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Abstract
Purpose Breast cancer's impact necessitates refined diagnostic approaches. This study develops a nomogram using radiol-
ogy quantitative features from contrast-enhanced cone-beam breast CT for accurate preoperative classification of benign 
and malignant breast tumors.
Material and methods A retrospective study enrolled 234 females with breast tumors, split into training and test sets. Con-
trast-enhanced cone-beam breast CT-images were acquired using Koning Breast CT-1000. Quantitative assessment features 
were extracted via 3D-slicer software, identifying independent predictors. The nomogram was constructed to preoperative 
differentiation benign and malignant breast tumors. Calibration curve was used to assess whether the model showed favorable 
correspondence with pathological confirmation. Decision curve analysis confirmed the model's superiority.
Results The study enrolled 234 female patients with a mean age of 50.2 years (SD ± 9.2). The training set had 164 patients 
(89 benign, 75 malignant), and the test set had 70 patients (29 benign, 41 malignant). The nomogram achieved excellent 
predictive performance in distinguishing benign and malignant breast lesions with an AUC of 0.940 (95% CI 0.900–0.940) 
in the training set and 0.970 (95% CI 0.940–0.970) in the test set.
Conclusion This study illustrates the effectiveness of quantitative radiology features derived from contrast-enhanced cone-
beam breast CT in distinguishing between benign and malignant breast tumors. Incorporating these features into a nomogram-
based diagnostic model allows for breast tumor diagnoses that are objective and possess good accuracy. The application of 
these insights could substantially increase reliability and efficacy in the management of breast tumors, offering enhanced 
diagnostic capability.
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AUC   Area under the receiver operating curve
BI-RADS  Breast imaging reporting and data system
CB-BCT  Cone-beam breast CT

CE CB-BCT  Contrast-enhanced cone-beam breast CT
CI  Confidence interval
DCA  Decision curve analysis
DCIS  Ductal carcinoma in situ
ICC  Intraclass correlation coefficient
IQR  Interquartile range
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MG  Mammography
MRI  Magnetic resonance imaging
NCE CB-BCT  Non-contrast-enhanced cone-beam breast 

CT
NME  Non-mass enhancement
OR  Odds ratio
ROC  Receiver operating characteristic
ROI  Region of interest
SD  Standard deviation
US  Ultrasound

Introduction

Breast tumors can be benign or malignant. Breast cancer, a 
highly malignant tumors originating in breast cells, is the 
leading cause of cancer-related deaths among females world-
wide, with a rising global burden despite advancements in 
screening, diagnosis, and management [1]. Radiographic 
imaging is vital in breast cancer management, employing 
methods like breast ultrasound (US), mammography (MG), 
cone-beam breast CT (CB-BCT), and breast magnetic reso-
nance imaging (MRI) to visualize breast tissue and detect 
potential malignant tumor indicators [2].

The Breast Imaging Reporting and Data System (BI-
RADS), developed by the American College of Radiology, 
is a valuable tool for interpreting breast imaging findings, 
ranging from normal to highly suspicious of malignancy [3]. 
However, so far no standardized BI-RADS guidelines were 
published for CB-BCT and data on this field are limited. A 
more objective and accurate system is needed to evaluate 
breast tumors malignancy. The quantitative radiologic fea-
tures offer a potential objective approach. Previous studies 
on quantitative radiologic features have predominantly con-
centrated on a single feature [4, 5]. However, the exclusive 
focus on a single feature may lead to the oversight of other 
crucial characteristics, resulting in limitations when assess-
ing various aspects of the mass.

CB-BCT, utilizing a cone-beam X-ray generator and flat 
panel detector, combines the benefits of mammography and 
MRI, offering broad clinical potential. With the injection 
of contrast medium, contrast-enhanced cone-beam breast 
CT (CE CB-BCT) has demonstrated improved diagnostic 
efficiency compared to non-contrast-enhanced cone-beam 
breast CT (NCE CB-BCT) and mammography, and compa-
rable sensitivity to MRI [6–9]. Considered the advantages of 
faster imaging speed, higher comfort level, fewer contrain-
dications, and objective applications, CE CB-BCT holds 
promise as a valuable method in breast imaging [9–13].

In this study, we hypothesized that quantitative radiologic 
features of CE CB-BCT have the ability of predict benign 
and malignant breast tumors. We aim to develop and validate 
a nomogram based on quantitative radiologic features from 

CE CB-BCT to provide a more accurate and objective sys-
tem for breast tumors diagnosis and management.

Methods

Study design

This retrospective study was approved by the institutional 
review board of our hospital (2022-K313). The requirement 
for the patients' informed consent was waived. A comprehen-
sive workflow diagram of this study is presented in Fig. 1.

Patients

A total of 688 patients were initially reviewed for inclusion 
in this study, based on the following criteria: (a) patients 
who underwent CB-BCT scans between October 2019 and 
December 2022 and (b) breast tumors that were pathologi-
cally confirmed by operative specimens. The exclusion cri-
teria were as follows: (a) patients who only underwent NCE 
CB-BCT scans (n = 216); (b) patients who had previously 
undergone core biopsy or received treatment such as neoad-
juvant therapy, lumpectomy, or radiation therapy before the 
CB-BCT scan (n = 76); (c) non-mass enhancement (NME) 
lesions (n = 162); since this study focused on evaluating 
the radiology quantitative features of breast tumors, a well-
defined tumors boundary was needed. Consequently, 234 
lesions from 234 female patients were included in the data-
set. The included and excluded patients are summarized in 
a flow chart (Fig. 2). The dataset was split into training and 
test sets in a 7:3 ratio, with 70% used for training (n = 164) to 
filter quantitative features and build the nomogram, and 30% 
(n = 70) for testing to validate the nomogram's predictive 
performance [14–17]. This split ratio is chosen in logistic 
regression to balance accurate model parameter estimation 
and prevent overfitting or underfitting, ensuring the test set 
is adequately sized for reliable model evaluation [16].

Imaging acquisition

The CB-BCT images were acquired using the Koning Breast 
CT-1000 system by Corning Medical Equipment Co., Ltd. 
Patients were positioned prone on the scanning bed, allow-
ing the breast to naturally hang into the scanning field. A 
360° rotary scan of the breast was performed using the X-ray 
generator and flat plate detector. The imaging parameters 
included a fixed tube voltage of 49 kVp and variable tube 
currents (50–160 mA) adjusted for breast density and size. 
Following NCE CB-BCT scan, a nonionic iodine contrast 
agent (Ultravist®370, Bayer Healthcare Company Ltd.) was 
intravenously injected at a rate of 3.0 ml/s, with a dosage of 
1.2–1.5 ml per kg of body weight, using a power injector 
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(MEDRAD®Stellant, Bayer Healthcare Company Ltd.). The 
side with the suspected mass was given priority, ensuring 
a 120 s delay before obtaining contrast-enhanced images. 
Prior to conducting the contrast-enhanced scan, comprehen-
sive laboratory tests were performed to assess the patient's 
thyroid and renal function [18, 19]. To conduct a compre-
hensive CE CB-BCT scan, the procedure involves both a 
NCE CB-BCT scan preceding and a scan taken 120 s after 
the injection of contrast media. The calculated median Aver-
age Glandular Dose (AGD) for each breast in this procedure 
is 12.36 mGy, with an Interquartile Range (IQR) ranging 
from 11.25 to 13.35 mGy. Reconstruction was performed 
using the standard mode, resulting in isotropic three-dimen-
sional images with a voxel size of 0.273  mm3.

ROI segmentation

The segmentation of the region of interest (ROI) was con-
ducted by four radiologists. To ensure an unbiased determi-
nation of the ROI, Radiologist 1 and Radiologist 2, unaware 

of the clinicopathological information of the patients, jointly 
delineated the entire tumor region layer by layer, resulting 
in a three-dimensional ROI for each lesion using 3D-slicer 
software (Version 5.2.1; www. slicer. org) [20]. During ROI 
segmentation, peri- and intra-tumoral calcifications were 
excluded to avoid biased. To enhance reproducibility in ROI 
determination, any inconsistencies between the two radiolo-
gists' segmentation were reviewed by a senior radiologist 
(Radiologist 3). Through discussion and consensus, any dis-
crepancies were resolved to achieve a final ROI agreement.

Definition and measurement of quantitative 
features

We employed multiple quantitative features to measure 
breast tumors. All the quantitative features can be directly 
obtained or calculated based on the measurement results 
using the segment statistics module of 3D Slicer [20]. To 
gauge the reliability of each quantitative feature and ROI 
measurement, Radiologist 4 randomly selected 60 patients, 

Fig. 1  Workflow diagram of the study. In the first column, the red 
solid box represents the tumors observed on contrast enhancement 
cone-beam breast CT (CE CB-BCT). The red mask indicates the 
region of interest (ROI) for the tumors. The peritumoral tissue sur-
rounding the tumors is represented by multiple-color circles at dif-
ferent distances: tumors margin to peritumoral 1mm (green), peritu-
moral 1 mm to 3 mm (yellow), and peritumoral 3 mm to 5 mm (blue). 
In the second column, the top two plots display the ROI measure-
ments and quantitative features obtained from 3-dimensional ROIs 
of the tumors and peritumoral tissue. The lowest plot shows scatter 
plot of intraclass correlation coefficient (ICC) for ROI measurements 
and quantitative features. In the third column, the compound heatmap 

at the top displays the Spearman correlation analysis results between 
features and measurements with necrosis or with peritumoral DCIS 
(Ductal carcinoma in  situ). The binary Venn diagram illustrates the 
independent predictor variables of quantitative features in multiple-
factor logistic regression. These variables satisfy the criteria of hav-
ing an adjusted odds ratio (Adj OR) greater than 1 and a p-value less 
than 0.05. The independent predictors were used to construct the 
Nomogram model. In the last column, the plots depict the receiver 
operating characteristic (ROC) curves, calibration curves, and deci-
sion curve analysis (DCA). The plots are arranged from top to bottom 
in the given order

http://www.slicer.org
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independently performed ROI segmentation and feature 
measurement. The intraclass correlation coefficient (ICC) 
was computed for features and measurements [21]. To pre-
vent bias from necrosis or peritumoral ductal carcinoma 
in situ (DCIS), in all the malignant patients, features and 
measurements showing significant associations in Spearman 
correlation analysis were excluded, particularly since these 
are commonly observed in malignant tumors.

These quantitative features can be categorized into 
three groups: the whole tumor's size, included volume 
and surface area; the whole tumor’s CT value, included 
the CT values without contrast enhanced (NCE HU), 
the CT values after contrast enhanced (CE HU), and the 
degree of enhancement (ΔHU). In this study, we utilized 
the peritumoral delta HU (peritumoral ΔHU) as a unique 
characteristic to describe the peritumoral CT values after 

Fig. 2  Inclusion and exclusion of patients. Initially, 688 patients 
were considered, excluding: a those with only NCE CB-BCT scans 
(n = 216); b individuals with prior core biopsy or treatment before 
CB-BCT (n = 76); c cases with Non-mass enhancement (NME) 
lesions (n = 162). This resulted in the inclusion of 234 lesions from 

234 female patients. The dataset was then randomly divided into a 7:3 
ratio, creating a training set (n = 164) for filtering quantitative features 
and building the nomogram, and a test set (n = 70) to validate the 
nomogram's predictive ability
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enhancement. This value was computed based on the mean 
CT value of the tissues surrounding the tumors at specific 
distances. To mitigate the possibility that any findings 
would be a consequence of arbitrarily selected distance, 
we chose two different peritumoral ΔHU values. To obtain 
these values, we first defined the peritumoral areas based 
on the tumor's region of interest (ROI), and the peritu-
moral areas were radially expanded to the tumor's margin 
by 1 mm, 3 mm, and 5 mm, respectively. Next, using the 
segment statistics module of 3D Slicer, we measured the 
mean CT values of these peritumoral areas. The peritu-
moral ΔHU 1 and peritumoral ΔHU 2 were calculated 
by subtracting the mean CT value of the 1–3-mm regions 
 (HU1mm–3 mm) and 3–5-mm regions  (HU3mm–5 mm), respec-
tively, from the mean CT value at 1 mm  (HUmargin–1 mm), 
using the following formulas (Fig. 3):

After that, we compared the performance of these two 
peritumoral ΔHU values in predicting benign and malig-
nant tumors using receiver operating characteristic analy-
sis (ROC) in the training set. The one with the greater area 

Peritumoral ΔHU 1 = HUmargin−1mm − HU1mm−3mm

Peritumoral ΔHU 2 = HUmargin−1mm − HU3mm−5mm

under the curve (AUC) was selected to join the quantita-
tive features.

Development and validation of the nomogram 
model

We compared the differences in quantitative features 
between benign and malignant breast tumor in the training 
set. The logistic regression analysis was applied in the train-
ing set to identify independent predictors of quantitative fea-
tures, which were then used to construct the nomogram for 
distinguishing between benign and malignant breast tumors. 
The nomogram can be characterized by summing up points 
assigned to each variable, as indicated at the top of the scale. 
To determine points for each predictor, draw a vertical line 
from the factor to the point axis. The total points, obtained 
by summing points from all predictors, correspond to the 
risk of malignant tumors when a vertical line is drawn to the 
risk axis. The nomogram's cutoff was determined by calcu-
lating the total points for all patients based on its application 
to the training set. Subsequently, we evaluated the predictive 
performance of the total points using ROC analysis, with the 
cutoff of the total points in ROC analysis serving as the nom-
ogram's cutoff. This cutoff point was selected to maximize 
the Youden Index, a metric calculated as "Sensitivity + Spec-
ificity—1," ensuring an optimal balance between sensitivity 

Fig. 3  Visualization of tumors region of interest (ROI) and peritu-
moral areas. a Coronal view displaying the tumors ROI and peritu-
moral areas. b 3D cross-sectional view presenting a detailed repre-
sentation of the tumors ROI and peritumoral areas. The tumor ROI 
is highlighted in red (red arrow), indicating its location within the 
breast tissue. The green mask represents the peritumoral area situated 

1mm away from the tumors margin, visible in both the coronal view 
and 3D display (green arrow). The yellow mask represents the peri-
tumoral area between 1 and 3  mm from the tumors margin (yellow 
arrow), while the blue mask represents the peritumoral area between 
3 and 5 mm away from the tumors margin (blue arrow)
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and specificity [22]. The predictive accuracy of this cutoff 
was further validated in the test set through the utilization of 
a confusion matrix. We evaluated the nomogram's effective-
ness using AUCs, accuracy, sensitivity, and specificity in 
both the training and test sets. Calibration curves in both sets 
gauged agreement between observed outcomes and nomo-
gram predictions. Decision Curve Analysis (DCA) assessed 
the nomogram's added value.

Statistical analysis

ICC interpretation: 0.00–0.20 (poor), 0.21–0.40 (fair), 
0.41–0.60 (moderate), 0.61–0.80 (good), 0.81–1.00 (excel-
lent) [23]. Detected associations were deemed significant for 
p-values < 0.05 in the Spearman correlation test. The differ-
ences in quantitative features were compared using either 
the independent t-test or Mann–Whitney U test, depending 
on the data distribution. The data were presented as either 
the mean with standard deviation (SD) or the median with 
interquartile range (IQR), depending on the distribution of 
the data. A significance level of p-values < 0.05 was con-
sidered statistically significant. AUC values for two peritu-
moral ΔHU values were compared using the Delong test. 
Logistic regression yielded Odds ratio (OR) and 95% con-
fidence interval (CI). Features meeting criteria (Adjusted 
OR > 1, p-values < 0.05) in multivariate logistic regression 
were considered independent predictors. Statistical analysis 
used SPSS (v27.0), R (v4.2.2; https:// www.r- proje ct. org), 
and Python (v3.11.3; https:// www. python. org).

Result

Patients

Our study included 234 lesions from female patients with 
an average age of 50.2 (SD ± 9.2) years. The training set 
comprised 164 patients, including 89 with benign tumors 
and 75 with malignant breast tumors. The test set consisted 
of 70 patients, with 29 diagnosed with benign tumors and 
41 with malignant breast tumors. A detailed summary of 
patient characteristics and histopathological results is given 
in Table 1.

Measurement of quantitative features 
and comparison of peritumoral ΔHU values

All quantitative features and ROI measurements exhibited 
good to excellent (0.75–0.97) agreement in the ICC (Sup-
plemental Fig. 1). The Spearman correlation test indicated 
no statistically significant correlations between features and 
measurements with necrosis or with peritumoral DCIS in 
all the malignant patients (Supplemental Tables 1 and 2). 

Table 2 provides a comprehensive summary of quantitative 
features and ROI measurements.

Although per i tumoral  ΔHU 1(AUC = 0.753, 
95%CI = 0.679 − 0.826) exhibited a slightly higher AUC than 
peritumoral ΔHU 2(AUC = 0.738, 95%CI = 0.662 − 0.814), 
the difference was not statistically significant (Delong test, 
p = 0.391). Based on its marginally better performance, 
peritumoral ΔHU 1 was selected as the preferred feature to 
complement the quantitative features for features selection. 
The ROCs of peritumoral ΔHU values are shown in Fig. 4.

Quantitative features selection

Significant differences were observed in surface area, vol-
ume, CE HU, ΔHU, and peritumoral ΔHU 1 between benign 
and malignant breast tumors in the training set (Table 2). 
The results of the univariate logistic regression analysis 
indicated that surface area, volume, CE HU, ΔHU, and 
peritumoral ΔHU 1 met the criteria of having a Crude OR 
greater than 1 and a p-value less than 0.05 in the training 
set. However, in the multivariate logistic regression analy-
sis, only the surface area, ΔHU, and peritumoral ΔHU 1 
met the criteria of having an Adjusted OR greater than 1 
and a p-value less than 0.05 in the training set, as shown in 
Table 3. They were identified as independent predictors of 
malignant breast tumors. 

Development and validation of the nomogram 
model

The nomogram was constructed using the independent 
predictors of malignant breast tumors. In the ROC analy-
sis of total points from the nomogram in the training set, 
the established cutoff for predicting benign and malignant 
tumors is 21.583 points (specificity: 0.809, sensitivity: 
0.960) (Fig. 5a). Validation in the test set using the confu-
sion matrix (Fig. 5b) yielded an accuracy of 0.829, precision 
of 0.978, recall of 0.732, and an F1-Score of 0.833. Figure 6 
illustrates the nomogram with the applied cut-off, which 
demonstrated an AUC of 0.940 (95% CI 0.900–0.940) in the 
training set and 0.970(95% CI 0.940–0.970) in the test set, 
indicating excellent predictive performance. The accuracy 
of the nomogram was 0.878 in the training set and 0.928 in 
the test set. The specificity was 0.809 in the training set and 
0.897 in the test set, while the sensitivity was 0.960 in the 
training set and 0.951 in the test set (Table 4).

Calibration of the nomogram revealed a favorable corre-
spondence between risk estimation and pathological confir-
mation, providing confidence in its reliability and accuracy 
(Fig. 7a–b). The DCA curves in both sets indicated that uti-
lizing the nomogram for predicting malignant probability 
adds more benefit than adopting either a diagnose-none or 

https://www.r-project.org
https://www.python.org


743La radiologia medica (2024) 129:737–750 

Ta
bl

e 
1 

 S
um

m
ar

y 
of

 p
at

ie
nt

 c
ha

ra
ct

er
ist

ic
s a

nd
 d

ist
rib

ut
io

n 
of

 h
ist

op
at

ho
lo

gi
ca

l r
es

ul
ts

LI
Q

 lo
w

er
 in

ne
r q

ua
dr

an
t, 

LO
Q

 lo
w

er
 o

ut
er

 q
ua

dr
an

t, 
U

IQ
 u

pp
er

 in
ne

r q
ua

dr
an

t, 
U

O
Q

 u
pp

er
 o

ut
er

 q
ua

dr
an

t
p 

va
lu

e 
in

di
ca

te
s t

he
 si

gn
ifi

ca
nc

e 
of

 d
iff

er
en

ce
s b

et
w

ee
n 

be
ni

gn
 a

nd
 m

al
ig

na
nt

 b
re

as
t t

um
or

s
p#  v

al
ue

 in
di

ca
te

s t
he

 si
gn

ifi
ca

nc
e 

of
 d

iff
er

en
ce

s b
et

w
ee

n 
th

e 
fe

at
ur

es
 in

 tr
ai

ni
ng

 se
t a

nd
 te

st 
se

t

C
ha

ra
ct

er
ist

ic
s

Tr
ai

ni
ng

 se
t

P 
va

lu
e

Te
st 

se
t

P 
va

lu
e

p#  v
al

ue
A

ll
P 

va
lu

e

B
en

ig
n 

(n
 =

 89
)

M
al

ig
na

nt
 (n

 =
 75

)
B

en
ig

n 
(n

 =
 29

)
M

al
ig

na
nt

 (n
 =

 41
)

B
en

ig
n 

(n
 =

 11
8)

M
al

ig
na

nt
 (n

 =
 11

6)

A
ge

47
.0

0 
(4

5.
00

,5
5.

00
)

51
.0

0 
(4

3.
50

,6
0.

00
)

0.
18

4
46

.0
0 

(4
4.

00
,4

9.
00

)
51

.0
0 

(4
7.

00
,5

8.
00

)
0.

00
1

0.
66

7
47

.0
0 

(4
5.

00
,5

2.
00

)
51

.0
0 

(4
4.

00
,5

8.
00

)
0.

00
7

Le
si

on
 lo

ca
tio

n 
(%

)
0.

27
4

0.
20

4
0.

45
0

0.
19

1
LI

Q
26

(2
9.

2)
23

(3
0.

7)
9(

31
.0

)
6(

14
.6

)
35

(2
9.

7)
29

(2
5.

0)
LO

Q
22

(2
4.

7)
18

(2
4.

0)
6(

20
.7

)
17

(4
1.

5)
28

(2
3.

7)
35

(3
0.

2)
U

IQ
16

(1
8.

0)
21

(2
8.

0)
6(

20
.7

)
9(

22
.0

)
22

(1
8.

6)
30

(2
5.

9)
U

O
Q

25
(2

8.
1)

13
(1

7.
3)

8(
27

.6
)

9(
22

.0
)

33
(2

8.
0)

22
(1

9.
0)

Le
si

on
 d

et
ec

tio
n 

(%
)

0.
94

7
0.

84
3

0.
32

8
0.

78
2

Pa
lp

ab
le

 m
as

s
42

(4
7.

2)
35

(4
6.

7)
12

(4
1.

4)
16

(3
9.

0)
54

(4
5.

8)
51

(4
4.

0)
Sc

re
en

in
g 

re
ve

al
s

47
(5

2.
8)

40
(5

3.
3)

17
(5

8.
6)

25
(6

1.
0)

64
(5

4.
2)

65
(5

6.
0)

M
en

st
ru

al
 st

at
us

(%
)

0.
27

8
0.

03
6

0.
17

2
0.

07
0

M
en

op
au

sa
l

25
(2

8.
1)

27
(3

6.
0)

3(
10

.3
)

13
(3

1.
7)

28
(2

3.
7)

40
(3

4.
5)

Pr
e-

m
en

op
au

sa
l

64
(7

1.
9)

48
(6

4.
0)

26
(8

9.
7)

28
(6

8.
3)

90
(7

6.
3)

76
(6

5.
5)

H
is

to
pa

th
ol

og
ic

al
 

re
su

lts
(%

)
 <

 0.
00

1
 <

 0.
00

1
0.

22
9

 <
 0.

00
1

Fi
br

oa
de

no
m

a
79

(8
8.

8)
0(

0.
0)

27
(9

3.
1)

0(
0.

0)
10

6(
89

.8
)

0(
0.

0)
In

fil
tra

tin
g 

du
ct

 c
ar

ci
-

no
m

a
0(

0.
0)

66
(8

8.
0)

0(
0.

0)
38

(9
2.

7)
0(

0.
0)

10
4(

89
.7

)

Ph
yl

lo
de

s t
um

or
, 

be
ni

gn
10

(1
1.

2)
0(

0.
0)

2(
6.

9)
0(

0.
0)

12
(1

0.
2)

0(
0.

0)

Ph
yl

lo
de

s t
um

or
, 

m
al

ig
na

nt
0(

0.
0)

9(
12

.0
)

0(
0.

0)
3(

7.
3)

0(
0.

0)
12

(1
0.

3)

M
ic

ro
ca

lc
ifi

ca
tio

ns
(%

)
0.

50
6

0.
44

7
0.

35
0

0.
82

0
W

ith
22

(2
4.

7)
22

(2
9.

3)
11

(3
7.

9)
12

(2
9.

3)
33

(2
8.

0)
34

(2
9.

3)
W

ith
ou

t
67

(7
5.

3)
53

(7
0.

7)
18

(6
2.

1)
29

(7
0.

7)
85

(7
2.

0)
82

(7
0.

7)
Ne

cr
os

is
(%

)
 <

 0.
00

1
0.

01
9

0.
54

5
 <

 0.
00

1
W

ith
0(

0.
0)

21
(2

8.
0)

0(
0.

0)
7(

17
.1

)
0(

0.
0)

28
(2

4.
1)

W
ith

ou
t

89
(1

00
.0

)
54

(7
2.

0)
29

(1
00

.0
)

34
(8

2.
9)

11
8(

10
0.

0)
88

(7
5.

9)
D

C
IS

(%
)

 <
 0.

00
1

0.
01

1
0.

48
8

 <
 0.

00
1

W
ith

0(
0.

0)
14

(1
8.

7)
0(

0.
0)

8(
19

.5
)

0(
0.

0)
22

(1
9.

0)
W

ith
ou

t
89

(1
00

.0
)

61
(8

1.
3)

29
(1

00
.0

)
33

(8
0.

5)
11

8(
10

0.
0)

94
(8

1.
0)



744 La radiologia medica (2024) 129:737–750

diagnose-all strategy when the threshold probability falls 
within the range of 5–94% (Fig. 7c–d).

Discussion

Accurately distinguishing between benign and malignant 
breast tumors is crucial for informed treatment decisions. 
Our study identified several quantitative radiologic features 
of CE CB-BCT as independent predictors for malignant 
breast tumors, including surface area, ΔHU, and peritumoral 
ΔHU 1. Building on these findings, we developed and vali-
dated a nomogram, providing a non-invasive tool for diag-
nosing breast tumors. The proposed model exhibited strong 
performance with an AUC of 0.940 (95% CI 0.900–0.940) in 
the training set and an AUC of 0.970 (95% CI 0.940–0.970) 
in the test set. This marks the first study to create a nomo-
gram model based on quantitative features of CE CB-BCT, 
establishing a cut-off for distinguishing between benign 
and malignant breast tumors. This novel approach signifi-
cantly enhances diagnostic precision, with the nomogram's 
cutoff acting as a crucial threshold in predicting the nature 
of tumors. Surpassing this cutoff in total points for an indi-
vidual indicates a higher likelihood of malignant tumors.

Traditional breast tumors evaluation in radiology heav-
ily relies on qualitative assessments, where various tumors 
characteristics like spiculated, rounded, necrosis, microc-
alcification, density, type of enhancement, and anatomic 
relationship to surrounding tissues are subjectively evalu-
ated. Nevertheless, these evaluations may vary based on the 
radiologists' experience in interpretation [24–26].

In recent years, personalized medicine has gained 
momentum in the medical field, aiming to provide tailored 
treatments based on individual patient characteristics and 
needs, using biomarkers to guide decisions [27]. Imaging 
has become a valuable technology, offering noninvasive 
means to obtain biological information about breast tumors. 
In vivo 2D and 3D measurements of anatomic structures 
serve as essential quantitative biomarkers, providing meas-
urable, quantifiable, and reproducible parameters crucial 
for research and clinical decision-making [28, 29]. Several 
studies have utilized quantitative features of breast imaging 
to predict malignancy. For instance, Hsu et al. integrated 
morphological, texture, and Nakagami images, achieving 
weak sensitivity (< 74.0%) in identifying malignant tumors 
[30]. Thakur et al. demonstrated the utility of quantitative 
in vivo MRS assessment of lipid metabolism for identify-
ing malignancies [31]. Mami et al. observed significant dif-
ferences in IVIM and non-Gaussian diffusion parameters 
between malignant and benign breast tumors, providing BI-
RADS-equivalent scores without contrast agents [32]. Addi-
tionally, another study highlighted the superior diagnostic 
accuracy of quantitative transport mapping velocity and Ta
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volume transfer constant over traditional kinetics methods 
in differentiating benign from malignant breast tumors [33].

Our study utilizes quantitative features to extract objec-
tive information; by incorporating these quantitative features 
into breast tumors evaluation, we move toward a more per-
sonalized approach, delivering precise treatment to patients 
when needed. This evolution aligns with personalized medi-
cine's goals and has the potential to enhance diagnostic accu-
racy and treatment outcomes in breast tumors management.

In our study, we investigated various features for breast 
tumors classification, and among them, surface area, ΔHU, 
and peritumoral ΔHU 1 emerged as independent predictors 
of malignant breast tumors. The surface area of a tumors, 
defined as the total outer boundary area, serves as an indica-
tor for evaluating tumors size, which is a critical prognostic 
factor in breast tumors [28, 29]. Traditional measurement 
methods using linear measurements in two dimensions can 
be challenging when tumors grow diffusely, making accurate 

Fig. 4  ROCs of peritumoral 
ΔHU 1 and peritumoral ΔHU 
2. Peritumoral ΔHU 1 exhibited 
a slightly higher AUC than 
peritumoral ΔHU 2 without sta-
tistically significant (p = 0.391, 
Delong test)

Table 3  Univariate and 
multivariate logistic regression 
of quantitative features

NCE HU the whole tumor’s CT value without contrast enhanced, CE HU the whole tumor’s CT value with 
contrast enhanced, ΔHU the degree of the whole tumor’s enhancement, Crude OR crude odds ratio, Adj OR 
adjusted odds ratio, CI confidence interval

Features Crude OR (95%CI) Uni-p value Adj OR (95%CI) Multi-p value

Surface area 1.216(1.142,1.309)  < 0.001 3.385(2.155,5.319)  < 0.001
Volume 1.352(1.177,1.605)  < 0.001 0.064(0.022,0.185)  < 0.001
NCE HU 1.001(0.995,1.008) 0.678
CE HU 1.008(1.002,1.015) 0.008 0.998(0.984,1.011) 0.720
ΔHU 1.015(1.006,1.024) 0.001 1.026(1.004,1.048) 0.018
Peritumoral ΔHU1 1.051(1.032,1.074)  < 0.001 1.068(1.024,1.114) 0.002
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size assessment difficult [30]. To overcome this limitation, 
we employed three-dimensional spatial analysis, providing 
a more accurate measurement of tumors size. Malignant 
tumors, characterized by uncontrolled and disorganized 
growth, tend to have greater surface unevenness, resulting 
in larger surface areas, and benign tumors exhibit smoother 

surface variations, leading to lower surface area measure-
ments [34–36].

We defined and selected peritumoral ΔHU values as 
a measurement indicator for the peritumoral region and 
explored its potential as a prediction factor of breast tumors 
malignancy. The peritumoral region, surrounding the 

Fig. 5  a ROC curves of total points from nomogram in training set with optimal cutoff-based Youden index. b Confusion matrix illustrating true 
label vs. predicted label for predicting benign and malignant tumors, as evaluated on the test set

Fig. 6  a Nomogram for predicting malignant breast tumors, including 
the applied cutoff. The cutoff for malignant breast tumors was 21.583 
points calculated by the nomogram (red mark). b Performance of the 

nomogram in the training and test set is expressed as area under the 
ROC curve (AUC)

Table 4  Diagnostic 
performances of the nomogram

AUC  Area under curve, CI confidence intervals, ACC  accuracy, SEN sensitivity, SPE specificity

Model Training set Test set

AUC 95CI% ACC SPE SEN AUC 95CI% ACC SPE SEN

Nomogram 0.940 0.900–0.940 0.878 0.809 0.960 0.970 0.940–0.970 0.928 0.897 0.951
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tumors, has been found to provide valuable information for 
diagnosing and predicting prognosis due to tumors invasion, 
tissue reactions, and changes [37–42]. The density of the 
peripheral tissue may reflect the stromal and inflammatory 
response to the tumors, which may vary depending on the 

type and aggressiveness of the cancer. By calculating peri-
tumoral ΔHU values based on an enhancement method, we 
aimed to quantitatively assess the perfusion of the peritu-
moral area. Malignant tumors tend to invade the surrounding 
tissue, resulting in increased perfusion in the peritumoral 

Fig. 7  Calibration curves for the nomogram in training set a and test 
set b assess agreement between predicted malignant probabilities and 
actual outcomes. Each plot includes a rug chart showing the distri-
bution of predicted risks. The 45-degree dotted line represents ideal 
prediction, while the solid line depicts the nomogram's performance. 
A closer fit to the diagonal dotted line indicates better prediction. The 
blue line shows the apparent calibration curve, illustrating the rela-
tionship between predicted and observed probabilities. The pink line 
represents the bias-corrected calibration curve, addressing overfit-

ting or optimistic bias for a more realistic estimate on new data. The 
DCA curve of the nomogram in training set c and test set d. The red 
and green line represents the nomogram. The gray line represents the 
assumption that all patients are diagnosed as malignant. The black 
line represents the assumption that none of the patients are diagnosed 
as malignant. The DCA curves reveals that if the threshold probabil-
ity is set between 5 and 94%, using the proposed nomogram to detect 
malignant breast tumors is more advantageous than either the treat‐all 
regimen or the treat‐none regimen
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region due to tumors infiltration [40]. Previous studies have 
emphasized that peritumoral perfusion can differentiate dif-
ferent risk levels of breast tumors and predict biomarkers 
associated with the aggressiveness of breast malignancies 
[43, 44]. Additionally, dividing the peritumoral tissue into 
circles at various distances from the tumors margin has been 
explored in previous studies, allowing for an examination of 
tissue changes from the proximity of the tumors to the dis-
tant field [45–48]. Our results also support the consideration 
of proximal peritumoral tissue by defining two peritumoral 
ΔHU values and comparing their performance in predicting 
malignant tumors.

Our study also revealed that the ΔHU, reflecting the inter-
nal enhancement of the breast tumors, emerged as a sig-
nificant independent predictor of breast tumors malignancy. 
Tumors cells require neovascularization for their survival, 
growth, invasion, and spread. The enhancement of a breast 
tumors on imaging is not only associated with micro ves-
sel density, neovascularization, and prognostic parameters 
but also related to factors such as vasculature leakage (cap-
illary permeability), contrast agent delivery (perfusion or 
diffusion), and the volume of extravascular space [49–51]. 
The enhancement patterns observed in breast imaging can 
be utilized to differentiate between benign and malignant 
breast tumors [52–55]. However, the conventional approach 
to obtaining enhancement patterns is variable and less repro-
ducible due to different measurement methods from subjec-
tive differences among radiologists, leading to variations 
in visual perception. In the case of CB-BCT, some studies 
have defined ΔHU based on the maximum section of a sus-
picious lesion in a coronal view with a slice thickness of 
2.7 mm [10, 56]. In our study, we measured the ΔHU of 
the entire tumors, offering a quantitative method to assess 
breast enhancement and avoid variations caused by observer-
related factors.

Traditional radiology methods for breast tumors diag-
nosis, combined with biopsies for confirmation, also have 
limitations in their approach. Mammography, with a sen-
sitivity ranging from 67.3 to 93.3%, often yields negative 
biopsy results for suspicious lesions [57, 58]; challenges 
with mammography include the potential for mistaking fibro 
glandular tissue as lesions [59]. Breast MRI, while limited 
by cost, availability, and contraindications, also exhibits 
slightly lower specificity and lead to unnecessary procedures 
[60, 61]. CB-BCT, a 3D imaging method, exhibits supe-
rior sensitivity, patient comfort, shorter examination time, 
fewer contraindications, and better specificity compared to 
mammography, the increased specificity may be attributed 
to effective contrast agent application [8, 13, 60–63]. Moreo-
ver, CE CB-BCT shows promise as an alternative imaging 
modality for the individuals with contraindications to MRI 
such as the presence of ferromagnetic implants, concerns 
about gadolinium deposition, or in regions with limited MRI 

availability [64]. Additionally, the quantitative features of 
CE CB-BCT in our study provide a more objective and accu-
rate assessment of breast tumors malignancy.

There were some limitations in this study. First, being 
a single-center study focusing solely on Chinese females 
limits the generalizability of the conclusions. Second, NME 
lesions may impact conclusions, warranting further inves-
tigation of applicable quantitative radiologic features for 
NME. While NME diagnosis poses challenges due to mixed 
tumors tissues and stroma, certain enhancement features like 
maximum CT value and ΔHU remain valuable. Third, a lim-
itation of CE CB-BCT is its inappropriateness for disease 
screening in women who are planning to conceive. However, 
this is not limited to the demographic of adult or elderly 
women who are more prone to developing breast cancer, 
because CE CB-BCT alone has demonstrated comparable 
diagnostic accuracy with reduced radiation exposure [65]. 
Therefore, in future work, we may perform CE CB-BCT 
alone to reduce radiation exposure without compromising 
diagnostic accuracy. Finally, the sample size taken in this 
study was limited, and the conclusions drawn need further 
validation.

Conclusion

In conclusion, our study identifies quantitative radiologic 
features of CE CB-BCT that effectively predict benign and 
malignant breast tumors. By integrating these features into 
a nomogram-based diagnostic system, we present a more 
accurate and objective approach for diagnosing breast tumor. 
This system enhances classification precision, addressing 
the diagnostic ambiguity frequently encountered in clini-
cal practice. The implementation of these findings has the 
potential to improve the reliability and effectiveness of 
breast tumor management.
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