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Background: The aim of this study was to develop a conventional ultrasound (US) features-based 
nomogram for the prediction of malignant nonmasslike (NML) breast lesions. 
Methods: Consecutive cases of adult females diagnosed with NML breast lesions via US screening in our 
center from June 1st, 2017, to April 17th, 2020, were retrospectively enrolled. Candidate variables included 
age, clinical symptoms, and the image features obtained from the conventional US. Nomograms were 
developed based on the results of the multiple logistic regression analysis via R language. One thousand 
bootstraps were used for internal validation. The area under the curve (AUC) and the bias-corrected 
concordance index (C-index) were calculated. Decision curve analysis (DCA) was also performed for further 
comparison between the nomogram and the Breast Imaging Reporting and Data System (BI-RADS). The 
study has not yet been registered.
Results: A total of 229 patients were included in the study after exclusion and follow-up. The overall 
malignant rate of NML breast lesions was 31.0%. Age, clinical symptoms, echo pattern, calcification, 
orientation, and Adler’s classification were selected to generate the nomogram according to the results of the 
multivariable logistic regression analysis. The bias-corrected C-index and the AUC of our nomogram were 
0.790 and 0.828, respectively. The DCA showed that our model had larger net benefits in a range from 0.2 
to 0.7 when compared with the BI-RADS. 
Conclusions: We developed a prediction model using a combination of age, clinical symptoms, echo 
pattern, calcification, orientation, and Adler’s classification for malignant NML breast lesion prediction that 
yielded adequate discrimination and calibration.
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Introduction

An increasing number of nonmasslike (NML) breast 
lesions that do not adhere to the fifth edition of the Breast 
Imaging Reporting and Data System (BI-RADS) criteria 
of a mass are being identified due to the recent advances 
in ultrasound (US) technology (1). It is challenging to 
differentiate benign from malignant NML breast lesions on 
conventional US alone because of their wide spectrum of 
pathologic changes and the lack of specific US features (2).  
BI-RADS provides diagnostic efficiency in the interpreting 
and reporting of breast masses by US with a thorough 
evaluation of shape, orientation, margin, echo pattern, 
posterior features, calcifications, and associated features 
of breast lesions (3). However, BI-RADS might be less 
effective in the differential diagnosis of breast NML 
lesions because both benign and malignant lesions have 
irregular shapes and non-circumscribed margins. Some 
US features, including calcification, flow signal, location, 
number of lesions, and architectural distortion, have been 
reported as potentially related to malignant NML breast 
lesions (4). However, these studies have only provided 
radiologists with information about certain factors 
associated with a higher risk of malignant lesions, and 
they have had limited predictive power and application in 
clinical practice. 

Recently, it was reported that automated breast 
volume scanning, shear-wave elastography, and contrast-
enhanced ultrasonography could improve the diagnostic 
efficiency of US in identifying malignant NML breast 
lesions, to some extent (5-7). However, the requirement 
of expensive specialized equipment and additional 
operator training have largely limited their application in 
the primary screening of breast lesions. A comprehensive, 
simplified, and effective tool that provides a quantified, 
individualized risk prediction of malignant NML 
breast lesions on the basis of conventional US-based 
features is strongly needed for US physicians making 
a preliminary diagnosis. Consequently, we aimed to 
develop a conventional, US feature–based nomogram 
for the prediction of malignant NML breast lesions with 
adequate diagnosis efficiency to enable NML breast 
lesion differential diagnosis by radiologists immediately 
after US examination. We present the following article in 
accordance with the STARD reporting checklist (available 
at https://qims.amegroups.com/article/view/10.21037/
qims-22-378/rc) (8).

Methods 

Participants

The present study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). The study 
design was approved by the Institutional Review Board of 
the Guangdong Province Hospital of Chinese Medicine, 
and individual consent for retrospective analysis was waived. 

Consecutive patients were identified from the electronic 
medical records of our hospital if they met the following 
criteria: (I) female aged ≥18 years and (II) diagnosed with 
NML breast lesions by US screening from June 1st, 2017, to 
April 17th, 2020. The exclusion criteria were the following: 
(I) patients with a previous history of surgery, radiotherapy, 
or chemotherapy in the involved breast; (II) pregnant or 
breastfeeding women; (III) patients without intact US data; 
(IV) patients without an exact pathology. 

Data collection

Information on age, clinical symptoms, and pathology of the 
NML breast lesions of enrolled patients were retrospectively 
collected from the database. Clinical symptoms included 
pain, bloody discharge, self-detected breast mass, and other 
related chief complaints. All the results of pathology were 
obtained by biopsy or surgical resection. 

Image interpretation

All US examinations were conducted with a high-resolution 
US unit (LOGIQ E9; GE Medical, Milwaukee, WI, 
USA). The US images were independently interpreted 
by 2 experienced radiologists who were blinded to the 
pathology. Interpretations were made by senior doctors 
when the radiologists’ opinions differed. US characteristics 
included the number of lesions, location of lesions classified 
by quadrant, maximum diameter of lesions, orientation 
(parallel and non-parallel) of lesions, stripelike hypo-
echoic lines within lesions, echo patterns, posterior 
features, calcification, and flow signals graded by Adler’s 
classification. According to the recommendation of a 
previous study (2), the echo pattern of a lesion was classified 
as parallel to ductal-like structures, a non–ductal-like hypo-
echoic area, or an area of architectural distortion. 

Adler’s classification was used to assess the grade 
of detected vascularity. Vascularity was categorized 
from Grade 0 to Grade 3, depending on the amount of 

https://qims.amegroups.com/article/view/10.21037/qims-22-378/rc
https://qims.amegroups.com/article/view/10.21037/qims-22-378/rc
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vascularity. Grade 0 was regarded as absent vascularity. 
Minimal (Grade 1) flow was generally regarded as an area of 
1 or 2 pixels containing flow (<0.1 cm in diameter). When 
a certain number of small vessels and/or a main vessel was 
seen, clinicians graded the vascularity as moderate (Grade 2).  
Marked (Grade 3) vascularity was rated when 4 or more 
vessels were visualized (9).

BI-RADS assessment categories were also obtained by 
corresponding radiologists. According to the BI-RADS Atlas 
Fifth Edition of the American College of Rheumatology 
(ACR) (10), the lexicon of the BI-RADS classification of 
breast lesions includes shape, orientation, margin, echo 
pattern, posterior features, calcifications, and associated 
features. However, for breast NML lesions, both benign 
and malignant lesions have irregular shape and a non-
circumscribed margin. Thus, the evaluation of shape and 
margin was not included in the present study.

Sample size

No gold-standard approach is currently available for 
the calculation of the sample size requirements of risk 
prediction models. However, it is widely accepted that 
at least 10 events per candidate variable for the logistic 
regression analysis are needed for the derivation of a risk 
prediction model (11). Thus, at least 120 patients were 
required for our study, as 12 candidate variables were 
included in the multivariable regression analysis.

Statistical analysis

Continuous data are expressed as means ± standard 

deviations or medians with interquartile ranges, while 
categorical data are presented as percentages and counts. 
Prediction models for the binary outcomes were developed 
via multivariable logistic regression. Clinical symptoms and 
the number of lesions were transformed into binary variables. 
Candidate variables with a P value <0.1 after multivariable 
logistic analysis in the screening step were included in the 
nomogram. The relative importance of each predictor in 
the model was determined by subtracting the degrees of 
freedom from the Wald chi-square value (12). Odds ratios 
and 95% confidence intervals were also calculated for each 
variable. To further investigate the potential influence caused 
by multicollinearity of the candidate variables, principal 
component analysis (PCA) and variance inflation factor 
(VIF) of the multivariable logistic analysis were completed 
through calculations using R version 3.5.0 (R Foundation for 
Statistical Computing) with a specific package (“car”).

Following the instruction of a previous tutorial  
paper (11), R version 3.5.0 and R package “rms” were used 
for the development and validation of our nomogram. One 
thousand bootstrap samples were drawn to correct the bias and 
were used for internal validation. Referring to previous studies 
(13,14), we obtained predicted probabilities for the original 
sample based on each estimated model of bootstrap and 
concordance index (C-index) calculation. The bias-corrected 
C-index was defined as the average of these bootstrap 
C-indices, representing the ability to distinguish between 
patients who experience an event from those who do not (12). 
The C-index was measured on a scale of 0.5 (no better than 
chance) to 1 (perfect discrimination) (14). Overall accuracy 
and calibration were visualized by comparing predicted versus 
actual probabilities, including a bias correction for overfitting 
(13,14). The prediction performance of the nomogram was 
also quantified using the receiver operating characteristic 
(ROC) analysis with the area under the curve (AUC).

As previously described (15), a decision curve analysis 
(DCA) was performed to obtain the final ranges for 
threshold probabilities and to compare the clinical benefits 
of the nomogram and BI-RADS using the “rmda” package. 
A P value of ≤0.05 was set as the significance level. 
Statistical analysis was performed using SPSS v. 20.0 (IBM 
Corp., Armonk, NY, USA) and R software programs.

Results

Clinical and pathologic characteristics 

As shown in Figure 1, 229 patients were included in the 

Figure 1 Flowchart of the present study. US, ultrasound.

Exclusion (N=34)
• History of surgery, radiotherapy, or 

chemotherapy (N=19)
• Pregnant or breastfeeding women (N=3)
• Without intact data of US measurement (N=2)
• Without exact pathology (N=10)

Consecutive cases met the following criteria were enrolled (N=263)
• females aged ≥18 years
• diagnosed with NML breast lesions under US screening from 

June 1st, 2017 to April 17th, 2020 

Analysis (N=229)
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present study after exclusion and follow-up. The mean (or 
percentage) for each candidate variable of the benign lesion 
group, the malignant lesion group, and the entire data set 
are shown in Table 1. Significant differences in age, clinical 
symptoms, stripelike hypo-echoic lines, echo pattern, 
calcification, and Adler’s classification were found between 
the benign and the malignant lesion groups. We found that 
calcification was much less common in benign cases (64.2% 
vs. 73.4%; P<0.001). The malignant rate of NML lesions 
in the entire cohort was 31.0%. Details of pathology are 
shown in Table 2, and representative images of both benign 
and malignant NML breast lesions are shown in Figure 2. 
More details on the baseline characteristics, including age, 
clinical symptoms, origin of the participants, and the US-

based BI-RADS classification, are provided in Table S1.

Predictors of malignant NML breast lesions

Six variables, including age, clinical symptoms, echo 
pattern, calcification, orientation, and Adler’s classification, 
were included to develop the nomogram according to the 
results of the multivariable logistic regression analysis. The 
odds ratios with 95% confidence intervals of the 6 selected 
variables are available in Table 3. The relative predictive 
power of each selected variable is provided in Figure 3, 
which shows age having the largest influence. Results 
of the PCA and VIF are shown in Table S2, Table S3, 
respectively.

Table 1 Statistical description and univariate analysis of clinical data and ultrasound image features

Items Total (n=229) Benign lesion (n=158) Malignant lesion (n=71) P value

Age (years) 44.3±11.0 42.1±10.3 49.1±11.2 <0.001

Symptoms 45 (19.7) 38 (24.1) 7 (9.9) 0.012

Number of the lesions (>1) 50 (21.8) 37 (23.4) 13 (18.3) 0.387

Location of the lesions 0.644

Upper outer quadrant 91 (39.7) 66 (41.8) 25 (35.2)

Other quadrants 63 (27.5) 42 (26.6) 21 (29.6)

≥2 quadrants 75 (32.8) 50 (31.6) 25 (35.2)

Diameters of the lesions (mm) 30.0±22.4 28.9±23.2 32.4±20.3 0.279

Orientation (Parallel) 205 (89.5) 144 (91.1) 61 (85.9) 0.233

Stripelike hypo-echoic lines 161 (70.3) 118 (74.7) 43 (60.6) 0.031

Echo pattern 0.004

Parallel to ductal-like structures 65 (28.4) 39 (24.7) 26 (36.6)

Non–ductal-like hypo-echoic area 111 (48.5) 73 (46.2) 38 (53.5)

Architectural distortion 53 (23.1) 46 (29.1) 7 (9.9)

Posterior features 150 (65.5) 104 (65.8) 46 (64.8) 0.879

Calcification 147 (64.2) 116 (73.4) 31 (43.7) <0.001

Other features* 204 (89.1) 140 (88.6) 64 (90.1) 0.731

Adler classification <0.001

Level 0 119 (52.0) 96 (60.8) 23 (32.4)

Level 1 53 (23.1) 37 (23.4) 16 (22.5)

Level 2 31 (13.5) 10 (6.3) 21 (29.6)

Level 3 26 (11.4) 15 (9.5) 11 (15.5)

Numbers are presented as mean ± standard deviation or n (%). *, other features included skin thickening, skin contraction, and edema.

https://cdn.amegroups.cn/static/public/QIMS-22-378-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-22-378-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-22-378-Supplementary.pdf
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Development and internal validation of the nomogram

Figure 4A shows the static nomogram of our study. The 
results of the internal validation showed good calibration, 
with the bias-corrected C-index and AUC equaling 0.790 
and 0.828, respectively (Figure 4B and Figure 5). The AUC 
analysis revealed the optimal cutoff value of our nomogram 
to be 0.366 for predicting malignant NML breast lesions, 
with a sensitivity, specificity, and Youden indexes of 0.704, 
0.816, and 0.521, respectively (Figure 5).

Comparison of the nomogram with BI-RADS in terms of 
clinical benefit

DCA analysis indicated that the nomogram had satisfactory 
clinical applicability in predicting malignant breast NML 
lesions. The nomogram was superior to the BI-RADS in 
our patient cohorts as evidenced by the nomogram’s higher 
net benefit across a wide range of threshold probabilities 
(0.2–0.7; Figure 6).

Discussion

In the present study, we developed a simplified nomogram 

for identifying malignant NML breast lesions, which was 
based on common clinical data and imaging characteristics 
accessed from conventional US measurements in primary 
screening. Nomograms have been widely used for 
enhancing the diagnostic efficiency of US in detecting 
malignant lesions, including thyroid carcinoma (15) and 
metastasis of sentinel lymph nodes in breast cancer (16). As 
far as we know, our study was the first to use a conventional 
US-based nomogram for predicting malignant NML 
breast lesions. As a pictorial representation of a complex 
mathematical formula that allows a graphical computation, 
the points at the horizontal axis in the nomogram represent 
the predictive values of the targeted variables (14). 
Clinicians could obtain a specific risk prediction for a given 
clinical outcome based on the total score according to a 
patients’ response for each variable in the nomogram. As 
the bias-corrected C-index and the AUC for predicting 
malignant NML breast lesions were both nearly 0.8 in our 
study, we proposed that the nomogram in the present study 
demonstrated satisfactory discrimination. By comparing 
predicted versus actual probabilities, our model also 
demonstrated reasonable calibration.

Several prediction models have been developed for 
the diagnosis of a malignant breast mass, with the BI-
RADS being considered to have the best sensitivity and  

Table 2 Details of pathological results

Items N

Benign lesions

Fibrocystic breast disease 65

Chronic mastitis 41

Cyclomastopathy 23

Intraductal papilloma 11

Fibroadenoma 10

Sclerosing adenosis 4

Atypical breast intraductal hyperplasia 3

Hematoma 1

Malignant lesions

Invasive ductal carcinoma 35

Ductal carcinoma in situ 28

Invasive lobular carcinoma 3

Invasive ductal carcinoma + micropapillary carcinoma 2

Paget disease 2

Invasive mucinous carcinoma 1

A

B

Figure 2 Representative images of benign and malignant breast 
nonmasslike lesions. (A) Ultrasound image obtained from a 
29-year-old female with a pathologic result of fibrocystic breast 
disease. (B) Ultrasound image obtained from a 56-year-old female 
with a pathologic result of ductal carcinoma in situ. 
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specificity (10). However, NML lesions are not included 
in the BI-RADS, and the diagnostic efficiency of the BI-
RADS has not yet been validated in NML breast lesions. 

Furthermore, there is still room for improvement of the 
BI-RADS. For patients classified as BI-RADS 4, the risk of 
malignant breast mass was scored between 3% to 94% (10). 
These poor differentiating percentages were insufficient 
for identifying patients at high risk of developing malignant 
breast lesions. Additionally, patients who were classified as 
BI-RADS 4 but with a relatively low risk of breast cancer 
might have been overtreated, as a biopsy was recommended 
for all patients with BI-RADS 4. 

In the present study, we also used DCA to compare the 
efficiency of the nomogram and BI-RADS in differentiating 
malignant and benign NML breast lesions. It has been 
proven that DCA can effectively overcome the limitations 
of discrimination and calibration, which are not directly 
informative to both clinical value or cost-effective  
analysis (17). It has also been suggested that DCA is an 
important supplement to AUC analysis. According to 
Vickers’s guideline (17), DCA calculates a clinical “net 

Table 3 Results of logistic regression

Variables (ref/unit) Coefficient Standard error  P value OR 95% confidence interval

Age (years) 0.081 0.02 0 1.084 1.043–1.126

Symptoms (n) 1.014 0.513 0.048 2.756 1.008–7.537

Number of lesions (>1) 0.468 0.489 0.338 1.597 0.612–4.167

Location of lesions (Upper outer quadrant) 0.528

Other quadrants −0.396 0.445 0.373 0.673 0.281–1.61

≥2 quadrants 0.059 0.476 0.901 1.061 0.418–2.695

Diameters of lesions (mm) 0.012 0.01 0.254 1.012 0.992–1.033

Orientation (Parallel) 1.187 0.618 0.055 3.278 0.976–11.014

Striped hypo-echoic lines (n) 0.097 0.581 0.867 1.102 0.353–3.443

Echo pattern (parallel to ductal-like structures) 0.051

Non–ductal-like hypo-echoic area 1.362 0.799 0.088 3.905 0.816–18.693

Architectural distortion 1.408 0.578 0.015 4.089 1.318–12.688

Posterior features (n) −0.028 0.211 0.894 0.972 0.643–1.469

Calcification (n) 1.01 0.395 0.011 2.745 1.265–5.956

Other features* (n) 0.122 0.664 0.855 1.129 0.307–4.153

Adler’s classification (Level 0) 0.003

Level 1 −1.517 0.613 0.013 0.219 0.066–0.73

Level 2 −1.018 0.652 0.118 0.361 0.101–1.295

Level 3 0.49 0.706 0.488 1.633 0.409–6.52

*, other features included skin thickening, skin contraction, and edema.

Age 16.0

Adler classification 11.3

Calcification 5.5

Echo pattern 4.0

Symptoms 2.9

Orientation 2.7

0 5 10
X2-df

15 20

Figure 3 The relative importance of individual predictors within 
the final multivariable model for malignant nonmasslike breast 
lesions were calculated from the Wald chi-square minus the 
prediction of degrees of freedom.
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Figure 4 Development and internal validation of the nomogram. (A) Static nomogram for predicting malignant NML breast lesions. (B) 
Model accuracy was visualized by comparing predicted versus actual probabilities. Bias-corrected concordance index (C-index) for the 
predictive model that was tested by internal validation is shown. NML, nonmasslike.
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Figure 6 Decision curve analysis of the nomogram. BI-RADS, 
Breast Imaging Reporting and Data System.
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benefit” for the prediction models in comparison to the 
default strategies of treating all or no patients. Calculated 
across a range of threshold probabilities, the DCA presents 
the minimum probability of disease at which further 
intervention would be warranted. Subsequently, a clinical 
judgment of the relative value of benefits (treating a true-
positive case) and harms (treating a false-positive case) 
associated with prediction models could be made (18). 

As suggested by the results of DCA, our nomogram was 
superior to the BI-RADS, with higher net benefit across a 
wide range of threshold probabilities.

Furthermore, most of the prediction models for 
malignant breast mass were developed and validated 
according to data from European and North American 
populations. The predictive efficiency of these models 
in Asian populations has not yet been fully evaluated. As 
differences of incidence and clinical manifestations in 
breast cancer have been found between Asian and White 
populations (19,20), we believed that the prediction model 
for malignant NML breast lesions in the Asian population 
of the present study was practical for the clinical scenarios.

According to the fifth edition of the BI-RADS, the 
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US characteristics of shape, orientation, margin, echo 
pattern, posterior features, and calcifications should be 
employed for breast mass assessment (1). Our predictive 
model incorporated most of the US characteristics reported 
in the BI-RADS except for shape and margin, as both 
benign and malignant lesions have irregular shapes and 
non-circumscribed margins. Additionally, other features, 
such as vascularity, diameter, location, and number of 
lesions, which are reported to be predictive of malignant 
breast lesions, were included in the multivariable logistic 
regression analysis (21). In order to obtain the largest power 
of discrimination and calibration, clinical characteristics 
readily available for radiologists during US screening, such 
as age and clinical symptoms, were also collected.

Six variables, including age, clinical symptoms, echo 
pattern, calcification, orientation, and flow signals graded 
by Adler’s classification, were finally enrolled in the 
prediction model according to the results of multivariable 
logistic regression analysis. Although age showed the 
largest impact on the present model, we admit that the 
relationship between age and malignant breast cancer 
remains conflicting (22). Nevertheless, a recently published 
biomarker expression analysis revealed that age is a risk 
factor for breast cancer (23). It might be that lesions 
representing NML are more likely to be fibrocystic breast 
disease in younger people; however, further investigation 
is needed. A meta-analysis study showed that clinical 
symptoms, such as bloody discharge, were well-documented 
risk factors for breast cancer (24), which was consistent with 
our study.

In terms of US characteristics, our results showed that 
flow signals graded by Adler’s classification and calcification 
was the feature with most influence on the prediction of 
malignant NML breast lesions. By providing more detailed 
information about the flow signal of breast masses, Adler’s 
classification presented satisfied diagnostic efficiency for 
differentiating malignant breast neoplasms in previous 
studies (9). Although a higher grade of Adler’s classification 
was associated with a higher risk of malignant breast  
lesion (25), our study found that an Adler’s level 2 classification 
was more predictive than a level 3 classification. As chronic 
mastitis with a marked flow signal accounted for nearly 
one-fifth (17.9%) of all of the breast lesions in our study, 
we supposed that this might be a reasonable explanation for 
the inconsistent result between the previous study and ours. 
Calcification is also a well-documented risk factor for breast 
cancer (26). It has been reported that malignant breast 

lesions with calcifications are closely related with decreased 
survival, increased risk of recurrence, higher tumor grade, 
and increased likelihood of spread to the lymph nodes (27). 
As for echo patterns, the present study found that the NML 
breast lesions appeared parallel to the ductal-like structures 
and had a larger risk of malignancy. Consistent with this, a 
previous study also found a significantly higher incidence 
of malignancy in this type of echo pattern compared with 
other echo patterns (28). Our model is similar to the BI-
RADS in those lesions with a nonparallel orientation 
showed significantly higher risks of malignancy. It has been 
proven that invasive cancers present more frequently with a 
nonparallel orientation (29). 

Our study was subject to a few limitations. Firstly, a 
large-scale sample is needed in a future study for developing 
nomograms with higher discrimination and calibration 
although the sample size of the current study met statistical 
requirements. Secondly, selection bias might have been 
present due to the retrospective, single-center design of 
the present study. Furthermore, age was selected as the 
candidate predictor for our prediction model, but the 
interaction effect of this variable on the main outcome 
remains unknown, and further analysis is recommended 
according to Iasonos’s guideline (11). However, as the VIF 
of age is 1.044, we propose that the potential interaction 
effects of age might have been limited in our study. 
Moreover, the presence of lymph node involvement, family 
history, and history of known breast benign disease are 
risk factors for breast cancer. However, we were unable to 
obtain these data from all outpatients. As the building of the 
nomogram could not tolerate missing data of the enrolled 
variable, we did not include these variables in the current 
study, and the rate of malignancy in the selected patients was 
relatively high. Our department is one of the top 5 medical 
imaging centers in Guangdong and adjacent provinces. 
Patients primarily diagnosed with malignant NML breast 
lesions in the local hospital tend to be transferred to our 
center for further consultations and interventions. This 
might be a potential cause of the relatively higher rate of 
malignancy documented in our study. Nevertheless, our 
results (31.0%) are comparable and even lower to those of 
previous reports [53.8% in Wang et al. (4) and 59% in Qu 
et al. (2)]. We do, however, insist that external validation 
is strongly needed before the widespread application of 
this nomogram, especially for health screening. Lastly, the 
dependence of US performance on the operator should not 
be overlooked in this study. 
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Conclusions

We developed a prediction model using a combination 
of age, clinical symptoms, echo pattern, calcification, 
orientation, and Adler’s classification for the prediction 
of malignant NML breast lesions, and the model showed 
adequate discrimination and calibration. This model 
demonstrated an advantage in clinical utility compared with 
the BI-RADS. We believe that our prediction model could 
be a valuable reference for radiologists during primary 
NML breast lesion screening.
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Table S1 Baseline characteristics of the participants

Items N

Age (years)

20–29 23

30–39 46

40–49 102

50–59 39

60–69 12

≥70 7

Clinical Symptoms

Self-detected breast masses 127

Nipple discharge 11

Pain 13

More than one symptom 33

None 45

Origin of the participants 

Screening 21

Clinical symptoms 184

Requested by physician after mammography 24

Ultrasound based BI-RADS classification

3 41

4A 113

4B 41

4C 20

5 14

Table S2 Results of the PCA

Variables PC1 PC2 PC3 PC4 PC5 PC6

Age −0.3709 −0.1718 0.0034 0.8282 −0.3809 −0.0435 

Symptoms 0.3828 0.4524 −0.0830 0.5246 0.5821 −0.1669 

Orientation 0.1070 −0.1917 0.9104 0.1067 0.1909 0.2741 

Echo pattern 0.6137 −0.2417 0.1455 0.0132 −0.3868 −0.6277 

Calcification −0.5428 0.3706 0.3393 −0.1647 0.0801 −0.6476 

Adler classification 0.1823 0.7303 0.1672 −0.0142 −0.5688 0.2860 

Importance of components

Standard deviation 1.2392 1.0925 1.0181 0.9704 0.8570 0.7471 

Proportion of variance 0.2559 0.1989 0.1728 0.1570 0.1224 0.0930 

Cumulative proportion 0.2559 0.4549 0.6276 0.7846 0.9070 1.0000 

PCA, principal component analysis.

Table S3 Results of the VIF measurements

Variables Age Symptoms Orientation Echo pattern Calcification Adler classification

VIF 1.0437 1.0771 1.0342 1.2244 1.2069 1.0827

VIF, variance inflation factor. 
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