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Abstract
Purpose To assess whether a radiomics and machine learning (ML) model combining quantitative parameters and radiomics
features extracted from simultaneous multiparametric 18F-FDG PET/MRI can discriminate between benign and malignant
breast lesions.
Methods A population of 102 patients with 120 breast lesions (101 malignant and 19 benign) detected on ultrasound and/
or mammography was prospectively enrolled. All patients underwent hybrid 18F-FDG PET/MRI for diagnostic purposes.
Quantitative parameters were extracted from DCE (MTT, VD, PF), DW (mean ADC of breast lesions and contralateral breast
parenchyma), PET (SUVmax, SUVmean, and SUVminimum of breast lesions, as well as SUVmean of the contralateral
breast parenchyma), and T2-weighted images. Radiomics features were extracted from DCE, T2-weighted, ADC, and PET
images. Different diagnostic models were developed using a fine Gaussian support vector machine algorithm which explored
different combinations of quantitative parameters and radiomics features to obtain the highest accuracy in discriminating
between benign and malignant breast lesions using fivefold cross-validation. The performance of the best radiomics and ML
model was compared with that of expert reader review using McNemar’s test.
Results Eight radiomics models were developed. The integrated model combining MTT and ADC with radiomics features
extracted from PET and ADC images obtained the highest accuracy for breast cancer diagnosis (AUC 0.983), although its
accuracy was not significantly higher than that of expert reader review (AUC 0.868) (p = 0.508).
Conclusion A radiomics and ML model combining quantitative parameters and radiomics features extracted from simultaneous multiparametric 18F-FDG PET/MRI images can accurately discriminate between benign and malignant breast lesions.
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Introduction
Breast cancer is the most commonly occurring malignancy
in women worldwide, representing 11.6% of newly diagnosed cancer cases in 2018 [1]. Disease prognosis changes
dramatically if breast cancer is diagnosed at an early vs
later stage, with the 5-year survival rate decreasing from
98 to 100% for the former to 66–98% for the latter [2].
Despite the many advantages offered by new surgical
approaches and targeted drug development, early diagnosis remains one of the most effective means to conquer
breast cancer.
Imaging modalities that are currently used to diagnose
breast cancer include mammography, ultrasound, and magnetic resonance imaging (MRI) [3]. MRI, which is based on
the depiction of neoangiogenesis as a tumor-specific feature, is the most sensitive imaging modality for breast cancer
detection. However, a challenge in the broader use of breast
MRI is its false-positive findings which lead to unnecessary
invasive biopsies in benign tumors, along with unnecessary
financial costs and patient anxiety [4]. Factors that affect
MRI’s specificity include the image acquisition technique
and the level of reader experience [4].
Carcinogenesis is a complex, multistep process during which cancers develop distinct pathological biological properties, i.e., cancer hallmarks, including sustained
proliferation; evasion of growth suppressors and apoptosis;
and promotion of angiogenesis, invasion, and metastasis
[5]. Advanced imaging techniques that provide morphologic, functional, and metabolic information have been
introduced, allowing the non-invasive depiction of these
pathophysiological processes at the cellular level. These
novel imaging data can be used for tumor diagnosis and
characterization, assessment of treatment response, and
prediction of patient outcome [6].
Simultaneous multiparametric 18 F-fluoro-2-deoxy18
d-glucose ( F-FDG) positron emission tomography/magnetic resonance imaging (PET/MRI) is a novel imaging
technique that combines multiparametric morphologic and
functional information from MRI with metabolic information provided by PET, offering unique insights into
tumor biology to achieve the ultimate goal of precision
medicine in oncology [7, 8]. Recent studies support the
use of 18F-FDG PET/MRI in breast cancer patients for
different diagnostic purposes [9, 10]. Initial studies using
the combination of separately acquired MRI and PET data
indicate an improvement in the discrimination of benign
and malignant breast lesions [11]. However, at present, the
role of simultaneous multiparametric 18F-FDG PET/MRI
for breast cancer diagnosis has not been fully assessed.
Recently, a new paradigm in healthcare has emerged,
driven by advances in medical imaging technology and
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image analysis as well as the advent of artificial intelligence (AI) and its applications in medical imaging. Radiomics is the extraction of large numbers of quantitative
features from standard-of-care medical images using
computer algorithms; radiomics features can be correlated with various variables, e.g., patient characteristics
and outcomes, and pooled in large-scale analyses to create decision support models [12–14]. Radiomics has the
potential to represent “the bridge between medical imaging and personalized medicine” [15].
We hypothesized that an AI-based radiomics model combining quantitative simultaneously acquired 18F-FDG PET/
MRI data will enable an accurate discrimination of benign
and malignant breast tumors. Therefore, the aim of our study
was to develop and validate a diagnostic AI model using
quantitative perfusion, diffusion, and metabolic data as well
as radiomics features extracted from simultaneous multiparametric 18F-FDG PET/MRI to non-invasively discriminate
between benign and malignant breast lesions.

Materials and methods
Patient population
This prospective single-institution study was approved by
the institutional review board, and written informed consent
was obtained from all participants. From June 2016 to July
2020, 154 patients were included in the study and underwent simultaneous multiparametric 18F-FDG PET/MRI of
the breast for diagnostic purposes. Patients were included
according to the following inclusion criteria: > 18 years of
age; not pregnant nor breastfeeding; and imaging abnormality (i.e., Breast Imaging-Reporting and Data System (BIRADS) 0, 4/5) on ultrasound and/or mammography (i.e.,
asymmetries, microcalcifications, architectural distortion,
breast mass). Exclusion criteria were no histopathology or
follow-up available; incomplete 18F-FDG PET/MRI examinations; 18F-FDG PET/MRI images not suitable for subsequent quantitative and radiomics analysis (e.g., image artifacts, incomplete dynamic scans); previous treatments; and
contraindications for MRI examination. Thus, 102 patients
(mean age 50 years, age range 23–82 years) with 120 breast
lesions (101 malignant and 19 benign) were finally included
in this study. The BI-RADS category distribution of included
lesions was BI-RADS 0 (n = 8), BI-RADS 4 (n = 16), and
BI-RADS 5 (n = 96). The flowchart of the patient selection
process is given in Fig. 1.

Reference standard
Histology was used as the reference standard for lesions
classified as BI-RADS 4 (n = 22) or 5 (n = 95) at 18F-FDG
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Fig. 1  Flowchart of the patient
selection process. Pts = patients;
US = ultrasound; MG = mammography

PET/MRI. In patients with malignant lesions, the reference
standard was histological analysis of the surgical specimen; in patients who received neoadjuvant treatment, the
biopsy results were considered the reference standard. In
three lesions classified as BI-RADS 2 (n = 2) or BI-RADS 3
(n = 1) at 18F-FDG PET/MRI, stable imaging follow-up was
available for at least 2 years.

Multiparametric PET/MRI acquisition protocol
All patients underwent simultaneous multiparametric 18FFDG PET/MRI performed using a Biograph mMR system
(Siemens, Germany), which is an MRI-compatible PET
detector integrated with a 3.0 MRI scanner [16].
Patients fasted at least 5 h before receiving an intravenous
application of 18F-FDG at a dose of 2.5–3.5 MBq/kg body
weight. All measured blood glucose levels were less than
150 mg/dL (8.3 mmol/L) prior to tracer injection. The PET/
MRI acquisition started after an uptake time of 60 min. MRIbased attenuation correction was performed using the standard Dixon-based attenuation correction method [17, 18].
A three-dimensional (3D) acquisition technique was used
that offered an axial field of view (FOV) of approximately
26 cm and a transverse FOV of 59 cm with a sensitivity of
13.2 cps/kBq. Data acquisition was done for 30 min. Static
PET images were reconstructed using ordinary Poisson 3D
ordered subset expectation maximization (OP-OSEM) (with
Gaussian scatter correction) with 3 iterations and 21 subsets
into a 172-zoom 1.0 image matrix including all standard
corrections (normalization, scatter, random coincidences,
and decay).
Multiparametric MRI was performed using a dedicated
16-channel breast coil (Rapid Biomedical, Germany), and
the imaging protocol consisted of the following sequences:
1. Axial T2-weighted sequence, repetition time/echo time
(TR/TE) 4820/192 ms, matrix size 640 × 480, FOV
360 × 360 mm, slice thickness 2.5 mm, gap 3 mm, flip
angle (FA) 128°.
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2. Diffusion tensor imaging using a 2D diffusion-weighted
(DW) single-shot spin-echo-prepared echo-planar imaging (EPI) sequence with parallel imaging and fat suppression, TR/TE 4500/87 ms, matrix size 190 × 112,
FA 90°, FOV 212 × 360 mm, slice thickness 4 mm, gap
5.2 mm. Diffusion gradients were applied in twelve
directions with b values of 0 and 800 s/mm2.
3. Dynamic contrast-enhanced (DCE) imaging, obtained
before and after intravenous administration of a paramagnetic contrast agent (Dotarem: 0.2 ml/kg body
weight), at a flow rate of 3.5 ml/s. Five pre-contrast
axial T1 volumetric interpolated breath-hold examination (VIBE) sequences (FA 2°, 10°, 20°, 30°, and
40°) were first acquired for T1 mapping, followed by
axial T1 Time-resolved angiography With Interleaved
Stochastic Trajectories (TWIST) dynamic sequences
(TR/TE 4.7/2.46 ms, matrix size 448 × 4482, FOV
340 × 340 mm, slice thickness 2 mm, no gap, flip angle
15°) with 20 measurements and a temporal resolution of
16.7 s. After an update to the clinical MRI protocol, T1
TWIST DIXON dynamic sequences were acquired (TR/
TE = 4.7/1.3 ms, matrix 352 × 352, FOV 440 × 440 mm,
slice thickness 2 mm, no gap, flip angle 10.5°) with 23
measurements and a temporal resolution of 14 s. Subtraction and maximum intensity projection images were
then obtained.

Image analysis
Two board-certified radiologists with 10 and 6 years of experience in breast imaging independently evaluated MRI data.
A nuclear medicine physician with 10 years of experience
and a radiologist with 6 years of experience who was trained
in hybrid imaging under the supervision of a nuclear medicine physician independently evaluated PET images. Readers were blinded from final histopathological results and
previous examinations. To assess the intraobserver reproducibility of PET/MRI quantitative parameter measurements, all
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lesions were reassessed by the same readers after a washout
period of 4 weeks.
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tibility artifacts from biopsy markers [21]. Using this
approach, ADCmean of primary lesions and as well as
of the normal appearing contralateral breast parenchyma
was calculated.

Quantitative data analysis
Multiparametric MRI

18

All MR images were imported into an open-source medical
image viewer (Horos v.3.3.5) for image visualization and the
extraction of quantitative parameters.
Breast lesions were identified on DCE post-contrast
subtracted images, and lesion location and size (maximum
diameter on DCE post-contrast subtracted images in the
axial plane) were recorded.

For PET quantification, a volume of interest (VOI) was
manually drawn around every suspicious breast lesion to
acquire their maximum standard uptake value (SUVmax),
mean SUV (SUVmean), and minimum SUV (SUVmin)
using the Hermes Hybrid Viewer (Hermes Medical Solutions, Stockholm, Sweden). The VOI was defined using the
region grown 3D approach with a fixed threshold to capture
PET metabolic tumor volume but not physiological 18F-FDG
uptake in the surrounding tissues. For metabolic quantification of non-tumoral ipsilateral and contralateral breast tissue,
a VOI was placed in the normal breast parenchyma to obtain
its SUVmean away from the nipple and areola. Examples of
ROI placement over breast lesions on DCE-MRI, ADC, and
PET images for the extraction of quantitative parameters are
given in Fig. 2.

• For quantitative perfusion analysis, a pixel-by-pixel fast-

deconvolution method was applied using the open-source
MRI perfusion analysis tool UMMPerfusion (Horos
plugin) [19]. The arterial input function was selected by
drawing a 2D region of interest (ROI) in the right ventricle. Breast lesions were identified and segmented on subtracted images at early post-contrast time points, as soon
as the lesions were clearly visible [20]. Two-dimensional
ROIs were drawn over the enhancing tumor portion,
avoiding the inclusion of cystic, hemorrhagic necrotic
areas or susceptibility artifacts from biopsy markers, and
then pasted onto the corresponding quantitative maps to
extract the mean transit time (MTT), plasma flow (PF),
and volume distribution (VD).
• DW images and corresponding quantitative apparent diffusion coefficient (ADC) maps were analyzed.
First, breast lesions were identified on high b-value DW
images; thereafter, a 2D ROI for each lesion was positioned on ADC maps on the qualitatively darkest part of
the tumor, using DCE images as a reference to identify
contrast-enhanced regions and also avoiding the inclusion of cystic, hemorrhagic necrotic areas or suscep-

F‑FDG PET

Radiomics analysis and model development
PET/MRI images were imported to dedicated software (ITKSNAP v. 3.6.0) [22] for lesion segmentation. A radiologist
with 6 years of experience in breast imaging annotated each
lesion on DCE, DWI, PET, and T2-weighted images. First,
whole breast lesions were segmented on DCE-MR images
using a semi-automated method. The second post-contrast
time point was chosen for lesion segmentation, in order to
better depict tumor enhancement compared to the surrounding breast parenchyma. The same approach was applied
to DWI and PET images. Finally, manual segmentation
was performed to annotate breast lesions on T2-weighted
images slice by slice. In all steps, care was taken to avoid

Fig. 2  Region of interest (ROI) placement over breast lesions on dynamic contrast-enhanced magnetic resonance (DCE-MR), apparent diffusion
coefficient (ADC), and positron emission tomography (PET) images for the extraction of quantitative parameters
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the inclusion of cystic/necrotic areas. When a biopsy marker
was present, a distance of at least 2 mm was kept. Examples
of tumor segmentation are given in Fig. 3.
Considering the unbalanced distribution of benign and
malignant breast lesions, adaptive synthetic sampling was
employed to equalize class sizes [23]. Data for all four
image types was initially reduced to 16 grey levels. Radiomics features were calculated using the Computational
Environment for Radiological Research (CERR) [24].
DCE, T2-weighted, ADC, and PET images were used for
radiomics feature extraction. Segmentations performed on
DWI images were used for the extraction of radiomics
features from ADC images. Considering that T2-weighted
and ADC images were not isotropic, feature extraction
was performed in a 2D fashion for each slice and then
aggregated over the whole lesion (BTW3 as defined by the
Image Biomarker Standardisation Initiative) [25]. Least
Absolute Shrinkage and Selection Operator (LASSO)
regression was then utilized to determine which radiomics features were of most importance. LASSO forces the
sum of the regression coefficients to be less than a fixed
value, which in turn forces certain coefficients to be zero,
thus excluding them from affecting prediction. For this
work, a maximum of the top 5 most important features
were selected, to avoid overfitting the limited datasets
available. LASSO was employed due to its fast nature,
its ability to avoid overfitting, and the fact that it can be
applied even when the number of features is greater than

the number of cases/samples [26, 27]. Diagnostic models
were then developed in MATLAB using a fine Gaussian
support vector machine (SVM), one of the most employed
machine learning (ML) classifiers in medical imaging
[28]. Since there is a short supply of data to enable a split
into training, validation, and test sets, the selection of ML
methodology becomes especially important. An SVM was
utilized since it is known to work well for small datasets,
the resulting models are memory efficient (since only the
coefficients corresponding to the support vectors are nonzero), they can solve both linear and non-linear problems,
and they usually provide good performance [29, 30]. An
SVM algorithm works by creating a hyperplane which
separates the data into the desired classes. Again, since
there is insufficient data to split into traditional training
and test sets, fivefold cross-validation was employed since
it gives the model the opportunity to train on multiple
train-test splits. This results in a better indication of how
well the model will perform on unseen data. Data were
initially standardized (z-score calculation with mean 0
and standard deviation 1) to prevent dependence on any
individual parameter, especially those which contain high
values. This process was then repeated 1000 times to provide final diagnostic metrics. Analysis was performed for
each of the four image types independently and then in
various combinations to assess potential improvements in
diagnostic accuracy for the discrimination of benign and
malignant breast lesion.

Fig. 3  Example of tumor segmentation in a 62-year-old patient with
a stage IV invasive ductal carcinoma (G3, luminal B) of the right
breast. Three-dimensional regions of interest (ROIs) were drawn over
breast lesions on dynamic contrast-enhanced magnetic resonance

(DCE-MR) (A), T2-weighted (B), diffusion-weighted (DW) (C), and
positron emission tomography (PET) (D) images using a semi-automated method
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Clinical 18F‑FDG PET/MRI interpretation
DCE-MRI was assessed according to the fifth edition of
the BI-RADS lexicon [31]. A BI-RADS category from 2 to
5 was assigned to each lesion. BI-RADS scores were then
dichotomized as follows: 2–3 = benign and 4–5 = malignant.
Subsequently, ADC values were calculated for each lesion,
as described above. An ADC value of 1.3 × 10−3 mm2/s was
used as the diagnostic threshold for defining benignity and
malignancy, as suggested by the European Society of Breast
Imaging (EUSOBI) consensus statement on DW imaging
[21]. Lesions showing ADC values equal to or greater than
1.3 × 10−3 mm2/s were classified as benign, while lesions
with ADC values lower than 1.3 × 10−3 mm2/s were classified as malignant. On PET, a lesion was classified as benign
if it did not show 18F-FDG uptake higher than the above
background activity; conversely, a lesion showing 18F-FDG
uptake greater than the surrounding parenchyma was classified as malignant [32]. To achieve a final diagnosis, the
following criteria were applied for the combined DCE-MRI,
DWI, and PET evaluation:
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SPSS, version 25.0, which was released in 2017 (Armonk,
NY: IBM Corp) and MedCalc 18 (MedCalc software bvba).

Results
Patient population
Of the 120 included breast lesions, 101 (84%) were malignant and 19 (16%) were benign. Histological features of
included breast lesions are reported in Tables 1 and 2.
Breast carcinomas showed significantly higher maximum
diameter (28.5 vs 10.68 mm, p = 0.035) and SUVmax (6.22
vs 3.09, p = 0.003) as well as lower ADCmean (1.42 vs
9.23 × 10−3 mm2/s, p < 0.001) and MTT (77.17 vs 118.90 s,
p < 0.001) than benign breast lesions. Mean values of quantitative parameters in both benign and malignant breast
lesions with corresponding significance levels are reported
in Supplementary Material Table S1. ICC values of all
quantitative parameters including intra- and interobserver
reproducibility are shown in Supplementary Material Table

• A lesion was classified as malignant if at least two among

DCE-MRI, DWI, and PET or all of them were positive
for malignancy.
• A lesion was classified as benign if at least two among
DCE-MRI, DWI, and PET or all of them were negative
for malignancy.

Statistical analysis
Intra- and interobserver reproducibility of quantitative
parameter measurements was assessed using intraclass correlation coefficient (ICC) analysis. Agreement was rated as
follows: poor when ICC is less than 0.5, moderate when
ranging from 0.5 to 0.75, good when ranging from 0.75 to
0.90, and excellent when greater than 0.90 [33]. The Kolmogorov–Smirnov test was performed to assess whether
quantitative parameters were distributed normally. The independent t-test or Mann–Whitney U test was used to compare quantitative parameters between benign and malignant
breast lesions. Diagnostic accuracy, sensitivity, specificity,
and positive and negative likelihood ratio of the radiologists
and nuclear medicine physician’s performance in classifying breast lesions were also calculated. Receiver operating characteristic (ROC) curves of the BI-RADS score as
well as significant quantitative DWI, perfusion, and PET
parameters for breast cancer diagnosis were also calculated.
Differences in terms of performance between the different
radiomics models as well as between the best performing
radiomics model and clinical interpretation were assessed
using McNemar’s test. A p value ≤ 0.05 was considered statistically significant. Statistical analysis was performed using

Table 1  Histological features of included malignant breast lesions
Histological diagnosis

N

%

Apocrine carcinoma
DCIS
IDC
ILC
IDC + ILC
Papillary carcinoma
Invasive tubular carcinoma
Lymphoma
Malignant phyllodes tumor
Mucinous carcinoma
Metaplastic carcinoma
Total
Tumor grade
G1
G2
G3
Total
Molecular subtype
Luminal A
Luminal B
HER2 +
Triple negative
Total

1
3
79
7
3
2
1
1
2
1
1
101

1
3
78
7
3
2
1
1
2
1
1
100

7
35
56
98

7
36
57
100

10
51
12
25
98

10
52
12
26
100

Note: DCIS, ductal carcinoma in situ; HER2, human epidermal
growth factor receptor 2; IDC, invasive ductal carcinoma; ILC, invasive lobular carcinoma
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Table 2  Final diagnosis of included benign breast lesions
Diagnosis

N

%

Reference standard

Sclerosing adenosis
FAH
Fibroadenoma
Fibrocystic parenchyma
Epithelial duct proliferation
Mastitis
Papilloma
PASH
BI-RADS 2 findings*
Total

1
2
6
1
2
1
2
1
3
19

5
11
31
5
11
5
11
5
16
100

Histology
Histology
Histology
Histology
Histology
Histology
Histology
Histology
Follow-up

Note: FAH, fibroadenomatous hyperplasia; PASH, pseudoangiomatous stromal hyperplasia; Follow-up, clinical and instrumental follow-up. *Classified as Breast Imaging-Reporting and Data System
(BI-RADS) 2 at positron emission tomography/magnetic resonance
imaging (PET/MRI) and confirmed as benign during the follow-up

the latter showed the best performance for breast cancer
diagnosis (AUC 0.969, 95% CI: 0.947–0.990). Finally, an
integrated model combining quantitative parameters and
radiomics features extracted from DCE, PET images, and
ADC maps was built. MTT and ADCmean of breast lesions
and radiomics features extracted from ADC maps and PET
images were selected by LASSO regression. This model
obtained the highest accuracy in discriminating between
benign and malignant breast lesions, with an AUC of 0.983
(95% CI: 0.962–1.000). A summary of all radiomics models
with corresponding accuracy metrics, including area under
the receiving operating characteristic curve (AUROC), diagnostic accuracy, sensitivity, specificity, and positive and
negative likelihood ratio is reported in Table 4.
Using McNemar’s test (Table 5), the performance of the
integrated model combining quantitative parameters and
radiomics features was higher but not significantly different
from that of the other radiomics models (p > 0.069).

S2. Intra- and interobserver reproducibility of quantitative
parameter measurement ranged from moderate to excellent.

Performance of radiomics models compared
to clinical 18F‑FDG PET/MRI interpretation

Performance of radiomics models

The distribution of BI-RADS descriptors, ADC values, and
PET findings in the study population is reported in Supplementary Material Table S3. Clinical interpretation achieved
a diagnostic accuracy of 0.958 (95% CI: 0.905–0.986), sensitivity and specificity of 100% (95% CI: 96–100%) and
73.7% (95% CI: 49–91%), positive and negative likelihood
ratio of 3.80 (95% CI: 1.79–8.06), and 0 in discriminating
between benign and malignant breast lesions.
All radiomics models but the one based on T2-weighted
radiomics features achieved greater AUCs than clinical
interpretation of 18F-FDG PET/MRI. However, this difference was not significant (p = 0.508). ROC curves of
BI-RADS scores along with significant quantitative DWI
(ADCmean), perfusion (MTT) and PET (SUVmax) parameters for discriminating between benign and malignant breast
lesions are illustrated in Supplementary Material Figure S1.
Accuracy metrics of clinical interpretation, including all
imaging modalities and the combined evaluation, as well as
AI assessment, are summarized in Supplementary Material
Table S4.

A total of 101radiomic features were extracted in six classes
(22 first order, 26 based on grey-level co-occurrence matrices, 16 based on run length matrices, 16 based on size zone
matrices, 16 based on neighborhood grey-level dependence matrices, and five based on neighborhood grey tone
difference matrices) from DCE, ADC, T2-weighted, and
PET images, respectively. Eight radiomics models were
developed to predict breast cancer diagnosis, based on different combinations of multiparametric 18F-FDG PET/MRI
images. Radiomics models with corresponding selected
radiomics features are reported in Table 3. Firstly, a radiomics model based on quantitative parameters alone was
built. ADCmean of breast lesions, MTT, and SUVmax were
selected by the LASSO regression and used by the SVM
classifier, obtaining an area under the curve (AUC) of 0.981
for correctly classifying breast lesions.
Thereafter, the accuracy of diagnostic models based
on radiomics features extracted from individual DCE,
T2-weighted, ADC, and PET images was explored.
Among these models, the best performance in discriminating between benign and malignant breast lesions was
obtained by an SVM classifier using features extracted
from ADC images (AUC 0.937, 95% confidence interval
(CI): 0.901–0.973). The model based on T2-weighted features performed worse, with an AUC of 0.793 (95% CI:
0.732–0.855). Based on these findings, two radiomics models were built combining (1) radiomics features extracted
from ADC maps and DCE images, and (2) radiomics features extracted from ADC, DCE, and PET images. Of these,
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Discussion
At present, no studies have been published on simultaneous AI-enhanced 18F-FDG PET/MRI for breast cancer
diagnosis. The aim of this study was to investigate whether
an AI-based radiomics model combining quantitative
simultaneously acquired 18F-FDG PET/MRI data enables accurate discrimination between benign and malignant breast tumors. A model including both quantitative
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Table 3  Selected features/
quantitative parameters for each
radiomics model
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Radiomics model

Selected features/quantitative parameters

ADCr

ADC—minimum (FO)
Coefficient of dispersion (FO)
zln (SZM)
Difference variance (GLCM)
Inverse difference moment (GLCM)
Auto correlation (FO)
Strength (NGTDM)
Busyness (NGTDM)
Standard deviation (FO)
szlgle (SZM)
Inverse difference moment normalized (GLCM)
glv (NGLDM)
First information correlation (GLCM)
lzlgle (SZM)
Skewness (FO)
glv (SZM)
Skewness (FO)
glv (NGLDM)
Kurtosis (FO)
Correlation (GLCM)
Minimum (FO ADC)
Strength (NGTDM DCE)
zp (SZM ADC)
rln (RLM ADC)
Coefficient of dispersion (FO ADC)
Minimum (FO ADC)
lzlgle (SZM PET)
Difference variance (GLCM ADC)
Auto correlation (GLCM DCE)
hgce (NGLDM PET)
ADCmean
MTT
SUVmax
lzlgle (SZM PET)
Minimum (FO ADC)
zln (SZM PET)
MTT
ADCt

DCE

PET

T2-w

ADCr, DCE

ADCr, DCE, PET

ADCmean, MTT, SUVmax
ADCr, DCE, PET + ADCmean, MTT, SUVmax

Note: ADCr, radiomics features extracted from ADC maps; ADCmean, apparent diffusion coefficient mean
of breast lesions; DCE, radiomics features extracted from dynamic contrast-enhanced images; PET, radiomics features extracted from positron emission tomography images; T2-w, radiomics features extracted
from T2-weighted images; MTT, mean transit time of breast lesions; SUV, standard uptake value of breast
lesions; FO, first-order parameter; GLCM, grey-level co-occurrence matrix-based parameter; NGLDM,
neighborhood grey-level dependence matrix-based parameter; NGTDM, neighborhood grey tone difference
matrix-based parameter; RLM, run length matrix-based parameter; SZM, size zone matrix-based parameter;
glv, grey-level variance; hgce, high grey-level count emphasis; lzlgle, large zone low grey-level emphasis;
rln, run length non-uniformity; szlgle, small zone low grey-level emphasis; zln, zone size non-uniformity;
zp, zone percentage

parameters and radiomics features was shown to accurately discriminate between benign and malignant breast
lesions. Our results indicate that AI-enhanced functional
and metabolic breast imaging had excellent performance

and outperformed expert readers, thus having the potential to assist human readers in correctly classifying suspicious breast lesions and obviate unnecessary invasive
breast procedures.
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Table 4  Summary of developed radiomics models with corresponding accuracy metrics
Images

Sensitivity

ADCr

90.7
(83.8–93.8)
DCE
77.5
(67.8–85.0)
PET
79.4
(73.3–89.1)
T2-w
67.7
(57.3–76.3)
ADCr DCE
88.9
(81.4–94.4)
ADCr DCE PET
94.9
(88.8–98.4)
ADCmean MTT SUVmax
94.5
(87.5–97.8)
ADCr DCE PET + ADCmean
95.3
MTT SUVmax
(88.8–98.4)

Specificity

Positive likelihood ratio

Negative likeli- Accuracy
hood ratio

AUROC

87.4
(79.4–93.1)
89.5
(81.7–94.6)
83.9
(74.9–90.1)
77.2
(68.4–85.3)
83.1
(74.9–90.1)
83.2
(74.9–90.1)
91.8
(85.3–96.6)
94.3
(87.6–97.8)

7.20
(4.29–11.92)
7.38
(4.33–14.33)
4.93
(3.18–8.01)
2.97
(2.03–4.39)
5.26
(3.45–8.30)
5.65
(3.69–8.82)
11.52
(6.22–23.61)
16.72
(7.43–35.16)

0.11
(0.05–0.19)
0.25
(0.18–0.36)
0.25
(0.17–0.36)
0.42
(0.31–0.57)
0.13
(0.07–0.23)
0.06
(0.03–0.14)
0.06
(0.02–0.13)
0.05
(0.02–0.12)

0.937
(0.901–0.973)
0.889
(0.841–0.937)
0.898
(0.844–0.941)
0.793
(0.732–0.855)
0.934
(0.901–0.968)
0.969
(0.947–0.990)
0.981
(0.966–0.996)
0.983
(0.962–1.000)

89.0
(84.1–93.1)
83.5
(77.5–88.2)
81.7
(77.0–87.8)
72.4
(65.9–78.6)
86.0
(80.8–90.7)
89.0
(84.1–93.1)
93.2
(88.8–96.2)
94.8
(90.5–97.3)

Note: AUROC, area under the receiver operating characteristic curve; ADCr, radiomics features extracted from ADC maps; ADCmean, apparent diffusion coefficient of breast lesion; DCE, radiomics features extracted from dynamic contrast-enhanced images; PET, radiomics features
extracted from positron emission tomography images; T2-w, radiomics features extracted from T2-weighted images; MTT, mean transit time;
SUV, standard uptake value. Data in brackets refer to 95% confidence intervals

Table 5  Results of McNemar’s test for the comparison of area under the curve (AUC) values of the developed radiomics models
Radiomics model

DCE
PET
T2-w
ADCr/DCE
ADCr/DCE/PET
ADCmean/MTT/SUVmax
ADCr DCE PET + ADCmean
MTT SUVmax

ADC

0.178
0.068
< 0.001
0.480
1.000
0.243
0.082

DCE

0.720
0.020
0.609
0.178
0.009
0.002

PET

0.062
0.321
0.068
0.002
< 0.001

T2

0.003
< 0.001
< 0.001
< 0.001

ADCr/DCE

ADCr/DCE/PET

0.480
0.045
0.010

0.243
0.082

ADCmean/
MTT/SUVmax

0.689

Note: DCE, dynamic contrast enhanced; ADC, apparent diffusion coefficient; PET, positron emission tomography; ADCr, radiomics features
extracted from ADC maps; MTT, mean transit time; SUV, standardized uptake value

While DCE-MRI is undisputedly the most sensitive test
for breast cancer detection, with a pooled sensitivity of 99%
[34], there is still room for improvement in its diagnostic
accuracy due to factors including overlap in imaging features
between benign and malignant breast tumors, interpretationinfluencing physiological factors such as background parenchymal enhancement, and last but not least human detection
or interpretation error [35].
To compensate for these limitations, additional functional and metabolic imaging techniques such as DWI,
perfusion imaging, and PET have been developed that provide insights into tumor biology and thus improve diagnostic accuracy. Several studies have shown the incremental
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diagnostic value of these individual parameters [36, 37];
particularly, their combined application as multiparametric
MRI or PET/MRI has been shown to improve diagnostic
accuracy for breast cancer detection and characterization
[11, 38].
Our findings also indicate that different functional and
metabolic imaging techniques enable the non-invasive
simultaneous depiction of oncogenic processes such as
induction of neoangiogenesis, metabolic reprogramming,
and sustained proliferation. In our study, the clinical interpretation of 18F-FDG PET/MRI showed good diagnostic
accuracy with an AUC of 0.868 for breast cancer diagnosis,
in line with previous studies [11, 38, 39].
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To fully leverage the wealth of information provided by
simultaneous multiparametric 18F-FDG PET/MRI, we aimed
to develop and validate a diagnostic AI model using quantitative perfusion, diffusion, and metabolic data as well as
radiomics features to non-invasively differentiate benign
from malignant breast lesions.
The AI model with the best diagnostic accuracy was
based both on radiomics features extracted from ADC and
PET images as well as the quantitative parameters DCE
(MTT) and DWI (ADCmean) of breast lesions, achieving
an accuracy, sensitivity, and specificity of 94.8%, 95.3, and
94.3%, respectively. This indicates that in order to enable the
most accurate breast cancer detection information on tumor
cellularity, metabolism and permeability are desirable.
It is worth noting that the model based on quantitative
parameters only (i.e., ADC, MTT, and SUVmax) also
showed a good performance (accuracy of 93.2%).
Although the multiparametric 18F-FDG PET/MRI AIbased radiomics model performed best, its performance was
not statistically different from the clinical interpretation by
expert readers. It has to be noted, however, that while clinical interpretation achieved similar sensitivities (95.3% vs
100%), the multiparametric 18F-FDG PET/MRI AI-based
radiomics model achieved a higher specificity (94.3% vs
73.7%), highlighting the potential of such a model to reduce
false-positive findings and obviate unnecessary breast biopsies in benign breast tumors [36].
Several studies have been published on the use of AI
applied to MRI for breast cancer diagnosis, mainly aiming
at increasing its relatively low specificity compared to its
high sensitivity, with accuracy values ranging from 72.8
to 92.0% [40–44]. Similar to our work, Zhang et al. also
explored the possibility to improve the accuracy of the ML
classifier combining radiomics features extracted from both
morphological and functional DCE and diffusion kurtosis
(DK) images of 207 histologically proven breast lesions.
They found that the model based on radiomics features from
T2-weighted, DKI, and quantitative DCE pharmacokinetic
parameter maps had the best discriminatory ability for
benign and malignant breast lesions (AUC of 0.921) [40]. In
another study, radiomics coupled with ML analysis applied
to DCE-MRI, including both radiomics features and clinical
data, also proved to be accurate in the characterization of
subcentimeter breast lesions in 96 high-risk BRCA mutation carriers, with a diagnostic accuracy of 81.5%, which
was significantly higher than qualitative morphological
assessment with BI-RADS classification (AUC of 53.4%)
[44]. The usefulness of a multiparametric MRI approach
was explored in a recent study by Tsarouchi et al. [45]. DCE
and DW images of 85 breast lesions were analyzed for the
extraction of first-order and texture features for the assessment of image heterogeneity and breast cancer diagnosis.
Random forest resulted in the best performing algorithm

605

(accuracy of 91.67%), combining both DCE-MRI and DWI
parameters in a multiparametric assessment [45].
Regarding PET imaging, the role of this functional technique has been explored in breast cancer mainly for prognostic/therapeutic purposes, particularly in the early prediction
of the response to neoadjuvant chemotherapy [46–48]. In a
recently published study, the usefulness of radiomics and
ML applied to PET/CT to differentiate breast carcinoma
from lymphoma was investigated in a small number of
lesions (19 breast lymphoma and 25 breast cancer lesions)
[49]. Different predictive models were built using combinations of clinical data, quantitative parameters (SUV), radiomics features (first- and second-order parameters extracted
from both PET and CT images), and CT images. Models
based on clinical data, SUV, and PET radiomics features
as well as on clinical data and CT radiomics features were
those that were most accurate (AUC of 0.806 and 0.759 in
the validation cohort, respectively) [49]. In an experimental study by Vogl et al. conducted on 34 breast lesions, a
computer-aided segmentation and diagnosis (CAD) system
was developed for automated lesion segmentation and classification (benign vs malignant) using separately acquired
MRI and 18F-FDG PET/CT images [50]. The CAD system
achieved a Dice similarity coefficient of 0.665 for lesion
segmentation and AUC of 0.978 for breast cancer diagnosis.
While PET and DWI features improved DCE-MRI segmentation performance, such an improvement was not observed
for lesion characterization [50].
Limitations of our study have to be acknowledged. Firstly,
our study is limited by the small sample size and the unbalanced distribution of benign and malignant breast lesions,
with relevant implications for specificity. To overcome the
limitation of the relatively small sample size, especially in
regard to benign lesions, we opted to perform internal fivefold cross-validation which has been proven to be robust
in such cases [51]. The unbalanced distribution of benign
and malignant lesions is related to the fact that this study is
conducted at a single tertiary care cancer center and to the
inclusion criterion of only patients with BI-RADS 0, 4/5
lesions which provides the clinical indication for performing
a breast 18F-FDG PET/MRI. We addressed this limitation by
using a well-established adaptive synthetic sampling to balance the two classes. Another limitation is the lack of external validation of the proposed AI model, which may limit its
generalizability. To date, there is only a limited number of
centers worldwide that have clinical simultaneous PET/MRI
scanners for breast imaging. Collaboration with a different
institution to validate our models is in development. Furthermore, two dynamic sequences were acquired before and after
an update to the clinical MRI protocol. However, acquisition
parameters were similar before and after the update, and
AI techniques are meant to be applied to images acquired
with different acquisition protocols; indeed, this issue did

13

0123456789)

606

European Journal of Nuclear Medicine and Molecular Imaging (2022) 49:596–608

not affect the level of accuracy of the ML classifier. Finally,
several cases had to be excluded from the analysis as at least
one among DCE-MRI, DWI, or PET images was not suitable
for the extraction of quantitative parameters or for radiomics
analysis, in order not to impair the reliability of our data.
Despite this stringent exclusion criterion, and also considering the limited access to such an advanced imaging technique, an adequate number of breast lesions was included in
the final study sample which allowed the achievement of a
good performance in the AI discrimination task.
In conclusion, a simultaneous multiparametric 18F-FDG
PET/MRI AI-based radiomics model was shown to accurately discriminate between benign and malignant breast
lesions. Our initial data indicate that AI-enhanced functional
and metabolic breast imaging has the potential to assist
human readers in correctly classifying suspicious breast
lesions and therefore obviate unnecessary invasive breast
procedures. Larger multi-center studies are being planned to
validate the multiparametric 18F-FDG PET/MRI AI-based
radiomics model.
Supplementary Information The online version contains supplementary material available at https://d oi.org/10.1 007/s00259-021-05492-z.
Acknowledgements The authors thank Joanne Chin, MFA, ELS, for
her help in editing this manuscript.
Funding Open access funding provided by Medical University of
Vienna. This study received funding from the H2020—Research and
Innovation Framework Programme PHC-11–2015 # 667211–2, Jubiläumsfonds of the Austrian National Bank # Nr: 18207 and Nr. 17186,
and the NIH/NCI Cancer Center Support Grant (P30 CA008748), the
Breast Cancer Research Foundation and Susan G. Komen.
Data availability The datasets generated during and/or analyzed during the current study are available from the corresponding author on
reasonable request.
Code availability Not applicable.

Declarations
Ethics approval The study was approved by the institutional review
board of the Medical University of Vienna and performed in accordance with the ethical standards as laid down in the 1964 Declaration
of Helsinki and its later amendments as well as comparable ethical
standards.
Consent to participate Informed consent was obtained from all participants in the study.
Consent for publication The authors affirm that human research participants provided informed consent for the publication of the images
in Figs. 2 and 3.
Conflict of interest Katja Pinker received payment for activities not
related to the present article including lectures and service on speakers
bureaus and for travel/accommodations/meeting expenses unrelated to

13

activities listed from the European Society of Breast Imaging (MRI
educational course, annual scientific meeting), the IDKD 2019 (educational course), and Siemens Healthineers.
T. Helbich received payment for activities not related to the present article including lectures and service on speakers bureaus and for travel/
accommodations/meeting expenses unrelated to activities listed from
the European Society of Breast Imaging; the IDKD 2019 (educational
course); and Siemens Healthineers, Guerbet, and Novomed.
Pascal Baltzer received payment for activities not related to the present article including lectures and service on speakers bureaus and for
travel/accommodations/meeting expenses from the European Society
of Breast Imaging (MRI educational course, annual scientific meeting)
and Siemens Healthineers.
Paola Clauser received payment for activities not related to the present article including lectures and service on speakers bureaus and for
travel/accommodations/meeting expenses from the European Society
of Breast Imaging (MRI educational course, annual scientific meeting)
and Siemens Healthineers.
Valeria Romeo was supported by the Bracco Fellowship, an initiative
of the European School of Radiology (ESOR) in partnership with the
European Society of Radiology (ESR).
The other authors declare no competing interests.
Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References
1. Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, Jemal
A. Global cancer statistics 2018: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries.
CA Cancer J Clin. 2018;68:394–424. https://d oi.o rg/1 0.3 322/c aac.
21492.
2. Weiss A, Chavez-MacGregor M, Lichtensztajn DY, Yi M, Tadros
A, Hortobagyi GN, et al. Validation study of the American joint
committee on cancer eighth edition prognostic stage compared
with the anatomic stage in breast cancer. JAMA Oncol. 2018.
https://doi.org/10.1001/jamaoncol.2017.4298.
3. Bartella L, Smith CS, Dershaw DD, Liberman L. Imaging breast
cancer. Radiol Clin North Am. 2007. https://d oi.o rg/1 0.1 016/j.r cl.
2006.10.007.
4. Baltzer PAT, Sardanelli F. The Mantra about low specificity of
breast MRI. In: Sardanelli F, Podo F, editors. Breast MRI for
high-risk screening. 2020. pp. 11–21. https://doi.org/10.1007/
978-3-030-41207-4_2.
5. Hanahan D, Weinberg RA. Hallmarks of cancer: the next generation. Cell. 2011. https://doi.org/10.1016/j.cell.2011.02.013.
6. Histed SN, Lindenberg ML, Mena E, Turkbey B, Choyke PL,
Kurdziel KA. Review of functional/anatomical imaging in oncology. Nucl Med Commun. 2012. https://doi.org/10.1097/MNM.
0b013e32834ec8a5.

European Journal of Nuclear Medicine and Molecular Imaging (2022) 49:596–608
7. Miles KA, Voo SA, Groves AM. Additional clinical value for
PET/MRI in oncology: moving beyond simple diagnosis. J Nucl
Med. 2018. https://doi.org/10.2967/jnumed.117.203612.
8. Sotoudeh H, Sharma A, Fowler KJ, McConathy J, Dehdashti
F. Clinical application of PET/MRI in oncology. J Magn Reson
Imaging. 2016. https://doi.org/10.1002/jmri.25161.
9. Plecha DM, Faulhaber P. PET/MRI of the breast. Eur J Radiol.
2017. https://doi.org/10.1016/j.ejrad.2017.05.006.
10. Pujara AC, Kim E, Axelrod D, Melsaether AN. PET/MRI in breast
cancer. J Magn Reson Imaging. 2019. https://doi.org/10.1002/
jmri.26298.
11. Pinker K, Bogner W, Baltzer P, Karanikas G, Magometschnigg
H, Brader P, et al. Improved differentiation of benign and malignant breast tumors with multiparametric 18fluorodeoxyglucose
positron emission tomography magnetic resonance imaging: a
feasibility study. Clin Cancer Res. 2014. https://doi.org/10.1158/
1078-0432.CCR-13-2810.
12. Liu Z, Li Z, Qu J, Zhang R, Zhou X, Li L, et al. Radiomics of
multiparametric MRI for pretreatment prediction of pathologic
complete response to neoadjuvant chemotherapy in breast cancer: a multicenter study. Clin Cancer Res. 2019. https://doi.org/
10.1158/1078-0432.CCR-18-3190.
13. Hosny A, Parmar C, Quackenbush J, Schwartz LH, Aerts HJWL.
Artificial intelligence in radiology. Nat Rev Cancer. 2018.
https://doi.org/10.1038/s41568-018-0016-5.
14. Shimizu H, Nakayama KI. Artificial intelligence in oncology.
Cancer Sci. 2020. https://doi.org/10.1111/cas.14377.
15. Lambin P, Leijenaar RTH, Deist TM, Peerlings J, de Jong EEC,
van Timmeren J, et al. Radiomics: the bridge between medical
imaging and personalized medicine. Nat Rev Clin Oncol. 2017.
https://doi.org/10.1038/nrclinonc.2017.141.
16. Delso G, Fürst S, Jakoby B, Ladebeck R, Ganter C, Nekolla
SG, et al. Performance measurements of the Siemens mMR
integrated whole-body PET/MR scanner. J Nucl Med. 2011.
https://doi.org/10.2967/jnumed.111.092726.
17. Rausch I, Rust P, Di Franco MD, Lassen M, Stadlbauer A,
Mayerhoefer ME, et al. Reproducibility of MRI Dixon-based
attenuation correction in combined PET/MR with applications
for lean body mass estimation. J Nucl Med. 2016. https://doi.
org/10.2967/jnumed.115.168294.
18 Martinez-Moller A, Souvatzoglou M, Delso G, Bundschuh RA,
Chefd’Hotel C, Ziegler SI, et al. Tissue classification as a potential approach for attenuation correction in whole-body PET/
MRI: evaluation with PET/CT data. J Nucl Med. 2009. https://
doi.org/10.2967/jnumed.108.054726.
19. Zöllner FG, Weisser G, Reich M, Kaiser S, Schoenberg SO,
Sourbron SP, et al. UMMPerfusion: an open source software
tool towards quantitative MRI perfusion analysis in clinical routine. J Digit Imaging. 2013. https://d oi.o rg/1 0.1 007/
s10278-012-9510-6.
20. Romeo V, Cavaliere C, Imbriaco M, Verde F, Petretta M, Franzese
M, et al. Tumor segmentation analysis at different post-contrast
time points: a possible source of variability of quantitative DCEMRI parameters in locally advanced breast cancer. Eur J Radiol.
2020. https://doi.org/10.1016/j.ejrad.2020.108907.
21. Baltzer P, Mann RM, Iima M, Sigmund EE, Clauser P, Gilbert
FJ, et al. Diffusion-weighted imaging of the breast—a consensus
and mission statement from the EUSOBI International Breast
Diffusion-Weighted Imaging working group. Eur Radiol. 2020.
https://doi.org/10.1007/s00330-019-06510-3.
22. Yushkevich PA, Yang G, Gerig G. ITK-SNAP: an interactive tool
for semi-automatic segmentation of multi-modality biomedical
images. Annu Int Conf IEEE Eng Med Biol Soc. 2016. https://
doi.org/10.1109/EMBC.2016.7591443.

607

23. He H, Bai Y, Garcia EA, Li S. ADASYN: Adaptive synthetic sampling approach for imbalanced learning. Proc Int Jt Conf Neural
Networks. 2008. https://doi.org/10.1109/IJCNN.2008.4633969.
24. Apte AP, Iyer A, Crispin-Ortuzar M, Pandya R, van Dijk LV,
Spezi E, et al. Technical Note: Extension of CERR for computational radiomics: a comprehensive MATLAB platform for reproducible radiomics research. Med Phys. 2018. https://doi.org/10.
1002/mp.13046.
25 Zwanenburg A, Vallières M, Abdalah MA, Aerts HJWL,
Andrearczyk V, Apte A, et al. The image biomarker standardization initiative: standardized quantitative radiomics for highthroughput image-based phenotyping. Radiology. 2020;295:328–
38. https://doi.org/10.1148/radiol.2020191145.
26 Tibshirani R. Regression shrinkage and selection via the lasso: a
retrospective. J R Stat Soc Ser B Stat Methodol. 2011. https://doi.
org/10.1111/j.1467-9868.2011.00771.x.
27 McNeish DM. Using LASSO for predictor selection and to
assuage overfitting: a method long overlooked in behavioral sciences. Multivariate Behav Res. 2015. https://doi.org/10.1080/
00273171.2015.1036965.
28. Meyer-Base A, Morra L, Tahmassebi A, Lobbes M, Meyer-Base
U, Pinker K. AI-enhanced diagnosis of challenging lesions in
breast MRI: a methodology and application primer. J Magn Reson
Imaging. 2020. https://doi.org/10.1002/jmri.27332.
29. Burges CJC. A tutorial on support vector machines for pattern
recognition. Data Min Knowl Discov. 1998. https://doi.org/10.
1023/A:1009715923555.
30. Pal M, Mather PM. Support vector machines for classification in
remote sensing. Int J Remote Sens. 2005. https://doi.org/10.1080/
01431160512331314083.
31. D’Orsi CJ, Sickles EA, Mendelson EB, ME. ACR BI-RADS atlas,
breast imaging reporting and data system. Reston: American College of Radiology; 2013.
32. Magometschnigg HF, Baltzer PA, Fueger B, Helbich TH, Karanikas G, Dubsky P, et al. Diagnostic accuracy of 18F-FDG PET/
CT compared with that of contrast-enhanced MRI of the breast at
3 T. Eur J Nucl Med Mol Imaging. 2015. https://doi.org/10.1007/
s00259-015-3099-1.
33. Koo TK, Li MY. A guideline of selecting and reporting intraclass
correlation coefficients for reliability research. J Chiropr Med.
2016. https://doi.org/10.1016/j.jcm.2016.02.012.
34. Bennani-Baiti B, Bennani-Baiti N, Baltzer PA. Diagnostic performance of breast magnetic resonance imaging in non-calcified
equivocal breast findings: results from a systematic review and
meta-analysis. PLoS ONE. 2016. https://doi.org/10.1371/journal.
pone.0160346.
35. Reig B, Heacock L, Geras KJ, Moy L. Machine learning in breast
MRI. J Magn Reson Imaging. 2020. https://doi.org/10.1002/jmri.
26852.
36. Zhang L, Tang M, Min Z, Lu J, Lei X, Zhang X. Accuracy of
combined dynamic contrast-enhanced magnetic resonance imaging and diffusion-weighted imaging for breast cancer detection: a
meta-analysis. Acta Radiol. 2016. https://doi.org/10.1177/02841
85115597265.
37. El Khouli RH, Macura KJ, Kamel IR, Jacobs MA, Bluemke DA.
3-T dynamic contrast-enhanced MRI of the breast: pharmacokinetic parameters versus conventional kinetic curve analysis. Am
J Roentgenol. 2011. https://doi.org/10.2214/AJR.10.4665.
38. Bitencourt AGV, Lima ENP, Chojniak R, Marques EF, Souza JA,
Andrade WP, et al. Multiparametric evaluation of breast lesions
using PET-MRI: initial results and future perspectives. Medicine
(United States). 2014. https://doi.org/10.1097/MD.0000000000
000115.
39. Leithner D, Horvat JV, Bernard-Davila B, Helbich TH, OchoaAlbiztegui RE, Martinez DF, et al. A multiparametric [18F]FDG
PET/MRI diagnostic model including imaging biomarkers of the

13

0123456789)

608

40.

41.

42.

43.

44.

45.

46.

European Journal of Nuclear Medicine and Molecular Imaging (2022) 49:596–608
tumor and contralateral healthy breast tissue aids breast cancer
diagnosis. Eur J Nucl Med Mol Imaging. 2019. https://doi.org/
10.1007/s00259-019-04331-6.
Zhang Q, Peng Y, Liu W, Bai J, Zheng J, Yang X, et al. Radiomics based on multimodal MRI for the differential diagnosis
of benign and malignant breast lesions. J Magn Reson Imaging.
2020. https://doi.org/10.1002/jmri.27098.
Zhou J, Zhang Y, Chang KT, Lee KE, Wang O, Li J, et al. Diagnosis of benign and malignant breast lesions on DCE-MRI by using
radiomics and deep learning with consideration of peritumor tissue. J Magn Reson Imaging. 2020. https://doi.org/10.1002/jmri.
26981.
Bickelhaupt S, Paech D, Kickingereder P, Steudle F, Lederer W,
Daniel H, et al. Prediction of malignancy by a radiomic signature
from contrast agent-free diffusion MRI in suspicious breast lesions
found on screening mammography. J Magn Reson Imaging. 2017.
https://doi.org/10.1002/jmri.25606.
Ji Y, Li H, Edwards AV, Papaioannou J, Ma W, Liu P, et al.
Independent validation of machine learning in diagnosing
breast cancer on magnetic resonance imaging within a single
institution. Cancer Imaging. 2019. https://d oi.o rg/1 0.1 186/
s40644-019-0252-2.
Lo Gullo R, Daimiel I, Rossi Saccarelli C, Bitencourt A, Gibbs
P, Fox MJ, et al. Improved characterization of sub-centimeter
enhancing breast masses on MRI with radiomics and machine
learning in BRCA mutation carriers. Eur Radiol. 2020. https://
doi.org/10.1007/s00330-020-06991-7.
Tsarouchi MI, Vlachopoulos GF, Karahaliou AN, Vassiou KG,
Costaridou LI. Multi-parametric MRI lesion heterogeneity biomarkers for breast cancer diagnosis. Phys Medica. 2020. https://
doi.org/10.1016/j.ejmp.2020.10.007.
Sollini M, Cozzi L, Ninatti G, Antunovic L, Cavinato L, Chiti A,
et al. PET/CT radiomics in breast cancer: mind the step. Methods.
2020. https://doi.org/10.1016/j.ymeth.2020.01.007.

13

47. Antunovic L, De Sanctis R, Cozzi L, Kirienko M, Sagona A, Torrisi R, et al. PET/CT radiomics in breast cancer: promising tool
for prediction of pathological response to neoadjuvant chemotherapy. Eur J Nucl Med Mol Imaging. 2019. https://doi.org/10.
1007/s00259-019-04313-8.
48. Ha S, Park S, Bang JI, Kim EK, Lee HY. Metabolic radiomics for
pretreatment 18F-FDG PET/CT to characterize locally advanced
breast cancer: histopathologic characteristics, response to neoadjuvant chemotherapy, and prognosis. Sci Rep. 2017. https://doi.
org/10.1038/s41598-017-01524-7.
49. Ou X, Zhang J, Wang J, Pang F, Wang Y, Wei X, et al. Radiomics
based on 18F-FDG PET/CT could differentiate breast carcinoma
from breast lymphoma using machine-learning approach: a preliminary study. Cancer Med. 2020. https://doi.org/10.1002/cam4.
2711.
50. Vogl WD, Pinker K, Helbich TH, Bickel H, Grabner G, Bogner W, et al. Automatic segmentation and classification of breast
lesions through identification of informative multiparametric PET/
MRI features. Eur Radiol Exp. 2019. https://doi.org/10.1186/
s41747-019-0096-3.
51. Kohavi R. A study of cross-validation and bootstrap for accuracy
estimation and model selection. In: IJCAI’95: Proceedings of the
14th international joint conference on Artificial Intelligence - Volume 2 - Morgan Kaufmann Publishers Inc. pp. 1137–43.
Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

