling3D

\

input:

conv3d_80: Conv3D

conv3d_81: Conv3D

input: | (2. 30, 184. 186. 4)
output: | (2,15.92,93.4)

conv3d_82: Conv3D

conv3d_83: Conv3D

input: | (2. 15, 92, 93, 32)
output: | (2. 8. 46. 47, 32)

conv3d_84: Conv3D

conv3d_85: Conv3D

conv3d_86: Conv3D

input: | (2, 8. 46, 47. 128)
output: | (2,4, 11,11, 128)

conv3d_87: Conv3D

conv3d_88: Conv3D

conv3d_89: Conv3D

input: | (2.4. 11. 11.8)

output: [ (2.1,3.3.8)

flatten_8: Flatten

output:

input: (2.72)

dense_14: Dense
output: | (2. 384)

input: | (7, 384)
output: | (2. 384)

dropout_7: Dropout

input: | (2. 384)
dense_15: Dense

output: (2.2)

Figure C.2: The architecture of the single-input model for the dataset containing the small ROIs. The
input size of this model for the MR volume is 184 x 186 x 30
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. input: | [(?. 30. 200. 200. 1)] . input: | [(2. 30, 200. 200, 1)]
input_6: InputLayer input_7: InputLayer
output: | [(2. 30. 200. 200. 1)] output: | [(2. 30, 200. 200, 1)]
input: | (2. 30, 200, 200, 1) input: | (2, 30, 200, 200, 1)
conv3d_50: Conv3D conv3d_60: Conv3D
- output: | (2. 30. 200, 200. 8) - output: | (2. 30. 200, 200. 8)
input: | (2. 30. 200. 200. 8) input: | (2. 30, 200. 200, 8)
conv3d_51: Conv3D conv3d_61: Conv3D
- output: | (2. 30. 200. 200. 8) - output: | (2. 30. 200, 200. 8)
) . input: | (2. 30, 200. 200. 8) . . input: | (2. 30, 200, 200, 8)
max_pooling3d_20: MaxPooling3D — max_pooling3d_24: MaxPooling3D
output: | (2. 15. 100. 100. 8) output: | (2. 15. 100. 100. 8)
input: (2. 15. 100. 100, 8) input: (2. 15, 100. 100, 8)
conv3d_52: Conv3D conv3d_62: Conv3D
- output: | (2. 15. 100, 100, 32) - output: | (2. 15, 100, 100. 32)

| |

input: | (2. 15. 100, 100. 32) input: | (2. 15, 100, 100, 32)
conv3d_53: Conv3D conv3d_63: Conv3D
- output: | (2. 15. 100. 100. 32) - output: | (2. 15. 100. 100, 32)
X ) input: | (2. 15. 100, 100. 32) . . input: [ (2. 15, 100, 100, 32)
max_pooling3d_21: MaxPooling3D max_pooling3d_25: MaxPooling3D
output: (2. 8. 50. 50. 32) output: | (2. 8.50. 50. 32)
input: | (2. 8. 50. 50. 32) input: | (2, 8. 50, 50, 32)
conv3d_54: Conv3D conv3d_64: Conv3D
- output: | (2. 8. 50. 50. 16) - output: | (2, 8, 50. 50, 16)
- input: | (2. 8. 50. 50. 16) input: | (2. 8. 50, 50. 16)
conv3d_55: Conv3D conv3d_65: Conv3D
- output: | (?, 8. 50. 50, 16) - output: | (2, 8, 50, 50. 16)
input: | (2. 8. 50. 50. 16) input: | (2. 8. 50. 50. 16)
conv3d_56: Conv3D conv3d_66: Conv3iD
- output: | (2. 8. 50. 50. 16) - output: | (2. 8. 50, 50. 16)
. ) input: | (2. 8. 50. 50. 16) . . input: | (2. 8. 50. 50, 16)
max_pooling3d_22: MaxPooling3D max_pooling3d_26: MaxPooling3D
output: | (2. 4.12. 12. 16) output: | (2. 4. 12, 12, 16)
input: | (2. 4. 12. 12, 16) input: | (2. 4. 12. 12, 16)
conv3d_57: Conv3D conv3d_67: Conv3D
- output: | (2. 4. 12, 12, 64) - output: | (2, 4. 12, 12, 64)
input: | (2. 4. 12. 12, 64) input: | (2. 4. 12. 12. 64)
conv3d_58: Conv3D conv3d_68: Conv3D
- output: | (2. 4. 12, 12. 64) - output: | (2, 4. 12, 12. 64)
input: | (2. 4. 12. 12, 64) input: | (2. 4. 12. 12. 64)
conv3d_59: Conv3D conv3d_69: Conv3iD
- output: | (2. 4. 12, 12, 64) - output: | (7, 4. 12, 12, 64)
. . input: | (2. 4. 12. 12. 64) . . input: | (2. 4,12, 12, 64)
max_pooling3d_23: MaxPooling3D max_pooling3d_27: MaxPooling3D
output: | (2. 1.3.3.64) output: | (2. 1.3.3.64)
input: | (2. 1.3.3.64) input: | (2. 1. 3. 3. 64)
flatten_5: Flatten P flatten_6: Flatten P -2
output: (2. 576) - output: (2. 576)

input: | [(2. 576). (2. 576)]
output: (2. 1152)

)

input: | (2. 1152)

dense_11: Dense

output: (2.2)

Figure C.3: The architecture of the double input model for the dataset containing the large ROIs. The
input size of this model for the MR volumes are 200 x 200 x 30
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X input: [ [(?. 30. 184. 186. 1)] X input: | [(?. 30, 184, 186, 1)]
input_12: InputLayer input_13: InputLayer

output: | [(?. 30. 184, 186. 1)] output: | [(?. 30. 184, 186. 1)]
input: (2,30, 184. 186. 1) input: (2,30, 184, 186, 1)
conv3d_110: Conv3D conv3d_120: Conv3D
- output: | (2. 30. 184. 186. 16) - output: | (2. 30. 184, 186, 16)
input: | (2. 30. 184. 186. 16) input: | (2, 30, 184. 186, 16)
conv3d_111: Conv3D conv3d_121: Conv3D
- output: | (2. 30. 184, 186. 16) - output: | (2. 30. 184, 186, 16)
input: | (2. 30, 184, 186, 16) input: | (2, 30, 184, 186. 16)
max_pooling3d_44: MaxPooling3D max_pooling3d_48: MaxPooling3D
output: [ (2. 15.92.93.16) output: | (2. 15,92, 93. 16)
input: | (2. 15.92. 93. 16) input: | (2. 15.92. 93. 16)
conv3d_112: Conv3D conv3d_122: Conv3D
- output: | (2. 15,92.93.8) - output: [ (2, 15.92.93.8)
input: | (2, 15,92.93. 8) input: | (2, 15,92, 93. 8)
conv3d_113: Conv3D conv3d_123: Conv3iD
- output: | (2. 15.92. 93. 8) - output: | (2. 15.92.93. 8)
. . input: | (2. 15,92, 93. 8) . ) input: | (2. 15,92, 93. 8)
max_pooling3d_45: MaxPooling3D max_pooling3d_49: MaxPooling3D
output: | (2. 8. 46, 47.8) output: | (2. 8. 46, 47. 8)
input: (2. 8.46.47. 8) input: (2. 8.46.47. 8)
conv3d_114: Conv3iD conv3d_124: Conv3D
- output: | (2. 8. 46. 47. 32) - output: | (2, 8, 46, 47, 32)
input: | (7. 8. 46. 47. 32) input: | (2. 8, 46. 47, 32)
conv3d_115: Conv3D conv3d_125: Conv3D

output: | (2. 8. 46. 47. 32 output: | (2. 8. 46, 47, 32)

' l

input: | (2. 8. 46. 47. input: | (2. 8, 46, 47, 32)
conv3d_116: Conv3D conv3d_126: Conv3D
- output: | (2. 8. 46, 47. 32 - output: | (2, 8, 46, 47, 32)

I I

input: | (2. 8. 46. 47. 32
output: | (2.4, 11. 11,32

\ l

[
&)

input: | (2. 8, 46, 47, 32)
output: | (2. 4. 11. 11,32

max_pooling3d_46: MaxPooling3D

max_pooling3d_50: MaxPooling3D

input: | (2. 4. 11, 11.32) input: | (2,4, 11. 11, 32)
conv3d_117: Conv3D conv3d_127: Conv3D
- output: | (2. 4. 11, 11.8) - output: | (2.4, 11, 11.8)
input: | (2.4, 11. 11, 8) input: | (2. 4. 11. 11. 8)
conv3d_118: Conv3D conv3d_128: Conv3D
- output: | (2.4, 11. 11, 8) - output: | (2.4, 11. 11, 8)
input: | (2.4.11.11.8) input: | (2.4, 11. 11, 8)
conv3d_119: Conv3D conv3d_129: Conv3D
- output: | (2,4, 11. 11, 8) - output: | (2. 4. 11. 11, 8)
. . input: | (2. 4.11.11.8) . . input: | (2. 4. 11. 11. 8)
max_pooling3d_47: MaxPooling3D max_pooling3d_51: MaxPooling3D
output: (2.1.3.3.8) output: (2,1.3.3.8)
input: | (2. 1.3.3.8) input: | (2, 1.3.3.8)
flatten_11: Flatten i flatten_12: Flatten i
- output: (2. 72) - output: (2. 72)
input: | [(?. 72). (2. 72)]
[ 1: Conca
- output: (2. 144)

input: | (2. 144)

dense_21: Dense
- output: (2.2)

Figure C.4: The architecture of the double input model for the dataset containing the small ROIs. The
input size of this model for the MR volumes are 184 x 186 x 30
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input: | [(2. 30. 184. 186. 1)]
(2. 30, 184. 186, 1)]

image_input: InputLayer

output:

)

input: (2.30. 184. 186. 1)
output: | (2. 30. 184. 186. 32)

!

input: | (2. 30, 184, 186. 32)
conv3d_171: Conv3D
- output: | (2. 30. 184, 186. 32)

)

max_pooling3d_68: MaxPooling3D

)

input: | (2. 15,92, 93. 32)

conv3d_170: Conv3D

input: | (2. 30. 184, 186. 32)
output: | (2. 15.92.93.32)

conv3d_172: Conv3iD

output: | (2. 15, 92. 93. 128)

input: | (2. 15. 92, 93. 128)

output: | (2. 15.92. 93. 128)

!

max_pooling3d_69: MaxPooling3D

!

input: | (2. 8. 46, 47. 128)
2.8.46.47. 64)

conv3d_173: Conv3D

input: | (2. 15,92, 93. 128)
output: | (2. 8. 46. 47, 128)

conv3d_174: Conv3D
output:

'

input: | (2. 8. 46. 47. 64)
output: | (2. 8. 46, 47. 64)

)

input: | (2. 8. 46. 47. 64)
output: | (2. 8. 46, 47. 64)

!

max_pooling3d_70: MaxPooling3D

)

input: | (2.4, 11. 11, 64)
output: | (2,4, 11,11, 32)

!

input:

conv3d_175: Conv3D

conv3d_176: Conv3D

input: | (2. 8. 46. 47. 64)
output: | (2. 4. 11. 11, 64)

conv3d_177: Conv3D

conv3d_178: Conv3D
output:

!

input: | (2,4, 11. 11, 32)
output: | (2.4, 11,11, 32)

!

max_pooling3d_71: MaxPooling3D

!

conv3d_179: Conv3D

input: | (2. 4. 11. 11.32)

output: | (2. 1.3.3.32)

input: | (2. 1.3.3.32) . input: | [(2.3)]
flatten_17: Flatten mol_subtype_input: InputLayer
- output: (2. 288) - - output: | [(2.3)]

input: | [(2.288). (2. 3)]
output: (2.291)

I Cc

input: | (2.291)

dense_27: Dense

output: (2.2)

Figure C.5: The architecture of the single-input model for the dataset containing the small ROIs with
extra input for the molecular subtype. The input size of this model for the MR volume is 184 x 186 x 30
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X input: | [(?. 30. 184, 186. 1)] . input: | [(2. 30. 184. 186. 1)]
input_16: InputLayer input_17: InputLayer
output: | [(2. 30. 184, 186. 1)] output: | [(2. 30, 184. 186. 1)]
input: (2.30. 184, 186. 1) input: (2. 30, 184, 186. 1)
conv3d_150: Conv3D conv3d_160: Conv3D
- output: | (2. 30, 184, 186, 32) - output: | (2. 30. 184. 186, 32)
input: | (2. 30. 184. 186. 32) input: | (2. 30, 184, 186. 32)
conv3d_151: Conv3D conv3d_161: Conv3D
- output: | (2. 30. 184, 186. 32) - output: | (2. 30. 184, 186. 32)
] ) input: | (2. 30, 184, 186, 32) ] ] input: | (2. 30. 184, 186, 32)
max_pooling3d_60: MaxPooling3D max_pooling3d_64: MaxPooling3D —
output: | (2. 15.92.93.32) output: | (2. 15,92, 93, 32)

' I

input: | (2. 15.92.93. 32) input: | (2. 15,92, 93, 32)
conv3d_152: Conv3D conv3d_162: Conv3D
- output: | (2. 15, 92, 93. 64) . output: [ (2. 15.92. 93. 64)
input: ? . 93. 64) input: | (2. 15,92, 93, 64)
conv3d_153: Conv3D conv3d_163: Conv3D
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Figure C.6: The architecture of the double-input model for the dataset containing the small ROIs with
extra input for the molecular subtype. The input size of this model for the MR volume is 184 x 186 x 30
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C.2 10-fold cross validation
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Figure C.7: The ROC for each fold of the 10-fold cross validation and the resulting mean ROC for the
double input CNN (Large ROI). The mean AUC and corresponding standard deviation is 0.68 + 0.05
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Figure C.8: The ROC for each fold of the 10-fold cross validation and the resulting mean ROC for the
single-input CNN (small ROI). The mean AUC and corresponding standard deviation is 0.75 + 0.06
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Figure C.9: The ROC for each fold of the 10-fold cross validation and the resulting mean ROC for the
single-input CNN (small ROI). The mean AUC and corresponding standard deviation is 0.74 + 0.09
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Figure C.10: The ROC for each fold of the 10-fold cross validation and the resulting mean ROC for the
double input CNN (small ROI). The mean AUC and corresponding standard deviation is 0.69 + 0.08
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Figure C.11: The ROC for each fold of the 10-fold cross validation and the resulting mean ROC for the
single-input CNN (small ROI) with the molecular subtype as extra input. The mean AUC and corres-
ponding standard deviation is 0.72 + 0.08
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Figure C.12: The ROC for each fold of the 10-fold cross validation and the resulting mean ROC for the
double input CNN (small ROI) with the molecular subtype as extra input. The mean AUC and corres-
ponding standard deviation is 0.74 + 0.08
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