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Purpose To investigate the correlation between magnetic resonance (MR) image-based radiomics
features and the genomic features of breast cancer by focusing on biomolecular intrinsic subtypes
and gene expression profiles based on risk scores.

Materials and Methods We used the publicly available datasets from the Cancer Genome At-
las and the Cancer Imaging Archive to extract the radiomics features of 122 breast cancers on
MR images. Furthermore, PAM50 intrinsic subtypes were classified and their risk scores were
determined from gene expression profiles. The relationship between radiomics features and
biomolecular characteristics was analyzed. A penalized generalized regression analysis was
performed to build prediction models.

Results The PAM50 subtype demonstrated a statistically significant association with the maxi-
mum 2D diameter (p = 0.0189), degree of correlation (p = 0.0386), and inverse difference mo-
ment normalized (p = 0.0337). Among risk score systems, GGl and GENE70 shared 8 correlated
radiomic features (p = 0.0008-0.0492) that were statistically significant. Although the maximum
2D diameter was most significantly correlated to both score systems (p = 0.0139, and p =
0.0008), the overall degree of correlation of the prediction models was weak with the highest
correlation coefficient of GENE70 being 0.2171.

Conclusion Maximum 2D diameter, degree of correlation, and inverse difference moment nor-
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malized demonstrated significant relationships with the PAM50 intrinsic subtypes along with gene
expression profile-based risk scores such as GENE70, despite weak correlations.

Index terms Breast Neoplasms; Magnetic Resonance Imaging; Gene Expression Profiling

INTRODUCTION

Gene expression profiling by high-throughput technologies has provided deeper insight
into the complex biomolecular nature of breast cancer (1-7). Some investigators have discov-
ered gene expression profiles that can be used to classify intrinsic subtypes to predict prog-
nosis and treatment response and this knowledge has helped to individualize treatment
strategies for breast cancer patients (8). However, gene expression profiling is not yet readily
applicable in daily practice.

Recent advances in the computer-aided quantitative analysis of radiologic images (so
called radiomics) have enabled us to go beyond the detection and diagnosis of cancer to im-
age-based cancer phenotyping. With radiomics, we cannot only correlate images to patho-
logic tumor or node stage, nuclear grade and molecular subtype, but also gather further in-
formation on prognosis and treatment response. This can be done by converting images to
high-throughput quantitative data and subsequently analyzing the statistical relationships
between radiomics features and clinicopathologic factors. Radiogenomics refers to the study
of mathematical relationships between radiomics features and genomic features (9); the
Cancer Genome Atlas (TCGA) of the National Cancer Institute (10) and its imaging counter-
part, the Cancer Imaging Archive (TCIA) (11) facilitate cross-disciplinary research to find re-
lationships between imaging phenotypes and genomic subtypes.

PAM50 is a well-known gene assay for breast cancer; it was developed as a 50-gene quanti-
tative real time polymerase chain reaction assay that identifies and categorizes intrinsic mo-
lecular subtypes of breast cancer into the luminal A, luminal B, human epidermal growth
factor receptor 2 (HER2)-enriched, basal-like, and normal-like phenotypes from RNA isolated
from formalin-fixed, paraffin-embedded tissue. The PAM50 assay was also used to develop a
prognostic score for risk of relapse based on the relative distance to the centroid of each sub-
type; a proliferation score based on a gene subset related to cell cycle progression; and com-
posite scores that include tumor size with molecular phenotypes (1). The PAMS50-based risk
score was found to be significant in tumors less than 5 cm in size that were estrogen receptor
(ER)-positive, HER2-negative and lymph node-negative (12-15).

If radiomics features, such as those of MRI which is widely used in the preoperative evalu-
ation of breast cancer, can predict the genomic features of breast cancer, we could readily ac-
quire information that can be used to tailor treatment for individuals even within routine
clinical practice. Therefore, the purpose of this study is to investigate the relationship be-
tween MR image-based radiomics features and genomic features of breast cancer by focus-
ing on biomolecular intrinsic subtypes and gene expression profiles based on risk scores.
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MATERIALS AND METHODS

DATA DOWNLOAD
We had assess to only de-identified data and the approval of the Institutional Review Board

was unnecessary. Clinical and genomic data for the patients were downloaded from TCGA
from the Genomic Data Commons Data Portal (https://portal.gdc.cancer.gov) along with the
simultaneous MR images from TCIA (https://www.cancerimagingarchive.net/). After match-
ing, finally 122 patients with simultaneous gene expression data and appropriate MR images
were enrolled in this study. Among the included MR images, 91 cases were obtained with a
GE 1.5 T MRI scanner (GE Medical Systems, Milwaukee, WI, USA), 13 with a Siemens 1.5 T
MRI scanner (Siemens, Berlin, Germany), and 15 with a Phillips 1.5 T MRI scanner (Philips
Medical Systems, Bothell, WA, USA). Three cases were acquired on a Phillips 3.0 T scanner
(Philips Medical Systems). All MR images acquired with GE scanners were obtained using a
standard double breast coil and a gadolinium-based contrast agent.

MR IMAGE REVIEW, FEATURE EXTRACTION AND INTEROBSERVER
AGREEMENT

The obtained MR images were reviewed independently by two breast radiologists with
more than 8 years of experience in breast imaging. Each radiologist reviewed all 122 cases
and determined a representative slice for every patient. In case of discordant findings, the
two radiologists discussed and reached a consensus. Region of interests (ROIs) were then
drawn in a semiautomatic manner using MIPAV (https://mipav.cit.nih.gov). Radiomic fea-
tures were extracted using pyradiomics (https:/github.com/Radiomics/pyradiomics). A total
of 100 features of 7 categories were extracted from each ROI. The 7 categories were first order
statistics (18 features), shape-based features (8 features), gray-level co-occurrence matrix (23
features), gray-level run-length matrix (16 features), gray-level size zone matrix (16 features),
neighboring gray-tone difference matrix (5 features), and gray-level dependence matrix (14
features).

Interobserver agreement for the radiomic features extracted from the ROIs was evaluated
with the intraclass correlation coefficient (ICC) and 95% confidence interval (CI). The ‘irr’ R
package was used for ICC analysis (R version 3.5.1, http:/www.R-project.org).

DATA AND STATISTICAL ANALYSES

The purpose of this study was twofold. The first purpose was to investigate radiomic char-
acteristics of each biomolecular subtype based on genomic characteristics and the second
purpose was to determine the correlation between radiomics features extracted from MRI
and gene expression profile-based recurrence (or prognosis) risk score systems. To define ra-
diomic characteristics, we used 100 radiomics features extracted from MRI using the
pyradiomics package. The Kruskal-Wallis test was performed to identify differences in ra-
diomics features among individual biomolecular subtypes.

To investigate the correlation between radiomic features and gene expression profile-based
recurrence (or prognosis) risk score systems, we first performed Spearman’s correlation test
for individual radiomics features and 11 risk score systems. Then, we identified statistically
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significant features, and used these features to establish prediction models using penalized
generalized regression with the least absolute shrinkage and selection operator (LASSO). Ra-
diomics features were selected with LASSO using the ‘glmnet’ R package to study the correla-
tion between risk scores determined with gene expression profiles and mathematical models
built on radiomics features. Cross validation was performed in a leave-one-out manner.

Genomic analyses were performed using 1092 gene expression profiles by RNA sequenc-
ing. The normalized RSEM data were downloaded using ‘“TCGABiolinks’ package in R. The
PAMS50 intrinsic subtypes were classified as described in a previous report (6) and risk scores
were determined using the ‘genefu’ package in R. The risk score systems included single gene
based prognosis prediction (ESR1, ERBB2, and AURKA) (16), EndoPredict (17), GENIUS (2),
GGI (6), OncotypeDx (8), TamR (4), GENE70 (7), PIK3CA gene signature (5), and ROR-S (1). The
analyses were run on a set of 1092 cases and the results of the 122 enrolled patients were
used for further analysis. The Kruskal-Wallis test was performed to analyze the relationship
between intrinsic subtypes and radiomics features.

All statistical analyses were performed with R version 3.5.1. R packages including ‘TCGABi-
olinks’, ‘genefu’, ‘glmnet, and ‘irr’ were used to extract TCGA data, calculate the risk score of
the intrinsic subtype, and perform penalized generalized regression with the LASSO, and ICC
analysis, respectively.

RESULTS

PATIENT CHARACTERISTICS
From TCGA, 122 patients with normalized RNA sequencing data available for gene expres-

sion and simultaneous TCIA MR images were enrolled. The median age of the patients was
55 years (range from 29 to 83 years). Infiltrating ductal carcinoma was the most frequent
pathologic type of breast cancer observed in this study population, and followed by lobular

carcinoma. The luminal A type was the most dominant molecular subtype (Table 1).

INTEROBSERVER AGREEMENT BETWEEN THE TWO RADIOLOGISTS

The interobserver agreement for feature extraction between the two radiologists was ac-
ceptable (ICC 95% CI, 0.768-1.000). The agreement was the highest for gray-level size zone
matrix features and the lowest for first order features (Table 2).

RELATIONSHIP BETWEEN RADIOMICS FEATURES AND GENE EXPRES-
SION PROFILE-BASED FEATURES

The PAMS50 subtype was significantly correlated to three radiomic features, which were the
maximum 2D diameter (p = 0.0189), correlation (p = 0.0386) and inverse difference moment
normalized (p = 0.0337). In univariate analysis, overall shape features seemed to be more re-
lated to risk scores than texture features contrary to the intrinsic subtype. GGI and GENE70
showed significantly more related radiomics features than the other risk score systems.
ERBB2, GENIUS, and PIK3CA were not significantly related with radiomic features (Table 3).
Among the risk score systems, GGI was significantly correlated to 2 shape features [elonga-
tion (p = 0.0199), and max 2D diameter column (p = 0.0139)], 2 gray-level dependence matrix
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Table 1. Patient Characteristics
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Characteristics Number
Pathology
Infiltrating duct and lobular carcinoma 1
Infiltrating duct carcinoma, not otherwise specified 102
Infiltrating duct mixed with other types of carcinoma 1
Lobular carcinoma, not otherwise specified 16
Medullary carcinoma, not otherwise specified 1
Pleomorphic carcinoma 1
Stage
Stage | 22
Stage la 8
Stage ll
Stage lla 50
Stage Ilb 24
Stage llla 10
Stage llic 7
Age, years
Median (range) 55 (29-83)
Race
Asian 1
African American 20
Caucasian 101
PAM50 subtype
Basal 17
HER2 8
Luminal A 79
Luminal B 18
HER2 = human epidermal growth factor receptor 2
Table 2. Interobserver Agreement
Feature Class Intraclass Correlation Coefficient, 95% Confidence Interval
Shape 0.771-1.000
Gray-level dependence matrix 0.799-1.000
Gray-level co-occurrence matrix 0.817-1.000
First order statistics 0.768-1.000
Gray-level run-length matrix 0.787-1.000
Gray-level size-zone matrix 0.820-1.000
Neighboring gray-tone difference matrix 0.818-1.000

features [small dependence low gray-level emphasis (p = 0.0261), and low gray-level empha-
sis (p = 0.331)], 2 first order features [total energy (p = 0.0412), and 10 percentile (p = 0.0214)], 2
gray-level run-length matrix features [short-run low gray-level emphasis (p = 0.0244), and low

gray-level run emphasis (p = 0.0320)], and a gray-level size-zone matrix feature-[(small-area
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Table 3. Number of Radiomic Features that Demonstrated a Statistically Significant (p < 0.05) Association
with Intrinsic Subtypes or Risk Scores

Gray-Level Gray-Level First Gray-Level Gray'—Level Neighboring
FeatureClass  Shape Dependence ) run- sz G'ray—Tone
Matrix occurre.nce Statistics enth Zom'e D|ffere'nce
Matrix atrix Matrix Matrix
Intrinsic Subtype
PAM50 1 0 2 0 0 0 0
CNV* 0 0 0 1 0 0 0
Mutation* 0 3 6 7 3 2 1
DNA methylation* 0 2 1 4 3 2 0
mMRNA* 1 0 0 0 0 0 0
miRNA* 4 2 10 8 1 7 4
INncRNA* 0 4 0 0 0 5 0
Protein* 1 0 0 0 0 0
PARADIGM* 2 0 0 0 0 0 0
Risk Score ™
AURKA 2 1 0 0 0 0 3
ESR1 1 0 0 0 0 0 0
ERBB2 0 0 0 0 0 0 0
GGl 2 2 0 2 2 1 0
GENIUS 0 0 0 0 0 0 0
EndoPredict 1 0 0 0 0 0 0
OncotypeDx 3 0 0 0 0 0 0
TamR 1 1 0 1 0 0 0
GENET0 3 3 0 3 2 1 0
PIK3CA 0 0 0 0 0 0 0
ROR-S 2 0 0 0 0 0 0

*Clustering results from a previous study (9).

"For research’ and ‘NOT for clinical’ scores determined based on gene expression profiles.

Table 4. Penalized Generalized Regression

Risk Scores* Adjusted R? p-Value
AURKA 0.1998 <0.001
ESR1 0.152 <0.001
ERBB2 - not significant
GGl 0.1835 <0.001
GENIUS - not significant
EndoPredict 0.1118 0.00693
OncotypeDx 0.1474 0.00167
TamR 0.1991 <0.001
GENE70 0.2171 <0.001
PIK3CA - not significant
ROR-S 0.1903 <0.001

*‘For research’ and ‘NOT for clinical’ scores determined based on gene expression profiles.

https://doi.org/10.3348/jksr.2020.81.3.632
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low gray-level emphasis (p = 0.0491)]. GENE70 score was significantly correlated to 3 shape
features [elongation (p = 0.0122), max 2D diameter column (p = 0.0008), and surface area (p =
0.0377)], a gray-level dependence matrix feature [small dependence low gray-level emphasis
(p =0.0169)], 3 first order features [total energy (p = 0.0251), mean (p = 0.0492), and 10 percen-
tile (p =0.0101)], 2 gray-level run-length matrix features [short run low gray-level emphasis (p =
0.0350), and low gray-level run emphasis (p = 0.0478)], and a gray-level size-zone matrix fea-
ture [small area low gray-level emphasis (p = 0.0392)].

On the basis of significantly correlated features, prediction models were established. Most
risk score prediction modes showed statistically significant p values except ERBB2, GENIUS,;
and PIK3CA (Table 4). However, overall correlation was weak as the adjusted R? values were
low (below 0.3) with the adjusted R? value of GENE70 being the highest at 0.2171.

UNSUPERVISED HIERARCHICAL CLUSTERING

Differentially expressed genes according to PAM50 classification were extracted using the
Kruskal-Wallis test. A p value less than 10° was considered statistically significant and 133
genes whose expression was significantly different among the PAMS50 classifications were se-
lected. An unsupervised hierarchical clustering analysis did not correlate well with PAM50
classification (Fig. 1A). Differentially extracted radiomic features according to PAM50 classifi-
cation were selected using the Kruskal-Wallis test. Only 4 features with p values less than 10*
were selected. An unsupervised hierarchical clustering failed to show significant correlation
with PAM50 classification (Fig. 1B).

DISCUSSION

With recent advances in computational biology, gene expression profiles allow more use-
ful information to be collected regarding prognosis than conventional clinicopathological
studies. Especially for breast cancer, there are risk score systems based on multi-gene expres-
sion profiles that provide more information to predict recurrence and treatment response
than traditional clinical and histopathological factors (1, 2, 4-8, 16, 17). Based on these risk
scores, treatment strategies can be tailored to each individual patient. Studying the relation-
ships between gene expression profiles and image phenotypes may provide valuable oppor-
tunities to develop robust tools for tailored treatment. Eventually, we will be able to obtain
information regarding intrinsic subtypes and risk scores based on biomolecular characteris-
tics in an automatized manner with software embedded in imaging machines.

In our study, the interobserver agreement between the two radiologists for feature-com-
puterized extraction by drawing the ROIs of 122 MR lesions was comparably high (ICC 95%
CI, 0.768-1.000). Qualitative assessments made by humans will naturally lead to interobserv-
er variations. The interobserver variability of three radiologists for 294 breast MR lesions was
substantial for mass internal enhancement (k = 0.62) and moderate for peritumoral edema (k =
0.46) with the k agreement in a past study (18). On the other hand, the interobserver repro-
ducibility of two radiologists for computerized extraction of texture features by drawing the
ROIs of 50 breast ultrasound (US) lesions was said to be high in another study, with a some-
what lower ICC than ours (ICC 95%, 0.691-1.000) (19). We could increase interobserver agree-
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Fig. 1. Unsupervised hierarchical clustering analysis of the enrolled cases with differently expressed genes (A)
and differently extracted radiomic features (B). In both the (Top) dendrograms, (Mid) the color bars indicate
PAM50 classification (red: luminal A, cyan: luminal B, yellow: human epidermal growth factor receptor 2, green:
normograde, and blue: basal), and (Bottom) the heatmaps of gene expression (A), and radiomic features (B).

i : -- I-:T?-'l-;m
sl dle
- S —— — ] ‘ - .-11. P -

== = == e - == = sEmw 3 EEm = SoSoe SSsoeeee 8 OIS 5 SESS—
== g RN N WSS — W CpE— N - -
.— .r*.__F : r_—-.- 'm-

- T EE T e N SRS SIS B SN » o DS S Sl e N s

._.—-- -' -h = - -- T.
Lahale oo b= 3
e = - . — -]
- [T Bl
' * -‘. e

ment with semi-automatized techniques to draw ROIs. As interobserver variation originates
from human judgement, we can expect automatized segmentation of tumors to eliminate
this variation in the future.

We found the PAMS50 intrinsic subtype to be significantly related to shape and texture
(gray-level co-occurrence matrix) features. The significant shape feature was the “maximum

https://doi.org/10.3348/jksr.2020.81.3.632 639
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Fig. 1. Unsupervised hierarchical clustering analysis of the enrolled cases with differently expressed genes (A)
and differently extracted radiomic features (B). In both the (Top) dendrograms, (Mid) the color bars indicate
PAM50 classification (red: luminal A, cyan: luminal B, yellow: human epidermal growth factor receptor 2, green:
normograde, and blue: basal), and (Bottom) the heatmaps of gene expression (A), and radiomic features (B).
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2D diameter” which reflected the size of the ROIL. Previous studies reported ER negative (ER-)
and triple negative (TN) subtypes to be related to larger tumors (20, 21). These subtypes are

known to have higher microvessel density as well as higher proliferation activity (22-24). The
significant texture features were ‘correlation’ and ‘inverse difference moment normalized,
which reflects texture heterogeneity. In a previous report by Waugh et al. (25), texture hetero-
geneity was significantly increased in HER2-enriched and TN subtypes. We also found that
the number of radiomics features showed significant correlation with risk scores based on
gene expression profiles. Especially, heterogeneity texture features were consistently related
to risk scores with statistical significance. These radiomics features quantitatively measure
the heterogeneous nature of enhancement within the ROI. Breast cancer has heterogeneous
genomic characteristics with multiple driver mutations, the degree of which are known to be
related to treatment resistance and poor prognosis (26). Thus, a non-invasive quantitative
measurement of heterogeneity may be useful for determining optimal treatment strategies.
Among the risk score systems analyzed, those with relatively fewer signature genes, tended
to have none or few significantly related radiomics features. This finding indicates that ra-
diomics features may not reflect a single gene or individual signaling pathway, but rather
overall patterns of gene expression. Zhu et al. (27) made the same speculation after observ-
ing that radiomics features were not correlated to mutations or copy number profiles in their
study. Although the number of radiomics features was significantly correlated to risk scores,
generalized regression analyses failed to build strong prediction models. The correlation co-
efficient of the GENE70 model was the highest at 0.2171. This indicates that radiomics fea-
tures cannot be used to predict prognostic risk for clinical use at this time and that further

study is needed to develop mathematical models to predict biomolecular risk scores.
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This study has some limitations. First, the study enrolled a relatively small number of pa-
tients because they were collected from a limited source of data sets (TCGA and TCIA). An-
other limitation was the uneven quality of MR images. Most of the archives images were ob-
tained on outdated machines without standardized protocols. Also, there might have been
variability arising when radiomics features were extracted because the two radiologists drew
the ROIs and MR images were obtained with machines manufactured by three different
companies. Lastly, some of the risk scores were calculated for research purposes with an al-
gorithm-based method and these calculation methods were different from the original meth-
ods for risk scores, which were not from clinical tests. Thus, there might be discrepancies be-
tween ‘research purpose’ risk scores and ‘clinical purpose’ risk scores. Despite these
limitations, the results of this study suggest that image-based biomolecular phenotypes have
the potential to predict the prognosis of breast cancer.

In conclusion, the radiomics features of maximum 2D diameter, correlation and inverse
difference moment normalized showed significant relationships with biomolecular charac-
teristics, PAM50 intrinsic subtypes and gene expression profile-based risk scores such as
GENE?70, although the correlations were weak. Thus, further studies are necessary to develop

adequate prediction models using MR image-based phenotypes.
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