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Abstract: Breast cancer is one of the malignant tumors that seriously threaten women’s health, and early diag-
nosis and detection of breast cancer are crucial for effective treatment. Dynamic contrast-enhanced magnetic 
resonance imaging (DCE-MRI) is an important diagnostic tool that allows for the dynamic observation of blood flow 
characteristics of breast tumors, including small lesions within the affected tissue. Currently, it is widely used in 
clinical practice and has been shown promising prospects. This study included a total of 1,987 patients who under-
went breast surgery at Huangpu Branch, Shanghai Ninth People’s Hospital, Shanghai Jiaotong University School of 
Medicine from January 1, 2019 to December 31, 2019. Comprehensive patient information was collected, including 
ultrasound, mammography findings, physical examination details, age, family history, and pathological diagnoses. 
The least absolute shrinkage and selection operator (LASSO) algorithm was employed to assign values to the x 
variables, facilitating the construction and validation of the LASSO model group. Receiver operating characteristic 
curves were generated using support vector machines to determine the area under the curve (AUC), as well as to 
assess sensitivity and specificity. There were no statistically significant differences (P>0.05) in average age, body 
mass index, tumor location, or tumor benignity/malignancy between the training and test sets. The AUC, sensitivity, 
and specificity of mammography for predicting the benignity or malignancy of breast tumors were 0.83, 86.96%, 
and 76%, respectively. In comparison, the AUC, sensitivity, and specificity of DCE-MRI for the same predictions were 
0.91, 91.3%, and 88%, respectively. The predictive performance of DCE-MRI was significantly higher than that of 
mammography (P<0.05). In conclusion, both mammography and DCE-MRI demonstrated high AUC, sensitivity, and 
specificity in predicting the benignity or malignancy of breast tumors. However, DCE-MRI showed superior predictive 
performance, making it a valuable tool for the early detection of clinical breast cancer with potential for broader 
clinical application.
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Introduction

Breast cancer originates in the epithelial cells 
lining the ducts or lobules of the breast’s glan-
dular tissue. Initially, cancer cells grow within 
the ducts or lobules (in situ cancer), typically 
without causing symptoms and with a low risk 
of metastasis. Over time, these in situ cancer 
cells may progress, invading the surrounding 
breast tissue (invasive breast cancer). They can 
then spread to nearby lymph nodes (regional 
metastasis) or other organs in the body (distant 
metastasis) [1-4]. Breast cancer is one of the 

most common malignancies in women, com-
prising 7-10% of all malignant tumors. It is more 
prevalent among women with a genetic predis-
position and is most commonly diagnosed in 
women aged 40 to 60, particularly during the 
peri-menopausal period. The disease typically 
originates in the breast glandular tissue. While 
the vast majority of cases occur in women, 
male breast cancer accounts for 0.5-1% of all 
breast cancer diagnoses [5].

The exact cause of breast cancer remains 
unclear. The breast is a target organ for various 
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endocrine hormones, including estrogen, pro-
gesterone, and prolactin. Among these, estrone 
and estradiol levels have a direct association 
with breast cancer development. The condition 
is rare before the age of 20, but its incidence 
rises rapidly afterward. It peaks between the 
ages of 45 and 50 and continues to increase 
after menopause, possibly due to elevated 
estrogen levels in older individuals [6, 7]. The 
age at menarche, age at menopause, nullipari-
ty, and age at first full-term pregnancy are all 
factors associated with the risk of developing 
breast cancer. Individuals with a first-degree 
relative who has a history of breast cancer face 
a 2-3 times higher risk of developing the dis-
ease compared to the general population 
[8-10]. While the relationship between benign 
breast diseases and breast cancer remains 
debated, most experts agree that epithelial 
hyperplasia or atypical hyperplasia in breast 
lobules may be linked to breast cancer develop-
ment [11]. Additionally, excessive nutrition, 
obesity, and a high-fat diet can amplify or pro-
long estrogen stimulation of breast epithelial 
cells, thereby increasing breast cancer risk. 
Environmental factors and lifestyle choices are 
also associated with the incidence of breast 
cancer [12].

Currently, commonly used screening methods 
for breast cancer include breast examination, 
X-ray mammography, ultrasound, magnetic res-
onance imaging (MRI), positron emission 
tomography-computed tomography (PET-CT), 
and breast-specific gamma imaging [13-15]. 
Breast examination is a routine procedure to 
detect any abnormalities in the breasts. The 
optimal time for this examination is typically 
around 7-10 days after the end of menstrua-
tion, as estrogen has the least effect on the 
breasts during this period, and the breast tis-
sue is relatively stable, making it easier to 
detect abnormalities or lesions. A physician’s 
visual and tactile examination involves visually 
inspecting and palpating the breasts to assess 
their shape, the condition of the skin, the nip-
ples and areolas, the presence of breast lumps, 
nipple discharge, and other abnormalities [16]. 
Breast ultrasound is another widely used diag-
nostic tool for breast diseases and is often 
used in conjunction with mammography. It can 
help differentiate between benign and malig-
nant, cystic and solid, and hyperplastic breast 
conditions. Additionally, ultrasound can assist 

in evaluating suspicious lesions in the breast 
following breast implantation. Moreover, ultra-
sound is non-radiating, safe, painless, non-
invasive, and can be repeated, making it suit-
able for women of any age who are suspected 
of having breast diseases. Modern medicine 
recognizes that breast hyperplasia is often 
linked to endocrine disorders and ovarian dys-
function. When estrogen levels increase and 
there is an imbalance between estrogen and 
progesterone, the breast tissue undergoes 
excessive proliferation or incomplete involu-
tion, which can lead to the development of 
breast lobular hyperplasia [17, 18].

Furthermore, research has shown that exces-
sive estrogen stimulation of breast glandular 
epithelial cells is a major contributor to the 
development of breast cancer. Additionally, 
doctors can detect early-stage breast cancer, 
which may not be palpable during clinical exam-
ination, through X-rays. This method allows for 
the identification of tiny calcifications and 
lesions smaller than 0.1 millimeters. The diag-
nostic rate for early-stage breast cancer is high-
er, and the accuracy in distinguishing between 
benign and malignant tumors can exceed 90% 
[19-21]. The new generation of digital mam-
mography has enhanced image clarity and reli-
ability, while also reducing radiation exposure, 
making it safer for the body. PET-CT is a com-
prehensive imaging technique that can assess 
the overall condition of patients diagnosed with 
breast cancer and identify tiny metastatic 
lesions. Breast-specific gamma imaging (BSGI) 
is an innovative diagnostic method in molecu-
lar imaging, offering advantages in the qualita-
tive diagnosis of breast cancer. The procedure 
involves injecting the patient with 99Tc- 
MIBI (Technetium-99m methoxyisobutylisoni-
trile), followed by imaging with a gamma cam-
era. The malignancy of the tumor is determined 
based on the concentration of gamma rays 
within the tumor [22]. BSGI can detect larger 
lesions, multiple or contralateral lesions, and 
hidden tumors in the breast [23]. These diag-
nostic methods each have their own strengths 
and limitations, and doctors can select a com-
bination of approaches tailored to the patient’s 
specific condition to provide a comprehensive 
diagnosis and guide subsequent treatment.

Early diagnosis and detection of breast cancer 
are crucial and play a significant role in the 
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treatment. Therefore, we aimed to construct a 
prediction model that includes a total of 1,987 
patients who underwent breast surgery at the 
Huangpu Branch of Shanghai Ninth People’s 
Hospital, Shanghai Jiaotong University School 
of Medicine in 2019. The dataset includes com-
plete records of ultrasound, mammography, 
physical examination, age, family history, and 
pathological diagnosis. The least absolute 
shrinkage and selection operator (LASSO) algo-
rithm was used to assign values to the x vari-
ables, construct the LASSO model group, and 
perform validation and fitting. Column line 
charts were generated to thoroughly assess 
the predictive efficacy of the LASSO multifactor 
clinical model, based on different radiomics, in 
determining the malignancy of breast tumors.

Materials and methods

Subject selection

A total of 1,987 patients who underwent breast 
surgery in the Department of Breast Surgery at 
the Huangpu Branch of Shanghai Ninth People’s 
Hospital, Shanghai Jiaotong University School 
of Medicine, throughout 2019 were included in 
this study. All patients had complete records of 
ultrasound, mammography, physical examina-
tion, age, family history, and pathological diag-
nosis. Among these patients, 718 cases were 
diagnosed as malignant. The patients’ ages 
ranged from 17 to 89 years, with a median age 
of 50 years and an average age of 51 years. 
The study was approved by the Institutional 
Review Board and Research Ethics Committee 
of the Huangpu Branch, Shanghai Ninth 
People’s Hospital, Shanghai Jiaotong University 
School of Medicine, and was conducted in 
accordance with the principles of the 
Declaration of Helsinki.

Inclusion criteria: 1) The age of the patients 
ranged from 17 to 89 years old; 2) Patients had 
complete records of ultrasound, mammogra-
phy, physical examination, age, family history, 
and pathological diagnosis; 3) Patients were 
required to have HER2+ breast cancer (3+ on 
immunohistochemistry and/or amplified on flu-
orescence in situ hybridization). Exclusion crite-
ria: 1) Patients had breast implants or were 
pregnant, lactating, or planning to become 
pregnant within half a year; 2) Biopsy conduct-
ed at an external institution and unavailable 
pathologic results; 3) Previous or simultaneous 

presence of other tumors; 4) Patients with 
severe heart, kidney or nervous system compli-
cations, malnutrition, diabetes, or Karnofsky 
index less than 70.

Mammography with molybdenum target X-ray

Mammography was performed using a fully 
digital mammography system, the GE digital 
flat-panel mammography machine. The acquisi-
tion parameters included a detector size of 
25×29 cm, an imaging matrix of 3530×4200, a 
spatial resolution of 7.25 LP/mm, and a stan-
dard pixel size of 60 µm. Images of the breasts 
in craniocaudal, mediolateral, and oblique 
views were obtained.

MRI imaging method

Routine T2-weighted imaging (T2WI) and 
dynamic contrast-enhanced MRI (DCE-MRI) 
sequences were performed using a Philips 
Ingenia 3.0T fully digital MRI system. A bolus 
injection of 0.3 mmol/kg contrast agent was 
administered through the elbow vein, with an 
echo time of 2.5 ms, a repetition time of 3.5 
ms, an inversion angle of 10°C, a matrix size of 
562×562, and a slice thickness of 1.5 mm. The 
acquired images were transferred to a worksta-
tion for further processing.

Image segmentation

Three senior physicians independently per-
formed image segmentation on the selected 
images. Each physician was unaware of the 
clinical pathological diagnosis of the patients. 
The 3D Slicer software was used to cover the 
entire tumor area with the selected region of 
interest. The intensity of the tumor boundary 
region was chosen as the threshold for semi-
automatic threshold segmentation. The seg-
mented images retained only the region of 
interest, which represents the tumor area and 
serves as input for extracting quantitative 
radiomics features.

MATLAB R2016b software was used to extract 
four groups of image features from the region 
of interest. These features include first-order 
gray-level histogram features (energy), texture 
features (area, perimeter, compactness, elon-
gation ratio), shape features, and wavelet 
transform features. Among them, energy, en- 
tropy, kurtosis, and homogeneity can be repre-
sented as follows:
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Where, m represents the total number of pixels, 
K represents the two-dimensional pixel data, I 
represents the first-order gray-level value, and 

M represents the number of gray levels.

Then, the maximum-minimum normalization 
method [24] was applied to normalize all the 
obtained features. The normalization formula is 
as follows:

c
max (y) min (y)
y min (y)i=
-

-
                                       (5)

Where, c represents the normalized data, y rep-
resents the original data, max(y) represents the 
maximum value among the original data, and 

Figure 1. Histogram of age distribution.
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Since age is a continuous variable, we plotted a 
histogram to show its approximate distribution, 
and no outliers were observed (Figure 1). We 
also plotted a graph by fitting the diagnostic 
results with age using a spline function (Figure 
2), and a monotonic relationship between age 
and diagnostic results was determined.

Age was included as a continuous variable in 
the model, labeled as (age1). Additionally, 
based on clinical experience, mammography 
has a higher diagnostic value in individuals 
aged 40 and above. Therefore, the continuous 
variable age was transformed into a binary vari-
able based on <40 years old and ≥40 years old, 

Figure 2. Spline function of diagnostic results and age.

min(y) represents the minimum value among 
the original data.

Preprocessing of predictive factors

To facilitate the application of the final model, 
we included ultrasound (BUS), mammography, 
palpation, and family history as binary vari- 
ables in the model. BUS and mammography 
were categorized as 0-4a and labeled as 0, 
while palpation was categorized as no mass or 
possibly benign mass and labeled as 0. No 
family history of breast or ovarian cancer was 
labeled as 0, while the presence of family his-
tory was labeled as 1.
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Figure 3. LASSO model set.

labeled as (age2). Patients under 40 years old 
were labeled as 0 (375 cases), while patients 
aged 40 and above were labeled as 1 (1612 
cases).

LASSO variable selection and development of 
the nomogram

The LASSO algorithm is a regression analysis 
method that performs both variable selection 
and regularization using R software (3.8.0) with 
glmnet package. In the current study, the 
LASSO algorithm was used to select the most 
significant features. The LASSO model set was 
established, as shown in Figure 3. Through 
cross-validation, the optimal λ (lambda) value 

was determined as 0.0006364417. If the vari-
able “family history”, with the least impact,  
is removed, the optimal λ value becomes 
0.01875626. The optimal and simplest accept-
able LASSO model was fitted, including age 2, 
palpation, mammography, BUS, and family his-
tory. Afterward, the nomogram was construct-
ed using the independent predictors selected 
by LASSO to generate a model for breast can-
cer prediction.

Validation of the nomogram

Our nomogram was internally validated by 
using 100 bootstrap samples. Additionally, 
three main aspects of validation of the nomo-
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gram were discrimination, calibration, and clini-
cal usefulness. The analysis of the area under 
the receiver operating characteristic (ROC) 
curve (AUC) was conducted to assess the dis-
criminative performance of the nomogram. 
Further, a calibration curve was also plotted to 
evaluate the deviation between the estimated 
and actual probability. Lastly, decision curve 
analysis (DCA) was performed to demonstrate 
the clinical usefulness of the nomogram by 
quantifying the net benefit at different probabil-
ity thresholds.

Statistical methods

Data processing in this study was performed 
using SPSS 19.0 statistical software. Con- 
tinuous variables are presented as mean ± 
standard deviation and analyzed using t test, 
and categorical variables are presented as per-
centages (%) and analyzed using chi-square 
test. Two-tailed tests with P<0.05 were consid-
ered statistically significant. Column chart was 
made by ggplot package in R software (3.8.0).

dictors were associated with breast malignant 
tumors according to the LASSO regression. The 
candidate variables were age2, palpation, mam- 
mography, BUS, and family history. The factors, 
beta coefficients, hazard ratios for factors, and 
P values of Z tests are provided in Table 2.

The results showed that age (>40 or not), pal-
pation, mammography, BUS, and family history 
of breast cancer all exhibited independent diag-
nostic value for distinguishing between benign 
and malignant breast diseases. Among them, 
BUS has the highest diagnostic value, while 
family history has the lowest. Patients with BUS 
indicating 4B or above showed a 16.14 times 
higher possibility of having breast cancer. 
Patients with mammography indicating 4B or 
above manifested a 7.62 times higher possibil-
ity of having breast cancer. Patients aged 40 
and above exhibited a 3.63 times higher possi-
bility of having breast cancer. Patients with 
positive palpation findings had a 1.31 times 
higher possibility of having breast cancer. 
Patients with a family history of breast cancer 

Table 1. Baseline characteristics of participants
Parameters Tumor-negative group (n=795) Tumor-positive group (n=1,192) t/χ2 P
Age (years) 51.32±1.27 51.19±1.13 2.235 0.026
Body Mass Index (kg/m2) 22.75±1.92 22.74±1.31 0.194 0.846
Education Level [n/(%)] 0.014 1.000
    Illiterate 2 (0.25%) 3 (0.25%)
    Primary school 116 (14.59%) 176 (14.77%)
    Secondary school 471 (59.25%) 706 (59.23%)
    University degree 206 (25.91%) 307 (25.76%)
Smoking history [n (%)] 276 (34.72%) 415 (34.82%) 0.002 0.964
Drinking history [n (%)] 431 (54.21%) 650 (54.53%) 0.019 0.890
Employment [n (%)] 576 (72.45%) 875 (73.41%) 0.220 0.639
Family History [n (%)] 101 (12.7%) 392 (32.89%) 104.124 <0.001
Largest tumor size (cm) 2.28±0.61 2.29±0.34 0.215 0.830
Number of tumors [n (%)] 0.002 0.964
    1 531 (66.79%) 795 (66.69%)
    >1 264 (33.21%) 397 (33.31%)

Table 2. Optimal parameters of the model
Factor Coefficient HR (95% CI) p-value
Age2 1.53 4.63 (3.02, 7.09) <0.0001
Palpation 0.84 2.31 (1.73, 3.08) <0.0001
Mammography 2.16 8.62 (6.07, 12.25) <0.0001
BUS 2.84 17.14 (12.17, 24.15) <0.0001
Family History 0.73 2.08 (1.06, 4.09) 0.03
Note: BUS, breast ultrasound.

Results

LASSO variable selection and 
Nomogram development

Variable selection and nomogram 
development: We first used the 
LASSO variable selection method to 
develop the Logistic proportional 
hazard model. Among the multipa-
rametric features (Table 1), five pre-
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Figure 4. Age, palpation, mammography, BUS nomogram for predicting benign and malignant breast diseases. 
Note: BUS, breast ultrasound.

showed a 1.08 times higher possibility of hav-
ing breast cancer. It can be seen that BUS has 
the highest value in the preoperative diagnosis 
of breast cancer, followed by mammography, 
age, palpation, and family history.

Afterward, the nomogram was developed 
based on the above five risk factors of breast 
cancer (Figure 4). Figure 4 depicts the model 
column chart created in this study, revealing 
that BUS2 contributes the most to breast 
tumors and time, followed by mammography 
and age2, while family history contributes the 
least. The web presentation of the nomo- 
gram is shown at https://jyhprx.shinyapps.io/ 
a_demo_of_cpm/.

Model discrimination and calibration: The 
nomogram was internally validated by 100 
bootstrap samples to decrease the overfitting 
bias (C index =0.89). Therefore, our model 
showed good discrimination. Calibration curves 
were generated to visualize the discrimination 
between the predicted and actual probabilities 
(Figure 5). These results indicated that our 
extended Cox prognostic model fit well.

Distribution of feature labels

The feature coefficients and compensation 
parameters obtained using the LASSO algo-
rithm to construct corresponding radiomics 
labels are shown in Figure 6. The x-axis repre-
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Figure 5. Enhanced bootstrap internal validation, with N=100 and C index =0.89.

sents patient numbers, while the y-axis repre-
sents the values of the radiomics feature 
labels. Red indicates tumor-negative cases, 
while green indicates tumor-positive cases.

Predictive performance of DCE-MRI and mam-
mography models

As shown in Figure 7, the predictive model con-
structed using the training set data was app- 
lied to the actual testing set data. The AUC for 
the mammography model in predicting breast 
tumor malignancy was 0.83, with a sensitivity 
of 86.96% and specificity of 76%. The AUC area 
for the DCE-MRI model in predicting breast 
tumor malignancy was 0.91, with a sensitivity 

of 91.3% and specificity of 88%. Comparative 
analysis revealed that the DCE-MRI model 
exhibited significantly higher AUC, sensitivity, 
and specificity in predicting breast tumor malig-
nancy compared to the mammography model, 
with statistical significance (P<0.05), as shown 
in Figure 8.

Case presentation with imaging

As shown in Figure 9, a 54-year-old female 
patient was incidentally found to have a lump in 
the breast. The mammographic image revealed 
a high-density mass with a diameter of approxi-
mately 26.3 mm, irregular margins, and calcifi-
cations in the lower central region of the left 
breast. Localized skin retraction was observed. 
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Calcifications were also detected in both 
breasts.

As shown in Figure 10, the 54-year-old female 
patient exhibited an abnormal signal mass in 
the posterior areola of the left breast, measur-
ing approximately 2.5 cm×1.8 cm. The mass 
had an irregular shape with lobulated margins 
and spiculated shadows. It appeared as a low 
signal on STIR (short-tau inversion recovery) 
and a high signal on DWI (diffusion weighted 
imaging), with an ADC (apparent diffusion coef-
ficient) value of 0.74×10-3 mm2/s. Abnormal sig-
nal nodules and strands were observed around 
the mass, connected to the areola of the left 
breast. Thickening and retraction of the left 
areolar skin were also noted. The enhanced 
images showed heterogeneous enhancement 
within the lesion, rapid early enhancement, and 
a plateau-like pattern in the delayed phase. The 
MIP image displayed significant thickening of 
the surrounding blood vessels.

Prediction model formula

Using LASSO regression analysis, five indepen-
dent predictive factors associated with breast 
malignant tumors were selected: age2 (>40 
years old or not), palpation, mammography, 
BUS, and family history. The model formula is: 
Logit (P) = β0 + β1⋅Age2 + β2⋅Palpation + 
β3⋅Mammography + β4⋅BUS + β5⋅Family History, 
where Logit (P) represents the logarithmic prob-
ability of breast tumor malignancy; β0 is the 
intercept term; β1, β2, β3, β4, and β5 are the 
regression coefficients of each predictive fac-
tor, respectively; Age2 (binary variable: >40 
years old is 1, otherwise it is 0); Palpation (bina-
ry variable: positive palpation is 1, otherwise 0); 
Mammography (binary variable: molybdenum 
target photography anomaly is 1, otherwise 0); 
BUS (binary variable: BUS exception is 1, other-
wise 0); Family History (binary variable: family 
history of breast cancer is 1, otherwise 0). The 

Figure 6. Distribution of feature labels in the training and testing sets (A represents the training set, and B repre-
sents the testing set).
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specific intercept term β0 needs to be calculat-
ed based on the training dataset in practical 
applications. The following is the specific model 
formula: Logit (P) = β0 + 1.31⋅Palpation + 
3.63⋅Age2 + 7.62⋅Mammography + 16.14⋅BUS 
+ 1.08⋅Family History.

Discussion

Breast cancer is one of the malignant tumors 
that seriously threatens women’s health. 
According to the latest national cancer report 
released by the National Cancer Center, the 
incidence rate of breast cancer in China still 
ranks first among female malignant tumors, 
reaching 30.6 per 100,000, with approximately 
306,000 new cases each year [25, 26]. Breast 
cancer screening aims to detect, diagnose, and 

vantages, so it is crucial to choose the appropri-
ate examination method for the diagnosis of 
breast cancer [30].

Emanuelli [31] found that molybdenum target 
photography had lower sensitivity in dense 
mammary glands, and our study confirms the 
advantage of DCE-MRI in this regard.

DCE-MRI can provide more detailed hemody-
namic information, which helps identify small 
lesions and distinguish between benign and 
malignant tumors. Compared with traditional 
mammography, DCE-MRI can offer more 
dynamic enhanced features, which are of great 
significance for the early diagnosis of breast 
cancer [32]. In this study, a total of 1,987 
patients who underwent breast surgery at the 
Huangpu Branch of Shanghai Ninth People’s 

Figure 7. Predictive performance of the DCE-MRI and mammography models 
for breast tumor malignancy. A: Mammography model; B: DCE-MRI model.

treat the disease early through 
effective, simple, and cost-
effective approaches, ultima- 
tely reducing the mortality 
rate of breast cancer. B- 
ultrasound is widely used in 
the examination of breast  
cancer, capable of detecting 
tumors larger than 1 cm and 
distinguishing between cystic 
and solid masses with hi- 
gh accuracy [27]. Ultrasound 
examination is economical, 
safe, non-invasive, and allows 
for repeated examinations. It 
can also guide the puncture 
examination of breast le- 
sions. Mammography, using 
X-ray imaging, is another a 
commonly used method for 
breast cancer screening and 
follow-up. Tumors appear as 
high-density, irregular, spicu-
lated, or star-like changes on 
mammograms, but its effec-
tiveness is limited in dense 
breasts [28, 29]. Breast MRI 
has a strong ability to detect 
lesions, including tiny ones, 
and to differentiate between 
benign and malignant tumors. 
However, MRI has limited 
qualitative diagnostic capa- 
bilities for lesions. Different 
imaging techniques have their 
own advantages and disad-
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Hospital, Shanghai Jiaotong University School 
of Medicine in 2019 were included. The LASSO 
algorithm was used to assign values to the x 
variables and construct the LASSO model 
group. The model was validated, fitted, and a 
column chart was plotted. The support vector 
machine was used to draw the ROC curve,  
and AUC, sensitivity, and specificity were 
calculated.

Mammography, using X-ray imaging, is one of 
the most commonly used examination meth-
ods for clinical breast tumor patients. It can 
clearly display the tissue architecture and plays 
an important role in distinguishing different 

The LASSO algorithm is a linear regression 
method that uses L1 regularization to assign 
feature weights. The L1 regularization can 
make some learned feature weights equal to 
zero, achieving sparsity and feature selection 
[35]. In this study, the feature coefficients and 
compensation parameters obtained by the 
LASSO algorithm were used to construct corre-
sponding radiomics labels. From the generated 
chart, the x-axis represents the patient’s ID, the 
y-axis represents the radiomics feature label 
value, red represents tumor-negative, and 
green represents tumor-positive. The breast 
tumor positivity/negativity of patients in the 
training and testing sets can be clearly dis-

Figure 8. Comparison of the AUC, sensitivity, and specificity of the DCE-MRI 
and mammography models in predicting breast tumor malignancy. *, sta-
tistically significant differences (P<0.05) between the DCE-MRI and mam-
mography models; AUC, area under the curve; X-ray, X-radiation; DCE-MRI, 
dynamic contrast enhanced magnetic resonance imaging.

Figure 9. The mammographic image data of a 54-year-old patient. A: LCC, 
left craniocaudal; B: LMLO, left mediolateral oblique.

forms of calcifications. It has 
the advantages of being rela-
tively painless, easy to per-
form, high resolution, and 
good repeatability [33]. DCE-
MRI is also an important 
examination method. By us- 
ing continuous, repetitive, and 
rapid imaging techniques, it 
can obtain images before and 
after contrast agent injection. 
Through a series of calcula-
tions and analyses, semi-
quantitative or quantitative 
parameters can be obtained. 
DCE-MRI allows for dynamic 
observation of the overall 
blood flow characteristics of 
breast tumors at a micro level. 
It is currently widely used in 
clinical practice and has good 
prospects for future use [34]. 
From the imaging results, 
DCE-MRI showed a mass with 
spiculation on the outer side 
of the right breast and an 
occupying lesion behind the 
nipple. Mammography show- 
ed a mass above the right 
breast with lobulation, spicu-
lation, punctate calcifications, 
and density behind the nipple. 
This indicates that both DCE-
MRI and mammography can 
clearly display the characteris-
tics of breast tumor lesions, 
assisting physicians in evalu-
ating the patient’s condition.
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played. According to ROC curve analysis, the 
AUC for the prediction of the benign and malig-
nant nature of breast tumors by the mammog-
raphy model was 0.83, with a sensitivity of 
86.96% and specificity of 76%. The AUC for the 
prediction by the DCE-MRI model was 0.91, 
with a sensitivity of 91.3% and specificity of 
88%. This indicates that both the mammogra-
phy and DCE-MRI models have high predictive 
performance for distinguishing benign and 

study has some limitations. Due to differences 
in sample size, types of included patients, and 
physicians’ diagnostic levels, we only analyzed 
the benign and malignant nature of tumors and 
did not address more in-depth aspects, such 
as lymph node metastasis. In future research, 
we will include more breast tumor cases and 
further explore the application value of differ-
ent radiomics LASSO models in disease diag-
nosis. In summary, the results of this study pro-

Figure 10. DCE-MRI image of a 54-year-old patient. A: STIR, short-tau in-
version recovery; B: DWI, diffusion weighted imagine; C: DCE-MRI, dynamic 
contrast enhanced magnetic resonance imaging.

malignant breast tumors and 
have certain clinical applica-
tion value [36].

Comparing the two models, 
the DCE-MRI model shows  
significantly higher AUC, sensi-
tivity, and specificity for the 
prediction of breast tumor 
malignancy compared to the 
mammography model, and 
the differences are statisti- 
cally significant (P<0.05). This 
indicates that DCE-MRI has 
better predictive performance 
for distinguishing benign and 
malignant breast tumors, wh- 
ich is helpful for the early 
detection of breast cancer.

This study included a total of 
1987 patients who underwent 
breast surgery at the Huang- 
pu Branch, Shanghai Ninth 
People’s Hospital, Shanghai 
Jiaotong University School of 
Medicine in 2019. We includ-
ed complete information, in- 
cluding B-ultrasound, mam-
mography, physical examina-
tion, age, family history, and 
pathological diagnosis. By 
constructing LASSO models, it 
was found that both the mam-
mography and DCE-MRI mod-
els demonstrated high AUC, 
sensitivity, and specificity for 
predicting breast tumor malig-
nancy, with the DCE-MRI 
model showing better predic-
tive performance. This has 
clinical value for the early 
detection and treatment of 
breast cancer. However, this 
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vide a theoretical reference for the early 
assessment of breast tumor malignancy.
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