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Objective: To construct and validate a nomogram model integrating the magnetic
resonance imaging (MRI) radiomic features and the kinetic curve pattern for detecting
metastatic axillary lymph node (ALN) in invasive breast cancer preoperatively. Materials
and Methods: A total of 145 ALNs from two institutions were classified into negative
and positive groups according to the pathologic or surgical results. One hundred one
ALNs from institution | were taken as the training cohort, and the other 44 ALNs from
institution Il were taken as the external validation cohort. The kinetic curve was computed
using dynamic contrast-enhanced MRI software. The preprocessed images were used
for radiomic feature extraction. The LASSO regression was applied to identify optimal
radiomic features and construct the Radscore. A homogram model was constructed
combining the Radscore and the kinetic curve pattern. The discriminative performance
was evaluated by receiver operating characteristic analysis and calibration curve.

Results: Five optimal features were ultimately selected and contributed to the Radscore
construction. The kinetic curve pattern was significantly different between negative and
positive lymph nodes. The nomogram model showed a better performance in both
training cohort [area under the curve (AUC) = 0.91, 95% Cl = 0.83-0.96] and external
validation cohort (AUC = 0.86, 95% Cl = 0.72-0.94); the calibration curve indicated
a better accuracy of the nomogram model for detecting metastatic ALN than either
Radscore or kinetic curve pattern alone.

Conclusion: A nomogram model integrated the Radscore and the kinetic curve pattern
could serve as a biomarker for detecting metastatic ALN in patients with invasive
breast cancer.
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INTRODUCTION

Axillary lymph node (ALN) status in patients with invasive
breast cancer is a vital information for guiding therapy and
evaluating prognosis (1-3). Axillary lymph node dissection
(ALND) would be performed for defining ALNs status if the
sentinel lymph nodes were positive for metastasis. However,
ALND is associated with significant complications (4, 5). But
based on the result of a multicenter randomized trial from
the American College of Surgeons Oncology Group (ACOSOG)
70011 (6), 2014 American Society of Clinical Oncology guideline
recommended that ALND may not be necessary in T1 or T2 stage
breast cancer patients with one or two positive sentinel lymph
nodes who are being treated with breast-conserving therapy and
adjuvant systemic therapy (7). In this context, it is debatable how
aggressively radiologists should perform percutaneous sampling
of axillary nodes to identify axillary metastasis. Cody and
Houssami (8) reported that preoperative axillary sampling should
be reserved for patients with more than 2 abnormal lymph
nodes on imaging, and ALND should be performed directly
during mastectomy if the results were positive. All remaining
patients should undergo sentinel lymph node biopsy (SLNB)
in hopes of meeting Z0011 trial eligibility criteria to avoid
ALND. Therefore, accurate, non-invasive detection approach
may be imperative to distinguish between lymph nodes that
were positive for metastasis (“positive” nodes) and those that
were negative for metastasis (“negative” nodes) and reducing
unnecessary percutaneous sampling of ALNs, or SLNB, or ALND
at a certain extent in the post-ACOSOG Z0011 era.

Magnetic resonance imaging (MRI) can visualize
morphological and contrast-enhanced characteristics of
metastatic lymph nodes. Some qualitative characteristics may
cause inevitable inconsistency due to subjectivity (9-12).
The threshold value of apparent diffusion coefficient showed
inconsistent results in distinguishing between negative nodes
from positive nodes due to the low signal-to-noise ratio and
image distortion of diffusion-weighted imaging (13, 14). Some
quantitative contrast-enhanced parameters (initial enhancement,
peak enhancement, and delayed enhancement) represent the
enhancement characteristics of the single time phase. The
kinetic curve pattern based on dynamic contrast-enhanced
MRI (DCE-MRI), which shows the trend of signal intensity in
the contrast-enhanced process, is commonly used in clinical
settings (15). It had been repeatedly demonstrated to be
significantly different between negative and positive ALNs in
previous studies (16-18). The kinetic curve was calculated by
drawing region of interest (ROI) of focal area. However, large
amounts of quantitative imaging information representing
underlying histologic characteristics could not be acquired by
visual inspection.

Radiomic analysis links quantitative imaging features to
clinical findings by using machine-learning and statistics-
analysis methods (19-22). The quantitative imaging analysis
is expected to identify the imaging features that correlate to
the pathophysiology of lesions more objectively (23-26). At
present, radiomics is mainly used for the single-phase imaging
analysis, which cannot reflect the kinetic characteristics of the

lesion (27-29). In this study, we hypothesized that radiomic
features and kinetic curve pattern could identify the association
between MRI characteristics and the pathophysiology of ALNs
and thus effectively and precisely detected potential metastatic
ALNSs in invasive breast tumors. Accordingly, the aim of the
study was to construct a nomogram model based on the
integration of quantitative radiomic parameters and the kinetic
curve pattern. External validation was then performed to assess
the preoperative prediction efficiency of the proposed model,
which might contribute to metastatic ALN detection in the
individualized precision treatment for invasive breast tumors.

MATERIALS AND METHODS

This retrospective study was approved by the medical ethics
committee of our institution and was conducted in accordance
with relevant guidelines. Informed consent was waived. The
workflow of the analysis is summarized in Figure 1.

Study Population and Surgical Strategy
Patients with suspected breast cancer who underwent DCE-MRI
of the breast between January 2018 and December 2019 were
retrospectively collected in two institutions. The final diagnosis
of invasive breast cancer was based on pathological analysis.

On the affected side, the ALN inclusion criteria for the study
were as follows: (1) suspicious node with cortical irregularity (30);
(2) the shortest dimension was no <5 mm (10, 30); (3) MRI scans
available for qualitative and radiomic analysis; (4) no previous
chemotherapy or radiation therapy; and (5) complete medical
records including pathological diagnosis and treatment.

The standard of determining negative or positive lymph
nodes was established in three ways: (1) all ALNs of the
patients with negative SLNB were considered negative (31); (2)
the pathological results were confirmed by ultrasound-guided
needle biopsy. The suspicious lymph node in the MRI scan was
located in the ultrasound image by MRI virtual navigation or
by a radiologist and sonographer comparing MRI scans with
ultrasonic image together; (3) when multiple lymph nodes (n >
8) were proven positive for metastasis at ALND, highly suspicious
lymph nodes on MRI (up to three lymph nodes per patient) were
presumed positive for metastasis (32).

Exclusion criteria were as follows: (1) the pathological status of
lymph node cannot be identified in any of these three ways above;
and (2) the tissue for biopsy was damaged and failed to provide
meaningful pathological results.

Imaging Protocol

Dynamic contrast-enhanced MRIs were performed at 3.0-T
systems in both institutions (institution I: MAGNETOM Verio,
Siemens AG, Germany; institution II: MAGNETOM Skyra,
Siemens AG, Germany). Both institutions applied the same
imaging protocols. The patient was in the prone position, with
both breasts naturally and closely fitted in the breast coil. T1-
weighted three-dimensional fluid-attenuated inversion recovery
was applied for dynamic contrast enhancement (repetition
time/echo time, 4.51/1.61; flip angle, 10°; slice thickness, 1.0 mmy;
section gap, 0.20 mm; field of view, 320 x 320; image matrix,
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FIGURE 1 | Workflow of the study.

420 x 420). Contrast material was injected into the elbow vein
[0.1 mmol/kg of gadodiamide (Omniscan, GE Healthcare)] and
followed by a 20-mL saline flush at a rate of 2.0 mL/s. After the
first precontrast scan, five consecutive postcontrast phases were
obtained starting at 25-s delay after contrast injection. Each phase
took 59 s.

Image Processing

As compared with images of T1-weighted, T2-weighted, and
diffusion-weighted, contrast-enhancement images had relatively
small image noise and distortion, which can more clearly
visualize the delineation of ALNs (11). The first postcontrast
phase images were chosen for feature extraction because the
average peak enhancement at the early postcontrast stage was
significantly different between negative and positive ALNs
(18, 33), and the distribution of the contrast agent in lesions
was more homogeneous in this phase (34). ITK-SNAP software
(version 3.6, http://www.itksnap.org) was utilized to segment
volumes of interest (VOIs) of ALNs on contrast-enhanced
images. Before delineation, gray-level standardization was
applied to reduce the gray-level differences caused by the

imaging procedure. Each layer contour of VOIs was delineated
along the inner margin of the lymph node to avoid the false
heterogeneity caused by the unclear edge. The VOI contours were
superimposed to improve the consistency of node segmentation.
All pixels gray scales inside the VOIs were extracted
for analysis.

The kinetic curve was computed using DCE-MRI software
(mean curve: Siemens Healthcare, Germany). A circular ROI
of 20 mm? was placed at the lymph node with maximal
enhancement determined on the first postcontrast images. The
areas without enhancement in the lymph node, which were
hypointensity both in precontrast phase and subtraction images,
were excluded as necrosis. The kinetic curve pattern was defined
according to changes in pixel values, between the second
contrast-enhanced and delayed contrast-enhanced series, as
follows: persistent type (type I) indicated an increased pixel signal
intensity >10% from the second postcontrast series; washout
type (type III) indicated decreased pixel signal intensity at the
last postcontrast series >10% from the second postcontrast series;
plateau type (type II) indicated pixel signal intensity change in
neither direction by more than 10%.
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Both image segmentation and kinetic curve pattern were
evaluated by two breast radiologists (a chief and a resident with
15 and 3 years of experience, respectively) who were blind to the
pathology of lymph nodes independently.

Feature Extraction, Selection, and

Correlation
A total of 396 radiomic features were extracted in each
VOI using the Artificial Intelligence Kit version 3.0.1.A (Life
Sciences, GE Healthcare, US), including six categories of
parameters: morphology, histogram, texture parameters, gray-
level co-occurrence matrix parameters, gray-level run-length
matrix parameters, and gray-level zone size matrix parameters.
Details of the procedures for extraction of radiomic features are
described in Supplementary Figures 1, 2.

The analysis of variance and Mann-Whitney U test (ANOVA-
MW) were carried out for selecting significant features that were

TABLE 1 | Kinetic curve pattern of ALNs in training cohort and validation cohort.

Kinetic curve  Training cohort  p-value Validation cohort p-value
pattern

Negative Positive Negative Positive

(n=51) (n=>50) (n=22) (n=22)
Type | 19 3 <0.01 10 2 0.01
Type ll 24 22 8 9
Type lll 8 25 4 11

TABLE 2 | Reproducibility analysis of significant features.

Significant feature Feature class ICC (95% CI)

Kinetic curve pattern 0.98 (0.97-0.99)
Uniformity Histogram parameters 0.93 (0.82-0.97)
Correlation_a135_o1 Texture parameters 0.87 (0.78-0.98)
Inertia_a90_o4 Texture parameters 0.90 (0.85-0.96)
CP_all_o1_SD Texture parameters 0.79 (0.69-0.82)
SVR Form factor parameters 0.96 (0.87-0.99)

Correlation_a135_o1,
Inertia_angle90_offset4;
SVR, surface volume ratio.

Correlation_angle135_offset1; Inertia_a90_o04,
CP_all_o1_SD, ClusterProminence_AllDirection_offset1_SD;

TABLE 3 | Univariate analysis of significant features in the training cohort.

Significant features Negative (n = 51) Positive (n = 50) p

Uniformity 0.38 £ 0.99 —0.39 + 0.86 <0.01
Correlation_all_o1 —0.43 £0.70 0.44 £1.07 <0.01
Inertia_a90_o4 —0.41 £1.03 —0.42 £0.78 <0.01
CP_all_ot1 —0.36 + 1.04 —0.36 £+ 0.62 <0.01
SVR 0.46 + 0.83 —0.46 + 0.95 <0.01
Correlation_a135_o1, Correlation_angle135_offset1; Inertia_a90_o4,

Inertia_angle90_offset4;
SVR, surface volume ratio.

CP_all_o1_SD,  ClusterProminence_AllDirection_offset1_SD;

highly correlated. Spearman correlation test with correlation
coeflicient more than 0.90 was applied to remove the redundancy;
radiomic features were further optimally elected. In the final
step, the least absolute shrinkage and selection operator
(LASSO) regression method was applied to identify the most
nonredundant and robust features from the training cohort
in order to improve the class separability and optimize the
representation of lesion heterogeneity. The complexity of LASSO
regression was controlled by a tuning parameter lambda () with
the rule that as the value of \ increases, the penalty for each
variable coeflicient also increases, and the relevant features with
nonzero coefficients were selected and contributed to the final
LASSO regression (35). Meanwhile, the best value of X\ found by
10-fold cross-validation with a maximum area under the curve
(AUC) was used for constructing the regression model. Radscore,
which was defined by corresponding nonzero coefficients of
features selected by LASSO, was created by a linear combination
of selected features weighted by their coefficients. Respective
Radscore was calculated for each lymph node.

Nomogram Building, Calibration, and

External Validation

Both the Radscore and the kinetic curve pattern were integrated
by a multivariate logistic regression analysis in the training
cohort. Based on this, a nomogram was constructed for detecting
metastatic ALNs. The receiver operating characteristic (ROC)
analysis was applied to evaluate the discrimination performance
of the model. Along with the Hosmer-Lemeshow test measuring
for goodness of fit of the nomogram, the classification accuracy
was assessed via calibration curves. The degree of overlap
between the calibration curve and the diagonal in the graph
reflects the accuracy of the nomogram model. The constructed
nomogram model was validated on external validation cohort
using the same process of capability assessment with the ROC
analysis and calibration curve.

Statistical Analysis

Statistical analysis was conducted by R software (version
3.3.2) and MedCalc (version 19.1). Variables of a normal
distribution were shown as mean =+ SD, and variables of a skew
distribution were shown as median (quartile). Statistical group
comparisons of data were analyzed by Wilcoxon using rank-
sum (continuous variables) and x? (categorical/dichotomous
variables) tests. Intraclass correlation coeflicient (ICC) was
analyzed for estimating reliability of interobserver agreements
including kinetic curve pattern identification and radiomic
analysis, which was defined as good consistency between 0.75
and 1; fair consistency, between 0.4 and 0.75; and poor, <0.4.
The correlation and collinearity of radiomic features were
evaluated using VIF function. The Pearson correlation analysis
was performed to evaluate the correlation between kinetic
curve pattern and Radscore; the pairwise Pearson correlation
coeflicients were calculated. The kinetic curve pattern, Radscore,
and nomogram model were, respectively, subjected to ROC
analysis, by using AUC, sensitivity, specificity, and accuracy
to evaluate the stratification efficacy. The comparison of ROC
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FIGURE 2 | Wilcoxon analysis of Radscore for detecting metastatic ALN in the (A) training cohort and (B) validation cohort (p < 0.05).
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curves was performed by Delong test. The level of statistical
significance was set at a two-sided p < 0.05.

RESULTS

Patients Characteristics

A total of 145 ALNSs from 102 patients (age range, 27-83 years;
mean age, 52.45 £ 11.78 years) with invasive breast cancer were
selected in the final cohort. Seventy-six cases of 101 ALNs (51
negative nodes, 50 positive nodes) from institution I were taken
as the training cohort, and the other 34 cases of 44 ALNs (22
negative nodes, 22 positive nodes) from institution II were taken
for external validation. Table 1 shows the kinetic curve pattern of
ALNSs in two cohorts. It was significantly different in both cohorts
(p < 0.001).

Reproducibility Analysis

For identifying the kinetic curve pattern, the ICC was
0.98 between two breast radiologists, indicating satisfactory
consistency. Based on the result of reproducibility analysis by
two radiologists, 363 of 396 (91.7%) radiomic features had good
consistency (ICC > 0.75). The numbers of features with fair
consistency (0.75 > ICC > 0.4) and poor consistency (ICC < 0.4)
were 19 (4.8%) and 14 (3.5%), respectively. Table 2 shows the ICC
value of significant features.

Radscore Model Building, Kinetic Curve
Pattern Analysis, Correlation, and

Validation

After dimensionality reduction, which included ANOVA and
MW (251 features), Spearman correlation test (96 features),
and the LASSO algorithm with the optimal regulation
weight & [log(Amin) = —2.46], five radiomic features with
nonzero coeflicients were finally selected by 10-fold cross
validation to ensure robustness and preventing overfitting.
To demonstrate the effectiveness of radiomic features model
at the individual scale, the quantitative values of radiomic

features for each lymph node the classification of negative
and positive groups in training cohort are shown in Table 3,
which included uniformity, Correlation_angle135_offsetl
(Correlation_al35_ol), Inertia_angle90_offset4 (Inertia_a90
_o04),ClusterProminence_AllDirection_offsetl_SD (CP_all
_0l1_SD), and surface volume ratio. A Radscore model was
further constructed based on five features with respective
nonzero coefficients selected through LASSO regression method.
There was no collinearity between the five features after being
verified by VIF function. The complete details are shown in
Supplementary Figure 3.

Radscore = —0.028 — 0.692 x Uniformity + 0.188
x Correlation_all_ol — 0.267 x Inertia_a90_ ol
+0.522 x CP_all_ol — 0.954 x SVR

Differences of the Radscore value between the negative and
positive ALNSs in training and validation cohort were statistically
significant (Figure 2).

The pairwise Pearson correlation analysis revealed that the
Radscore was moderately correlated to kinetic curve pattern
(Figure 3).

Further validation was carried out through ROC analysis for
the detection performance of Radscore, kinetic curve pattern,
and the nomogram model in the training cohort. A favorable
classification capability was observed with a good AUC in the
training cohort (Figure 4A).

Nomogram Building

The nomogram based on both Radscore and kinetic curve pattern
was constructed to visualize the results of multivariable logistic
regression analysis for detecting ALN metastasis (Figure 4B).

Nomogram = —2.250 + 0.932 x Radscore + 1.090

xkinetic curve pattern
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FIGURE 3 | Correlation between the kinetic curve pattern and the Radscore
based on Pearson correlation analysis. The mean absolute correlation
coefficient was 0.36.

The total points accumulated by the various variables correspond
to the metastasis probability for a ALN (36). The complete details
are shown in Figure 4B.

The calibration curves and the Hosmer-Lemeshow test
of nomogram in the training cohort demonstrated a high
accuracy of the model in the stratification capability (Figure 4C).
Compared to the Radscore and the kinetic curve pattern
alone, the nomogram model yielded a better performance in
detecting ALN metastasis including an increased AUC and
higher sensitivity, specificity, and accuracy in the training
cohort (Table 4). Specifically, the nomogram showed a significant
improvement than the Radscore and the kinetic curve pattern
along in the Delong test (p < 0.05). The details are shown in
Supplementary Table 1.

Validation on External Cohort

The performance of the nomogram model was validated using
the external dataset collected from the other institution. The
nomogram yielded a favorable AUC value in the validation
cohort (Figure 5A). The calibration curves and the Hosmer—
Lemeshow test of the proposed nomogram model based
on the validation cohort suggested a favorable stratification
performance (Figure 5B). The nomogram showed a significant
improvement than kinetic curve pattern (p < 0.05), but no
significant difference vs. Radscore in the Delong Test (p = 0.36).
The details are shown in Supplementary Table 2.

DISCUSSION

In this study, we established and validated a nomogram model to
detect metastatic ALNs in patients with invasive breast cancer,
which incorporated the kinetic curve pattern and five robust
radiomic features extracted from contrast-enhanced MRI. The
nomogram model achieved a better performance in both training
cohort and external validation cohort with a larger AUC value
than the radiomic model or the kinetic curve pattern alone,

Sensitivity

AUC=0.91
AUC=0.86

— Nomogram
—— Radscore
—— Kinetic curve type AUC=0.78

e T T T
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100-Specificity
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FIGURE 4 | Nomogram (A); ROC curves for the kinetic curve pattern, the
Radscore, and the nomogram model (B); and corresponding calibration
curves based on the nomogram model (C) in the training cohort.

suggesting the reliability of the improved model in detecting
metastatic ALNs.

The kinetic curve pattern is a dynamic feature reflecting
the changes of capillary permeability and hemodynamics in the
lesion. The infiltration of tumor cells into lymph node promotes
the abnormal angiogenesis, damages the normal vessel wall, and
forms arteriovenous fistula. These accelerate the efflux of the
contrast agent in the delayed phase, and type III kinetic curve
is suggestive of positive node. Compared with positive node,
the contrast agent circulates slowly in negative node because of
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TABLE 4 | Performance of the kinetic curve type, Radscore, and the nomogram models.

Model Training cohort Validation cohort
AUC (95% CI) SEN SPEC ACC AUC (95% CI) SEN SPEC ACC
Kinetic curve pattern 0.78 (0.69-0.85) 0.98 0.42 0.69 0.74 (0.58-0.86) 0.91 0.45 0.68
Radscore 0.86 (0.78-0.92) 0.86 0.71 0.78 0.81 (0.67-0.91) 0.68 0.91 0.79
Nomogram 0.91 (0.83-0.96) 0.82 0.86 0.84 0.86 (0.72-0.94) 0.73 0.91 0.82
AUC, area under the ROC curve; SEN, sensitivity; SPEC, specificity; ACC, accuracy.
A 100} I B o [T WIT T TT TT I 1T T T
80 - o |
| o
> 60F % @
= - 2
= | [
2
9D 40H S 31
i o
20 N 3 o
i — Nomogram AUC=0.86
i —— Radscore AUC=0.81
| —— Kinetic curve type AUC=0.74 gl === el
) i T (o W VTP (AN T T T T T T
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100-Specificity Predicted PriLabel=1}
8= 1000 repetiions, boot Mean absolute error=0.054 n=44
FIGURE 5 | Performance of the kinetic curve pattern, the Radscore and the nomogram model on external validation cohort. (A) Receiver operating characteristic
curve for the three models with AUCs of 0.74, 0.81, and 0.86, respectively. (B) Calibration curve of the nomogram model in the validation cohort.

the normal capillary network and lower capillary permeability.
Type I kinetic curve is suggestive of negative node (37). In this
study, the kinetic curve pattern showed significant differences
between negative and positive nodes with high sensitivity, but the
specificity was relatively low, which leads to the weak diagnostic
efficiency that in agreement with previous studies (16, 18, 33, 38).
We speculated that the necrosis excluded from the ROI of kinetic
curve is a prominent feature for positive node. The kinetic curve
pattern focuses on the trend of signal intensity in the contrast-
enhanced process, but fails to reflect the heterogeneity of the
whole lymph node, which contains large amounts of quantitative
features that cannot be observed with the naked eyes.

As previously reported, several imaging findings have been
observed for assessing ALN metastasis. Irregularly increased
cortical thickness, an absence of the hilum, reduced ratios
of the longest to the shortest dimension, and heterogeneous
enhancement were suggestive of metastatic lymph node using
univariate analysis (9, 10, 33). However, the imaging findings
were still a subjective judgment that involved interobserver
disagreement, such as the interpretation of morphological
and contrast-enhanced characteristics, which had different
scoring system in different studies (9-12, 39, 40). Radiomic
features, as objective quantitative imaging biomarkers, reflected
the heterogeneity of the whole lymph node objectively and

could be imperative complementation for detecting the
metastatic ALNs. In this study, five radiomic features of
396 radiomic features were selected including uniformity,
Correlation_angle135_offsetl (Correlation_al35_o1), Inertia_

angle90_offset4 (Inertia_a90_o4), Cluster Prominence_All
Direction_offsetl_SD (CP_all_ol_SD), and surface volume
ratio, suggesting their vital roles in detection. Uniformity reflects
the regularity of gray scale image texture. The texture parameters
of correlation, inertia, and cluster prominence represent the
distribution and relationship of pixel gray scale in the image. The
four optimal features mentioned above indicated the complexity
and heterogeneity of the positive node in different categories of
textures. It verified that the positive node appeared to be more
heterogeneity in the layout of histologic internal components
than negative node in contrast-enhanced images because of the
infiltration of tumor cells, abnormal angiogenesis, and necrosis.
Surface volume ratio is a morphological parameter that reflects
the shape and roundness of the lesion. Tumor cells proliferated
in the lymph node. The irregular increased cortical thickness and
the absence of the hilum led to the transformation of positive
node from renal to spherical. The surface volume ratio of lymph
node reflects the extent of this transformation. The Radscore of
positive nodes was higher than that of negative nodes in both
two cohorts, which suggested that positive nodes had greater
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heterogeneity, as evidenced by the uneven distribution of gray
scales and unorganized local texture on the MRI scans. The
AUC:s of Radscore in training and validation cohorts were 0.86
and 0.81, respectively.

To our knowledge, some studies reported radiomics-related
methods for detecting metastatic lymph node (41, 42). However,
these models were built based on radiomic features of one phase,
which did not include radiomic dynamic features. Up to now,
most of the image registration methods of DCE sequences were
based on pixel gray level, and they were predominantly counted
on the general character of image gray level (43). After contrast
agent injection, the gray scale of the lesion changes dramatically,
which was significantly different from the surrounding tissues,
resulting in a certain extent of distortion in the lesion contour.
The enhanced lesion was different from the actual size and shape.
Some studies had carried out a certain extent of optimization;
however, the precondition of these optimal methods is that
ROI has a clear boundary, and the internal tissue gray scale
is relatively uniform (44). Therefore, image registration has
become the key of dynamic radiomics, which is still controversial
at present.

Radiomic features represented underlying histologic
characteristics that could not be acquired by visual inspection.
Meanwhile, the kinetic curve pattern represented the kinetic
process of contrast-enhancement, which could not be extracted
by radiomic analysis. Owing to the complement of radiomics
and the kinetic curve pattern, the nomogram model represented
more effective and reliable than the radiomic model or the
kinetic curve pattern alone according to the results of the
ROC and calibration analysis. The detection performance of
the nomogram model was validated using an external cohort,
demonstrating a strong confirmation of reproducibility by a
satisfactory AUC of 0.86. Because of the detection of ALNs with
high possibility of metastasis before surgery, the nomogram
incorporates five selected radiomic features, and the kinetic
curve pattern could offer a clinically translatable paradigm easy
to implement in the clinical setting.

Although the two radiologists who worked on radiomic
analysis differed significantly in their years of experience, the
contouring results were relatively consistent (ICC > 0.75). The
advantage of a fully quantitative radiomic assessment method
is that a wealth of experience in imaging diagnosis is not
required. Even a junior physician can accurately delineate
ALNSs on contrast-enhanced images and preliminarily detect the
metastatic ALNSs.

There were several limitations in current study that still
needs to be further investigated. (1) This was a retrospective
study with a relatively small dataset in both training cohort and
external validation cohort, and further prospective studies are
expected to verify the conclusions. (2) In the process of ALN
segmentation, it was prone to cause inaccurate delineation when
itabuts the blood vessel and muscle, because of the partial volume
effect. (3) The kinetic curve reflects the focal dynamic contrast-
enhancement characteristic of the lymph nodes. (4) The feature
extraction software made the displacement vectors 1, 4, and 7
to describe the relationship between the gray scale of pixels of

the texture as default setting. In light of different set point that
could possibly influence the quantity and category of radiomic
features extraction, a future radiomic analysis based on various
displacement vectors is required. (5) The reproducibility of
radiomics in MRI scans with different magnetic field intensities
or different brands of MR equipment is expected to be verified in
future studies.

CONCLUSION

Nomogram-integrated radiomic features and the kinetic curve
pattern can be a reliable and effective model for detecting
metastatic ALNs in patients with invasive breast cancer. The
nomogram could serve as a reliable and convenient tool for ALNs
management, suggesting great potential for clinical applications.

DATA AVAILABILITY STATEMENT

The datasets generated for this study are available on request to
the corresponding author.

ETHICS STATEMENT

The studies involving human participants were reviewed and
approved by Ethics committee of the Affiliated Hangzhou
First People’s Hospital, Zhejiang University School of Medicine.
Written informed consent for participation was not required for
this study in accordance with the national legislation and the
institutional requirements.

AUTHOR CONTRIBUTIONS

YS contributed to prepare the manuscript and the statistical
analysis. QS put forward the concept of the study, designed
the study, and reviewed the manuscript. WX, WW, and RW
contributed to the data acquisition, analysis, and interpretation.
PP carried out the data analysis. All authors contributed to the
article and approved the submitted version.

FUNDING

This study was granted by the Department of Health of
Zhejiang Province, China (Nos. 2019KY123 and 2018KY582),
the Natural Science Foundation of Zhejiang Province, China
(No. LSY19H180009), and Clinical science foundation of
ZheJiang university, China (No. YYJJ2019Z06). This work
was supported in part by Translational Medicine Research
Center, Key Laboratory of Clinical Cancer Pharmacology
and Toxicology Research of Zhejiang Province under Grants
No. 2020E10021.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fonc.
2020.01463/full#supplementary-material

Frontiers in Oncology | www.frontiersin.org

August 2020 | Volume 10 | Article 1463


https://www.frontiersin.org/articles/10.3389/fonc.2020.01463/full#supplementary-material
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

Shan et al.

Nomogram Detect Metastatic Lymph Node

REFERENCES

10.

11.

12.

13.

14.

15.

16.

17.

18.

. Cianfrocca M, Goldstein LJ. Prognostic and predictive factors in early-stage

breast cancer. Oncologist. (2004) 9:606-16. doi: 10.1634/theoncologist.9-6-606

. Axelsson CK, During M, Christiansen PM, Wamberg PA, Soe KL, Moller

S, et al. Impact on regional recurrence and survival of axillary surgery in
women with node-negative primary breast cancer. Br ] Surg. (2009) 96:40-
6. doi: 10.1002/bjs.6350

. Gradishar WJ, Anderson BO, Balassanian R, Blair SL, Burstein HJ, Cyr A, et al.

NCCN guidelines insights breast cancer, version 1.2016. ] Natl Compr Cancer
Netw. (2015) 13:1475-85. doi: 10.6004/jnccn.2015.0176

. Lee B, Lim AK, Krell ], Satchithananda K, Coombes RC, Lewis JS, et al. The

efficacy of axillary ultrasound in the detection of nodal metastasis in breast
cancer. AJR Am ] Roentgenol. (2013) 200:W314-20. doi: 10.2214/AJR.12.9032

. Schrenk P, Rieger R, Shamiyeh A, Wayand W. Morbidity following sentinel

lymph node biopsy versus axillary lymph node dissection for patients
with breast carcinoma. Cancer. (2000) 88:608-14. doi: 10.1002/(SICI)1097-
0142(20000201)88:3<608::AID-CNCR17>3.0.CO;2-K

. Giuliano AE, Hunt KK, Ballman KV, Beitsch PD, Whitworth PW,

Blumencranz PW, et al. Axillary dissection vs no axillary dissection in women
with invasive breast cancer and sentinel node metastasis: a randomized
clinical trial. JAMA. (2011) 305:569-75. doi: 10.1001/jama.2011.90

. Lyman GH, Somerfield MR, Bosserman LD, Perkins CL, Weaver DL, Giuliano

AE. Sentinel lymph node biopsy for patients with early-stage breast cancer:
American Society of Clinical Oncology Clinical Practice Guideline Update. |
Clin Oncol. (2017) 35:561-4. doi: 10.1200/JC0O.2016.71.0947

. Cody HS III, Houssami N. Axillary management in breast cancer: whats new

for 20122 Breast. (2012) 21:411-5. doi: 10.1016/j.breast.2012.01.011

. Baltzer PA, Dietzel M, Burmeister HP, Zoubi R, Gajda M, Camara O, et al.

Application of MR mammography beyond local staging: is there a potential
to accurately assess axillary lymph nodes? evaluation of an extended protocol
in an initial prospective study. AJR Am ] Roentgenol. (2011) 196:W641-
7. doi: 10.2214/AJR.10.4889

Scaranelo AM, Eiada R, Jacks LM, Kulkarni SR, Crystal P. Accuracy
of unenhanced MR imaging in the detection of axillary lymph node
metastasis: study of reproducibility and reliability. Radiology. (2012) 262:425-
34. doi: 10.1148/radiol. 11110639

De Coninck C, Noel JC, Boutemy R, Simon P. Preoperative axillary lymph
node staging by ultrasound-guided cytology using a four-level sonographic
score. BMC Med Imaging. (2016) 16:13. doi: 10.1186/512880-016-0116-1

Wu PQ, Liu CL, Liu ZY, Ye WT, Liang CH. Value of mamography,
CT and DCE-MRI in detecting axillary lymph node metastasis
of breast cancer. ] Southern Med Univ. (2016) 36:493-9.
doi: 10.3969/j.issn.1673-4254.2016.04.09

Chung J, Youk JH, Kim JA, Gweon HM, Kim EK, Ryu YH, et al. Role of
diffusion-weighted MRI: predicting axillary lymph node metastases in breast
cancer. Acta Radiol. (2014) 55:909-16. doi: 10.1177/0284185113509094
Razek AA, Lattif MA, Denewer A, Farouk O, Nada N. Assessment of axillary
lymph nodes in patients with breast cancer with diffusion-weighted MR
imaging in combination with routine and dynamic contrast MR imaging.
Breast Cancer. (2016) 23:525-32. doi: 10.1007/s12282-015-0598-7

Kuhl CK, Mielcareck P, Klaschik S, Leutner C, Wardelmann E, Gieseke J,
et al. Dynamic breast MR imaging: are signal intensity time course data useful
for differential diagnosis of enhancing lesions? Radiology. (1999) 211:101-
10. doi: 10.1148/radiology.211.1.r99ap38101

He N, Xie C, Wei W, Pan C, Wang W, Lv N, et al. A new, preoperative,
MRI-based scoring system for diagnosing malignant axillary lymph nodes
in women evaluated for breast cancer. Eur ] Radiol. (2012) 81:2602-
12. doi: 10.1016/j.ejrad.2012.03.019

Rahbar H, Conlin JL, Parsian S, DeMartini WB, Peacock S, Lehman CD,
et al. Suspicious axillary lymph nodes identified on clinical breast MRI
in patients newly diagnosed with breast cancer: can quantitative features
improve discrimination of malignant from benign? Acad Radiol. (2015)
22:430-8. doi: 10.1016/j.acra.2014.10.010

Yun §J, Sohn YM, Seo M. Differentiation of benign and metastatic axillary
lymph nodes in breast cancer: additive value of MRI computer-aided
evaluation. Clin Radiol. (2016) 71:403 e1-7. doi: 10.1016/j.crad.2016.01.008

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Davnall E, Yip CS, Ljungqvist G, Selmi M, Ng F, Sanghera B, et al. Assessment
of tumor heterogeneity: an emerging imaging tool for clinical practice?
Insights Imaging. (2012) 3:573-89. doi: 10.1007/s13244-012-0196-6
Ganeshan B, Miles KA. Quantifying tumour heterogeneity with CT. Cancer
Imaging. (2013) 13:140-9. doi: 10.1102/1470-7330.2013.0015

Lambin P, Rios-Velazquez E, Leijenaar R, Carvalho S, van Stiphout RG,
Granton P, et al. Radiomics: extracting more information from medical
images using advanced feature analysis. Eur | Cancer. (2012) 48:441-
6. doi: 10.1016/j.ejca.2011.11.036

Shen Q, Shan Y, Hu Z, Chen W, Yang B, Han J, et al. Quantitative
parameters of CT texture analysis as potential markersfor early prediction
of spontaneous intracranial hemorrhage enlargement. Eur Radiol. (2018)
28:4389-96. doi: 10.1007/s00330-018-5364-8

Kumar V, Gu Y, Basu S, Berglund A, Eschrich SA, Schabath MB, et al.
Radiomics: the process and the challenges. Magn Reson Imaging. (2012)
30:1234-48. doi: 10.1016/j.mri.2012.06.010

Panth KM, Leijenaar RT, Carvalho S, Lieuwes NG, Yaromina A, Dubois
L, et al. Is there a causal relationship between genetic changes and
radiomics-based image features? An in vivo preclinical experiment with
doxycycline inducible GADD34 tumor cells. Radiother Oncol. (2015) 116:462—-
6. doi: 10.1016/j.radonc.2015.06.013

Gillies RJ, Kinahan PE, Hricak H. Radiomics: images are more than pictures,
they are data. Radiology. (2016) 278:563-77. doi: 10.1148/radiol.2015151169
Kang Y, Lee GY, Lee JW, Lee E, Kim B, Kim §J, et al. Texture analysis
of torn rotator cuff on preoperative magnetic resonance arthrography as
a predictor of postoperative tendon status. Kor J Radiol. (2017) 18:691-
8. doi: 10.3348/kjr.2017.18.4.691

Han L, Zhu Y, Liu Z, Yu T, He C, Jiang W, et al. Radiomic nomogram for
prediction of axillary lymph node metastasis in breast cancer. Eur Radiol.
(2019) 29:3820-9. doi: 10.1007/s00330-018-5981-2

Kim JH, Ko ES, Lim Y, Lee KS, Han BK, Ko EY, et al. Breast cancer
heterogeneity: MR imaging texture analysis and survival outcomes. Radiology.
(2017) 282:665-75. doi: 10.1148/radiol.2016160261

Liu Z, Li Z, QuJ, Zhang R, Zhou X, Li L, et al. Radiomics of multiparametric
MRI for pretreatment prediction of pathologic complete response to
neoadjuvant chemotherapy in breast cancer: a multicenter Study. Clin Cancer
Res. (2019) 25:3538-47. doi: 10.1158/1078-0432.CCR-18-3190

Luciani A, Pigneur E Ghozali E Dao TH, Cunin P, Meyblum E, et al. Ex
vivo MRI of axillary lymph nodes in breast cancer. Eur ] Radiol. (2009)
69:59-66. doi: 10.1016/j.ejrad.2008.07.040

Bevers TB, Helvie M, Bonaccio E, Calhoun KE, Daly MB, Farrar WB,
et al. Breast cancer screening and diagnosis, version 3.2018, NCCN clinical
practice guidelines in oncology. J Natl Compr Cancer Netw. (2018) 16:1362-
89. doi: 10.6004/jnccn.2018.0083

Schacht DV, Drukker K, Pak I, Abe H, Giger ML. Using quantitative image
analysis to classify axillary lymph nodes on breast MRI: a new application for
the Z 0011 Era. Eur ] Radiol. (2015) 84:392-7. doi: 10.1016/j.ejrad.2014.12.003
Kvistad KA, Rydland J, Smethurst HB, Lundgren S, Fjosne HE, Haraldseth
O. Axillary lymph node metastases in breast cancer: preoperative detection
with dynamic contrast-enhanced MRI. Eur Radiol. (2000) 10:1464-
71. doi: 10.1007/s003300000370

Lu W, Zhong L, Dong D, Fang M, Dai Q, Leng S, et al. Radiomic
analysis for preoperative prediction of cervical lymph node metastasis in
patients with papillary thyroid carcinoma. Eur J Radiol. (2019) 118:231-
8. doi: 10.1016/j.ejrad.2019.07.018

Vasquez MM, Hu C, Roe DJ, Chen Z, Halonen M, Guerra S. Least absolute
shrinkage and selection operator type methods for the identification of serum
biomarkers of overweight and obesity: simulation and application. BMC Med
Res Methodol. (2016) 16:154. doi: 10.1186/5s12874-016-0254-8

Jiang Y, Wang W, Chen C, Zhang X, Zha X, Lv W, et al. Radiomics
signature on computed tomography imaging: association with lymph
node metastasis in patients with gastric cancer. Front Oncol. (2019)
9:340. doi: 10.3389/fonc.2019.00340

Kim SH, Lee HS, Kang BJ, Song BJ, Kim HB, Lee H, et al. Dynamic
contrast-enhanced MRI perfusion parameters as imaging biomarkers of
angiogenesis. PLoS ONE. (2016) 11:¢0168632. doi: 10.1371/journal.pone.01
68632

Frontiers in Oncology | www.frontiersin.org

August 2020 | Volume 10 | Article 1463


https://doi.org/10.1634/theoncologist.9-6-606
https://doi.org/10.1002/bjs.6350
https://doi.org/10.6004/jnccn.2015.0176
https://doi.org/10.2214/AJR.12.9032
https://doi.org/10.1002/(SICI)1097-0142(20000201)88:3<608::AID-CNCR17>3.0.CO;2-K
https://doi.org/10.1001/jama.2011.90
https://doi.org/10.1200/JCO.2016.71.0947
https://doi.org/10.1016/j.breast.2012.01.011
https://doi.org/10.2214/AJR.10.4889
https://doi.org/10.1148/radiol.11110639
https://doi.org/10.1186/s12880-016-0116-1
https://doi.org/10.3969/j.issn.1673-4254.2016.04.09
https://doi.org/10.1177/0284185113509094
https://doi.org/10.1007/s12282-015-0598-7
https://doi.org/10.1148/radiology.211.1.r99ap38101
https://doi.org/10.1016/j.ejrad.2012.03.019
https://doi.org/10.1016/j.acra.2014.10.010
https://doi.org/10.1016/j.crad.2016.01.008
https://doi.org/10.1007/s13244-012-0196-6
https://doi.org/10.1102/1470-7330.2013.0015
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1007/s00330-018-5364-8
https://doi.org/10.1016/j.mri.2012.06.010
https://doi.org/10.1016/j.radonc.2015.06.013
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.3348/kjr.2017.18.4.691
https://doi.org/10.1007/s00330-018-5981-2
https://doi.org/10.1148/radiol.2016160261
https://doi.org/10.1158/1078-0432.CCR-18-3190
https://doi.org/10.1016/j.ejrad.2008.07.040
https://doi.org/10.6004/jnccn.2018.0083
https://doi.org/10.1016/j.ejrad.2014.12.003
https://doi.org/10.1007/s003300000370
https://doi.org/10.1016/j.ejrad.2019.07.018
https://doi.org/10.1186/s12874-016-0254-8
https://doi.org/10.3389/fonc.2019.00340
https://doi.org/10.1371/journal.pone.0168632
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

Shan et al.

Nomogram Detect Metastatic Lymph Node

38.

39.

40.

41.

42.

43.

Orguc S, Basara I, Pekindil G, Coskun T. Contribution of kinetic
characteristics of axillary lymph nodes to the diagnosis in breast
magnetic resonance imaging. Balk Med ] (2012) 29:285—9.
doi: 10.5152/balkanmed;.2012.010

Arslan G, Altintoprak KM, Yirgin IK, Atasoy MM, Celik L. Diagnostic
accuracy of metastatic axillary lymph nodes in breast MRI. Springer Plus.
(2016) 5:735. doi: 10.1186/540064-016-2419-7

Kuijs V], Moossdorff M, Schipper R], Beets-Tan RG, Heuts EM, Keymeulen
KB, et al. The role of MRI in axillary lymph node imaging in breast
cancer patients: a systematic review. Insights Imaging. (2015) 6:203-
15. doi: 10.1007/513244-015-0404-2

Andersen MB, Harders SW, Ganeshan B, Thygesen J, Torp Madsen HH,
Rasmussen F. CT texture analysis can help differentiate between malignant
and benign lymph nodes in the mediastinum in patients suspected for lung
cancer. Acta Radiol. (2016) 57:669-76. doi: 10.1177/0284185115598808

Gu Y, She Y, Xie D, Dai C, Ren Y, Fan Z, et al. A texture analysis-based
prediction model for lymph node metastasis in stage IA lung adenocarcinoma.
Ann Thorac Surg. (2018) 106:214-20. doi: 10.1016/j.athoracsur.2018.02.026
Rueckert D, Sonoda LI, Hayes C, Hill DL, Leach MO, Hawkes DJ.
Nonrigid registration using free-form deformations: application to breast

MR images. IEEE Transact Med Imaging. (1999) 18:712-21. doi: 10.1109/42.
796284

44. Rohlfing T, Maurer CR Jr, Bluemke DA, Jacobs MA. Volume-preserving
nonrigid registration of MR breast images using free-form deformation with
an incompressibility constraint. IEEE Transact Med Imaging. (2003) 22:730-
41. doi: 10.1109/TMI.2003.814791

Conlflict of Interest: PP was employed by the company GE Healthcare.

The remaining authors declare that the research was conducted in the absence of
any commercial or financial relationships that could be construed as a potential
conflict of interest.

Copyright © 2020 Shan, Xu, Wang, Wang, Pang and Shen. This is an open-access
article distributed under the terms of the Creative Commons Attribution License (CC
BY). The use, distribution or reproduction in other forums is permitted, provided
the original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with these
terms.

Frontiers in Oncology | www.frontiersin.org

10

August 2020 | Volume 10 | Article 1463


https://doi.org/10.5152/balkanmedj.2012.010
https://doi.org/10.1186/s40064-016-2419-7
https://doi.org/10.1007/s13244-015-0404-2
https://doi.org/10.1177/0284185115598808
https://doi.org/10.1016/j.athoracsur.2018.02.026
https://doi.org/10.1109/42.796284
https://doi.org/10.1109/TMI.2003.814791~
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

	A Nomogram Combined Radiomics and Kinetic Curve Pattern as Imaging Biomarker for Detecting Metastatic Axillary Lymph Node in Invasive Breast Cancer
	Introduction
	Materials and Methods
	Study Population and Surgical Strategy
	Imaging Protocol
	Image Processing
	Feature Extraction, Selection, and Correlation
	Nomogram Building, Calibration, and External Validation
	Statistical Analysis

	Results
	Patients Characteristics
	Reproducibility Analysis
	Radscore Model Building, Kinetic Curve Pattern Analysis, Correlation, and Validation
	Nomogram Building
	Validation on External Cohort

	Discussion
	Conclusion
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Supplementary Material
	References


