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Development and validation of radiomics machine
learning model based on contrast-enhanced computed
tomography to predict axillary lymph node metastasis
in breast cancer
Jieqiu Zhang 1, Gaofei Cao 2, Haowen Pang3, Jin Li 2∗ , and Xiaopeng Yao 2 ,4∗

Preoperative identification of axillary lymph node metastasis can play an important role in treatment selection strategy and prognosis
evaluation. This study aimed to establish a clinical nomogram based on lymph node images to predict lymph node metastasis in breast
cancer patients. A total of 193 patients with non-specific invasive breast cancer were divided into training (n= 135) and validation set
(n= 58). Radiomics features were extracted from lymph node images instead of tumor region, and the least absolute shrinkage and
selection operator logistic algorithmwas used to select the extracted features and generate radiomics score. Then, the important
clinical factors and radiomics score were integrated into a nomogram. A receiver operating characteristic curve was used to evaluate
the nomogram, and the clinical benefit of using the nomogramwas evaluated by decision curve analysis. We found that clinical N stage
and radiomics score were independent clinical predictors. Besides, the nomogram accurately predicted axillary lymph node metastasis,
yielding an area under the receiver operating characteristic curve of 0.95 (95% confidence interval 0.93–0.98) in the validation set,
indicating satisfactory calibration. Decision curve analysis confirmed that the nomogram had higher clinical utility than clinical N stage
or radiomics score alone. Overall, the nomogram based on radiomics features and clinical factors can help radiologists to predict
axillary lymph node metastasis preoperatively and provide valuable information for individual treatment.

Keywords: Breast cancer, axillary lymph node metastasis (ALNM), radiomics, machine learning, contrast-enhanced computed
tomography (CECT), nomogram.

Introduction
Breast cancer is the most common type of malignant tumor
in women, and the average age of patients with breast cancer
is decreasing [1–3]. Whether breast cancer is accompanied by
axillary lymph node metastasis (ALNM) affects the subsequent
treatment plans and is also a crucial prognostic factor [4, 5].
Therefore, accurate assessment of ALNM has guiding signifi-
cance in the diagnosis and treatment of breast cancer.

Current methods for assessing ALNM can be either invasive
or non-invasive. Due to the limitations of subjective factors
such as the experience and knowledge level of clinicians, rou-
tine imaging and preoperative clinical factors result in high
false-negative rate [6, 7]. Sentinel lymph node biopsy (SLNB)
is the gold standard for clinical evaluation of ALNM [8], but it
is invasive and can cause numerous complications that affect
patients’ quality of life [9–11].

The development of artificial intelligence in themedical field
has provided new possibilities for the accurate prediction of
lymph nodemetastasis in breast cancer. Radiomics extracts the

characteristic information of relevant lesions and improves the
accuracy of preoperative ALNM prediction. Moreover, it is a
non-invasive and low-cost method [12], and radiomics mod-
els have been widely used to predict ALNM [13–15]. However,
existing studies have focused on using tumors as regions of
interest (ROI) rather than lymph nodes to predict the presence
of ALNM.

In this study,we developed and validated a nomogrambased
on ALN images for the simple and effective prediction of ALNM
in breast cancer.

Materials andmethods
Patients
Inclusion criteria were: (1) contrast-enhanced computed
tomography (CECT) images of the patient’s venous phase were
available; (2) patients underwent ALN dissection or SLNB;
(3) available clinical data. Exclusion criteria were: (1) ALN
diameter< 0.5 cm, which results in difficulties in delineating
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Figure 1. The workflow of the radiomics analysis. ROI: Region of interest; ROC: Receiver operating characteristics curve; MSE: Mean squared error.

ROI in CECT images; (2) images of lymph nodes were ambigu-
ous; (3) preoperative therapy (resection biopsy, neoadjuvant
radiotherapy, or chemotherapy).

This study included 193 consecutive patients who had
non-specific invasive breast cancer between February 2021
and February 2022. All patients were randomly divided into
a training set (n = 135) and a validation set (n = 58), with a
ratio of approximately 7:3. We obtained the patients’ baseline
clinicopathological data from the medical records, and the
radiologist made a comprehensive assessment based on the
physical examination and CECT images, and the assessment
results were cN0 (non-ALNM) and cN+ (ALNM). cN0 was
defined as no regional lymph node metastases detected on
CECT, whereas cN+ was defined as metastases to mobile
ipsilateral level II ALNs, which depended on the radiologist’s
clinical experience. The primary outcome of this study was the
pathological node stage (pNx), which was determined by the
results of SLNB or ALN dissection procedures.

Contrast-enhanced CT image acquisition
All patients received preoperative contrast-enhanced chest CT
examination (Philips Medical Systems, the Netherlands). The
scanning method was as follows: a contrast agent (Iohexol,
320 mg/mL) was injected into the patient’s median cubital
vein using a two-barrel high-pressure syringe, at a dosage
of 1.0 mL/kg and a flow rate of 3.0 mL/s. The CT value of
blood vessels at the level of the aortic arch was monitored
after injection of the contrast agent. Enhanced CT scans
were automatically triggered when the CT value reached
approximately 250 HU, whereas venous phase scans were
performed after a delay of 30 s. The scanning range extended
from the level of the lower neck to the bottom of the thorax in
the supine position.

The workflow
Theworkflowof the radiomics analysis includedROI segmenta-
tion, feature extraction, feature selection, model development,
and model validation (Figure 1).

Figure 2. Segmentation of the region of interest. (A) Shows the
segmentation of a non-metastatic axillary lymph node; (B) Shows the seg-
mentation of a metastatic axillary lymph node.

Segmentation and features extraction
Contrast-enhanced 2D images of the venous phase were
obtained fromDigital ImagingandCommunications inMedicine
(DICOM). We selected images with a slice thickness of 5 mm
and the ROI segmentation was performed on the original CECT
images using ITK-SNAP software (http://www.itksnap.org)
(Figure 2) [16]. All manual segmentation of the CECT images
was performed by two practicing experienced radiologists
(Y.W., with 11 years of CECT imaging experience; Y.T., with
2 years of CECT imaging experience) who were blinded to the
patients’ clinical information. For the radiomics feature extrac-
tion of the ROI images, we used Pyradiomics, an open-source
package based on Python.

Radiomics score construction and performance assessment
Wenormalizedall variables andmeasuredcorrelationsbetween
the features using Pearson algorithm. If the correlation coeffi-
cient between the two features was greater than 0.9, one of
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Table 1. Clinical characteristics of patients

Characteristics Total (n= 193) p

pN0 (n= 97) pN+ (n= 96)

Age (y) 51.8± 8.7 49.4± 9.9 0.075

Tumor grade <0.001

I 28 (28.9) 1 (1.0)
II 62 (63.9) 57 (59.4)
III 7 (7.2) 38 (39.6)

Histopathologic subtype 0.721

Invasive ductal carcinoma 92 (94.9) 93 (96.9)
Invasive lobular carcinoma 5 (5.2) 3 (3.1)

Clinical T stage (%) <0.001

T1 32 (34.3) 13 (14.4)
T2 60 (60.6) 57 (58.8)
T3 5 (5.0) 26 (26.8)

Clinical N stage (%) <0.001

N0 72 (74.2) 5 (5.2)
N+ 25 (25.8) 91 (94.8)

ER status (%) 0.455

Negative 31 (32.0) 25 (26.0)
Positive 66 (68.0) 71 (74.0)

PR status (%) 0.134

Negative 36 (37.1) 25 (26.0)
Positive 61 (62.9) 71 (74.0)

HER2 status (%) 0.812

Negative 58 (59.8) 60 (62.5)
Positive 39 (40.2) 36 (37.5)

Ki-67 status (%) 0.249

<30% 49 (50.5) 40 (41.7)
≥30% 48 (49.5) 56 (58.3)

Data in parentheses are percentages; p values were derived from the univariate analysis between each
of characteristic and axillary lymph node status. HER2: Human epidermal growth factor receptor 2;
ER: Estrogen receptor; PR: Progesterone receptor.

the features was excluded. The least absolute shrinkage and
selection operator (LASSO) algorithm was applied to select
the extracted features. The selected features were weighted by
their respective LASSO coefficients and the linear combination
was used to calculate the radiomics score. The radiomics score
performance was assessed in both the training and validation
set and the area under the curve (AUC) of the receiver operator
characteristic (ROC) curvewasused to assess thediscriminative
ability of the radiomics score.

Nomogram development and validation
The radiomics score and other clinical predictors were tested
using a multivariate logistic regression algorithm in the train-
ing set.We then selected independent predictors for developing
the nomogram. Calibration was assessed using a calibration
curve along with the Hosmer–Lemeshow test to evaluate the
goodness-of-fit of the nomogram. Additionally, the ROC curve

and decision curve analysis were implemented to determine
discriminative ability and clinical utility.

Ethical statement
The study was conducted in accordance with the Declaration
of Helsinki, and approved by the Ethics Committee of the
Affiliated Hospital of Southwest Medical University (protocol
code KY2022216, 20 June 2022). The requirement for written
informed consent was waived.

Statistical analysis
Normally distributed data were analyzed using an indepen-
dent t-test,while categorical variableswere evaluated using the
chi-squared test. Except for the LASSO algorithm, which was
performed using Python software, all statistical analyses were
conducted using R statistical software, version 4.2.0. All statis-
tical testswere two-tailed, andp<0.05wasdeemedstatistically
significant.
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Figure 3. (A) The LASSO coefficient profiles of radiomics features; (B) The feature selection by the LASSO model with tuning parameter (λ) using 5-fold
cross-validation via minimum criteria. The x-axis shows lambda, and the y-axis shows the mean squared error (MSE); (C) Selected optimal features and
LASSO coefficients; (D) Heatmap shows the correlation coefficient between the radiomics features selected by the LASSO.

Results
Patient clinical characteristics
The results of clinical and histopathological characteristics of
patients with pN0 (n = 97) and pN+ (n = 96) are presented
in Table 1. Univariate analysis revealed that when pathological
outcomewas the outcome variable, only clinical T stage, clinical
N stage, and tumor stage showed statistical significance.

Features selection
We customized the mode of features extraction based on Pyra-
diomics and set preferences for image type, feature class, and
setting. In total, 1,218 features were extracted from each CECT
image, including 96 original features and 1,122wavelet features.
Original features included FirstOrder (n= 18), shape-based (2D;
n = 10), gray level dependence matrix (n = 14), gray level run
lengthmatrix (n= 16), gray level cooccurrencematrix (n= 22),
and gray level size zone matrix (n= 16). Wavelet features were
based on the original features and were derived through var-
ious filters (Wavelet, LoG, etc.). Besides, the Pearson corre-
lation coefficient analysis was performed on the wavelet fea-
tures.Ultimately, 387 radiomics featureswereobtained for each
patient. LASSO logistic regressionwas used to further select the

optimal features, andwe finally obtained 21 potential radiomics
predictors. The details of the LASSO features selection are dis-
played in Figure 3.

Radiomics signature construction and performance assessment
The formula for the radiomics score was developed according
to the feature coefficients, and the calculations are shown in
Table S1.Wediscovered thatwhenpatients haddifferent patho-
logical outcomes, the radiomics score was statistically differ-
ent in the training and validation set, thereby confirming the
discriminative ability of the radiomics signature. We used the
Raincloud plot to visualize the different distributions of the
samples (Figure 4A) and plotted the ROC curve to express the
performance of the radiomics score. The AUC value in the vali-
dation set reached 0.88 (95% CI 0.80–0.97; Figure 4B).

Nomogram development and validation
Univariate analysis was used to select statistically significant
clinicopathological features (p < 0.05). Combined with the
radiomics score for themultivariate logistic regressionanalysis,
the results indicated that the clinical N stage and radiomics
scorewere statistically significant (p<0.001), as thenomogram
consisted of the above factors. A goodness-of-fit test was
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Figure 4. (A) The raincloud plot visualizes the score of radiomics signature. It shows the sample distribution locations and interval sample densities
for the training and validation sets of radiomics features; (B) ROC curves of radiomics score for the training and validation sets. ROC: Receiver operating
characteristics curve; AUC: Area under the receiver operating characteristic curve.

Table 2. Performance of models for predicting axillary lymph node metastasis in breast cancer patients

Training set AUC (95% CI) SEN (%) SPE (%) ACC (%) PPV (%) NPV (%)

Radiomics score 0.89 (0.84–0.94) 0.74 0.88 0.81 0.86 0.77
Nomogram 0.95 (0.93–0.98) 0.96 0.82 0.89 0.84 0.95

Validation set AUC (95% CI) SEN (%) SPE (%) ACC (%) PPV (%) NPV (%)

Radiomics score 0.88 (0.80–0.97) 0.78 0.90 0.84 0.88 0.82
Nomogram 0.93 (0.87–0.99) 0.93 0.83 0.88 0.84 0.93

AUC: Area under the receiver operating characteristic curve; SEN: Sensitivity; SPE: Specificity; ACC: Accuracy; PPV: Positive predictive value; NPV: Negative
predictive value.

performed on the nomogramand a calibration curvewas drawn
to show that the predicted probability of the nomogram for
ALNMcorresponded closelywith actual observations (p>0.05;
Figure 5B and 5C).

We verified the predictive effect of the nomogram, which
reached peak AUC values of 0.95 (95% CI 0.93–0.98) and 0.93
(95% CI 0.87–0.99) in the training and validation sets, respec-
tively. This demonstrates the outstanding predictive ability of
the nomogram. The detailed statistical results for discriminat-
ing pN0 and pN+ patients are summarized in Table 2, and the
corresponding ROC curves are shown in Figure 6A. We plotted
the decision curves of themodels in the validation set and found
that the nomogram had superior clinical benefits compared to
the radiomics score (Figure 6B).

Discussion
The ALNM of breast cancer is a crucial aspect that affects
the prognosis of patients. It is also a key indicator for deter-
mining the stage of breast cancer and guiding neoadjuvant
chemotherapy. In this study, we constructed a radiomics
score based on lymph node radiomics features and then added
clinicopathological features to generate a clinical nomogram. In
the validation set, the nomogram was constructed by adding

a combination of clinicopathological factors, and the AUC
reached 0.95. This demonstrates that clinical risk factors in
ALNM can compensate for the insufficient predictive power of
radiomics features alone. Decision curve analysis showed that
the clinical utility of the nomogram was higher than that of
the simple clinical N stage and the radiomics score. Therefore,
this model can be used to accurately predict the ALN status and
enhance clinical decision making for treatment strategies, and
thus has great potential for clinical application.

In clinical practice, the preoperative diagnosis of ALNM is
basednot onlyon tumor sizebut also onvarious clinical features
in lymph node images, including long-axis diameter, short-axis
diameter, cortical thickness, ALN fatty hilum, and ALN shape.
Several studies have validated the diagnostic performance of
the above individual features. For example, cortical thickness
(> 3 mm) and non-fatty hilum of multidetector CT were
independent predictors of ALNM [17]. However, that particular
studywas based on a small sample, and it remains to be verified
whether its results can be universally applied. One study
reported that lymph node size was associated with ALNM in
breast cancer [18], but in another it was not an independent
predictor of ALNM [19]. Regarding the shape of lymph nodes,
although bean-shaped lymph nodes have been reported to
exhibit significant metastases, one study found that clear-type
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Figure 5. (A) Nomogram based on radiomics score and clinical N stage,*** represents p< 0.001; (B) Calibration curves of nomogram, the x-axis represents
the predicted probability of ALNM estimated by the nomogram, and the y-axis represents the actual ALNM probability. ALNM: Axillary lymph node
metastasis.

Figure 6. (A) ROC curves of nomogram for the training and validation sets; (B) DCA of nomogram in the validation set. The x-axis represents the threshold
probability, the y-axis represents net benefit. The gray and black lines represent the hypothesis that all breast cancer patients are pN+ and pN0, respectively.
When the high-risk threshold is less than0.9, the net benefit of the nomogram is higher than the radiomics score and clinical N stage. ROC: Receiver operating
characteristics curve; AUC: Area under the receiver operating characteristic curve; DCA: Decision curve analysis.

ALNs may also be predictors of metastasis, while “crescent”
and annular nodes are non-metastatic [19]. The above findings
suggest that various clinical features of lymph node images

pose uncertainties in predicting malignant metastasis. It is
difficult to determine from images alone whether ALNs have
metastasized, and accuracy generally depends on the clinician’s
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experience. Therefore, there is a need for a universal and
accurate method to predict ALNM in cases of breast cancer.

To date, several academics have made preoperative predic-
tions for ALNM based on the radiomics of magnetic resonance
imaging, positron emission tomography–computed tomogra-
phy, and ultrasonography [3, 15, 20]. The combined models
have achieved good results, but most of them extracted the
quantitative features of the lesion area to predict ALNM and
did not consider the lymph node images. We found that models
based on the radiomic features of lesions were generally less
powerful, and their predictive power increased sharply when
additional clinical risk factors were added. Therefore, some
scholars believe that the predictive power of radiomic features
may be limited. Existing studies have used lymph node images
for features extraction and produced combined models that
incorporate the features of lesion images [21, 22] and have
strong predictive ability. However, the difference in predictive
ability between radiomics models and combined models is
small, confirming the predictive ability of radiomics features.

In our study, radiomics features of lymph node images were
extracted and combined with independent clinical predictors
for preoperative prediction of ALNM. The prediction results
were similar as those in Yang’s study (AUC = 0.94), indicating
that the radiomics features of lymph node images are highly
effective. Thus, ALNM can be comprehensively predicted by
combining the radiomics features of lesions and lymph node
images.

There are some limitations to our study. First, it is a retro-
spective study and the sample data are from a single medical
institution. Thus, the generalizability and robustness of the
model are poor. To address this issue, large sample studies with
different groups of patients from multiple medical institutions
are required. Besides, we only preliminarily explored the fea-
sibility of using the radiomics features of lymph node images
to predict ALNM. The sample size was relatively small and
prone to underfitting, and a larger sample size is required for
machine learning training. Third, interobserver agreementwas
not assessed in our study due to a lack of evaluation of inter-
rater, test-retest, and intrarater reliability; however, a subse-
quent study will incorporate it into the study.

Conclusion
Nomogram is helpful for individual prediction of patients with
breast cancer and could assist clinicians to perform preoper-
ative assessments and make better clinical decisions. Future
research will encompass more breast cancer patient databases,
integratemore clinical factors, and further improve the predic-
tive model.
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Supplemental Data

Table S1. Radiomics score formula

Model Formula

Radiomics score Radiomics score= 0.5057222023348106
−0.020572 * gradient_glcm_InverseVariance
−0.030204 * gradient_glszm_ZonePercentage
−0.032331 * squareroot_glcm_ClusterTendency
+0.054891 * squareroot_glcm_Idm
−0.014994 * wavelet-HHH_firstorder_Minimum
−0.021038 * wavelet-HHH_glcm_Imc2
+0.004121 * wavelet-HHH_glrlm_LowGrayLevelRunEmphasis
+0.021182 * wavelet-HHH_glszm_LowGrayLevelZoneEmphasis
+0.077968 * wavelet-HHL_glszm_GrayLevelNonUniformity
+0.030022 * wavelet-HLH_glrlm_LongRunHighGrayLevelEmphasis
−0.018456 * wavelet-HLL_firstorder_Median
−0.010342 * wavelet-LHH_glcm_JointAverage
+0.015771 * wavelet-LHL_firstorder_Skewness
+0.038912 * wavelet-LHL_glcm_Correlation
−0.031525 * wavelet-LHL_glcm_DifferenceVariance
+0.023642 * wavelet-LHL_glcm_Idm
+0.018603 * wavelet-LHL_glcm_InverseVariance
+0.030586 * wavelet-LLH_gldm_DependenceVariance
−0.014144 * wavelet-LLL_firstorder_Skewness
−0.026837 * wavelet-LLL_glcm_Idm
−0.010474 * wavelet-LLL_glcm_InverseVariance
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Table S2. Difference examination between training and validation sets

Characteristics Training set Validation set p

(n= 135) (n= 58)

Age (y) 50.20± 9.32 51.50± 9.57 0.377

Tumor Grade 0.156

I 19 (14.1) 10 (17.2)
II 89 (65.9) 30 (51.7)
III 27 (20.0) 18 (31.0)

Histopathologic subtype 0.209

Invasive ductal carcinoma 131 (97.0) 54 (93.1)
Invasive lobular carcinoma 4 (3.0) 4 (6.9)

Clinical T stage 0.498

T1 31 (0.23) 14 (0.23)
T2 79 (0.59) 38 (0.64)
T3 24 (0.18) 7 (0.13)

Clinical N stage 0.421

N0 56 (0.42) 21(0.36)
N+ 78 (0.58) 38(0.64)

ER status 0.763

Negative 38 (0.28) 18 (0.31)
Positive 96 (0.72) 41 (0.69)

PR status 0.829

Negative 43 (0.32) 18 (0.30)
Positive 91 (0.68) 41 (0.70)

HER2 status 0.768

Negative 81 (0.60) 37 (0.63)
Positive 53 (0.40) 22 (0.37)

Ki-67 0.161

<30% 47 (0.35) 27 (0.46)
≥30% 87 (0.65) 32 (0.54)

Pathological N stage 0.41

N0 70 (0.52) 27 (0.46)
N+ 64 (0.48) 32 (0.54)

HER2: Human epidermal growth factor receptor 2; ER: Estrogen receptor; PR: Progesterone receptor.
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