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Purpose: This study was aimed at evaluating whether a radiomics model based
on the entire tumor region from breast dynamic contrast-enhanced magnetic
resonance imaging (DCE-MRI) parametric maps and apparent diffusion
coefficient (ADC) maps could indicate the Ki-67 status of patients with breast
cancer.

Materials and methods: This retrospective study enrolled 205 women with
breast cancer who underwent clinicopathological examination. Among them,
93 (45%) had a low Ki-67 amplification index (Ki-67 positivity< 14%), and 112
(55%) had a high Ki-67 amplification index (Ki-67 positivity > 14%). Radiomics
features were extracted from three DCE-MRI parametric maps and ADC maps
calculated from two different b values of diffusion-weighted imaging
sequences. The patients were randomly divided into a training set (70% of
patients) and a validation set (30% of patients). After feature selection, we
trained six support vector machine classifiers by combining different parameter
maps and used 10-fold cross-validation to predict the expression level of Ki-67.
The performance of six classifiers was evaluated with receiver operating
characteristic (ROC) analysis, sensitivity, and specificity in both cohorts.

Results: Among the six classifiers constructed, a radiomics feature set
combining three DCE-MRI parametric maps and ADC maps yielded an area
under the ROC curve (AUC) of 0.839 (95% confidence interval [CI], 0.768
—0.895) within the training set and 0.795 (95% CI, 0.674-0.887) within the
independent validation set. Additionally, the AUC value, compared with that for
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a single parameter map, was moderately increased by combining features from

Conclusions: Radiomics features derived from the DCE-MRI parametric maps
and ADC maps have the potential to serve as imaging biomarkers to determine

breast cancer, radiomics, dynamic contrast-enhanced magnetic resonance imaging,

Feng and Yin
the three parametric maps.
Ki-67 status in patients with breast cancer.
KEYWORDS
apparent diffusion coefficient, Ki-67
Introduction

Breast cancer (BC) is the most prevalent malignant tumor
type threatening women’s health globally (1). According to an
immunohistochemistry (IHC) classification system, BC can be
divided into four subtypes, basal-like, HER2-enriched, and
luminal A and B subtypes, on the basis of the expression of
progesterone receptor (PR), estrogen receptor (ER), human
epidermal growth factor receptor 2 (HER2), and Ki-67 (2). Ki-
67 protein is a recognized marker of tumor proliferation and
invasiveness (3), as well as a recognized indicator of BC
prognosis (4). Ki-67 can be used as a molecular marker to
distinguish the molecular subtypes of luminal A and B (5). A
high expression level of Ki-67 is associated with poorer
prognosis (3, 6), greater risk of recurrence (7), and worse
survival outcomes (8). Hence, accurately identifying the status
of the Ki-67 index is crucial for the prognosis of BC.

Dynamic contrast-enhanced magnetic resonance imaging
(DCE-MRI) is useful for assessing tumor anatomical
information and angiogenesis (9). Radiomics involves high-
throughput extraction of many image-based features from
standard medical images and determining the potential links
between these features and pathophysiology (10, 11). Radiomics
analysis of features extracted from DCE-MRI images can be used
to distinguish the HER2 2+ status, predict lymphovascular
invasion, determine the status of lymph node metastasis, and
identify the degree of tumor malignancy (12-19). The apparent
diffusion coefficient (ADC), a quantitative parameter generated in
diftusion-weighted imaging (DWI), is the most used clinical
parameter reflecting the degree of tissue distribution according
to the diffusion of water molecules (20). Since ADC is influenced
by cell density and tissue structure, Choi (12) proposed that DCE-
MRI combined with DWT is helpful to evaluate the status of
lymphovascular invasion in patients with node-negative invasive
BC. In addition, ADC values have been shown to correlate with
the Ki-67 index (20, 21). Therefore, radiomics analysis based on
DCE parameters and ADC might have the potential to predict Ki-
67 status and even improve predictive performance.
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A previous study has shown that the radiomics features
derived from DCE-MRI functional parameter maps achieved
the best results in identifying sentinel lymph node metastasis
status in patients with BC (22). Another study has predicted
the Ki-67 index and HER2 2+ status by using intratumoral and
peritumoral radiomics features based on six DCE-MRI
functional parameter maps (14). Both of these studies used
single-layer lesions and consequently might have overlooked
the correlations between layers. Jong et al. have investigated
the correlation between quantitative MR parameters and Ki-
67 expression status by analyzing DCE-MRI and DWI
sequences in ER-positive invasive BC (23). However, their
analysis of the interstitial signal enhancement ratio used only
univariate and multivariate analysis, without radiomics
analysis. To our knowledge, few studies have used a
combination of breast MRI functional parametric maps and
ADC maps in radiomics analysis. Moreover, in most prior
studies, region of interest (ROI) depiction has been performed
primarily on the slice images showing the largest tumor size
(24-26). In this study, radiomics features were extracted from
the entire tumor volume on the basis of three semi-
quantitative parametric maps and ADC maps, and the
predictive performance of the classification models based on
three-dimensional features in terms of Ki-67 expression status
was evaluated.

Therefore, the purpose of our study was to evaluate the
performance of a radiomics model based on the entire tumor
region from three DCE-MRI parametric maps and ADC maps to
determine the status of Ki-67 in patients with BC.

Materials and methods
Study population
This research was approved by the ethics committee of our

institution. Given the retrospective nature of the study, the
requirements for informed consent were waived.
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Between December 2018 and September 2020, 366 patients
with pathologically confirmed primary BC who underwent
breast DCE-MRI at Shengjing Hospital were enrolled in the
study. Figure 1 shows the patient recruitment process for this
study. The inclusion criteria were as follows. All included
patients 1) underwent DWI-MRI, 2) had clear breast lesions
on magnetic resonance images, 3) had BC confirmed through
histologic examination, and 4) underwent THC examination,
including the Ki-67 index. The exclusion criteria were as follows.
The excluded patients 1) underwent biopsy before MRI, 2) had
incomplete pathological data, or 3) had insufficient MRI quality
because of clear motion artifacts.

The final cohort consisted of 205 patients who were
randomly divided into a training set and a validation set, in
proportions of 70% and 30%, respectively. The training dataset
(n = 143) comprised 65 patients with low Ki-67 expression and
78 patients with high Ki-67 expression. The validation dataset
(n = 62) comprised 28 and 34 patients with low and high Ki-67
expression, respectively. The clinical characteristics of all
patients are described in Table 1, and the framework for the
radiomics workflow is shown in Figure 2.

Pathological assessment

Streptavidin peroxidase THC was used to detect the
expression levels of ER, PR, HER2, and Ki-67 in each patient.
If at least 1% of the tumor nuclei were ER or PR positive, the ER
or PR status was determined to be positive (27). A Ki-67
proliferation index >14% was considered high, and a
value<14% was considered low (28). HER2 status was
considered positive when the HER2 staining intensity score
was 3+ and negative when the score was 0 or 1+. If the HER2
staining intensity score was 2+, and further fluorescence in situ

10.3389/fonc.2022.847880

hybridization confirmed gene amplification, the result was
considered positive (29).

MR image acquisition

DCE-MRI was performed at 3.0 T with a Signa HDxt 3.0 T
MRI scanner (GE Healthcare Life Sciences, Chicago, IL, USA).
All patients were scanned in a prone position with a dedicated
eight-channel double-breast coil. Axial DWI sequence scanning
was performed before DCE-MRI acquisition. The acquisition
parameters were as follows: repetition time, 4,000 ms; flip angle,
90°; echo time, 83.30 ms; field of view, 340 x 340 mm2; matrix
size, 256 x 256; slice thickness, 4.50 mm; spacing between slices,
5.00 mm; and b values, 0 and 800 s/mm?. The ADC maps were
calculated from diffusion images with two b values.

Second, an axial fat-saturated T1-weighted pre-contrast scan
based on the VIBRANT-VX technique was acquired. After the
intravenous injection of a contrast agent (Magnevist, Bayer
Healthcare Pharmaceuticals, Berlin, Germany) at 4 ml/s with a
dose of 0.15 mmol per kg body weight, eight post-contrast scans
were acquired with the following parameters: repetition time, 4.14
ms; flip angle, 12°% echo time, 2.10 ms; slice thickness, 2.00 mmy
spacing between slices, 1.00 mm; and field of view, 340 x 340 mm?>
Finally, eight subtraction sequences were obtained through the
subtraction of each pre-contrast scan sequence from the eight
post-contrast scan sequences.

Tumor segmentation
Tumor segmentation must be completed before the

extraction of high-throughput quantitative features. We used
ITK-SNAP software to perform three-dimensional manual

366 breast cancer samples

Inclusion criteria (n=261):
(1) All patients had undergone DWI-MRI;
(2)  Visible breast lesion on DCE-MRI;

(3)  Histologically confirmed breast cancer;
(4)  IHC examination including the Ki-67

index.

Exclusion criteria (n=56):
(1) Underwent a biopsy before MRI

examination;
(2)  Incomplete pathology data;
(3)  Insufficient MRI quality.

—]

205 breast cancer

I_

Training cohort (n=143)
High Ki-67
Low Ki-67

FIGURE 1
Flowchart of the patient recruitment process in this study.
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Validation cohort (n=62)
High Ki-67
Low Ki-67
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TABLE 1 Clinicopathological characteristics according to Ki-67 proliferation status.

Variables Total (n = 205) Low-Ki-67 (n = 93) High-Ki-67 (n = 112) p-Value®
Age, mean + SD, years 50.56 + 9.7 499+ 99 51.1+ 9.6 0.394
Tumor size, mean + SD, mm 27.60 + 15.2 254 +15.5 29.4 + 149 0.061
ER status® <0.05°
Negative 35 (17.1%) 9 (9.7%) 26 (23.2%)
Positive 170 (82.9%) 84 (90.3%) 86 (76.8%)
PR status® <0.05
Negative 51 (24.9%) 11 (11.8%) 40 (64.3%)
Positive 154 (75.1%) 82 (88.2%) 72 (35.7%)
HER? status® <0.05"
Negative 141 (68.8%) 80 (86.0%) 61 (54.5%)
Positive 64 (31.2%) 13 (14.0%) 51 (45.5%)
Histological type* <0.05
Invasive ductal carcinoma 191 (93.2%) 79 (84.9%) 112 (100%)
Other 14 (6.8%) 14 (15.1%) 0 (0.0%)
Histological grade? <0.05"
I 13 (6.3%) 13 (14.0%) 0 (0.0%)
11 162 (79.0%) 70 (75.3%) 92 (82.1%)
11 30 (14.7%) 10 (10.7%) 20 (17.9%)
TIC type? 0.068
Plateau 51 (24.9%) 30 (32.3%) 21 (18.8%)
Wash-out 150 (73.2%) 62 (66.7%) 88 (78.6%)
Wash-in 4 (1.9%) 1 (1.0%) 3 (2.6%)
SD, standard deviation; ER, estrogen receptor; PR, progesterone receptor; HER2, human epidermal growth factor receptor 2; TIC, time-intensity curve.
*p-Value comparing low Ki-67 to high Ki-67.
Pp< 0.05 is considered statistically significant.
“Data were tested with the chi-square test.
9Data were tested with Fisher’s exact test.
segmentation (open-source software; www.itk-snap.org). Two Wash-out maps:
radiologists with 8 years (reader 1) and 10 years (reader 2) of
experience in breast MR imaging diagnosis completed the layer- (L - SIy) /SL) = 100% 2)
by-layer manual segmentation of tumor area in the MR images. Signal enhancement ratio (SER) maps:
DCE-MRI images in all cases were segmented on the fourth
subtraction sequence, which is usually useful for visual (S, - SIp)/(SIy - SL)) x 100% 3)
examination because it is usually the most enhanced among all ADC maps:
time series (30). For the ADC map, the tumor contour was
manually drawn along the boundary of the high signal area on (InSI, - InSIy)/(b-b0) (4)

each transverse DWI slice (b value of 800 s/mm?) (21). After
manual sketching, the software automatically generated the
three-dimensional tumor volume model, which was finally
copied to the corresponding ADC maps.

Parametric map generation

Before the extraction of radiomics features, three functional
parameter maps and ADC maps were calculated pixel by pixel
according to the following formula.

Wash-in maps:

100 %

S, - S8Iy) /SIp) x (1)
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where SI is the signal intensity of each pixel in the image, S,
represents the value of the pixel in the pre-contrast image, SI;
and SIg represent the pixel value in the first and eighth post-
contrast scans, and Sl and Slyggo represent the signal intensity
when the b value of the DWI sequence is 0 and 800 s/mm?,
respectively. Representative images of DCE-MRI parametric
maps and ADC maps are shown in Figure 3.

Radiomics feature extraction

Feature extraction was performed with an in-house texture
extraction platform developed with the Python (3.6.2) package

frontiersin.org
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FIGURE 2

Framework for the radiomics workflow

PyRadiomics (31). A total of 946 radiomics features were extracted
from each map. These features included 86 original features
(consisting of five categories of features: first-order statistics,
gray-level co-occurrence matrix, gray-level run-length matrix,
gray-level size zone matrix, and gray-level dependence matrix),
172 Laplacian of Gaussian (sigma = 3.0, 5.0 mm) features, and 688
wavelet features (also composed of five categories of features). After
the addition of eight shape features from DCE-MRI, we ultimately
obtained 3,792 radiomics features from the SER maps, wash-out

al SER map, Wash in map,

FIGURE 3

maps, wash-in maps, and ADC maps. The details of the extracted
features are shown in Supplementary Table 1.

Feature selection and radiomics
model construction

Prior to feature selection, we calculated the intra-class
correlation coefficients (ICCs) to evaluate the reproducibility

-ont fiiap

ADC map

(A) Representative images of DCE-MRI parametric maps and ADC maps of low Ki-67 status. (B) Representative images of DCE-MRI parametric maps
and ADC maps of high Ki-67 status. DCE-MRI, dynamic contrast-enhanced magnetic resonance imaging; ADC, apparent diffusion coefficient
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and stability of radiomics features extracted from segmented
images performed by two experienced radiologists. Features with
a good consistency (ICC > 0.8) were retained for further
radiomics analysis.

For feature selection, significant radiomics features with p<
0.05 between patients with high versus low Ki-67 expression
were first identified with the Mann-Whitney U-tests through a
backward selection approach. Second, the remaining features
were normalized separately with the Z-score to make the
dynamic ranges comparable. Subsequently, the least absolute
shrinkage and selection operator (LASSO) logistic regression
method, which is suitable for dimensionality reduction of high-
dimensional data, was used to select the radiomics features of the
training data. To avoid overfitting, the optimal value of the
LASSO regularization parameter lambda was determined
through 10-fold cross-validation. Finally, the most important
features obtained in LASSO selection were used to establish
support vector machine classifiers to predict the Ki-67
proliferation status in BC, wherein the kernel parameter was
set as a linear kernel, and the other parameters were set as default
values (32).

Feature selection and machine learning classifier
construction were executed in Python software (version 3.6.2,
Welcome to Python.org).

Statistical analysis

The statistical differences in age and tumor size between
groups with high and low Ki-67 expression were evaluated with
independent-samples ¢-tests. Differences in categorical variables
between the molecular subtype characteristics were evaluated
with chi-square tests. If the expected frequency of any cell in the
table was less than five, it was tested with Fisher’s exact test.
Receiver operating characteristic (ROC) curves were drawn with
the optimal threshold determined by the maximum Youden
index. The area under the ROC curve (AUC) and the
classification sensitivity and specificity in the training and
validation groups were calculated to predict the Ki-67 status.
The AUC between the two models in the validation set was
statistically compared using DeLong’s test. Statistical analysis
was performed in SPSS software (version 23.0, Chicago, IL,
USA). Professional statistical software MedCalc (version
20.0.3, https://www.medcalc.org/) was used to construct the
ROC curves.

Results
Patient characteristics

The statistical test results of the correlations between
molecular subtypes and pathological and clinical
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characteristics are listed in Table 1. We observed no significant
difference in mean age, mean maximum tumor diameter, or
dynamic enhancement time-intensity curve type between the
groups with high or low Ki-67 expression (p = 0.394, 0.061, and
0.068). However, we did observe significant differences in ER
status, PR status, HER2 status, pathologic type, and pathologic
grade (p< 0.05).

Radiomics model construction and
assessment of performance

Among the 3,792 radiomics features initially extracted, 2,622
(69.1%) had good interobserver consistency (ICCs > 0.8) and
were included in further analysis.

To perform Ki-67 status recognition, five, four, six, and one
features were selected from the wash-out, wash-in, SER, and
ADC maps, respectively, and 14 and 15 features were selected
from two combined parameter maps (DCE-MRI parameter
maps and DCE-MRI combined with ADC maps, respectively).
The details of the 15 features selected from the combined DCE-
MRI and ADC maps are shown in Table 2. The feature details
selected from other maps are shown in Supplementary Tables 2-
5. We then established six support vector machine classifiers to
predict Ki-67 status according to the final retained features. The
performance of the classifiers was evaluated on the basis of ROC
curves, and the results are presented in Figure 4. Classifiers
containing features extracted from a wash-out, wash-in, SER,
and ADC maps were evaluated. After the addition of the features
of ADC maps, the performance of the model combined with the
three parameter maps improved, and the AUC value was 0.839
(95% CI, 0.768, 0.895) in the training set and 0.795 (95% CI,
0.674, 0.887) in the validation set (Table 3). In addition,
compared with that of the single parameter image, the
predictive performance of the support vector machine (SVM)
model in the training dataset was significantly improved by
combining the features of each map (i.e., wash-out, wash-in,
SER, and ADC maps) (p< 0.001; p = 0.001, 0.001, 0.002). The
performance of the combined model in the validation data set
was higher than that of the model based on the SER parameter
maps (p = 0.040; Table 4).

Discussion

In this study, we explored whether the radiomics features of
DCE-MRI parameter maps and ADC maps in patients with BC
could be used to predict the preoperative Ki-67 proliferation
index. The radiomics model constructed in this study performed
well in identifying the low and high expression status of Ki-67.

Many previous studies have described Ki-67 expression, on
the basis of IHC, as a prognostic and predictive indicator of BC.
Higher Ki-67 expression status is associated with poorer

frontiersin.org
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TABLE 2 Description of the selected radiomics features from DCE-MRI combined with ADC maps.

Different map Radiomics feature

SER Dependence non-uniformity normalized
SER Dependence variance

SER Minimum

SER Tenth percentile

SER Run variance

SER Autocorrelation

Wash-in Minimum

Wash-in Large area high gray-level emphasis
Wash-in range

Wash-in Small dependence high gray-level emphasis
Wash-in Large dependence low gray-level emphasis
Wash-out Size zone non-uniformity normalized
Wash-out Correlation

Wash-out Joint energy

ADC Gray-level non-uniformity

Radiomics group Feature class filter

Gldm
Gldm

Log-sigma-3.0 mm
Log-sigma-3.0 mm
First order Log-sigma-5.0 mm
Wavelet-LLH
Wavelet-LHL

Wavelet-LHH

First order
Glrlm
Glem
First order Log-sigma-3.0 mm
Glszm Log-sigma-5.0 mm

First order Wavelet-LHH

Gldm Wavelet-LHH
Gldm Wavelet-HHL
Glszm Log-sigma-3.0 mm
Glem Log-sigma-3.0 mm
Glem Wavelet-LLL
Gldm Original

SER, signal enhancement ratio; ADC, apparent diffusion coefficient; Gldm, gray-level dependence matrix; Glrlm, gray-level run length matrix; Glcm, gray-level co-occurrence matrix;

Glszm, gray-level size zone matrix; LoG, Laplacian of Gaussian.
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ROC curves of six classifiers for identification of Ki-67 status in each cohort. (A) ROC curves of classifiers for identification of Ki-67 status in the
training cohort. (B) ROC curves of classifiers for identification of Ki-67 status in the validation cohort. Fusion 1 represents the SVM model
established by combining radiomics features from three DCE-MRI parameter maps (SER, wash-in, and wash-out). Fusion 2 represents the SVM
model established by combining radiomics features from three DCE-MRI parameter maps and ADC maps. ROC, receiver operating
characteristic; SVM, support vector machine; SER, signal enhancement ratio.

response to treatment and poorer prognosis (33). The Ki-67
index can also play a role in distinguishing molecular subtypes of
BC together with HER2 expression status (2). However,
pathological biopsy only requires sampling in a part of the
tumor tissue, so the Ki-67 proliferation index in the test
results may not reflect tumor heterogeneity. With the
development of imaging technology in recent years, imaging
can provide a holistic picture of the anatomy and function of the
tumor tissue. Therefore, imaging methods may be more
convenient and may even provide more biological information
for determining the expression status of Ki-67.
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DCE-MRI is a highly sensitive method but has only
moderate specificity for the diagnosis of invasive BC (34). In
recent years, DWI with ADC maps has been increasingly used in
multiparameter imaging environments for BC examination
because it can be performed without a contrast agent (35-37).
DWI can quantitatively measure the Brownian motion of free
water in the tissue to provide functional information about the
tissue structure and does not require intravenous injection (38).
In addition, ADC has been found to increase the specificity of
breast tumor diagnosis and complement DCE-MRI in tumor
qualitative aspects (39, 40). In this study, we selected radiomics
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TABLE 3 Predictive performance of six models in the training and validation cohorts.

Model Training Validation

AUC (95% CI) SEN (95% CI) SPE (95% CI) AUC (95% CI) SEN (95% CI) SPE (95% CI)
ADC 0.711 (0.629-0.784) 0.680 (0.564-0.781) 0.723 (0.598-0.827) 0.676 (0.545-0.789) 0.677 (0.495-0.826) 0.643 (0.441-0.814)
SER 0.766 (0.688-0.833) 0.859 (0.762-0.927) 0.615 (0.486-0.733) 0.731 (0.603-0.836) 0.706 (0.525-0.849) 0.643 (0.441-0.814)
Wash-in 0.704 (0.622-0.777) 0.756 (0.646-0.847) 0.631 (0.502-0.747) 0.711 (0.629-0.819) 0.529 (0.351-0.702) 0.821 (0.631-0.939)
Wash-out 0.673 (0.590-0.749) 0.769 (0.660-0.857) 0.554 (0.425-0.677) 0.666 (0.535-0.781) 0.618 (0.436-0.778) 0.643 (0.441-0.814)
Fusion 1 0.804 (0.730-0.866) 0.769 (0.660-0.857) 0.739 (0.615-0.840) 0.770 (0.646-0.867) 0.941 (0.803-0.993) 0.536 (0.339-0.725)
Fusion 2 0.839 (0.768-0.895) 0.846 (0.747-0.918) 0.739 (0.615-0.840) 0.795 (0.674-0.887) 0.941 (0.803-0.993) 0.571 (0.372-0.755)

Fusion 1 represents the SVM model established by combining radiomics features from three DCE-MRI parameter maps (SER, wash-in, and wash-out). Fusion 2 represents the SVM model
established by combining radiomics features from three DCE-MRI parameter maps and ADC maps.
AUC, area under the receiver operating characteristic curve; SEN, sensitivity; SPE, specificity; CI, confidential interval; SER, signal enhancement ratio; ADC, apparent diffusion coefficient.

TABLE 4 p-Values of DeLong’s test between SVM models.

Model Cohort ADC SER
ADC Training / 0.204
Validation / 0.459
SER Training 0.204 /
Validation 0.459 /
Wash-in Training 0.892 0.167
Validation 0.644 0.784
Wash-out Training 0.507 0.035
Validation 0.897 0.399
Fusion 1 Training 0.027 0.099
Validation 0.207 0.242
Fusion 2 Training 0.002 0.001
Validation 0.095 0.114

Wash-in Wash-out Fusion 1 Fusion 2
0.892 0.507 0.027 0.002
0.644 0.897 0.207 0.095
0.167 0.035 0.099 0.001
0.784 0.399 0.242 0.114

/ 0.581 0.006 0.001

/ 0.615 0.377 0.219
0581 / 0.001 <0.001
0.615 / 0.082 0.040
0.006 0.001 / 0.004
0.377 0.082 / 0.340
0.001 <0.001 0.004 /
0.219 0.040 0.340 /

Fusion 1 represents the SVM model established by combining radiomics features from three DCE-MRI parameter maps (SER, wash-in, and wash-out). Fusion 2 represents the SVM model
established by combining radiomics features from three DCE-MRI parameter maps and ADC maps.

ADC, apparent diffusion coefficient; SER, signal enhancement ratio.

features extracted from DCE-MRI parameter maps and ADC
maps and finally established six SVM classifier models. The ROC
curve showed that the AUC score of the model combined with
the parameter maps and ADC maps was higher than that of
other single-parameter models in the training set and validation
set. Therefore, the radiomics model including features of DCE-
MRI parameter maps and ADC maps could improve the
performance of Ki-67 expression status discrimination.
Radiomics, which provides potential biomarkers for clinical
results through extracting and analyzing image features, is a
relatively new technology (11). BC is highly heterogeneous.
Compared with traditional genomics and proteomics,
radiomics not only can non-invasively assess the tumor and its
microenvironment but also can predict the genetic heterogeneity
of the tumor (41). Herein, we used radiomics to quantitatively
extract features within tumors on the basis of DCE-MRI
parameters and ADC maps to reflect the heterogeneity of the
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internal tumor structure. A previous study has modeled
radiomics features extracted from T2-weighted and contrast-
enhanced T1-weighted images of BC and indicated that T2-
weighted classifiers were important predictors of Ki-67 status
(42). Li et al. (14) have combined peritumoral and intratumoral
features from DCE-MRI functional parameter maps to
determine Ki-67 status. Therefore, in this study, we established
a multiparameter model based on the radiomics features of
functional parametric maps and ADC maps. Our study achieved
better predictive performance than the above multiparameter
studies. Another multiparametric MRI study also using DWI
sequences has achieved good performance in predicting Ki-67
status (24). However, these prior studies have analyzed only the
largest tumor slices in two dimensions and therefore were
unlikely to fully assess the heterogeneity of BC. The radiomics
features that we extracted in this study were obtained from the
three-dimensional volume model of the tumor, taking into
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account the interlayer correlation, and thus fully revealed the
BC heterogeneity.

The current study had several limitations. First, the
retrospective design of this study might have introduced
inherent variations and biases. One source of variation was the
changes in repetition time during DCE-MRI acquisition;
however, the difference in MR signal intensity was not the
principal factor in our study, because the radiomics features
were derived from three parametric maps reflecting the changes
in contrast medium concentration. Although the enhancement
ratio is a function of repetition time, these functions change
relatively slowly (43). Therefore, a well-designed prospective
study supporting the results of this study is necessary. Second,
this was an independent single-center study, and the number of
patients included was limited. Therefore, the model established
herein had several limitations, and datasets from other imaging
units might have different spatial resolutions. Consequently,
further research is required to verify the diagnostic
performance of our model in a large multi-center patient
sample. Finally, only semiquantitative parametric images were
analyzed in this study. The application value of quantitative
parametric images in radiomics will be further explored in
future studies.

Conclusion

In this study, our experimental results demonstrated that
radiomics analysis based on DCE-MRI parameter maps and
ADC maps can feasibly be used to predict the Ki-67 status in BC.
Given that several different biomarkers must be integrated to
make clinical management decisions for patients, our proposed
model can be further extended in the future, such as by including
more scanning sequences and predicting more molecular
subtypes to support clinical decisions.
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