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Abstract
We present a radiomics model to discriminate between patients at low risk and those at high risk of

treatment failure at long-term follow-up based on eigentumors: principal components computed from
volumes encompassing tumors in washin and washout images of pre-treatment dynamic contrast-
enhanced (DCE-) MR images. Eigentumors were computed from the images of 563 patients from the
MARGINS study. Subsequently, a least absolute shrinkage selection operator (LASSO) selected
candidates from the components that contained 90% of the variance of the data. The model for
prediction of survival after treatment (median follow-up time 86 months) was based on logistic
regression. Receiver operating characteristic (ROC) analysis was applied and area-under-the-curve
(AUC) values were computed as measures of training and cross-validated performances. The
discriminating potential of the model was confirmed using Kaplan-Meier survival curves and log-rank
tests.

From the 322 principal components that explained 90% of the variance of the data, the
LASSO selected 28 components. The ROC curves of the model yielded AUC values of 0.88, 0.77 and
0.73, for the training, leave-one-out cross-validated and bootstrapped performances, respectively. The
bootstrapped Kaplan-Meier survival curves confirmed significant separation for all tumors
(P <0.0001). Survival analysis on immunohistochemical subgroups shows significant separation for
the estrogen-receptor (ER) subtype tumors (P < 0.0001) and the triple-negative (TN) subtype tumors
(P=0.0039), but not for tumors of the HER2 subtype (P=0.41). The results of this retrospective study
show the potential of early-stage pre-treatment eigentumors for use in prediction of treatment failure

of breast cancer.



Introduction
Breast cancer is recognized as a highly heterogeneous disease, for which it is desirable to distinguish

between more indolent cancer types and those that lead to poor patient survival. Characterization of
breast-cancer type based on imaging may enable more effective treatment tailored to individual
patients, thus reducing both undertreatment and overtreatment. Concern of overtreatment — treatment
without survival benefit — exists especially in patients with early breast cancer eligible for breast-
conserving surgery, where the question arises whether chemotherapy that may lead to adverse side
effects should be given.

Currently, long-term survival still cannot be predicted well on individual patient basis. Tissue
markers such as histologic tumor grade, mitotic activity index (MAI), and lymph node status are
typically used to establish prognosis of the patient. In addition, three different breast cancer subtypes
have been recognized based on the status of the cancer’s hormone receptors, resulting in markedly
different patient prognosis (Chen et al., 2010, Cianfrocca and Goldstein, 2004, de Mascarel et al., 2015,
Serlie et al., 2001). However, tissue markers may be prone to intra-tumoral heterogeneity if the tissue
is sampled by core needle biopsy (Schmitz et al., 2014, Focke et al., 2016, Richter-Ehrenstein et al.,
2009).

Imaging takes the entire in-situ tumor into consideration. Since visual assessment of MR
images by human readers may suffer from inter-observer variability due to the subjective nature of
image interpretation (de Camargo Moraes et al., 2010, Stoutjesdijk et al., 2005, Wedegartner et al.,
2001), automated computerized image analysis may be preferable.

There have been studies investigating associations between imaging features and pathological
complete response (pCR) to neoadjuvant chemotherapy as surrogate endpoint for survival. However,
multiple studies have indicated that pCR is not always an accurate surrogate endpoint for survival
(Hamy-Petit et al., 2016, Pennisi et al., 2016, von Minckwitz and Fontanella, 2015). Furthermore,
neoadjuvant chemotherapy is typically given to patients with locally-advanced breast cancer; hence,
imaging findings may not be directly comparable to those in an early-stage breast cancer population.
In addition, reported associations between MR imaging and breast cancer patient outcome typically

involve relatively small subgroups from heterogeneous or not clearly described populations.



In an approach to find relevant imaging features, we apply principal component analysis (PCA)
to the full spatial domain in and around the tumor during contrast uptake to yield components that
capture both the shape and enhancement characteristics. We call these eigenvectors of tumor images
“eigentumors”, analogous to eigenfaces used for facial recognition (Turk and Pentland, 1991), and
hypothesize that a set of these eigentumors is correlated with long-term survival of the patient. To
determine which eigentumors are relevant, we train directly on survival as endpoint. To the best of our
knowledge, this approach has not been investigated for the analysis of breast tumors, neither for
classification nor for prognostication.

This study has two aims: first, to identify a set of eigentumors in DCE-MRI using a large
series of consecutively included patients with early breast cancer eligible for breast conserving therapy.
The second aim is to construct a model to automatically discriminate between patients at low risk and
those at high risk of treatment failure based on the identified eigentumors, and to assess the model’s

performance.

Methods

Patient cohort and follow-up

Our retrospective study is based on data from the MARGINS study (Multi-modality Analysis and
Radiological Guidance IN breast conServing therapy) which was performed at the Netherlands Cancer
Institute from 2000 to 2008. The patient population consisted of consecutively included women with
pathology-proven early-stage breast cancer on pre-operative assessment, who were eligible for breast-
conserving therapy. The patients were treated according to the Dutch national guidelines
(www.oncoline.nl). Survival analysis was performed for overall survival (OS) using the definition that

events include both deaths from cancer and from unknown causes (Hudis et al., 2007).

Pathology factors and imaging features

The patients’ tumors were identified on the MR images, and for patients presenting multiple tumors,
the largest lesion was used. The tumors were divided into three immunohistochemical (IHC) subtypes
based on status of the estrogen receptor (ER), progesteron receptor (PR) and human epidermal growth

factor receptor 2 (HER2). Tumors that are negative for all three receptors are of the triple-negative
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(TN) subtype. Tumors that are ER-positive and HER2-negative belong to the ER-subtype, and HER2-
subtype tumors are HER2-positive and ER-negative. ER and PR-status were determined on
immunohistochemistry using hematoxylin and eosin stained microscopic sections, where a threshold
of staining was used for the division of cases in negative (<10% staining) and positive (>10% staining).
HER2-amplification was scored as 0, 1+, 2+ or 3+. Cases with scores 0 and 1+ were classified as
HER2-negative, and cases with score 3+ as HER2-positive. For cases with a 2+ score, fluorescent in-
situ hybridization was used to determine the HER2-status.

The number of positive lymph nodes were determined by sentinel node biopsy, and combined
with axillary lymph node dissection where available. The cases were grouped into three categories: no
(0), one to three (1-3), or four or more (>4) positive lymph nodes. Histologic tumor grade was
assessed with the modified Bloom-Richardson guidelines where morphology of the tubule and gland
formation, nuclear pleomorphism and mitotic count are taken into account (Rakha et al., 2008).

Tumor-segmentation masks were obtained previously for the MARGINS data using the semi-
automatic method of Alderliesten et al. (Alderliesten et al., 2007). Using these segmentations, four
imaging features evaluating the tumor shape and tumor enhancement were computed: the circularity,
the irregularity, the uptake speed and the washout, as described previously by Gilhuijs et al. (Gilhuijs
et al., 2002, Gilhuijs et al., 1998). The fraction of tumor voxels in the original (non-scaled) region of
interest was also calculated, where the fraction was defined as number of tumor voxels divided by the
total number of voxels in the region of interest.

Significance of variation between subtypes was tested by Kruskal-Wallis and Fisher exact
tests using version 0.17.0 of the SciPy module (Jones et al., 2001) in Python version 2.7.11 (Python

Software Foundation, Beaverton, USA). P-values lower than 0.05 were considered significant.

Magnetic resonance imaging

The acquisition of breast DCE-MR images adhered to the guidelines for breast DCE-MR imaging by
the European Society of Breast Imaging published in 2008 (Mann et al., 2008). The DCE-MR images
were coronal fast low-angle shot three-dimensional T1-weighted images, acquired by a 1.5 T imaging

unit (Magnetom; Siemens, Erlangen, Germany) with a dedicated double breast array coil (CP Breast



array, four channels; Siemens). A bolus of gadolinium-based contrast agent (Prohance; Bracco-Byk
Gulden, Konstanz, Germany) was administered at 3 ml/s using a power injector. Five series of images
were acquired: one unenhanced series before and four enhanced series after administration of contrast.
The acquisition time per volume was 90 s. The repetition time was 8.1 ms and the echo time was 4.0
ms. A flip angle of 20° was used. The voxel size was 1.35 mm x 1.35 mm x 1.35 mm, and field of

view was 310 mm.

Construction of the predictive model

The steps for arriving at a model predictive of survival can be summarized as follows: first, the washin
and washout images are computed (Figure 1). From the tumor areas, feature vectors are extracted
(Figure 2). These feature vectors are used in training a model that predicts the probability of survival
for a patient (Figure 3), a process which includes computing the principal components of the data and
applying the least absolute shrinkage selection operator (LASSO) (Tibshirani, 1996). The following
paragraphs will provide further details about our method. For the construction of the model, version
0.17.1 of the scikit-learn module (Pedregosa et al., 2011) in Python version 2.7.11 (Python Software
Foundation, Beaverton, USA) was used.

Washin and washout images lyashin and lyashour (Figure 1) were computed from the dynamic
contrast series for each case using the following formulas

Iearly(k) - Ipre (k)
Ipre (%)

Iearly (k) - liate(k)

-100% and Lyashout (k) = Tearty(K)

Iwashin(k) = -100%,

where the post-contrast images were registered to the pre-contrast image using a fully automated
deformable registration (Dmitriev et al., 2013). Here, k denotes the index of a voxel in the image, I, is
the voxel intensity in the pre-contrast image, leany IS the voxel intensity in the first post-contrast image,

and Iy is the voxel intensity in the last post-contrast image.
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Figure 1. Example of an invasive ductal carcinoma of 23 mm in a 47-year-old female patient: (a) and (b)
show a coronal T1-weighted slice through the entire breast area for the washin and washout images
respectively, (c) shows boxplots of the intensity ratio 1/l, for the different time points of the image series,
where I; and lyare the voxel intensities for the i and the pre-contrast time points respectively. The voxels
included for this graph are those in the tumor region of interest with initial enhancement larger than 50%,
and the boxplots show the mean value, the interquartile range and the 95% confidence interval.



For the current study, masks of the tumor were available — semi-automatically determined
(Alderliesten et al., 2007) and confirmed by a breast MR radiologist (C.L., with more than 10 years of
experience) — to indicate the location and size of the tumor. Using these masks, a box-shaped region of
interest (ROI) was established around each tumor in three orthogonal directions, encompassing the
entire tumor with a margin of at least one voxel. The same ROI was extracted from the washin and
washout images, each rescaled to a uniform size using trilinear interpolation. The rescaled ROI size
was chosen to be 16x16x16 voxels so that the average scaling factor of the tumor volumes was 1. The
washin and washout intensity values of the tumor volumes were concatenated to form the tumor’s

feature vector (Figure 2).
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Figure 2. Schematic showing the extraction of the feature vector from a single tumor’s region of interest
(ROI). Ny, Ny, and N, are the sizes of the original (non-standardized) washin and washout ROIs in the x-,
y-, and z-direction, respectively. The ROIs are scaled to a standard volume of 16x16x16 voxels. The
intensity values of the voxels in the ROIs are used to construct washin and washout intensity vectors of
length 4096, and concatenating these vectors results in a tumor feature vector of length 8192.

The tumor features were used for training a model predicting treatment failure (Figure 3). The
principal components — our “eigentumors” — were calculated and the projections of the feature vectors
along these components were determined (i.e., the eigenvalues). Only the eigentumors that explained
90% of the total data variance were considered as candidate predictors for overall survival (“yes” or

“no”) at a median of 86 months by the LASSO. The regularization parameter of LASSO was set to



reduce the number of components, with a maximal reduction of 95%. The remaining components were

subsequently fitted to predict overall survival using logistic regression.
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Figure 3. The steps for constructing the prediction model from the tumor feature vectors. From the
feature vectors, the eigentumors are computed. The original features are projected along these
eigentumors to obtain transformed features. A least absolute shrinkage selection operator (LASSO) is
used to select relevant eigentumors which explain 90% of the data’s variance. The selected eigentumors
are used to train a model which outputs the probability of survival.

Internal validation of the predictive model

Receiver operating characteristic (ROC) curves were used to assess the performance of the model. The
area under the curve (AUC) was computed for the training analysis (i.e., training and testing on the
same data set), as well as for bootstrapping and leave-one-out cross-validation (LOOCV).
Bootstrapping was performed with 1000 bootstrap cycles with bootstrap sample size equal to the

number of cases in the dataset. To gauge the probability of overfitting with the chosen regularization
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parameter for the LASSO, the regularization parameter was varied over a wider range of values and
the corresponding AUCs were computed.

The performance of the model was further confirmed with Kaplan-Meier survival curves,
which were computed as follows. Each bootstrap cycle yields predicted event probabilities for the test
cases of that cycle. The test cases over all bootstrap cycles were randomly partitioned into subsets, so
that none of the sets contained more than one prediction instance per case. The cases in each subset
were then divided into a high risk group and a low risk groups based on their predicted probability
value, using a threshold of 0.5. With the survival events and censoring times for the dataset, Kaplan-
Meier survival curves were determined and a log-rank test for significance was applied to each subset.
Finally, the median values of the resulting y-values and corresponding P-values were computed over
all subsets. The median survival curve and 95% confidence interval were also plotted per prediction
group. This survival analysis was performed for all cases and for subgroups based on tumor subtype,
and, additionally, OS hazard ratios were computed. R version 3.3.0 (R Foundation for Statistical
Computing, Vienna, Austria) was used for the Kaplan-Meier survival statistics and Cox regression.

We investigated whether treatment differed significantly between patients considered to be at
low risk versus those considered to be at high risk according to the prediction model. For this purpose,
the patient cases were stratified in four groups (no treatment, chemotherapy, hormone therapy or both).
Chi-squared testing between low- and high-risk groups was used to assess differences in assigned
therapy.

The effect of noise on the model performance was also investigated. We simulated noisy
images by adding Gaussian noise to the washin and washout images. The added noise had a mean
value of 0, a variance of ¢, and several values of ¢ were chosen. The predictive model trained on
original washin and washout images was then evaluated on the images with noise added. The area-

under-the-curve values were computed and compared for the different noise levels.
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Results

Patient cohort

A total of 563 patients were included. The patient age at diagnosis ranged from 26 to 84 years, with

median of 57.3 years. Age at diagnosis, follow-up time and number of overall survival events showed

no significant difference between immunohistochemical subtypes. The variables that differed

significantly between the IHC groups, with P < 0.0001, were largest tumor diameter, histologic tumor

grade, circularity, irregularity, washin, and treatment received (Table 1). For ten cases, the IHC

subtype could not be determined due to missing expressions for the hormone receptors.

Table 1. Characteristics of the patient cohort. Values between parentheses are percentages, values

between square brackets indicate ranges.

All ER-positive, | HER2- Triple- Not known P-value
(n=563) HER2- positive, ER- negative (n=10)
negative negative (n=72)
(n=408) (n=73)
Median age at 57.3 57.5 56.8 55.2 54.0 0.0946
diagnosis (years) [26 — 84] [26 — 84] [29 - 69] [27 - 77] [40 - 63]
Median largest tumor 19 17 20 23 36 <0.0001
diameter (mm) [5-90] [5-90] [8—-73] [5-60] [9-39]
Median circularity 0.78[0.31- | 0.78[0.31— | 0.76[0.45- 0.79[0.33 | 0.60[0.44 <0.0001
0.99] 0.99] 0.91] —0.90] —0.86]
Median irregularity 042[0.25- | 0.41[0.25- | 0.45[0.32 - 0.4710.31 | 0.59[0.35 <0.0001
0.75] 0.75] 0.75] —-0.74] -0.70]
Tumor voxel fraction 0.22[0.07- | 0.22[0.07- | 0.21[0.10- | 0.22[0.14 | 0.18[0.13 0.0042
0.35] 0.35] 0.31] —0.33] —0.21]
Median uptake speed 1.62[0.00- | 1.57[0.00 — 1.71[0.79 - 1.72[0.42 | 1.22[0.58 0.0022
4.41] 3.28] 4.41] —3.94] —2.00]
Median washout 0.15[-0.27- | 0.15[-0.27- | 0.17[-0.17- | 0.18[-0.27 | 0.05[-0.09 0.0137
0.42] 0.37] 0.42] —0.39] —0.24]
Median time to follow 86 85 57 86 78.5 0.4725
up (months) [3-150] [5—148] [38 — 148] [3-150] [53 - 119]
Overall survival 0.1023
Event occurred 53 (9.4) 36 (8.8) 5 (6.8) 12 (16.7) 0 (0.0)
Censored 510 (90.6) 372 (91.2) 68 (93.2) 60 (83.3) | 10 (100.0)
Histologic grade <0.0001
Grade 1 177 (31.4) | 168 (41.2) 3 (4.1) 5 (6.9) 1 (10.0)
Grade 2 233 (41.4) 185 (45.3) 31 (42.5) 10 (13.9) 7 (70.0)
Grade 3 142 (25.2) 47 (11.5) 38 (52.0) 55 (76.4) 2 (20.0)
Missing 11 (2.0) 8 (2.0) 1 (1.4) 2 (2.8) 0 (0.0)
Number of positive 0.0071
lymph nodes
No positive lymph 370 (65.7) 275 (67.6) 36 (49.3) 51 (70.9) 8 (80.0)
nodes
1-3 positive lymph 152 (27.0) 108 (26.5) 29 (39.7) 15 (20.8) 0 (0.0)
nodes
Four or more positive 35 (6.2) 23 (5.7) 6 (8.2) 6 (8.3) 0 (0.0
lymph nodes
Missing 5 (1.1) 1 (0.2) 2 (2.8) 0 (0.0) 2 (20.0)
Chemotherapy <0.001
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Yes 167 (29.6) 88 (21.6) 38 (52.0) 41 (56.9) 0 (0.0

No 395 (70.2) 320 (78.4) 34 (46.6) 31 (43.1) | 10 (100.0)

Missing 1 (0.02) 0 (0.0) 1(1.4) 0 (0.0 0 (0.0

Radiotherapy <0.001
Yes 478 (84.9) 357 (87.5) 55 (75.3) 61 (84.7) 5 (50.0)

No 84 (14.9) 51 (12.5) 17 (23.3) 11 (15.3) 5 (50.0)

Missing 1 (0.2) 0 (0.0) 1 (14 0 (0.0 0 (0.0

Hormone therapy <0.001
Yes 215 (38.2) 179 (43.9) 35 (47.9) 1 (1.4) 0 (0.0)

No 347 (61.6) 229 (56.1) 37 (50.7) 71 (98.6) | 10 (100.0)

Missing 1 (0.2) 0 (0.0 1(1.4) 0 (0.0 0 (0.0

Construction of the predictive model

Ninety percent of the variance of the data was explained by the first 322 principal components. The
LASSO with regularization parameter 3.5 selected 28 of these components. The first eigentumor
shows a fairly uniform enhancement pattern, possibly resembling an average of all tumors (Figure
4(a)). Other eigentumors capture different enhancement patterns, for instance gradients in various

directions (Figure 4(c), Figure 4(e) and Figure 4(f)), or differences in enhancement at the center

compared to the periphery (Figure 4(d)).

a)

b)

c)
d)
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f)

Figure 4. Two-dimensional representations of the (a) first, (b) second*, (c) sixth*, (d) seventh*, (e)
nineth* and (f) twelfth* eigentumors. The eigentumors are shown as slices in the axial plane for the
washin intensities (top rows) and the washout intensities (bottom rows). Components marked with an
asterisk (*) were among the selected candidate predictors.

Internal validation of the predictive model

The training, leave-one-out and bootstrapped AUCs were 0.88, 0.77 and 0.73 respectively (Figure 5).
For the range of regularization parameter values, the leave-one-out performance values were

consistently higher than the bootstrapped values (Figure 6).
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Figure 5. Receiver operating characteristic curve for overall survival at a median of 86 months. The dash-
dotted curve denotes the training performance, and the dotted and solid curves denote the leave-one-out
cross-validated (LOOCYV) and bootstrapped performances respectively.
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Figure 6. The number of selected components (black curve, values on left vertical axis) and areas under
the receiver operating characteristic curve as measure of performance (gray curves, values on right
vertical axis) plotted against the LASSO regularization parameter (horizontal axis).

Log-rank test analysis showed significant separation between the low risk and high risk patient
groups when all subtypes were included: the entire range of P-values over the bootstrap cycles was
well below the threshold for significance of 0.05, with median P < 0.0001 (Figure 7(a)). The high-risk
group was associated with worse overall survival: the OS hazard ratio (HR) was 4.31 [2.50-7.42]. The
survival analysis with subtype taken into account showed that the ER subtype, which accounted for 70%
of all cases, has similar results (OS HR=4.46 [2.30 — 8.70]) (Figure 7(b)). The median P-values of the
log-rank test were P=0.0039 for the TN-subtype, and P=0.41 for the HER2-subtype (Figure 7(c),
Figure 7(d)). For comparison, when stratifying all cases by immunohistochemical subtype, no

significant separation (P=0.077) between the survival curves is found (Figure 8).
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Figure 7. Bootstrapped Kaplan-Meier curve stratified by probability of overall survival event (low risk
versus high risk according to the eigentumor model), where the grey areas indicate the 95% confidence
intervals: (a) for tumors of all subtypes (median: y=32.89, P < 0.0001), (b) for estrogen-receptor subtype
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(ER-positive, HER2-negative) tumors (median: y=23.78, P < 0.0001), (c) for triple-negative tumors
(median: y=8.30, P < 0.0039) and (d) for HER2-subtype (HER2-positive) tumors (median: y=0.69, P=0.41).
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Figure 8. Kaplan-Meier survival curve for all tumors grouped by immunohistochemical subtype: ER (ER-
positive, HER2-negative), HER2 (HER2-positive) and TN (triple-negative) subtype (y=6.836, P=0.077).

We found no significant difference in received therapy (chemo, hormone, both, or none) of
patients considered to be at low risk according to the model and those considered to be at high-risk
(P=0.68). This suggests that the model has not been influenced by the therapy given, and that it may
have complimentary value to existing prognostic and predictive markers for treatment selection.

As expected, the addition of Gaussian noise with increasing values of ¢ to the rescaled washin
and washout images resulted in ROl images in which the tumor becomes increasingly
obscured (Figure 9). Performance evaluation on the noisy images shows that the area-under-the-curve
values decrease as the amount of noise is increased, but remain significantly above chance

performance, with a lowest AUC-value of 0.77 for the range under investigation (Figure 10).
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Figure 9. Examples of rescaled washin (a) and washout (b) images with varying levels of noise added. The
first ROl image shows the original washin or washout image (6=0), and the three images on the right show
added noise images for =50, =100 and 6=150 respectively.
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Figure 10. Receiver operating characteristic curves for model evaluation on the simulated images with
increasing noise levels.
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Discussion
In this study we developed a fully automated method — eigentumor analysis — to predict treatment

failure in patients with early breast cancer from a single pre-treatment MRI scan. The method does not
rely on pre-defined engineered features and does not require lesion segmentation. In a dataset of 563
consecutively included patients, the eigentumors were found to stratify patient survival after 140
months significantly with a hazard ratio of 4.31 [2.50-7.42].

The selection of appropriate breast cancer treatment is particularly important for patients
diagnosed with cancer at an early stage. It would therefore be useful to be able to predict the
probability of survival or treatment failure. With increasing number of pattern recognition tools and
increasing size of medical image datasets, the extraction of quantitative image features and the
analysis of these data for decision support — a research field called radiomics — has become a more
frequent research practice (Gillies et al., 2016). For instance, Li et al. report that computer-extracted
image phenotypes (CEIPs) show promise for assessing the risk in breast cancer recurrence (Li et al.,
2016).

Image analysis is based on the hypothesis that image phenotypes may be related to a certain
outcome of interest. Quantitative feature methods might enable finding relevant tumor phenotypes
which are not easily distinguished by eye. Our approach uses principal component analysis (PCA) to
compute eigenvectors (or eigentumors), an approach that has a number of advantages. Not only does
PCA allow reduction of the dimensionality of the features, but, more importantly, the computed
eigentumors are by definition independent components that contain the variance and thus the
information of the full image data. This approach is in contrast to more conventional methods where
one or multiple a-priori defined image features are extracted. These “engineered” features are
hypothesized to be associated with the outcome, and the subset with the strongest association is
selected. Although this approach works well for problems in which radiologists are able to provide

input on hypothesized associations between phenotype and outcome (such as benign versus malignant
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disease), it is more difficult for problems where radiologists have not yet formed such associations
because they lose track of patients after their treatment is completed.

Relatively few studies with engineered features focus on survival prediction for early-stage
breast cancer patients. In one such study, Kim et al. found that T1 and T2 entropy of the lesion is
associated with recurrence free survival (RFS) in 203 early-stage breast cancer patients with mass
lesions (Kim et al., 2017). The reported hazard ratios were of the same range as those in the current
study (HR=4.31 versus 4.55 and 9.87). It is promising that both studies find evidence of image
phenotypes being associated with treatment failure, despite differences in methodology used (analysis
of entropy versus eigentumors, manual lesion segmentation versus no lesion segmentation) and
differences in datasets (563 patients with early breast cancer without additional exclusion at the gate in
the current study).

A larger number of studies investigate treatment response in the neoadjuvant setting for
patients with locally advanced breast cancer, a different patient population to that of the current study.
Quantitative texture features, which encompass a broad array of features derived from histograms,
gray-scale correlation matrices or local binary patterns have been investigated to this end (Golden et
al., 2013, Teruel et al., 2014). Other engineered imaging features reported to correlate with treatment
response include pharmacokinetic parameters, such as the volume transfer coefficient (K™"™) (Ah-See
et al., 2008, Golden et al., 2013, He et al., 2012), as well as diffusion related features such as the
apparent diffusion coefficient (ADC) (Park et al., 2010, Richard et al., 2013).

Other combinations of principal component analysis with breast DCE-MRI have previously
been reported for applications such as tumor segmentation (Agner et al., 2013, Akhbardeh and Jacobs,
2012), classification of tumor benignity or malignity (Eyal et al., 2009, Furman-Haran et al., 2014,
Levman et al., 2014), and prediction of pathological response after neoadjuvant chemotherapy (Wu et
al., 2016). However, the principal components of the methods previously reported were computed
over the kinetic curve of a single voxel (or an average curve over multiple voxels) inside a tumor.
Thus, feature vectors contain intensity values at consecutive times, and principal components describe
the temporal contrast uptake of the tumors only. In contrast, the principal components constructed as

in the current study contain both intensity and (three-dimensional) morphological information of the
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tumor, because the feature vectors combine the voxel intensities of the washin and washout in and
around the tumor while maintaining the spatial interrelationship between the voxels.

For principal component analysis, input feature vectors are required to have equal lengths. To
arrive at uniformly sized rescaled ROlIs, the regions of interest around the tumor were chosen to be
box-shaped, where such a box also contains non-tumor tissue surrounding the tumor. Studies have
shown stromal volume surrounding lesions to be associated with response to neoadjuvant therapy
(Hattangadi et al., 2008), thus we expect that taking the surrounding non-tumor tissue into account will
be useful as well. Since tumor masks were available for this dataset, these were used to determine the
region of interest around the tumor. However, the principal component extraction method itself does
not depend on the shape of the tumor segmentations. The input of the model is a box-shaped region of
interest containing the tumor, which can also be obtained without complete segmentation, be it
automatically, for a fully automated workflow, or manually by a radiologist. We do not expect that our
results will be influenced greatly by the method of ROI selection, as long as the ratios between the
number of tumor voxels and non-tumor voxels in the region of interest are more or less consistent with
the cases on which the model is trained.

We chose to keep the principal components that explained 90% of the variance of the data, a
commonly used threshold. Other options would be to retain the components with eigenvalues larger
than a certain threshold eigenvalue (e.g. the average eigenvalue), or the eigenvalue at the “elbow point”
in the PCA’s scree plot. We used the method that discarded the fewest components, because the least
absolute shrinkage selection operator (LASSO) is subsequently used, performing a robust variable
selection by regularization.

The LASSO is a method for finding good predictors in data of high dimensionality
(Greenshtein, 2006). However, the regularization parameter for the LASSO can be very influential on
the outcome. When choosing a regularization parameter, sufficiently large datasets are usually split
into a training set and a test set. The LASSO’s regularization parameter is then determined by
performing cross-validation on the training set (usually ten-fold or leave-one-out cross-validation),
after which validation of the trained model is performed on the unseen data of the test set. For smaller

studies, the regularization parameter is often chosen based on the cross-validated performance, without
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separate test-set validation. However, this is likely to yield estimated prospective performance values
that are too optimistic, particularly in the case of leave-one-out cross-validation (LOOCV). Splitting
the dataset into a training set and a test set also has some drawbacks. In particular, the model is trained
on a smaller portion of the data, which can affect the learning performance adversely. Furthermore, the
resulting test performance might be influenced by the specific splits into training and test set.
Bootstrapping allows averaging over many instances of selected training and test sets, and is thus
expected to be less sensitive to the specific set divisions. A simulation study by Breiman and Spector
also shows that bootstrapping performs at least as good as, or better than, ten-fold cross-validation for
submodel selection and evaluation (Breiman and Spector, 1992). Therefore, we performed internal
cross-validation using bootstrapping. We also determined performance values for leave-one-out cross-
validation, because other studies often report LOOCV performance values, and this may enable
comparisons.

In the current study, we chose an empirical regularization value for which we assessed both
training and internally cross-validated performances. The effect of varying the regularization
parameter on the performance was investigated subsequently. Without regularization, all components
are used for fitting. This yields cross-validated performances which are only slightly above 0.5, while
the training performance is close to 1.0. Such a discrepancy between training and cross-validation
performances indicates that the model has overfitted to the training data and does not generalize well
to unseen data. Applying regularization — and thus, selecting fewer components for fitting — reduces
the difference between the performances: the cross-validated performances are improved, but the
training performance also decreases. The bootstrapped and leave-one-out cross-validated
performances show a clear increase when the regularization parameter is increased from 0 to 1. In the
parameter range between 1 and 6, these cross-validated performances remain fairly stable and do not
drop below 0.6, even if the regularization is increased further. Therefore, we believe that the
regularization parameter we chose (3.5) is a reasonable value, with which we expect to have avoided
overfitting. The results from investigating the addition of noise to the image dataset seem to confirm

this expectation.
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Stratifying the tumors of our dataset on immunohistochemical subtype shows a trend between
tumor subtype and survival (Figure 8). However, the effect of subtype on patient survival might be
obscured, because the patients’ treatments were decided partly based on this IHC subtype. Regardless
of this optimal chosen treatment based on all available information at the time, the presented
eigentumor model seems to be able to discriminate between low and high risk groups for treatment
failure for tumors of ER and TN-subtype.

The bootstrapped stratification into high- and low-risk groups splits the patient survival
significantly, but in a number of cases the survival is not predicted correctly (AUC=0.73). To verify
that our model predictions do not suffer from systematic errors, we studied whether patient- and tumor
characteristics (i.e., largest tumor diameter, time to follow up, number of positive lymph nodes, age at
diagnosis), differ significantly between cases in which survival was predicted correctly and those in
which it was not. We did not find such differences. This seems to indicate that errors in model
predictions are mostly stochastic in nature and related to the data sample size, the degrees of freedom
in the model, and the classifier. Therefore, adding more (and more diverse) cases to our training
dataset, combined with other, more advanced, classifiers seems to be the most promising approach to
improve the model presented here.

Our study also has limitations. All MR image data were obtained from a single institution,
using the same imaging unit. Differences in MR field strength, manufacturer, imaging protocols, and
contrast agents may have influence on our model. These factors may be investigated in a multi-
institutional retrospective cohort study in which sufficiently long follow-up data is available. Imaging
protocols typically range from “fast” series which have emphasis on temporal resolution to “slow”
series with emphasis on spatial resolution. We anticipate that balance between these extremes will be
most effective for the accuracy of the model.

Robust and practical diffusion-weighted imaging (DWI) protocols and fast dynamic protocols
were not yet in place at the Netherlands Cancer Institute at the time of patient inclusion. Therefore, the
MARGINS dataset did not contain diffusion-weighted images or fast dynamic scans, and neither
apparent diffusion coefficient maps nor pharmacokinetic features could be computed (Henderson et al.,

1998). These limitations came with the advantage of having access to long-term follow-up information.
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Despite the absence of these imaging protocols, the eigentumors based on conventional and still
widely used DCE-MRI protocols already stratified patient survival significantly.

If necessary, the imaging protocol may be standardized across institutes for a particular
prognostic test. The currently used protocol is based on such balance and is still widely applied in
many breast MR examinations. Another subject for follow-up study is to investigate the potential
complementary value of the test with respect to currently available prognostic models. Future research
could also include incorporating pathological prognostic factors that are known to be related to
survival into the model. Because the model stratified survival into a high-risk and a low-risk group
while treatment was not assigned differently in these groups, we anticipate that the model — once
validated — will show complementary value to routine markers that are currently used for treatment

selection.
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Conclusions
The performance of the presented model applied to DCE MRI indicates that selected eigentumors —

principal components based on the temporal and morphological characteristics of tumors — have
potential for predicting treatment failure in early breast cancer patients. We are aware that this is
primarily a proof-of-concept study, and that the eigentumor model may be further validated on an

independent dataset.
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