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The area of cancer research is nowadays rapidly evolving
with basic research deepening on the understanding of
molecular mechanisms underlying carcinogenesis and
cancer cells spreading. A body of evidence showed that
human cancers frequently display intratumor phenotypic
heterogeneity whose nature can have profound implications
for both tumor development and therapeutic outcomes.
Genotypic and phenotypic proﬁles have shown increasing
diagnostic and prognostic accuracy of ex vivo biopsy studies
in several cancer diseases.
Recently, in vivo molecular imaging techniques, such as
computerized tomography (CT), magnetic resonance imaging (MRI), functional diﬀusion-weighted imaging (DWI)
MR, and positron emission tomography (PET), are showing
intriguing results in characterizing lesions and predicting
prognosis and therapy response in many cancer diseases, in
particular when quantitative indexes of tumor are used, such
as tumor functional volume, apparent diﬀusion coeﬃcient,
standardized uptake value, or other derived indexes.
However, limited and contradictory results have been reported, and many authors argued that such macroscopic
features are not able to properly reﬂect the intratumor
heterogeneity responsible for the diﬀerent progression or
therapy response. Radiomics refers to mathematical
methods used to extract a high number of descriptors from
in vivo medical images of cancer. The basis hypothesis is that
such descriptors are able to capture the heterogeneity of cells
underlying the cancer genotype and phenotype.
We have invited authors to contribute with original
research articles that could illustrate and stimulate the increasing eﬀort to understand the heterogeneity of cancer

phenotypes and to exploit the use of radiomics in targeted
molecular imaging studies for the identiﬁcation of
diagnostic/predictive biomarkers of cancer.
In two of the ﬁve published papers, the authors focused
on key issues at the basis of radiomic methodology, such as
the need to extract and select radiomic features that are
stable with respect to the whole-image processing procedures prior to their use as candidate biomarkers of diseases. Indeed, diﬀerent experimental conditions, typically
present in multicentre studies, e.g., diﬀerent acquisition,
reconstruction, and segmentation methods of lesion volume,
can cause variations in radiomic features that must not be
interpreted of biological signiﬁcance. Consistently with
these ﬁndings, both papers have conﬁrmed the variability of
radiomic descriptors, for MRI in the choice of the pulse
sequence and for PET in the choice of the segmentation
method.
It is worth noting that the two papers validated such
variability on two innovative anthropomorphic phantoms.
The use of phantoms has the principal advantage of the
existence of a known ground truth for the assessment of
radiomic features. More speciﬁcally, a 3D realistic digital
MRI phantom of the brain was realized in the ﬁrst paper
with a simulation package tailored for fast generation of MRI
with diﬀerent sequences. Images with T1 and T2 weightings
commonly used for 3T clinical brain MRI were provided. In
the second paper, anthropomorphic lesions were realized
with a current-generation 3D printer once extracted from
PET images of real oncological lesions and ad hoc preprocessed to be compliant with the printer. The lesions were
inserted in an anthropomorphic thorax phantom, thus
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mimicking real clinical situations typically presenting cancer
primitive lesions with irregular shape and nonuniform radiotracer uptake.
The other three papers presented radiomic studies in real
clinical settings, in head and neck cancer and in breast
cancer. As general observation, a reduced feature set of no
more than twenty-ﬁve radiomic traits was selected in all the
studies, and this was a correct choice considering the limited
number of clinical samples. However, each individual feature could only explain a small amount of variation in the
outcomes. In the head and neck study, radiomic proﬁling
was found to be a predictor of treatment failure in patients
treated with concurrent chemoradiation therapy, with
performance superior to the clinical assessment. In the
breast cancer study, MRI radiomic descriptors including
dynamic parameters were found to be predictive of nonresponse to neoadjuvant chemotherapy and able to diﬀerentiate between subtypes in women aﬀected by locally
advanced or invasive breast cancer.
These results, although obtained in retrospective singlecentre studies, are consistent with previous ﬁndings and
conﬁrm the expected potential of radiomics in impacting
patients for their personalized therapeutic decision.
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Background and Purpose. The accurate prediction of prognosis and pattern of failure is crucial for optimizing treatment strategies for
patients with cancer, and early evidence suggests that image texture analysis has great potential in predicting outcome both in terms
of local control and treatment toxicity. The aim of this study was to assess the value of pretreatment 18F-FDG PET texture analysis for
the prediction of treatment failure in primary head and neck squamous cell carcinoma (HNSCC) treated with concurrent chemoradiation therapy. Methods. We performed a retrospective analysis of 90 patients diagnosed with primary HNSCC treated
between January 2010 and June 2017 with concurrent chemo-radiotherapy. All patients underwent 18F-FDG PET/CT before
treatment. 18F-FDG PET/CT texture features of the whole primary tumor were measured using an open-source texture analysis
package. Least absolute shrinkage and selection operator (LASSO) was employed to select the features that are associated the most
with clinical outcome, as progression-free survival and overall survival. We performed a univariate and multivariate analysis between
all the relevant texture parameters and local failure, adjusting for age, sex, smoking, primary tumor site, and primary tumor stage.
Harrell c-index was employed to score the predictive power of the multivariate cox regression models. Results. Twenty patients
(22.2%) developed local failure, whereas the remaining 70 (77.8%) achieved durable local control. Multivariate analysis revealed that
one feature, deﬁned as low-intensity long-run emphasis (LILRE), was a signiﬁcant predictor of outcome regardless of clinical
variables (hazard ratio < 0.001, P � 0.001).The multivariate model based on imaging biomarkers resulted superior in predicting local
failure with a c-index of 0.76 against 0.65 of the model based on clinical variables alone. Conclusion. LILRE, evaluated on pretreatment
18
F-FDG PET/CT, is associated with higher local failure in patients with HNSCC treated with chemoradiotherapy. Using texture
analysis in addition to clinical variables may be useful in predicting local control.

1. Introduction
Concurrent chemoradiotherapy (CRT) is the mainstay of
treatment for early and locally advanced head and neck
squamous cell carcinoma (HNSCC) [1, 2]. The accurate
prediction of prognosis and failure in these patients is crucial
for optimizing treatment. Some clinical features are commonly accepted as risk factors, such as tumor size, local
anatomic invasion, nodal involvement, presence of distant
metastases, and HPV status [3–5].

Nowadays, imaging plays a central role in the investigation of tumor prognosis. Radiological images are
acquired as routine practice for almost every patient with
HNSCC and represent an immense source of potential data
for decoding tumor phenotypes and tumor heterogeneity
[6–10]. Image texture is deﬁned as a complex visual pattern
within an image, consisting of simpler subpatterns with
characteristic features, and texture analysis allows the
mathematic detection of tumor heterogeneity. In the past
years, CT texture analysis has been investigated in oncologic
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imaging for its ability to predict treatment outcome in
patients with various tumors (lung, esophageal, and renal
cancer) [11–13]. New and more descriptive metrics of tumor
heterogeneity based on texture analysis (TA) of 18F-FDG
PET images are now used to further improve outcome
prediction [14–17] in diﬀerent types of cancer [18, 19],
including HNSCC.
Despite the promising results achieved in preliminary
studies, TA still suﬀers from standardization issues, and the
scientiﬁc community agreement is missing [20, 21]. The
absolute values of the TA features used for stratifying patients depend on a number of variables, starting from image
acquisition parameters to the contouring algorithm
employed for tumor segmentation. Previous studies on
phantoms and patients exploited these dependencies trying
to ﬁnd a common way to apply TA and standardize results
[20, 22–25]. In the present study, we retrospectively apply
TA to 18F-FDG PET/CT images of 90 patients aﬀected by
HNSCC and treated with CRT in order to identify imaging
biomarkers able to predict patients’ outcomes such as overall
survival (OS) and progression-free survival (PFS). We
compared TA features prognostic values with standard
clinical variables such as age, sex, size and site of primary
tumors, clinical stage, and nodal involvement.

2. Materials and Methods
2.1. Patients. We enrolled 129 patients (median age 60 years,
range 22–87 years) with diagnosis of HNSCC consecutively
treated between January 2010 and June 2017 with concurrent
CRT with curative intent at the Radiation Oncology Unit of
our institution. The ethics committee of our hospital approved this retrospective study, and informed consent was
obtained from all participants. All patients underwent 18FFDG PET/CT before treatment for initial staging and were
followed up for at least 5 years after treatment or until death.
Patients’ medical records were retrospectively analyzed to
extract information for outcome assessment such as details
about therapy, last follow up date, disease status, pattern of
recurrence, death and cause of death. Patients’ demographics and clinical characteristics, including age, sex,
site of primary tumor, clinical stage, and type of treatment
and are summarized in Table 1. Tumor sites were oral cavity,
larynx, oropharynx, and hypopharynx in 5%, 20%, 60%, and
15% of patients, respectively.
2.2. Treatment Regimens and Follow-Up. All patients were
uniformly treated with intensity-modulated radiation
therapy (IMRT) and concurrent platinum-based chemotherapy. Weekly cisplatin was the primary choice of chemotherapeutic agent. Forty-three patients received
neoadjuvant chemotherapy before CRT. The decision regarding the use of adjuvant chemotherapy was individualized, based on the extent of disease, medical
conditions of the patient, and the radiation oncologist
opinion. Most of the patients were treated with a simultaneous integrated boost (SIB) technique, with a total dose
on gross tumor volume up to 66 Gy or equivalent in
30–33 fractions (mainly 66 Gy/2.2 Gy per fraction); the
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Table 1: Patients’ clinical and demographic data.

N
Mean age (range)
≥60 years
<60 years
Gender
Male
Female
Primary site
Oral cavity
Oropharynx
Hypopharynx
Nasopharynx
Larynx
Clinical T stage
T1
T2
T3
T4
Clinical N stage
N0
N1
N2
N3
Clinical stage
III
IV
Patient cohort after follow-up (PFS)
NED
RD
Patient cohort after follow-up (OS)
Alive
Dead

Number of
patients (%)
90
60 (22–87)
52 (58%)
38 (42%)
68 (75%)
22 (15%)
4 (4%)
49 (55%)
10 (10%)
13 (15%)
14 (16%)
15 (17%)
30 (35%)
29 (33%)
13 (15%)
5
21
59
5

(5%)
(24%)
(66%)
(5%)

32 (35%)
58 (65%)
62 (69%)
28 (31%)
65 (72%)
25 (28%)

high-intermediate risk cervical lymphatic areas received
54–60 Gy or equivalent. Patients were followed after the
conclusion of treatment to evaluate local control. All patients
were followed clinically for at least 5 years after completion
of CRT, every 1–3 months for the ﬁrst two years, every 4–6
months for the next three years, and annually thereafter.
The follow-up evaluation included physical and endoscopic examinations jointly performed by radiation oncologist and otorhinolaryngologist. In addition, CT, MRI, and
18
F-FDG PET/CT imaging were used to assess the clinical
response and were usually performed within 6 months from
the end of the treatment. Recurrence or distant metastasis
were diagnosed based on either a positive biopsy or
clinical/radiographic evidence of progression. The follow-up
period was designated as the total time of follow-up, starting
at treatment initiation and ending either at histologically
conﬁrmed local failure, or at radiologically systemic recurrence, or at last failure-free patient contact.
2.3. 18F-FDG PET/CT Imaging Protocol. Patients underwent
imaging on a GE Discovery STE16 PET/CT scanner before
treatment using a standard PET/CT clinical protocol. Patients fasted for at least 6 h before the intravenous
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administration of 18F-FDG (3.7 MBq/kg). Serum glucose
concentrations were measured before FDG injection and
were less than 150 mg/dl, or if between 150 and 200 mg/dl,
the patient was hydrated and glucose concentration measured after 40–50 min. The scans were acquired with the
patients immobilized in radiation treatment position using
a dedicated ﬂat table and personalized thermoplastic masks.
PET images were corrected for random and scatter noise
components and then reconstructed on a 256 × 256 image
matrix using 3-D VUE Point HD algorithm (two iterations,
28 subsets, postﬁlter 6 mm) corrected for attenuation. Pixel
spacing was of 2.73 × 2.73 mm with 3.27 mm slice thickness.
The qualitative and quantitative PET imaging evaluations were performed for each patient by two-blinded expert
nuclear medicine physicians using the PET/CT fused images
in transverse, coronal, and sagittal planes. A consensus was
then reached by comparison of the two evaluations. The
presence of abnormal FDG uptake, excluding the areas of
physiologically increased uptake, was considered suspicious
for malignancy. The readers had knowledge of all available
clinical and imaging information related to the patients.
An expert nuclear medicine physician together with
a medical physicist and a radiation oncologist, using a semiautomatic segmentation technique, outlined the primary
tumor. The image segmentation of the whole primary lesion
for each section was performed with a dedicated Advantage
Workstation v 4.4 (GE Medical System, USA), using the 40%
SUVmax isocontour algorithm to avoid operator dependence
in contouring and any other manual adjustments. We assumed 40% threshold to acquire standardization with other
works that perform prediction analysis [15]. Contours were
then checked by visual inspection.
2.4. Texture Analysis. We extracted 75 features from each
segmented tissue volume using an Open-Source Package
“CGITA” version 1.3 [26]. Features were derived from data
contained in the voxels of the segmented structures and can
be grouped into diﬀerent categories. First-order features
were derived from the histogram of voxel intensities
(SUVmean, SUVmax, skewness, kurtosis, etc.). Secondorder textural features were based on matrices that contained information about the regional spatial arrangement of
the voxels such as their homogeneity, contrast, and
coarseness simulating the human perception of the image.
Higher-order features such as Grey-level run length features
focused on local collinear voxels with the same grey level.
The TA features analyzed are reported in Table 1 of
reference [26]. A detailed description of the features is also
reported in the supplemental material of the paper of Aerts
et al. [27]. Images were digitized in 64 digitization bins
according to the minimum and maximum values in the
segmented volume. Tumor volumes smaller than 2.6 ml were
excluded from the statistics due to insuﬃcient number of
voxels to perform texture analysis. This choice was based on
previous evaluation about feature stability on NEMA IEC
quality assurance phantom (2.6 ml corresponds to the volume of the 3rd sphere of the NEMA IEC phantom in the
increasing order) [24, 28].
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2.5. Statistical Analysis. First, associations of demographic
and clinical characteristics of patients, such as sex, age,
clinical stage (III vs IV), and tumor site (oropharynx vs other
sites), with local control, progression-free survival (PFS),
and overall survival (OS) were tested with univariate and
multivariate analysis (Cox proportional hazard model). In
particular, given the high heterogeneity of the population,
we decided to create two tumor groups that are oropharynx
and other sites (hypopharynx, larynx, oral cavity, and nasopharynx) in order to test its eﬀect on survival. Furthermore, correlation between clinical parameters and predictive
imaging biomarkers was investigated through spearman ρ.
Texture parameters were extracted and then compared in
patients with local control against patients with local failure.
To select both clinical and imaging variables that are more
related to clinical outcomes, we used a “least absolute
shrinkage and selection operator” (LASSO) method. LASSO
can “shrink” the eﬀect of unimportant features and can set
their eﬀects to zero together with removing redundancy
among the features.
Given the iterative nature of LASSO algorithm, it was
run one thousand times in order to have a statistics of the
most descriptive clinical and imaging features. The most
occurring features (more than 500 times over 1000 runs)
were selected to build the ﬁnal image biomarker-based
multivariate Cox regression analysis. An internal 10-fold
cross-validation algorithm was applied for validation. Finally, hazard ratios (HR) and conﬁdence intervals (CI) were
calculated. Discrimination, reﬂecting a correct ordering of
the relative predictions for individuals, and the model’s
ability to distinguish patients with local control against
patients with local failure, were determined by the Harrell’s
concordance-index (c-index) with R statistical packagebased code (https://www.r-project.org/). c-index is an extension of ROC curves for multivariable models with 0.5
value indicating random discrimination and 1 perfect discrimination capabilities. The diﬀerence in prognostic value
between the Cox model developed with or without imaging
biomarkers was evaluated based on the comparison between
Harrell’s concordance indexes. Finally, Kaplan–Meier
curves have been calculated in order to show selected
predictor stratiﬁcation capabilities.

3. Results
At a median follow-up of 38 months (range 24–848 months),
one hundred patients (79%) were alive, 13 died due to
disease progression, and 12 due to other causes. Four patients were lost at follow-up.
Eighteen early-stage patients were excluded due to the
small tumor volume (<2.6 ml) as textural features becomes
unstable or even undeﬁned due to small number of voxels
involved; 13 patients due to technical problems regarding
PET/CT acquisition (diﬀerent acquisition, reconstruction
protocols, or missing uptake data). The ﬁnal number of
evaluated patients for statistical analysis was 90. Of these 90
patients, 62 showed no evidence of disease (NED) at last
follow-up; 28 patients (30%) had recurrent disease (RD), of
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which 21 patients developed locoregional recurrences and 7
isolated distant metastases.
The pattern of recurrence was analyzed in 21 patients
who had locoregional relapse: “in-ﬁeld” (if >80% of the
tumor recurrence resided within the prescription 95% isodose
surface) in 20 patients (95%), at RT ﬁeld margin (if 20–80%
of the lesion was inside the 95% isodose surface) in no patients
(0%), and “out-ﬁeld” in one patient (5%).
The estimated 2- and 5-year OS rates were 86% (95% CI
79–92%) and 68 % (95% CI 58–78%), respectively. The
corresponding 2- and 5-year PFS rates were 70% (95% CI
58–77%) and 66% (95% CI 55–75%), respectively.
Results of univariate analysis are showed in Table 2. No
standard clinical and demographics parameters showed
a statistically signiﬁcant correlation with PFS. Gender and
age showed signiﬁcant correlation for OS. In particular,
gender seems to have a strong impact on survival in our
dataset (HR � 8.316). Clinical stage was correlated with both
PFS and OS with an HR of 1.76 and 1.92, respectively,
without any statistical signiﬁcance.
At multivariate analysis, shown in Table 3(A), no
standard clinical parameters were correlated with PFS, and
the c-index resulted in 0.65 in the ability of prediction of the
model, without statistical signiﬁcance. Regarding OS, the
multivariable Cox model showed a statistically signiﬁcant
correlation with both gender and age with a c-index of 0.73
as can be seen in Table 4(A). It is noticeable that in any Cox
regression, tumor site seems to have no eﬀects on survival
prediction for our population. We can then state that this
parameter will not inﬂuence our further models with imaging biomarkers.
The LASSO algorithm revealed that four parameters,
including run percentage, low-intensity long-run emphasis
(LILRE), coarseness, and code similarity, showed signiﬁcant
diﬀerences between local failure and local control groups,
and these parameters were selected, together with two
clinical variables (age and stage), to build a multivariate Cox
regression for PFS. No signiﬁcant correlation exists between
the analyzed parameters as spearman rho coeﬃcient is always below 0.6.
In Table 3(B) the resulting model for PFS is shown; the
Harrel c-index is of 0.76 with a statistical signiﬁcance of
p < 0.01 at cross-validation. Also the comparison of the two
c-indexes underlined a diﬀerence between the two models
with statistical signiﬁcance and p < 0.01. In particular
LILRE, which is the strongest predictor in the model, is
associated with the presence of long string of low grey level
pixel in the tumor contours. In Figure 1 the values of the
feature in RD and NED patients are shown. An evident
diﬀerence in median values appears between the populations. The Wilcoxon Test scored a p value of 0.006 between RD and NED patients. Furthermore, in Figure 2, the
diﬀerence in a 2D render of the morphology of the 2
populations (representative patients) is revealed. In RD
patients, it is evident how the borders of the tumors are
sharper in comparison to NED patients. Finally, in Figure 3
(a), Kaplan–Meier survival curves for LILRE, where survival
curves are split by the median value of LILRE, and in
Figure 3(b), the eﬀect of the use of chemotherapy (CHT) are
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shown. Pearson correlation coeﬃcient ρ calculated between
LILRE and the other clinical variables was always below 0.2,
conﬁrming the independence of this imaging biomarker.
By adding imaging biomarkers and processing variables
in the same way of PFS dataset, we end up with the model
shown in Table 4(B). This model, which includes ﬁve variables (gender, age, staging, low-intensity large-zone emphasis, and SUL peak), achieves a c-index of 0.76, but it is not
signiﬁcantly diﬀerent from the model with only the clinical
variables.

4. Discussion
To date, there is increased evidence suggesting that genomic
heterogeneity of aggressive tumors could translate into
intratumoral spatial heterogeneity, which can be represented
on anatomical and functional scales [18, 27, 29, 30].
This is the central idea that underlies radiomics, in which
large amounts of information through advanced quantitative
analysis of radiological images are used as noninvasive means
to characterize intratumoral heterogeneity and to identify
important prognostic features of cancer [27, 31–34]. Nowadays, medical imaging plays a central role in the investigation
of intratumoural heterogeneity, as radiological images are
acquired as routine practice for almost every patient with
cancer. Medical images such as 18F-FDG PET/CT and CT are
minimally invasive and include an immense source of potential data for decoding tumour phenotypes.
Texture feature-based analysis of clinical outcomes is
actively being investigated as a prognostic tool in radiation
oncology in order to identify potentially predictive radiomic
biomarkers for either clinical outcomes (local control and/or
treatment toxicity) or distinguishing local recurrence from
radiation-induced injury. Some studies have also been
performed to identify radiomic signatures for HNSCC. Aerts
et al. analyzed radiomic values of CTs from 1,019 patients
suﬀering from non-small-cell lung cancer or head and neck
cancer in relation to prognostic features and showed that
combining radiomic signature with TNM staging improved
the predictive power in all groups of patients [27]. Parmar
et al. investigated 440 radiomic features extracted from the
CTs of 878 lung cancers and HNSCC patients and showed
that, at multivariate analysis, the radiomic feature clusters
highly correlate with tumor stage and moderately correlate
with HPV status [34]. In an additional study, the same group
established a reliable machine-learning method for the
prediction of OS in HNSCC patients based on CT scanderived radiomic features. Here, training was performed on
440 radiomic features among a cohort of 101 HNSCC patients, while another 95 patients served as the validation
cohort. In this study, authors showed that machine-learning
methods had a high predictive power with a good stability
and believed that this technique could improve the application of radiomics in cancer [35]. These 3 publications all
suggest a relevance of radiomics in HNSCC and a potential
future role in HNSCC classiﬁcation and treatment to improve clinical decision-making. Recently, it was reported
that a 4-feature-based radiomic signature showed strong
correlation with survival and distant metastasis in
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Table 2: Univariate model of patients’ clinical data with progression-free survival (PFS) and overall survival (OS). The number of patients is
90 for both PFS and OS, whereas the number of events is 28 and 25, respectively.

Univariate Cox regression for PFS
Gender (F vs M)
Age
Stage (III vs IV)
Tumor site (oroph vs other)
CHT (No vs Yes)
Univariate Cox regression for OS
Gender (F vs M)
Age
Stage (III vs IV)
Tumor site (oropharynx vs others)
CHT (No vs Yes)

p value

HR

0.698
0.099
0.197
0.914
0.101
0.038
0.004
0.169
0.772
0.838

95% CI for HR
Lower

Upper

1.196
1.027
1.758
1.043
0.470

0.485
0.995
0.747
0.488
0.190

2.951
1.060
4.137
2.227
1.159

8.495
1.052
2.010
0.886
0.895

1.149
1.016
0.797
0.391
0.307

62.820
1.089
5.070
2.009
2.608

Table 3: Multivariate analysis of the patients’ dataset for PFS without (A) and including (B) imaging biomarkers. Harrel c-indexes of the
models, which score their prognostic power, are 0.65 and 0.76, respectively. The two c-indexes are signiﬁcantly diﬀerent with a p value of
0.01.

(A)
Gender (F vs M)
Age
Stage (III vs IV)
Tumor site (oropharynx vs others)
CHT (No vs Yes)
(B)
Age
Stage (III vs IV)
CHT (No vs Yes)
Run percentage
LILRE
Coarseness
Code similarity

p value

HR

0.713
0.426
0.160
0.902
0.176
0.254
0.440
0.012
0.176
<0.001
0.970
0.129

oropharyngeal squamous cell carcinoma [36]. The concordance index (CI) in training cohorts and validation cohorts
were ranging from 0.55 to 0.69.
Vallières et al. recently investigated the possibility of
constructing a prediction model integrating clinical information with radiomics analysis, using advanced machine
learning, in patients with HNSCC treated with chemoradiation. 1,615 diﬀerent radiomic features were extracted
from PET and CT pretreatment images of 300 patients, and
the results demonstrated the potential of radiomics for
assessing the risk of speciﬁc tumor outcomes using multiple
stratiﬁcation groups [10].
In this study, we analyzed a cohort of 90 patients with
diagnosis of HNSCC using a multivariate Cox model comparing features based on clinical variables and imaging biomarkers. Univariate analysis showed how gender and age are
important predictors for OS. The eﬀect of gender on overall
survival is a known phenomenon, as shown also recently in the
large European multicenter study [37]. This trial reported that
a signiﬁcant eﬀect on OPC survival was apparent for female sex
(aHR: 0.50; 95% CI: 0.29–0.85).

95% CI for HR
Lower

Upper

1.191
1.014
1.894
0.953
0.489

0.469
0.979
0.777
0.445
0.173

3.026
1.050
4.617
2.042
1.378

1.02E + 00
1.43E + 00
2.03E 2 01
1.97E 2 01
1.41E 2 83
4.12E 2 01
4.27E 2 23

9.86E 2 01
5.77E 2 01
5.84E 2 02
1.87E 2 02
4.05E 2 128
2.32E 2 21
5.77E 2 52

1.06E + 00
3.55E + 00
7.06E 2 01
2.07E + 00
4.90E 2 39
7.33E + 19
3.16E + 06

Table 4: Multivariate analysis of the patients dataset for OS without
(A) and including (B) imaging biomarkers.

(A)
Gender (F vs M)
Age
Stage (III vs IV)
OvsL
Novscht
(B)
Gender (F vs M)
Age
Stage (III vs IV)
LILRE
SUL peak

95% CI for HR
Lower
Upper

p value

HR

0.042
0.017
0.262
0.895
0.317

8.036
1.057
1.734
0.937
1.916

1.082
1.012
0.663
0.395
0.521

59.770
1.109
4.535
2.029
7.051

0.090
0.011
0.341
0.635
0.068

5.75E + 00
1.05E + 00
1.59E + 00
7.08E 2 05
1.10E + 00

7.90E 2 01
1.01E + 00
5.82E 2 01
9.72E 2 25
1.009E + 00

4.81E + 01
1.09E + 00
3.83E + 00
8.35E + 9
1.192E + 00

Models including imaging biomarkers were always superior to those with only clinical variables, even if only in the
case of PFS, we had a statistically signiﬁcant diﬀerence. The

6

Contrast Media & Molecular Imaging
Low intensity long run emphasis (LILRE)

0.035
0.03
0.025
(a.u)

0.02
0.015
0.01
0.005
0
RD

NED

Figure 1: Low-intensity long-run emphasis values calculated on diﬀerent populations in arbitrary unit of measure: recurrent disease (RD)
and no evidence of disease (NED) patients.
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Figure 2: Detail of the uptake of 2D slices centered in the middle of 2 tumor VOIs. On the left, the slice is taken from a RD patient and on the
right from a NED patient. It can be appreciated that a lower value in LILRE produces a more speculated uptake in the tumor, whereas in
NED patient, the uptake is more Gaussian like. (a) RD patient. (b) NED patient.

multivariable model developed with clinical variables alone
scored a c-index of 0.65, whereas including imaging biomarkers, a c-index of 0.76 was reached in predicting patient
outcome as PFS. Furthermore, the comparison of the c-index
underlined the signiﬁcance of the diﬀerence between the two
models. This improvement in patient stratiﬁcation can be
addressed to the introduction of the textural feature LILRE
which is strongly associated with patient disease recurrence, as
shown in the box plot in Figure 1 and in Kaplan–Meier curves
in Figure 3(a) employing the median value of LILRE over the
entire population as split value. It is also interesting to notice
that this feature can be associated to morphological properties
of the image itself. These ﬁndings underline the importance of
further studies to validate the use of imaging biomarkers to
improve patients’ stratiﬁcation and prognostic accuracy.
Our study has several limitations, and should be considered as a preliminary experience with need for possible
methodological and technical reﬁnements, beyond independent external validation. It is a retrospective study with

a relatively small population. The characteristics of enrolled
patients were heterogeneous, as well as disease sites, and the
selection of treatment might be biased, so that the signiﬁcance of features can be underestimated.
Despite this, it seems that heterogeneity is not inﬂuencing the results as no standard Cox regression models
gives any statistically signiﬁcant association with survival in
this cohort. Furthermore, no correlation was found between
our main predictor (LILRE) and tumor site. Additionally,
HPV status was not determined in all patients, and it has not
been considered as a predictive factor. Although especially in
oropharyngeal cancer infection with HPV has a predictive
value for treatment response [4, 38], no diﬀerent radiomic
features were identiﬁed between HPV-positive and HPVnegative patients.
In the other two analyses, statistically signiﬁcant differences in some texture features between HPV+ and HPV−
HNSCC were found, even if a single radiomic feature may
not have enough predictive power [39, 40].
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p value = 0.002

Chemotherapy (0 - NO ; 1 - YES) p value = 0.093
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Figure 3: Kaplan–Meier survival curves for the two statistically signiﬁcant predictors emerged from the multivariate Cox regression. In (a),
the median value of low-intensity long-run emphasis feature is employed to split the curves of the patients, whereas in (b), the split is
performed by using chemotherapy usage (Yes or No).

Despite the limitations of this study, our results appear to
be promising. In order to conﬁrm these ﬁndings, external
validation will be performed, and for the case of oropharynx,
tumor HPV infection data will be included.

5. Conclusion
We compared a clinical variables alone statistical model with
another one which includes imaging biomarkers. Superiority
of the imaging biomarkers model was proven in the case of
PFS. Further studies will be aimed at conﬁrming our ﬁndings
with an external dataset and to demonstrate the superiority
of models comprising imaging biomarkers also for overall
survival.

Data Availability
The data used to support the ﬁndings of this study are
available from the corresponding author upon request.
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Aim. To evaluate reproducibility and stability of radiomic features as eﬀects of the use of diﬀerent volume segmentation methods
and reconstruction settings. The potential of radiomics in really capturing the presence of heterogeneous tumor uptake and
irregular shape was also investigated. Materials and Methods. An anthropomorphic phantom miming real clinical situations
including synthetic lesions with irregular shape and nonuniform radiotracer uptake was used. 18F-FDG PET/CT measurements of
the phantom were performed including 38 lesions of diﬀerent shape, size, lesion-to-background ratio, and radiotracer uptake
distribution. Diﬀerent reconstruction parameters and segmentation methods were considered. COVs were calculated to quantify
feature variations over the diﬀerent reconstruction settings. Friedman test was applied to the values of the radiomic features
obtained for the considered segmentation approaches. Two sets of test-retest measurement were acquired and the pairwise
intraclass correlation coeﬃcient was calculated. Fifty-eight morphological and statistical features were extracted from the
segmented lesion volumes. A Mann–Whitney test was used to evaluate signiﬁcant diﬀerences among each feature when calculated
from heterogeneous versus homogeneous uptake. The signiﬁcance of each radiomic feature in terms of capturing heterogeneity
was evaluated also by testing correlation with gold standard indexes of heterogeneity and sphericity. Results. The choice of the
segmentation method has a strong impact on the stability of radiomic features (less than 20% can be considered stable features).
Reconstruction aﬀects the estimate of radiomic features (only 26% are stable). Thirty-one radiomic features (53%) resulted to be
reproducible, 11 of them are able to discriminate heterogeneity. Among these, we found a subset of 3 radiomic features strongly
correlated with GS heterogeneity index that can be suggested as good features for retrospective evaluations.

1. Introduction
From its introduction in clinical practice, medical imaging
has gained a central role in the management of a large variety
of diseases. In particular, in oncology, medical imaging
shows its unique property of characterizing, in vivo and
noninvasively, the onset and progression of pathological
processes at diﬀerent stages of diseases [1].
In clinical practice, at a ﬁrst level, medical images are
qualitatively inspected by radiologists or nuclear medicine
physicians [2]. However, such qualitative analysis presents
several limitations: a certain level of subjectivity that can

cause a lack of standardization in the assessment as well as
problems in some follow up evaluations.
To overcome such limitations, a great eﬀort was focused in the recent years to develop quantitative approaches to medical image analysis. These approaches
exploit the fact that digital medical images are inherently
quantitative and that their quantitative values express
several tissue functional characteristics, such as metabolism or proliferation [3], with a role for the onset and
progression of cancer. Recent studies have been devoted
to the development of automatic or semiautomatic
methods for the extraction of quantitative indexes from
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images to be used as imaging biomarkers of cancer disease
[4, 5].
Thanks to the advancements in such image processing
methods, macroscopic indexes such as the Standardized
Uptake Value (SUV) for Positron Emission Tomography
(PET) or the Apparent Diﬀusion Coeﬃcient (ADC) for
Magnetic Resonance Imaging (MRI), and measuring global
functional properties of an oncological lesion, were proven
eﬀective biomarkers for diagnosis or treatment response in
oncological clinical studies [6, 7]. However, novel quantitative features have been more recently explored to capture
regional characteristics of a cancer lesion not always perceivable to the naked eye, such as inter- and intratumor
heterogeneity, that may have an impact on the clinical
outcome of diﬀerent cancer phenotypes [8]. The rationale
behind such advanced image features is the hypothesis that
imaging in vivo heterogeneities of a cancer lesion is able to
reﬂect the tumor phenotype with the advantage of a noninvasive technique. The recent literature shows the high
potential of such quantitative heterogeneity features, deﬁned
“radiomics” [5], thanks to their proven abilities to be correlated with “omics” data. Radiomics refer to a large number
of mathematical image descriptors extracted from the volume of an entire cancer lesion by the use of diﬀerent image
analytics methods, including morphological and statistical
analyses [8].
Promising results published in several increasing
papers proved that radiomic traits reﬂect tumor heterogeneity which is correlated to bad prognosis [9]. However, few
studies were performed to evaluate how really those
radiomic features are related to the actual shape or tissue
heterogeneity of the tumor [10].
Furthermore, from a methodological point of view, one
of the key problems emerging when deﬁning image quantitative features is to assess their reproducibility, which is the
closeness of the agreement between the results of successive
measurements of the features carried out under the same
conditions of measurement.
Moreover, diﬀerent measurement conditions, such as
diﬀerent image reconstruction settings or lesion volume
segmentation methods, can highly impact on the image
feature stability, posing serious issues on the use of some
image features as disease biomarkers [11–13].
The main purpose of this work is to evaluate reproducibility and stability of some radiomic features as
eﬀects of the use of diﬀerent volume segmentation methods
and reconstruction settings, which currently represent the
more common variables in retrospective clinical oncological
studies. We then assessed the signiﬁcance of such radiomic
features in eﬀectively characterizing the lesion heterogeneity
and shape.
These aims were pursued with the use of a realistic
dataset of PET images obtaining from a thorax anthropomorphic phantom miming realistic oncological lesions with
irregular shape and heterogeneous uptake of radiotracer
whose GSs were known. Our work is helpful in determining
the limits and the quantitative properties for clinical application of the radiomics approach with respect to the tested
methods and parameters.
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2. Materials and Methods
2.1. Phantom Setting and PET Data Acquisition. The anthropomorphic Alderson Thorax phantom (Radiology
Support Devices, Inc.) was used to simulate man/woman
thorax or breast body districts. Several synthetic lesions of
irregular shape and both homogeneous and heterogeneous
uptakes were realized and placed inside the thorax or the
breasts of the anthropomorphic phantom within 18F-FDG
radioactive background. In order to simulate realistic patient
PET studies, each phantom compartment was ﬁlled with
a diﬀerent background of 18F-FDG radioactivity concentration: lungs with 0.004 MBq/cc, liver with 0.013 MBq/cc,
myocardial wall with 0.023 MBq/cc, thorax with 0.006–
0.007 MBq/cc, and breasts with 0.002–0.009 MBq/cc [14].
The whole procedure of preparing the phantom before
PET acquisitions took about two hours. The 18F-FDG radioactivity concentration used during the preparation of the
phantom took into account this time frame and was
recalculated based on the half life of the 18F-FDG.
A strategy to produce realistic oncological lesions of
irregular shape with a homogeneous or a heterogeneous
uptake of 18F-FDG [15] was adopted by using 3D-printed
irregular shells ﬁlled with diﬀerent concentrations of radioactive gels.
To obtain realistic oncological lesions with irregular
shape, we deﬁned 3D shells by segmenting the lesion volumes of diﬀerent oncological lesions on 18F-FDG PET/CT
images of real patients. The segmented volumes were then
processed in order to generate images of 3D surfaces of
lesions, saved in digital ﬁles. These surfaces were then cut
into two parts by image manipulation and 3D printed using
a 3D printer (Renkforce RF1000 Single Extruder) equipped
with plastic ﬁlaments of 3 mm diameter (Renkforce PLA300
Plastic PLA 3 mm), thus manufacturing plastic moulds of
patient-derived oncological lesions.
The availability of the printed shells allowed obtaining
the gold standard (GS) for the sphericity of the shells to be
compared with geometrical characteristics of radiomic
features as extracted from the PET images of the experimental studies performed with the phantom. In particular,
for each printed mould, an index of sphericity was deﬁned as
the ratio between the surface of the sphere, with volume
equivalent to actual mould volume (Vm) and the actual shell
surface (Sm) of the mould.
2/3

SGS �

π1/3 6Vm 
.
Sm

(1)

This index ranges from 0 to 1, where SGS � 1 expresses
a full spherical shape.
For the PET experimental measurements, the shells were
ﬁlled with a radioactive gel produced with a fast-setting,
chromatic, dust-free alginate powder (phase plus, Zhermack
Clinical SpA–Badia Polesine (RO), Italy) mixed with a water
solution of 18F-FDG [4]. Lesions with a uniform radioactive
uptake were simulated using a gel preparation at a single
radioactivity concentration, while gels obtained at diﬀerent
18
F-FDG concentrations were used for lesions simulating
heterogeneous uptake.
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Seven experimental conﬁgurations were studied, with
diﬀerent radioactivity concentrations (C0 � 0 MBq/cc, C2 �
5 ∗ C1, C1 ranging from 0.03 to 0.16 MBq/cc). We thus obtained realistic oncological lesions with heterogeneous uptake,
including necrotic tissues or multifocal uptake (Figure 1).
GSs for the lesion volumes (VGS) and the radioactivity
concentrations were easily obtained for both homogeneous
and heterogeneous lesions and the gel density and the net
shell weight were found by using an analytical balance and
a gamma counter (PerkinElmer 1480-011 Wizard 3”). In
particular, in the case of heterogeneous lesions, for each
ﬁlling with gels at diﬀerent radioactivity concentrations, gel
weights were obtained by the exact weight estimation of gel
contributions at diﬀerent radioactivity concentrations.
To obtain GSs for assessing the heterogeneity signiﬁcance of radiomic features (as extracted from the PETstudies
of the phantom), two diﬀerent indices of heterogeneity were
considered.
The coeﬃcient of variation of the diﬀerent gels was
measured as an index of heterogeneity in the radioactivity
uptake, deﬁned as the percentage ratio between the standard
deviation and the mean of the radioactivity concentration
within the lesion volume (COVGS).
The Gini index [16] was used to quantify the impact
of spatial distribution of the uptake within the shell volume
(IG-GS), has values from 0 in case of minimal heterogeneity to
1 in case of maximal heterogeneity, and was deﬁned by
processing digital ﬁles of shell surfaces used to print the
shells. Generally, this index measures the heterogeneity of
a statistical distribution in terms of the relative frequencies
of the diﬀerent modalities of a statistical variable. For each
shell, each voxel of the corresponding shell image was
considered as a statistical unit. For each voxel, the diﬀerent
modalities were deﬁned as the diﬀerent radioactivity concentrations used to ﬁll the shell. Relative frequencies of each
modality were calculated as the percentage of voxels occupied by each distinct radioactivity concentration.
The product of COVGS and IG-GS was considered as a GS
index of total heterogeneity (HGS), with values from 0 to 100
for lower to higher heterogeneity.
The GS for lesion-to-background ratio (L/BGS) of each
lesion was evaluated by measuring by the gamma counter
the radioactive background of each phantom compartment
where the lesions were arranged (breast containers and
thorax).
18
F-FDG PET-CT phantom measurements were performed on a Discovery 690 PET/CT system (General Electric
Medical Systems) [17]. Each PET study had an acquisition
time of 180 sec for each bed position (two bed positions for
each PET acquisition). Image noise was also evaluated as
COV of uptake distribution.
Images were reconstructed with a standard protocol
optimized for whole-body clinical oncological studies: ordered subset expectation maximization (OSEM) in 3D
mode, including Point Spread Function (PSF) [18–21] and
Time of Flight modelling (TOF) [19–22], 3 iterations and 18
subsets, 5 mm ﬁlter cut-oﬀ and standard z axis ﬁlter,
reconstructed matrix size 256 × 256, and transaxial ﬁeld-ofview of 70 cm.
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Figure 1: The seven diﬀerent conﬁgurations to obtain lesions with
diﬀerent heterogeneous uptake. C1, C2, and C0 represent areas with
lower, higher, and no radioactivity concentration, respectively.
(a–c) Strategies for reproducing necrotic tissue; (d, e) heterogeneous (multifocal) uptake; (f, g) heterogeneous uptake and necrotic
tissue.

2.2. Image Segmentation. PET images of lesions were segmented in order to obtain the Metabolic Tumor Volume
(MTV) from which extract the radiomic features. Segmentation methods used in this work included an adaptive
threshold method and a ﬁxed threshold method. The adaptive
method was calibrated and validated on a variety of synthetic
lesions miming real oncological lesions (i.e., with spherical
and nonspherical shape and with homogenous and nonhomogenous 18F-FDG uptake), with an accuracy in the MTV
measurement of 92% [4]. The ﬁxed threshold method was
implemented by using a cut-oﬀ of 60% from the maximum
lesion uptake value. This threshold found a good compromise
between a good estimate of the lesion volume and a good
estimate of the lesion uptake, minimizing the possibility to
include radioactivity background in the estimate [20, 21]. The
two segmentation methods were implemented using Matlab
and included in home-made software [22].
Since it has been shown that the use of thresholding
approaches is appropriate for small lesions only when there
is a good L/B, we calculated the percent error on the MTV
estimate as a function of L/B for lesions with Volume
GS < 10 cc, excluding from this computation the volume of
necrotic regions (C0 � 0) when present within a lesion.
2.3. Radiomic Feature Extraction. Radiomic imaging features
were extracted from each segmented MTV as morphological
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and statistical imaging features. Morphological imaging
features (IFM) were obtained starting from the shape and size
characteristics of the segmented MTV [5, 8].
The statistical analysis of ﬁrst-order histogram describing the distribution of voxel intensities in MTV enabled
to extract ﬁrst-order statistical imaging features (IFHIST).
Texture analysis allowed obtaining statistical imaging
features of higher orders. Images were resampled with an
isotropic voxel size, considering the axial image size as
resampled size. The MTV content was then resampled in 64
discrete gray-level values, and the texture analysis was
performed with an in-house-developed MATLAB routine
(v.2015b, MathWorks, Natick, MA, USA), largely based on
a publicly available code [22]. Textural features were obtained from the analysis of the gray-level co-occurrence
matrix (IFTX-GLCM), the gray-level run-length matrix
(IFTX-GLRLM), the gray-level size zone matrix (IFTX-GLSZM),
and the neighborhood gray tone diﬀerence matrix (IFTXNGTDM). These matrices were obtained by the analysis of
MTVs with 26-voxel connectivity, considering all possible
direct connectivity with voxels in the same slice (8) and in
the two adjacent slices (9 + 9 � 18).

(5% < COV ≤ 10%), poorly stable (10% < COV ≤ 20%), and
unstable (COV > 20%).
For each feature, in order to provide representative
information on its stability with respect to the diﬀerent
explored reconstruction settings, we considered the higher
value of COVs obtained among all the reconstruction settings. A feature was considered quite stable when such COV
value was found ≤10%.

2.4. Stability of Radiomic Features vs. Segmentation. In order
to evaluate the impact of lesion volume segmentation
(MTV) on the stability of radiomic features, the Friedman
test was applied to the values of the radiomic features obtained for the two considered segmentation approaches
(adaptive and ﬁxed threshold methods, Section “Image
Segmentation”).

2.7. Evaluation of Signiﬁcance of Radiomic Features. A
Mann–Whitney test was used to evaluate signiﬁcant differences among each feature when calculated from heterogeneous vs. homogeneous uptake, thus measuring the
potential of radiomic features in discriminating heterogeneous from homogeneous lesions.
The signiﬁcance of each radiomic features in terms of
capturing heterogeneity was evaluated also by testing correlation of each feature with HGS.
The morphological radiomic feature “Sphericity” was
evaluated in its ability to reﬂect geometrical characteristics as
deﬁned by SGS, using a paired t-test. Heterogeneous lesions
with a necrosis inside were excluded from the analysis since
it was diﬃcult to deﬁne the surface of active component of
lesion.

2.5. Stability of Radiomic Features vs. Reconstruction. To
study the impact of reconstruction settings on stability of
radiomic features, PET images were reconstructed with
reconstruction algorithms or parameters diﬀerent with respect to the standard reconstruction protocols (section
“Phantom setting and PET data acquisition”). For each
reconstruction setting, lesions MTVs were extracted with the
adaptive threshold segmentation method.
Reconstructions were performed with OSEM with or
without PSF modelling and considering or omitting TOF.
The impact of the matrix size of reconstructed images was
also evaluated. Considering algorithm parameters, the inﬂuence of the number of iterations and subsets was assessed
ﬁxing a matrix size equal to 256 × 256, because it is the most
used size in clinical practice. In order to evaluate the impact
of the full width at half maximum (FWHM) of Gaussian
ﬁlter, matrix size was chosen such that the reconstructed
voxel size is within 3.0–4.0 mm in any direction and FWHM
not exceeding 7 mm, according to EANM guidelines [23].
Table 1 lists reconstruction algorithms and parameters
used and their impact evaluated in this work.
For each radiomic feature, COV were calculated as
average of all lesions to quantify variations over the diﬀerent
reconstruction settings, thus characterizing feature stability
vs. reconstruction.
On the basis of COV results, radiomic features were
categorized into 4 groups: stable (COV ≤ 5%), quite stable

2.6. Reproducibility of Radiomic Features. In order to explore
reproducibility of radiomic features, a test-retest setting was
used. Two sets of test-retest images were acquired approximately 30 min apart (acquisition time of 180 sec for
each bed position). Lesions in the two sets of test-retest
images were segmented with the adaptive threshold segmentation method.
For each feature, the pairwise intraclass correlation
coeﬃcient (ICC) was calculated [15]. Each feature with
ICC > 0.6 in both of the two test-retest datasets (good or
excellent agreement) was considered as a stable feature in
test-retest setting.

3. Results
3.1. Phantom Setting and PET Data Acquisition. Table 2
reports GS values for each 18F-FDG PET/CT acquisition.
Nine 18F-FDG PET/CTacquisitions of the phantom have
been performed including 38 lesions of diﬀerent shape, size,
radiotracer distribution, and L/B ratio in diﬀerent locations
of the phantom. Five diﬀerent 3D-printed shells with irregular shape (A-E) were used as obtained from the PET
image segmentation of real oncological lesions. Their VGS
ranged from 6.8 to 32.3 cc. Their sphericity index, SGS,
ranged from 0.49 to 0.74.
20/38 lesions were prepared with a uniform radiotracer
uptake, while the remaining 18 lesions with a heterogeneous
uptake. The HGS for the 18 lesions with heterogeneous
uptake ranged from 12.7 to 62.2, for lower to higher differences in radioactive uptake and its spatial distribution. In
particular, their VGS ranged from 6.4 to 29.4 cc (excluding
from this computation the volume of necrotic regions when
present within a lesion).
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Table 1: Reconstruction settings.
Number
of iterations

Number
of subsets

FWHM Gaussian
ﬁlter (mm)

Reconstructed
matrix size

Impact of reconstruction algorithm

OSEM3D
OSEM3D + PSF
OSEM3D + TOF
OSEM3D + PSF + TOF

3

18

5

256

Impact of number of iterations

OSEM3D + PSF + TOF

2
3
4

18

5

256

Impact of number of subsets

OSEM3D + PSF + TOF

3

18
24

5

256

Impact of reconstructed matrix size

OSEM3D + PSF + TOF

3

18

5

128
192
256

Impact of FWHM of Gaussian ﬁlter

OSEM3D + PSF + TOF

3

18

5
7

192

Reconstruction algorithm

OSEM � ordered subset expectation maximization; PSF � point spread functions; TOF � time of ﬂight; FWHM � full width at half maximum.

Table 2: Summary of the 18F-FDG PET/CT acquisitions of the phantom, with gold standard values of each lesion.
Number of
PET acquisition
1

2

3

4

5

6

7

8

9

Number of lesion
acquired in PET
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38

Shell type

VGS (cc)

SGS

HGS (%)

A
B
C
D
A
B
C
D
A
B
C
D
A
B
C
D
A
B
C
D
A
B
C
D
A
B
C
D
A
B
C
D
E
A
B
C
D
E

6.8
10.5
8.5
12.5
6.8
10.5
8.5
12.5
6.8
10.5
8.5
12.5
6.8
10.5
8.5
12.5
6.8
10.5
8.5
12.5
6.8
10.5
8.5
12.5
6.8
10.5
8.5
12.5
6.8
10.5
8.5
12.5
32.3
6.8
10.5
8.5
12.5
32.3

0.57
0.62
0.49
0.74
0.57
0.62
0.49
0.74
0.57
0.62
0.49
0.74
0.57
0.62
0.49
0.74
0.57
0.62
0.49
0.74
0.57
0.62
0.49
0.74
0.57
0.62
0.49
0.74
0.57
0.62
0.49
0.74
0.73
0.57
0.62
0.49
0.74
0.73

0
0
0
0
0
0
0
0
0
0
0
0
0
0
21.1
12.7
0
0
21.1
12.7
0
0
21.1
12.7
0
0
21.1
12.7
14.9
26.2
24.8
62.2
16.3
14.9
26.2
24.8
62.2
16.3

VGS excluding
necrosis (cc)
6.8
10.5
8.5
12.5
6.8
10.5
8.5
12.5
6.8
10.5
8.5
12.5
6.8
10.5
7.4
11.7
6.8
10.5
7.4
11.7
6.8
10.5
7.4
11.7
6.8
10.5
7.4
11.7
6.4
10.5
7.6
8.7
29.4
6.4
10.5
7.6
8.7
29.4

L/BGS
10
10
10
10
10
10
10
10
10
10
10
10
27
26
9
25
27
26
9
25
27
26
9
25
12
11
4
11
18
10
7
9
25
12
7
5
6
16
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Figure 2: Examples of PET images of heterogeneous lesions (a-b, d-e, g-h), with 3D renders of lesions (c, f, i). (1) VGS � 32.3 cc, SGS � 0.73,
HGS � 0.16, L/BGS � 25; (2) VGS � 10.5 cc, SGS � 0.62, HGS � 0.26, L/BGS � 10; (3) VGS � 8.6 cc, SGS � 0.49, HGS � 0.25, L/BGS � 7.

Explored L/BGS ranged from 4 to 27.
L/B measured (L/Bm) on PET images by using a validated
PET quantiﬁcation technique [24] ranged from 4.3 to 27.6.
Image noise of each PET acquisition was evaluated as
COV in uptake distribution inside a large region of the liver.
The mean COV calculated on the 9 PET acquisition is <8%.
Figure 2 shows 3 PET images of 3 representative heterogeneous lesions including necrosis and bifocal uptake.

Table 3: Mean percent error on the estimate of MTV of small
lesions as a function of L/Bm, for the adaptive and ﬁxed threshold
segmentation methods.

3.2. Image Segmentation. Table 3 shows the mean percent
error on the estimate of MTV for the two considered segmentation methods (adaptive and ﬁxed threshold methods),
for small lesions (VGS ≤ 10 cc, excluding from VGS computation the volume of necrotic regions when present within
a lesion), grouped as a function of L/Bm (L/Bm ≤ 5,
5 < L/Bm ≤10, 10 < L/Bm ≤ 15).
The adaptive threshold method presents good results at
higher L/Bm (mean percent error <20% for lesion with
L/Bm > 5). The percent error of the ﬁxed threshold method is
larger (absolute mean percent error >30%), irrespectively
from L/Bm.
Generally, results show the tendency of the adaptive
threshold method to overestimate the volume, while the
ﬁxed threshold segmentation method always underestimates
it. However, the selection of the optimal segmentation
method was not the purpose of this paper.

of the segmentation method have a strong impact on the
stability of radiomic features.
In particular, results obtained on the whole datasets of
both uniform and nonuniform lesions showed that less than
20% (11/58) of radiomic features can be considered full
stable with respect the two considered segmentation
methods.
In Figure 4, the results of Friedman test are presented
only for the datasets of uniform lesions.
As expected, a larger number of radiomic features
resulted stable (41%, 24/58).

3.3. Radiomic Feature Extraction. Table 4 shows the radiomic features extracted from the segmented MTVs of each
lesion.
In particular, ﬁve morphological features were extracted
characterizing the shape and size of each lesion [8], 13
statistical features were extracted from the analysis of the
intensity histogram of lesions, and 40 statistical features were
obtained by the textural analysis (9 statistical features for
GLCM, 13 for GLRLM, 13 for GLSZM, and 5 for NGTDM),
for a total of 58 radiomic features.
3.4. Stability of Radiomic Features vs. Segmentation.
Figure 3 shows the results of Friedman test for each of the 58
radiomic features.
By comparing the values of each feature extracted from
the MTV as derived from the two segmentation approaches,
it was found that many features have a large variability with
respect to the applied segmentation method; thus the choice

Adaptive threshold mean Fixed threshold mean
percent error (%)
percent error (%)
L/Bm ≤ 5
27 ± 9
−33 ± 13
16 ± 30
−35 ± 26
5 < L/Bm ≤ 10
10 < L/Bm ≤ 15
17 ± 16
−31 ± 25
L/Bm

3.5. Stability of Radiomic Features vs. Reconstruction.
Results obtained considering variations of reconstruction
parameter (i.e., reconstruction type, matrix size, FWHM
of Gaussian ﬁlter, number of iterations, and number of
subsets) are summarized in Figure 5, grouped with respect
to COVs. Reconstruction strongly aﬀects the estimate
of radiomic features: 52% (30/58) of features showed
a large variability with respect to a diﬀerent reconstruction
setting (COV > 20%). Only 26% (15/58) showed a small
variability among all the reconstruction setting variations
(COV ≤ 10%). Most features are severely aﬀected by variation in the dimension of reconstructed matrix. Features
derived from the analysis of the intensity histogram (IFHIST)
are more inﬂuenced from reconstruction variation than the
other features.
3.6. Reproducibility of Radiomic Features. Thirty-one of the
58 radiomic features (53%) resulted stable in the test-retest
datasets (ICC ≥ 0.6), as reported in Figure 6.
3.7. Evaluation of Signiﬁcance of Imaging Features. Results from
Mann–Whitney test showed that 24/58 (41%) of radiomic
features have signiﬁcantly diﬀerent values in case of lesions
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Table 4: The radiomic features considered in the work.
Feature name
MTV
Surface
Spherical disproportion
Sphericity
Surface-volume ratio (SV)
Maximum
Minimum
Mean
Median
Mean absolute deviation (MAD)
Root mean square (RMS)
Energy
Entropy
Kurtosis
Skewness
Standard deviation
Uniformity
Variance
Energy
Contrast
Entropy
Homogeneity
Correlation
SumAverage
Variance
Dissimilarity
Autocorrelation
Short run emphasis (SRE)
Long run emphasis (LRE)
Gray-level nonuniformity (GLN)
Run-length nonuniformity (RLN)
Run percentage (RP)
Low gray-level run emphasis (LGRE)
High gray-level run emphasis (HGRE)
Short run low gray-level emphasis (SRLGE)
Short run high gray-level emphasis (SRHGE)
Long run low gray-level emphasis (LRLGE)
Long run high gray-level emphasis (LRHGE)
Gray-level variance (GLV)
Run-length variance (RLV)
Small zone emphasis (SZE)
Large zone emphasis (LZE)
Gray-level nonuniformity (GLN)
Zone-size nonuniformity (ZSN)
Zone percentage (ZP)
Low gray-level zone emphasis (LGZE)
High gray-level zone emphasis (HGZE)
Small zone low gray-level emphasis (SZLGE)
Small zone high gray-level emphasis (SZHGE)
Large zone low gray-level emphasis (LZLGE)
Large zone high gray-level emphasis (LZHGE)
Gray-level variance (GLV)
Zone-size variance (ZSV)
Coarseness
Contrast
Busyness
Complexity
Strength

Feature group

IFM

IFHIST

IFTX-GLCM

IFTX-GLRLM

IFTX-GLSZM

IFTX-NGTDM

p value

MTV
Surface
Spherical disproportion
Sphericity
SV
Maximum
Minimum
Mean
Median
MAD
RMS
Energy
Entropy
Kurtosis
Skewness
St. deviation
Uniformity
Variance
Energy
Contrast
Entropy
Homogeneity
Correlation
Sum. average
Variance
Dissimilarity
Autocorrelation
SRE
LRE
GLN
RLN
RP
LGRE
HGRE
SRLGE
SRHGE
LRLGE
LRHGE
GLV
RLV
SZE
LZE
GLM
ZRN
ZP
LGZE
HGZE
SZLGE
SZHGE
LZLGE
LZHGE
GLV
ZSV
Coarseness
Contrast
Busyness
Complexity
Strength

1
IFM

IFHIST

IFTX-GLCM

IFTX-GLRLM

IFTX-GLSZM

IFTX-NGTDM
0

Figure 3: Stability of radiomic features on diﬀerent segmentations.
Friedman test results (p value), • indicates p value ≥ 0.05.

with uniform versus nonuniform uptake (p value < 0.05)
(Figure 7).
As shown in Figure 8, the correlation analysis performed
between radiomic features and HGS shows that 16 of them
(28%) resulted signiﬁcantly correlated (p value < 0.05).
Paired t-test on Gold Standard SGS showed that the
morphological IF “Sphericity” is able to reﬂect actual deviation from spherical shape, both in case of lesions with
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MTV
Surface
Spherical disproportion
Sphericity
SV
Maximum
Minimum
Mean
Median
MAD
RMS
Energy
Entropy
Kurtosis
Skewness
St. deviation
Uniformity
Variance
Energy
Contrast
Entropy
Homogeneity
Correlation
Sum. average
Variance
Dissimilarity
Autocorrelation
SRE
LRE
GLN
RLN
RP
LGRE
HGRE
SRLGE
SRHGE
LRLGE
LRHGE
GLV
RLV
SZE
LZE
GLM
ZRN
ZP
LGZE
HGZE
SZLGE
SZHGE
LZLGE
LZHGE
GLV
ZSV
Coarseness
Contrast
Busyness
Complexity
Strenth

p value

1
IFM

IFHIST

IFTX-GLCM

IFTX-GLRLM

IFTX-GLSZM

IFTX-NGTDM
0

Figure 4: Uniform lesions. Stability of radiomic features on different segmentations. Friedman test results (p value), • indicates p
value ≥ 0.05.

uniform uptake and in case of lesions with nonuniform
uptake.

4. Discussion and Conclusions
Despite the potential proven impact of radiomics, scientiﬁc
evidences suggest that radiomic features extracted from PET

images of cancer lesions may have a large variability
depending in particular on the diﬀerent reconstruction settings and segmentation strategies used prior the radiomic
analysis [25, 26]. Other studies report that radiomic features
can be aﬀected by a lack of intrapatient reproducibility
[27–29]. Furthermore, even if the radiomic hypothesis is that
such features properly reﬂect tumor heterogeneity as measured on medical images (including PET images), no clear
indications exist concerning which features can better reﬂect
heterogeneous tumor uptake and which type and level of
heterogeneity can be captured and quantiﬁed through PET.
Some published works were devoted to assess intrapatient reproducibility or features stability with respect to
both segmentation or reconstruction settings [11–13].
However, most of these works were performed on patients
data or phantom data acquired in ideal conditions (e.g., in
spherical synthetic lesions) [12, 30], or on simulated data,
where it is diﬃcult to reproduce noise and artifacts contributions, as in real clinical situations [10, 31–33]. Most of
these works lack on details about the methodology adopted
behind image processing and often evaluate only one aspect
of the feature variability [11, 12]. Few works were able to deal
with the interpretation of features with respect to tumor
heterogeneity and with respect to which type and level of
heterogeneity can be quantiﬁed through PET [10].
Consistently with other published studies [11, 25, 26,
34, 35], we found that diﬀerent radiomic PET traits are
inﬂuenced by the lesion volume delineation method (less
than 20% features can be considered stable for the two
methods assessed in this work), our results conﬁrming that
the choice of segmentation method severely aﬀects the
quantitative estimate of radiomic features. Such concern
regards in particular the possibility to compare results obtained by radiomic studies in which diﬀerent segmentation
methods were used, as occurring in some multicenter
evaluations proposing databases of reconstructed images
with lesions segmented by operators and annotated on the
archived images. To avoid bias in the results, our ﬁndings
suggest the use of the same segmentation method to be
applied with a standardized image processing procedure,
possibly with the use of the same software tools, after image
collection and archive.
The ﬁxed threshold approach is widely used in the literature [12], and for this reason, we have used this method to
segment the lesion volume. However, notwithstanding this
was not the purpose of our paper, our results are in agreement
with many published studies, showing that the accuracy in the
deﬁnition of lesion volume is low [13]. In particular, the
method risks to largely overestimate the lesion volume (large
and negative percent errors), and this, in addition to a poor
accuracy, can cause severe problems in the estimate of
radiomic features due to the possible inclusion of signal
uptake not linked to cancer tissue but to the surrounding
tissues. The adaptive threshold approach seems to be more
suitable for radiomic analysis since it is more conservative
with respect to the estimate of cancer tissue volume.
We found, in agreement with previous reports [11] that
also reconstruction largely aﬀects the estimate of radiomic
features (only 26% are stable with respect to diﬀerent
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MTV
Surface
Spherical disproportion
Sphericity
SV
Maximum
Minimum
Mean
Median
MAD
RMS
Energy
Entropy
Kurtosis
Skewness
St. deviation
Uniformity
Variance
Energy
Contrast
Entropy
Homogeneity
Correlation
Sum. average
Variance
Dissimilarity
Autocorrelation
SRE
LRE
GLN
RLN
RP
LGRE
HGRE
SRLGE
SRHGE
LRLGE
LRHGE
GLV
RLV
SZE
LZE
GLM
ZRN
ZP
LGZE
HGZE
SZLGE
SZHGE
LZLGE
LZHGE
GLV
ZSV
Coarseness
Contrast
Busyness
Complexity
Strength

Recon. Type

Matrix

FWHM

Iterations

IFM

IFHIST

IFTX-GLCM

IFTX-GLRLM

IFTX-GLSZM

IFTX-NGTDM

Subsets

Group
COV >20%

5%<COV ≤ 10%

10%<COV ≤ 20%

COV≤ 5%

Figure 5: Stability of radiomic features on diﬀerent reconstruction settings. COV results. • indicates COV ≤ 10%.

settings). In particular, the more impacting parameter is the
reconstructed matrix size that leads to variations in the
estimate of many radiomic features greater than 20%. To
avoid bias in the results, similarly to what suggested as
segmentation strategy, our ﬁndings would suggest the use of
the same reconstruction method to be applied with the same
image reconstruction setting, possibly with the use of the
same reconstruction tool, after the acquisition and archive of
raw data. Unfortunately, while a high level of standardization is possible for the segmentation step, this is diﬃcult for
the reconstruction step, for diﬀerent reasons. Clinical images
are reconstructed with diﬀerent reconstruction algorithms
depending from the physical characteristics of the imaging
systems/models and various reconstruction settings deﬁned
in diﬀerent imaging centers. This limits the possibility to
standardize the reconstruction protocol in prospective

clinical studies or to have access to retrospective studies with
the same reconstruction protocols used. The only way to
perform valid radiomic studies should be to collect raw data
from prospective patient studies and then to reconstruct
them with the same reconstruction tool, but this is a very
challenge task to be accomplished, in particular for the huge
amount of resources (in space and time) required. Orlhac
et al. [10] very recently have proposed a method based on the
ComBat approach [36] used in genomics analysis that seems
eﬀective in standardizing radiomic features measured from
PET images obtained using diﬀerent imaging protocols.
Intrapatient reproducibility can be a serious concern, but
it could be properly managed. A good number of features
(31) resulted reproducible from our results of test-retest
setting, suggesting to consider this subset for further
radiomic analysis. Among these reproducible features we
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MTV
Surface
Spherical disproportion
Sphericity
SV
Maximum
Minimum
Mean
Median
MAD
RMS
Energy
Entropy
Kurtosis
Skewness
St. deviation
Uniformity
Variance
Energy
Contrast
Entropy
Homogeneity
Correlation
Sum. average
Variance
Dissimilarity
Autocorrelation
SRE
LRE
GLN
RLN
RP
LGRE
HGRE
SRLGE
SRHGE
LRLGE
LRHGE
GLV
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LZE
GLM
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ZP
LGZE
HGZE
SZLGE
SZHGE
LZLGE
LZHGE
GLV
ZSV
Coarseness
Contrast
Busyness
Complexity
Strength

1

IFM

IFHIST

IFTX-GLCM

IFTX-GLRLM

IFTX-GLSZM

IFTX-NGTDM
0

ICC

Figure 6: Reproducibility of radiomic features on test-retest
datasets. ICC results. • indicates ICC ≥ 0.6.

found most of morphological and histogram-derived features considered in this work, and some textural features
from the gray-level co-occurrence matrix and gray-level runlength matrix.
Eleven of the 31 features were found also able to discriminate heterogeneous from uniform radioactivity uptake
(p value from Mann–Whitney test <0.05).

p value

MTV
Surface
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Figure 7: Mann–Whitney test results (p value), • indicates p
value < 0.05.

Furthermore, interesting results were obtained when
comparing radiomic features with respect to gold standard
indexes of heterogeneity and sphericity. Considering the
uptake heterogeneity, we found 3 reproducible features
(run-length-nonuniformity, run percentage, and large zone
emphasis) among the 11 found above, which are also proven
able to reﬂect the heterogeneity in the PET uptake (strongly
correlated with the gold standard heterogeneity index).
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overcome for a clinical translation of radiomics. Considering
our ﬁndings, we suggest an optimal strategy for radiomic
bias-free analysis to archive all raw data of PET acquisitions
collected for a clinical study, to be then reconstructed and
segmented by standardized reconstruction and segmentation protocols. We found a subset of thirty features that
could be preferred for reproducible radiomic PET studies; 3
of them seeming particularly suitable for capturing tumor
heterogeneity. However, our results need to be conﬁrmed by
other more extensive studies and cannot be exactly transferred to real or more complex clinical conditions.

Data Availability
An image set of our original anthropomorphic phantom is
available to researchers, after registration, at http://inlab.
ibfm.cnr.it/inlab/research_data.php.
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Objectives. Radiomic features extracted from diverse MRI modalities have been investigated regarding their predictive and/or
prognostic value in a variety of cancers. With the aid of a 3D realistic digital MRI phantom of the brain, the aim of this study was to
examine the impact of pulse sequence parameter selection on MRI-based textural parameters of the brain. Methods. MR images of
the employed digital phantom were realized with SimuBloch, a simulation package made for fast generation of image sequences
based on the Bloch equations. Pulse sequences being investigated consisted of spin echo (SE), gradient echo (GRE), spoiled
gradient echo (SP-GRE), inversion recovery spin echo (IR-SE), and inversion recovery gradient echo (IR-GRE). Twenty-nine
radiomic textural features related, respectively, to gray-level intensity histograms (GLIH), cooccurrence matrices (GLCOM), zone
size matrices (GLZSM), and neighborhood diﬀerence matrices (GLNDM) were evaluated for the obtained MR realizations, and
diﬀerences were identiﬁed. Results. It was found that radiomic features vary considerably among images generated by the ﬁve
diﬀerent T1-weighted pulse sequences, and the deviations from those measured on the T1 map vary among features, from a few
percent to over 100%. Radiomic features extracted from T1-weighted spin-echo images with TR varying from 360 ms to 620 ms
and TE � 3.4 ms showed coeﬃcients of variation (CV) up to 45%, while up to 70%, for T2-weighted spin-echo images with TE
varying over the range 60–120 ms and TR � 6400 ms. Conclusion. Variability of radiologic textural appearance on MR realizations
with respect to the choice of pulse sequence and imaging parameters is feature-dependent and can be substantial. It calls for
caution in employing MRI-derived radiomic features especially when pooling imaging data from multiple institutions with
intention of correlating with clinical endpoints.

1. Introduction
Given the noninvasive nature of medical imaging along with its
ready availability, radiomic features, that is, radiographic cancer
imaging traits, have recently been sought after actively as
prognostic and/or predictive indicators under the hypothesis
that tumoral radiologic appearance conveys underlying phenotypic and/or genetic diversity [1–6]. Multifarious radiologic
features ranging from statistical parameters of intensity histogram to spatial interactions between intensity levels to textural heterogeneity measures and to morphological descriptor
have been brought up in relation to this context for imaging
modalities including computed tomography (CT), magnetic
resonance imaging (MRI), ultrasound, and positron emission
tomography (PET) amongst others in a variety of cancers [7–9].

As for MRI, radiomic features have been assessed in
diverse clinical sites such as the brain, head and neck, breast,
kidney, bladder, prostate, and extremities [8, 10–18]. The
results of these studies demonstrate that radiomic features
may hold potential for patient stratiﬁcation and subsequent
treatment adaptation. However, successful translation of
radiomics research into clinic will greatly depend on the
repeatability, reproducibility, and validity of the radiomic
features being investigated. By repeatability, it means that
given the same subject and imaging protocol, the same
results will consistently occur while reproducibility is
a measure of consistency from one scanner or one institution
to another. Validity however relates to the extent to which
radiomic features measure the underlying construct they
purport to measure [19]. These concerns have been
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Figure 1: Representative slice of quantitative maps comprising the 3D digital phantom: (a) M0 , (b) T1 , (c) T2 , and (d) T∗2 .

investigated by several studies with emphasis being laid,
respectively, on the eﬀects of radiomic features due to MRI
ﬁeld strength, imaging protocols, and manufacturers
through the use of either living subjects and/or physical
phantoms [20–25]. One of the major shortcomings of these
studies was the lack of ground truth information of radiomic
features of the objects of interest. In the absence of absolute
knowledge of the radiomic features of an object, repeatability
and reproducibility of radiomic features with respect to MR
imaging parameters can be assessed only to a limited degree,
and the critical issue of validity yet remains unanswered.
With the aid of a realistic 3D digital MR phantom of the
human brain, the objective of the current study was to
examine the impact of pulse sequence parameter selection
on MRI-based textural features of the brain.

3D phantom were generated using the following parameters:
for SE, TR/TE � 500/8.4 ms; for GRE, TR/TE � 120/8.0 ms;
for SP-GRE, TR/TE � 35/6.0 ms and FA � 40°; for IR-SE,
TR/TE/TI � 2400/20.0/1200 ms; and for IR-GRE, TR/TE/TI �
1900/2.98/900 ms. To investigate the dependence of radiomic
features on TR and TE in T1-weighted spin echo, MR images
were generated with TR varying from 360 ms to 620 ms in
increments of 10 ms and TE ranging from 3.4 ms to 13.4 ms in
increments of 0.5 ms. Finally, to investigate the dependence of
radiomic features on TE in T2-weighted spin echo, MR images
with TR � 6400 ms and TE varying from 60 ms to 120 ms were
generated. All of the aforementioned pulse sequence parameters were chosen to reﬂect T1 and T2 weightings commonly
used for 3T clinical brain MRI [28].

2. Materials and Methods

2.2. Radiomic Analysis. Radiomic textural analysis for different MR realizations was performed within three cubical
volumes of interest (VOIs) with one featuring less signal
heterogeneity (VOI 1), a second associated with relatively
strong signal heterogeneity on either the T1 map and/or the
T2 map (VOI 2), and a third larger volume encompassing
both types of regions (VOI 3). The VOIs speciﬁed are visualized in Figure 2(a). Prior to feature extraction, intensity
values within the considered VOIs were linearly rescaled to
the range of integers [0, 255]. The reason that intensity
normalization [29, 30] was not considered lies in the fact that
MR data of the present study were derived from simulations
and impacts of scanner-dependent variations on the image
data would be minimal at best, if not virtually nonexistent.
Radiomic parameters being assessed consisted of an array of
frequently referenced textural features derived, respectively,
from gray-level intensity histograms (GLIH), gray-level
cooccurrence matrices (GLCOM), gray-level neighborhood diﬀerence matrices (GLNDM), and gray-level zone
size matrices (GLZSM) [9, 31–33]. The considered GLIHbased features included variance, skewness, and kurtosis
with each characterizing the shape of intensity histogram,
respectively, from the aspect of dispersion, symmetry, and
peakedness. For GLCOM, with a voxel displacement of 1, the
neighboring properties of the voxels in the 13 directions of

2.1. MRI Simulation. A realistic digital phantom serving as
the source of generating MR images was adopted. The
utilization of a digital phantom has the principal advantage
of the existence of a known ground truth for the assorted
radiomic parameters. For each voxel of the digital phantom,
nuclear magnetic resonance (NMR) properties including
equilibrium magnetization (M0 ), longitudinal relaxation
time (T1 ), transverse relaxation time (T2 ), and transverse
relaxation time with extra dephasing eﬀects (T∗2 ) were deﬁned [26]. Figure 1 shows one representative axial slice of
the M0 , T1 , T2 , and T∗2 maps comprising the digital
phantom. MR images of the employed digital phantom were
realized using SimuBloch, a simulation package implemented for fast production of image sequences based on
solving the Bloch equations, which is hosted on the Virtual
Imaging Platform (VIP), a computing platform providing
high computational resources for multimodality medical
image simulation [27]. Pulse sequences being considered
consisted of spin echo (SE), gradient echo (GRE), spoiled
gradient echo (SP-GRE), inversion recovery spin echo (IRSE), and inversion recovery gradient echo (IR-GRE).
To investigate the reliability of radiomic feature with
respect to pulse sequence choice, T1-weighted images of the
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Figure 2: (a) Central slice of the volumes of interest (VOI) being utilized, overlaid on the T1 map of the digital phantom, with VOI 1 in blue,
VOI 2 in red, and VOI 3 in green. T1-weighted images generated from (b) spin echo (SE), (c) gradient echo (GRE), (d) spoiled gradient echo
(SP-GRE), (e) inversion recovery spin echo (IR-SE), and (f ) inversion recovery gradient-echo (IR-GRE).

3D space were taken into account simultaneously by adding
up the intensity cooccurrence patterns into one single matrix
[8]. GLCOM-based textural features capture local spatial
properties of the image via examination of the joint occurrence probability of one gray-level value relative to another at a speciﬁed linear displacement. GLNDM-based
features, with a neighborhood size of 3 × 3 × 3, exploit visual perceptual property of textures by discerning the spatial
details within an image in terms of the gray-level diﬀerence
between image voxels and their local neighborhoods.

GLZSM-based features depict regional spatial properties of
the image content by taking account of the spatial frequency
of contiguous regions that encompass voxels sharing
identical gray-level values. Radiomic analysis was carried out
using an in-house developed program [34, 35], and summarized in Table 1 are the imaging features being investigated. Radiomic metrics extracted from the resultant
MR images were compared to identify the inﬂuence on
textural metrics due to the pulse sequence selection and
pulse sequence parameter variation.
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Table 1: MRI radiomic textural features being examined.

Category
Based on gray-level intensity histogram (GLIH)

Based on gray-level cooccurrence matrix (GLCOM)

Based on gray-level zone size matrix (GLZSM)

Based on gray-level neighbourhood diﬀerence matrix (GLNDM)

2.3. Statistical Analysis. Statistical analysis was performed
using JMP Pro® (Version 13, SAS Institute Inc., Cary, NC).
Textural features measured in images generated from the 3D
digital phantom using the ﬁve T1-weighted pulse sequences
were compared to those measured in the T1 map, by calculating the absolute percentage error. Coeﬃcient of variation (CV) was calculated for spin-echo T1-weighted images
with varying TR and T2-weighted images with varying TE.

3. Results
Examples of axial slices of T1-weighted images generated
from the 3D digital brain phantom utilizing various pulse
sequences are shown in Figure 2 with panel (b) for spin echo
(SE), (c) for gradient echo (GRE), (d) for spoiled gradient
echo (SP-GRE), (e) for inversion recovery spin-echo
(IR-SE), and (f ) for inversion recovery gradient-echo (IRGRE). As can be seen from the ﬁgure, the simulated images,
though qualitatively similar, manifest diﬀerent degrees of
T1 weighting.
Figure 3(a) shows a comparison of textural features
measured in VOI 1 in each T1-weighted image in relation
to those measured from the T1 map. VOI 1 featured
a relatively homogeneous region in the T1 maps and would
be expected to bear less relevance to nontrivial spatial
variation in terms of T1-weighted signal intensity; however,
the majority of the textural metrics derived from the resultant T1-weighted images yielded substantial diﬀerences

Feature
Variance
Skewness
Kurtosis
Contrast
Correlation
Dissimilarity
Energy
Entropy
Homogeneity
SumAverage
Variance
Short zones emphasis (SZE)
Large zones emphasis (LZE)
Low gray-level zones emphasis (LGZE)
High gray-level zones emphasis (HGZE)
Short zones low gray-level emphasis (SZLGE)
Short zones high gray-level emphasis (SZHGE)
Large zones low gray-level emphasis (LZLGE)
Large zones high gray-level emphasis (LZHGE)
Gray-level nonuniformity (GLN)
Zone size nonuniformity (ZSN)
Zone size variance (ZSV)
Gray-level variance (GLV)
Zone percentage (ZP)
Coarseness
Contrast
Busyness
Complexity
Strength

from those extracted from the T1 map. Considerable differences in textural parameters were observed also between
each T1-weighted image and the T1 map for VOI 2, as is
presented in Figure 3(b). A comparison of textural parameter variation patterns between VOI 1 and VOI 2 reveals that, for regions with relatively homogeneous signals,
GLIH-based features have the most radical changes while
GLZSM-based features for those regions with heterogeneous signals. With GLIH-based metrics depicting global
spatial attributes, GLZSM-based depicting regional spatial
attributes, and GLCOM-based and GLNDM-based features
depicting local spatial attributes, these results demonstrate
that there exist extensive amounts of spatial intensity alteration across diverse scales between the images and the
map data. From Figure 3, it can also be readily appreciated
that diﬀerent pulse sequences, though all accentuating T1
weighting, capture and reﬂect the actual spatial characteristics of the T1 map to greatly diﬀering degrees.
Dependence of radiomic features on pulse sequence
parameters (i.e., TR and TE) was assessed for T1-weighted
spin-echo imaging. MR images of spin echo with TR
varying from 360 ms to 620 ms in increments of 10 ms and
TE ranging from 3.4 ms to 13.4 ms in increments of 0.5 ms
were generated. Figure 4(a) shows CV of each radiomic
feature measured in VOI 3 over the range of TR being
examined with TE being ﬁxed to 3.4 ms, the shortest one
investigated. While for most of the features CVs are less
than 5%, it is noted that several, including GLIH-based
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Figure 3: Absolute percentage error for textural features from T1-weighted images shown in Figure 2 and measured in (a) VOI 1, a relatively
homogeneous region, and (b) VOI 2, a more heterogeneous region of the brain in relative to those measured from the T1 map.

kurtosis, GLZSM-based LGZE, SZLGE, LZLGE, ZSV, and
GLV have much larger variability with CV in the range
15–45%. Although there is no clear threshold of CV for
acceptable reproducibility of MRI-based radiomic parameters, greater CVs would imply these features are associated with poor, if not lacking, values towards clinical
relevance. The impact of TE selection on radiomic parameter
variability was examined too, and Figure 4(b) shows the eﬀect
on the variability of several example features measured in VOI
3 when using increased TE values in T1-weighted spin-echo

imaging with TR ranging from 360 ms to 620. It can be seen
that, for the presented radiomic feature, the selection of TE
may exercise considerable inﬂuence on the variation being
due to varying TR.
Dependence of radiomic parameters on TE in T2weighted spin-echo imaging was explored aided by generation of MR images of spin echo with TR of 6400 ms and TE
varying from 60 ms to 120 ms in increments of 10 ms.
Figure 5 shows the CV of each radiomic feature measured in
VOI 3 for the generated T2-weighted images. Most of the
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Figure 4: (a) Coeﬃcient of variation (CV) for textural features in VOI 3 for T1-weighted spin-echo images with TR varying over the range
360–620 ms and shortest TE (TE � 3.4 ms). (b) Dependence of several textural features’ CV on TE for T1-weighted spin-echo images with TR
varying over the range 360–620 ms, showing the eﬀect of admixing T2 weighting into the nominally T1-weighted image.

radiomic features exhibit CV less than 25%, except for
GLIH-based kurtosis and GLZSM-based GLV which assumed, respectively, a value of 70% and 43%. In comparison

to those shown in Figure 4 for T1-weighed imaging,
radiomic textural features, in general, demonstrate greater
variability with respect to T2-weighted imaging.
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Figure 5: Coeﬃcient of variation (CV) for textural features in VOI 3 for T2-weighted spin-echo images with TE varying over the range
60–120 ms and TR � 6400 ms.

4. Discussion
Radiomics seeks to build image-based predictive risk models
for diagnosis and prognosis. In the case of tumor diseases,
such models may predict, for example, grade, stage, response, recurrence free survival, overall survival, and
radiation-induced toxicity, based on imaging modality.
Given that a great number of radiomic features, also known
as image biomarkers, may be extracted, the imminent
question arose as to which features are relevant and reproducible. There are, in general, two main approaches to
tackle this question. The ﬁrst one is the agnostic approach. In
this approach, predictive models are built using large heterogeneous image data for a certain outcome and speciﬁc
tumor phenotype with all image features entering the
radiomics process followed by subsequent screening for
robustness and relevancy. The advantage of this approach is
that it is relatively straightforward and more closely approaches the end goal, that is, the building of clinical models
for treatment individualization. The disadvantages are that
the reason why a feature is incorporated in the model, and
how a feature is directly related to tumor phenotype and/or
genotype, is obscured. The amount of image data required
for such an approach is voluminous which makes data
accrual and retrieval extremely diﬃcult for any given single
center, if not impossible.
The second approach is prescriptive and is intended to
seek out robust radiomic features based on reproducibility
analysis and relevant biomarkers using a univariate correlation with clinical end points of interest. This approach can
reveal the reason why a feature is being selected in the model.
However, in this approach, there are many parameters involved throughout the whole process for radiomics analysis,
ranging from imaging acquisition to preprocessing steps,
and to feature extraction, and consequently, there are many
degrees of freedom to deal with. The impetus for this work
was to determine the impact of some key MR imaging

parameters on radiomic features of the brain; however, it is
not feasible to pick images in databases to achieve uniformity of imaging parameters, as doing so would severely
diminish the usable number of data. We, therefore, turned to
simulation to allow us to explore a large MR acquisition
space and the variance of radiomic features in that large
space.
The important results reported in this study may be
summarized as follows: (1) radiomic textural features vary
considerably on T1-weighted images produced by diﬀerent
pulse sequences; (2) radiomic textural features on T1weighted images can deviate considerably from those in
the T1 maps; (3) for spin-echo imaging, textural features can
depend strongly on choice of TR and TE; and (4) errors and
variances mentioned above are feature dependent.
It is perhaps not surprising that diﬀerent T1-weighted
pulse sequences produce images in which the textural
features vary since we did not attempt to normalize the
degree of T1 weighting. What is somewhat surprising is the
degree to which pulse sequence choice impacts many
textural features and moreover, that there is such disparity
for some features among images that appear very similar.
Furthermore, it is striking how much some features on
these T1-weighted images diﬀer from the T1 map. The
clinical signiﬁcance of these ﬁndings, we believe, lies in the
utilization of T1- and T2-weighted images as input to any
predictive risk models of brain disease. To the extent that
certain features are more or less robust to MRI acquisition
details, they may be more or less weighted as input to risk
model, resulting in a more accurate prediction. Most, if not
all, models in use today are agnostic regarding radiomic
features and their weightings in the development of models
[6]. Also, to the extent that the models’ predictive power
depends on biophysical properties of the tissue related to
T1 or T2, which manifest themselves in T1- or T2-weighted
MR images, radiomic features that capture the true T1 or
T2 (i.e., features with small error) will provide a stronger
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and more reliable input. The variability of features seen
across pulse sequences led us to focus on the TR/TE dependence within one pulse sequence (spin echo). The CVs
for spin echo are in general greater for T2- versus T1weighted images; the signiﬁcance of this observation is yet
to be determined but again, may be important when
weighting image data used as input to predictive risk
model. It is interesting to see the dependence of CV on TE
in T1-weighted images. This is presumably due to admixture of T2 weighting to a nominally T1-weighted image.
Although ideally one would use the minimum TE to
maximize signal-to noise, it may be necessary to increase
TE to accommodate, for example, ﬂow-compensated
gradient pulses, or lower bandwidth for higher spatial
resolution. Again, we see that it is important to recognize
that TE may inﬂuence the ﬁdelity of T1-weighted images.
Early work on application of texture analysis to MR images
of gel and polystyrene sphere phantoms indicated sensitivity of
texture features to MR acquisition details including TR, TE,
and bandwidth, but robustness of texture pattern discrimination as long as the spatial resolution was suﬃciently high
[22, 23]. A multi-institutional study of 73 subjects found that
texture analysis applied to T1- and T2-weighted brain images
using three diﬀerent MR scanners was able to discriminate
tissue type (white/gray matter, CSF, and tumor) despite
nonuniform acquisition protocols [21]. A study of the eﬀect of
MR slice thickness in texture-based classiﬁcation of normal
tissue versus plaque in multiple sclerosis patients showed only
moderate diﬀerences between 1 mm and 3 mm slices [24].
Likewise, a phantom study using clinical breast imaging
protocols showed that acquisition parameters may not greatly
inﬂuence the ability of texture analysis to diﬀerentiate diﬀerent
texture phantoms [17]. The essence of this prior work is that
while some texture features may be sensitive to MR acquisition
details, there are others that are able to correctly classify tissue
independent of MR acquisition details. Our results are in
agreement with the prior work, in that we found that some
texture features are stable across the clinically relevant range of
TR/TE. The advantage of our simulation approach is that we
are able to explore the stability of features over a wide array of
MR acquisition protocols. Another advantage of our simulation approach is that we are able to compare MRI-based texture
features with the ground truth. We have shown that there can
be very large absolute errors for many features for some pulse
sequences. The degree to which this diﬀerence from ground
truth aﬀects the ability of texture analysis to capture tissue
heterogeneity/composition, which is known to be important in
characterizing tumor aggressiveness, is unclear at this point.
Although this work is illuminating and is to our
knowledge the ﬁrst attempt to determine the radiomic
feature dependence on MRI acquisition details using
comparison to the underlying map data, there are several
limitations. First, we examined normal brain images only.
Future work will utilize quantitative images of disease, as
MRI acquisition dependence of diseased tissue radiomic
features, and/or those of organs at risk during treatment, is
of supreme clinical importance. Secondly, our chosen VOIs
did not correspond to any particular anatomy. VOI 1 and
VOI 2 were chosen as they are visually distinct regions, one
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being mostly homogeneous and the other with obviously
more heterogeneity; VOI 3 is a slightly larger region
encompassing both, and all VOIs were roughly on the order
of the size of a typical glioma. Further work will incorporate
expertly delineated regions corresponding to relevant normal brain structures as well as pathology. Furthermore, in
this work, we focused solely on the inﬂuence of pulse sequence, TR, and TE. Future work will incorporate into the
MRI image generation the eﬀects of noise, ﬁeld strength,
reconstruction algorithm, image artifacts, and other MR
acquisition techniques including diﬀusion-weighted imaging to better mimic image generation in the clinic.

5. Conclusion
Radiomic features vary considerably among images generated by the ﬁve diﬀerent T1-weighted pulse sequences, and
a great number of the features deviate considerably from
those measured on the T1 map. For the spin-echo pulse
sequence, a certain number of the features measured on
nominally T1- and T2-weighted images depend strongly on
choice of TR/TE, even with TR/TE restricted to a range
normally encountered in clinical MRI. The clear implication
is that there exist sources of variability that can confound
studies, especially those pooling imaging data from multiple
institutions, attempting to link MRI-derived radiomic features to biomarkers and clinical outcomes.
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Purpose. To assess correlations between volumetric first-order texture parameters on baseline MRI and pathological response
after neoadjuvant chemotherapy (NAC) for locally advanced breast cancer (BC). Materials and Methods. 69 patients with locally
advanced BC candidate to neoadjuvant chemotherapy underwent MRI within 4 weeks from the start of therapeutic regimen. T2,
DWI, and DCE sequences were analyzed and maps were generated for Apparent Diffusion Coefficient (ADC), T2 signal intensity,
and the following dynamic parameters: 𝑘-trans, peak enhancement, area under curve (AUC), time to maximal enhancement (TME),
wash-in rate, and washout rate. Volumetric analysis of these parameters was performed, yielding a histogram analysis including firstorder texture kinetics (percentiles, maximum value, minimum value, range, standard deviation, mean, median, mode, skewness,
and kurtosis). Finally, correlations between these values and response to NAC (evaluated on the surgical specimen according to
RECIST 1.1 criteria) were assessed. Results. Out of 69 tumors, 33 (47.8%) achieved complete pathological response, 26 (37.7%) partial
response, and 10 (14.5%) no response. Higher levels of AUCmax (𝑝 value = 0.0338), AUCrange (𝑝 value = 0.0311), and TME75 (𝑝
value = 0.0452) and lower levels of washout10 (𝑝 value = 0.0417), washout20 (𝑝 value = 0.0138), washout25 (𝑝 value = 0.0114), and
washout30 (𝑝 value = 0.05) were predictive of noncomplete response. Conclusion. Histogram-derived texture analysis of MRI images
allows finding quantitative parameters predictive of nonresponse to NAC in women affected by locally advanced BC.

1. Introduction
Neoadjuvant chemotherapy is the first-line treatment for
locally advanced breast cancer and is a viable option to
reduce the extent of surgery needed to achieve adequate
resection [1], but tumor response may vary among different
subtypes of cancers. On average, only 30% cancers respond
completely to NAC [2]. Treating a chemoresistant BC with
NAC may cause patient harm, because of the delay of surgery,
with potential disease progression during NAC, and because
of drug toxicity [3]. Magnetic resonance imaging (MRI),
based on dynamic contrast enhanced (DCE) sequences and
diffusion weighted imaging (DWI), is a well-established tool

to assess pretreatment tumor extent and final response to
NAC [4]. Indeed, multiparametric MRI is the most reliable
currently available technique able to study morphology,
vascularization, and cellular density. Parameters extracted
from MR images are usually extracted from a 2D region of
interest (ROI): the results are the average value obtained from
an arbitrarily selected slice. Since breast cancer may have
very heterogeneous composition (featuring the coexistence
of necrotic areas, highly vascularized and cell-packed areas,
fibrosis, and edema), nonunivocal results have been thus far
been obtained in literature from MR parameters as predictive
factors of response to NAC [3, 5]. More recent studies suggest
that a volume-based histogram analysis of MRI parameters,

2
including calculation of first-order texture kinetics, could
allow a more accurate assessment of tumor heterogeneity
intrinsic to breast cancer [6]. As a consequence, recent studies
have been focusing at finding different texture metrics which
could turn out useful in the characterization of malignant
lesions and their response to neoadjuvant chemotherapy [7–
9]. In our work, we wanted to evaluate the possible correlation
between texture parameters and response to NAC, according
to different histotypes in locally advanced BC.

2. Methods
2.1. Population. This retrospective study has been performed
in accordance with the ethical standards as laid down in the
1964 Declaration of Helsinki and its later amendments.
Informed consent for the use of anonymized images and
clinical data was obtained from all individual participants
included in the study.
We reviewed the history of all patients with histopathologically proven (core-needle biopsy), locally advanced
breast cancer undergoing neoadjuvant chemotherapy (NAC)
between January 2012 and January 2016 at our institute.
Apart from the histological verification of the invasive breast
carcinoma, inclusion criteria comprised the presence of a
measurable lesion, according to Response Evaluation Criteria
in Solid Tumors (RECIST 1.1). The exclusion criteria were the
presence of distant metastases. In patients presenting with
more than one lesion, only the one with largest diameter was
considered for study. All patients were managed according
to multidisciplinary-based protocols in collaboration with
in-house oncologists and surgeons. Baseline MRI evaluation
was planned within 4 weeks before the beginning of the
NAC protocol. All patients underwent surgical excision at our
institute and final histopathological analysis was performed.
2.2. Neoadjuvant Chemotherapy. All patients received a
treatment based on taxanes and anthracyclines. HER2
positive tumors also received Trastuzumab. NAC regimens
included Adriamycin/Taxane + Cyclophosphamide/Methotrexate/Fluorouracil (ATCMF) for 15 patients, ATCMF +
Herceptin (ATCMFH) for 8 patients, weekly Taxane/
Herceptin + Fluorouracil/Epirubicin/Cyclophosphamide
(WTH-FEC) for 9 patients, weekly Taxane/Adriamycin/Fluorouracil/Epirubicin/Cyclophosphamide (WAFEC) for 3 patients, Taxane/Herceptin/Pertuzumab (THP) for 2 patients,
Fluorouracil/Epirubicin/Cyclophosphamide/Taxane/Herceptin (FECTH) for 4 patients, weekly Taxane/Fluorouracil/
Epirubicin/Cyclophosphamide (WTFEC) for 14 patients,
ATCM + Capecitabine (ATCMX) for 2 patients, Carboplatin/
Taxane (CBDCAT) for 1 patient, and weekly Taxane (WT)
for 1 patient. For 7 patients, the exact NAC regimens were
not available.
2.3. MRI Examination Technique. All MRI studies were
performed at our department on a 1,5T system (Achieva
DStream, Philips Medical Systems) equipped with a dedicated double breast coil (Breast Sense Coil). Patients were in
the prone position. Standard sequences were acquired: a T2weighted Turbo Spin Echo (TSE) sequence was performed in
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the axial plane (FOV 270 × 331 mm2 , TR 4100 ms, TE 120 ms,
matrix 300 × 301, slice thickness 2.2 mm, gap 0.5 mm, and
time of acquisition = 3 36 ). DWI was performed using a
single-shot echo-planar image (EPI) sequence on the axial
plane with the following parameters: FOV 280 × 336 mm2 ,
TR/TE 7585/81 ms, matrix 156 × 132, slice thickness 3 mm,
gap = 1 mm, and acquisition time 2 54 . Sensitizing diffusion
gradients were applied along the 𝑥-, 𝑦-, and 𝑧-axes with 𝑏
value of 0 and 900 s/mm2.
A precontrast axial 3D T1-weighted Dixon Fast Field Echo
(FFE) sequence (FOV 330 × 330 mm2 , TR 12 ms, TE1 2.1 ms,
TE2 4.0 ms, matrix 400 × 394, slice thickness 2.2 mm, gap =
0 mm, and time of acquisition = 1 30 ). Then, 0.1 mmol/kg
of gadobutrol (Gadovist, Bayer) was injected intravenously
(V = 2 ml/s), followed by 20 ml of saline, and 10 s later the
T1-weighted sequence was repeated 5 times with the same
parameters used in the precontrast acquisition. Following the
acquisition, the axial precontrast T1-weighted sequence was
subtracted from the axial postcontrast images.
2.4. Breast MRI Analysis. MRI studies were interpreted by
two experienced radiologist; conventional images were available during interpretation. Tumor size was recorded as the
longest dimension in the T1-weighted contrast-enhanced
subtracted images on the pre-NAC MRI, following the
Response Evaluation Criteria in Solid Tumor (RECIST). If the
lesion was still present on the post-NAC MRI, its diameter
was recorded too and the percent reduction in tumor size
was then calculated. For patients with presence of multiple
lesions, only the largest one was considered for analysis.
Based on the percent reduction in tumor size and according
to RECIST 1.1 criteria, the response to NAC was classified
as complete response if the lesion had a reduction of 100%,
partial response if the reduction was at least 30%, progression
if the lesion increased of at least 20%, and stable disease if
there was not partial response neither progression. Each
lesion visualized on subtracted images was then categorized
according to the MRI BI-RADS classification system (Breast
Imaging Reporting and Data System, American College of
Radiology).
2.5. Volumetric and Histogram Analysis. Diffusion weighted
imaging and dynamic contrast enhanced and T2 sequences
were imported using OLEA software (OLEA Sphere 3.0,
OLEA Medical), which then generated maps for Apparent
Diffusion Coefficient, T2 intensity projection, 𝑘-trans, area
under curve (AUC), time to maximal enhancement (TME),
wash-in rate, washout rate, and peak enhancement. VOIs
were manually depicted slice by slice on the aforementioned
maps. The software then generated histograms for each of the
8 VOIs analyzed. Finally, the first-order texture parameters
were extrapolated from the histograms, including percentiles,
maximum value, minimum value, range, standard deviation,
mean, median, mode, skewness, and kurtosis.
2.6. Histopathological Analysis. Breast specimens, obtained
before the pre-NAC MRI, were analyzed by an experienced
pathologist. Tumor size and location were described. The
histological type of breast cancer was defined according
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Table 1: Univariate analysis of the correlations between texture parameters and the nonresponder category. Negative predictive value: NPV,
positive predictive value: PPV, accuracy: ACC, and area under the curve: AUC.
Parameter

Threshold

Sensitivity

Specificity

PPV

NPV

ACC

AUC

𝑝 value

AUCMAX

536645,51

0,50

0,88

0,42

0,91

0,83

0,71

0,03

AUCRANGE

534858,33

0,50

0,88

0,42

0,91

0,83

0,72

0,03

373,03

0,80

0,63

0,27

0,95

0,65

0,70

0,05

0,01

0,70

0,68

0,27

0,93

0,68

0,70

0,04

TME75
Washout10
Washout20

0,01

0,70

0,83

0,41

0,94

0,81

0,75

0,01

Washout25

0,03

0,70

0,81

0,39

0,94

0,80

0,75

0,01

to the WHO classification. Tumor histopathological grade
was assessed by the Elston–Ellis System. The assessment of
estrogen receptor (ER) and progesterone receptor (PR) status
was carried out by using the appropriate monoclonal antibody. Human epidermal growth factor receptor 2 (HER2)
status was evaluated by both FISH and IHC. The Mib-1
monoclonal antibody was used to assess the Ki-67 status of
specimen. Since breast cancer molecular subtypes defined by
gene expression analysis have been shown to be reasonably
approximated using classical IHC markers, breast lesions
were classified according to their ER, PR, HER2, and Ki67
status: Luminal A lesions were ER positive, PR positive, and
Ki67 < 14% and HER2 negative; Luminal B were ER positive
and PR positive with either Ki67 > 14% or HER2 positive;
HER2 enriched were ER negative, PR negative, and HER2
positive; triple-negative were ER, PR, and HER2 negative.
Surgical specimens were analyzed to define the pathologic
complete response (pCR) as the absence of microscopic residual invasive cancers. A pathological incomplete response was
defined as the presence of microscopic invasive tumor in the
final pathology. The presence of tumor positive lymph nodes
was not considered in the assessment of response.

2.7. Statistical Analysis. For the analysis of correlation
between texture parameters and response, quantitative variables were described by their average value and standard
deviation, qualitative variables by absolute, and relative frequencies. For both complete responders (CR) and nonresponders (NR), the overall discrimination performance of
each variable was evaluated through ROC analysis and
the associated area under curve (AUC). Then, for CR
and NR groups separately, the quantitative variables were
dichotomized according to the top-left corner rule. Based on
the ROC curve, an optimal cut-off was fixed, maximizing the
quantity (1−sensitivity)2 + (1−specificity)2 . The performance
of the cut-off at discriminating the group of patients under
consideration from the others was measured by sensitivity,
specificity, positive predictive value, negative predictive value,
and accuracy. All 𝑝 values were computed by means of permutation methods to avoid and distributional assumption or
asymptotic approximation. 𝑝 values < 0.05 were considered
significant. All the analysis was performed in R environment.

3. Results
3.1. Demographics. We enrolled 69 patients with histopathologically proven breast cancer. Mean age was 47.9 years,
with a range between 29 and 80 years. Out of 69 patients
under examination, 33 (47.8%) achieved complete pathological response, 26 (37.7%) achieved a partial response, and 10
(14.5%) did not respond to treatment. The mean tumor size
was 3.8 cm (range, 1.1–10.0 cm). The axillary lymph nodes
were positive in 44 cases and negative in 25 cases. Histological
grades of the tumors were grade 1 or 2 in 27 cases and 3 in
42 cases. Regarding distribution of the histological subtypes,
6 (8.7%) were Luminal A, 24 (34.8%) were Luminal B, 21
(30.4%) were triple negative, and 18 (26.1%) were Her2enriched.
3.2. Correlations between Texture Parameters and Pathological Response. No significant correlations were found
between histogram-derived variables and complete responders. Univariate analysis of the correlations between texture parameters and the nonresponder category yielded
significant results for the variables reported in the table
(Table 1). AUCMAX and AUCRANGE were found to be
higher in the NR group (threshold levels of 536,645.5 (𝑝
value = 0.0338) and 534,858.3 𝑝 value = 0.0311, resp.);
TME75 was also higher in the NR group (threshold: 373
𝑝 value = 0.0452), whereas lower values of washout10
(𝑝 value = 0.0417), washout20 (𝑝 value = 0.0138), and
washout25 (𝑝 value = 0.0114) were correlated to the NR group.
No significant correlations between mean values of any of
these variables and nonresponder group were found.
Figures 1–7 show the ROC curve of AUCmax, AUC range,
TME75 , washout10 , washout20 , and washout25 for prediction
of pCR. The area under the ROC curve (AUC) of the AUCmax was 0.712 (𝑝 < 0.034), and its cut-off value was higher
than 536.645 (sensitivity = 50%; specificity = 88.1%). The
AUC of the AUC range was 0.715 (𝑝 < 0.031), and its cut-off
value was higher than 534.858 (sensitivity = 50%; specificity
= 88.1%). The AUC of the TME75 was 0.7 (𝑝 < 0.045),
and its cut-off value was higher than 373.035 (sensitivity
= 80%; specificity = 62.7%). The AUC of the washout10
was 0.703 (𝑝 < 0.042), and its cut-off value was higher
than 0.006 (sensitivity = 70%; specificity = 67.8%). The AUC
of the washout20 was 0.746 (𝑝 < 0.014), and its cut-off value
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(a)

(b)

Frequency

100
50
0

Washout (responder)

200
150
100
50
0

0.011705444
0.181186201
0.350666958
0.520147715
0.689628471
0.859109228
1.028589985
1.198070742
1.367551499
1.537032256
1.706513012
1.875993769
2.045474526
2.214955283
2.38443604
2.553916797
2.723397553
2.89287831
3.062359067

0.010217751
0.195264161
0.38031057
0.56535698
0.750403389
0.935449798
1.120496208
1.305542617
1.490589027
1.675635436
1.860681845
2.045728255
2.230774664
2.415821074
2.600867483
2.785913892
2.970960302
3.156006711
Altro

Frequency

Washout (nonresponder)
150

Value

Value

(c)

(d)

Figure 1: Appearance of a lesion on both subtraction (a) images and washout maps (b). Histogram of washout value in a responder patient
(c) and in a nonresponder patient (d).
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Figure 2: ROC curve of AUCmax for prediction of pCR.

Figure 3: ROC curve AUC range for prediction of pCR.

was higher than 0.011 (sensitivity = 70%; specificity = 83.1%).
The AUC of the washout25 was 0.753 (𝑝 < 0.011), and its cutoff value was higher than 0.029 (sensitivity = 70%; specificity
= 81.4%).

previous studies have widely demonstrated that a pathological complete response (pCR) after NAC correlates with
a higher disease-free survival. In nonresponsive patients,
surgery should be carried out as soon as possible to avoid the
harm of a disease progression [3, 4]. Several studies already
investigated the predictive markers of response to NAC, with
contradictory results [4, 5, 7]. More recent works suggest
that a volume-based histogram analysis of MRI parameters,
including calculation of first-order texture kinetics, could

4. Discussion
The use of neoadjuvant chemotherapy (NAC) has become
the standard treatment of locally advanced breast cancer:
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Figure 4: ROC curve of TME75 for prediction of pCR.
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Figure 6: ROC curve of washout20 for prediction of pCR.
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Figure 5: ROC curve of washout10 for prediction of pCR.

Figure 7: ROC curve of washout25 for prediction of pCR.

allow a more accurate assessment of tumor heterogeneity
intrinsic to breast cancer [6, 9]. In our study, we evaluated
both textural and qualitative features of tumors (including
histopathological and MRI morphological data) as predictive
factors for response to NAC.
Univariate analysis between texture parameters and
pathological response yielded no significant results for prediction of complete response. AUCMAX and AUCRANGE were
shown to be significantly higher in NR to NAC (𝑝 < 0.05).
AUC stands for area under curve of enhancement, and it gives
a measure of how much contrast is uptaken by the lesion.

AUCMAX may reflect the presence of highly hypervascular
voxels in the most malignant part of the tumor which will not
respond to treatment. In literature, no studies assess the relevance of AUC as a predictive factor for pathological response,
but in a recent study by Pickles et al., histogram-derived
AUC values (AUC25 , AUC90 , and AUC95 ) were shown to be
a prognostically unfavourable factor for both DFS and OS
[7]. On the other hand, AUCRANGE may be a reflection of
the difference between the most vascularized and the least
vascularized voxel within the lesion. It is possible to speculate
that high values of AUCRANGE in cancers not responding
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to neoadjuvant treatment might be due to the presence
of both hypervascular, highly malignant voxels, and less
vascularized parts of the tumor, such as, for example, necrotic
parts peculiar of aggressive cancers or fibrotic areas in
the less aggressive subtypes (Luminal A). Interestingly, in
our study mean and median AUC did not yield significant
results; therefore, only through histogram analysis we were
able to demonstrate the relevance of AUC of enhancement
in the prediction of breast cancer response to neoadjuvant
chemotherapy. Time to maximal enhancement (i.e., time
between injection of contrast and peak of enhancement.) 75th
percentile was also found to be higher in NR than CR. Data
on the literature about the significance of time to maximal
enhancement are limited. However, we may speculate that it
takes longer for the contrast to get to its peak because of
poorer efficacy of vascularization in cancers which will not
respond to neoadjuvant chemotherapy. Indeed, in this sense,
a less “avid” tumoral bed would lead to less efficient drug
delivery. In our studies, lower values of washout10 , washout20 ,
and washout25 were all predictors of NR to NAC. Washout
rate is a measure of the flow back to plasma after being diffused into interstitium. In literature, this finding is apparently
in contrast with the recent study by Wu et al. 2016, which
showed that heterogeneity of the tumor subregion showing
higher values of washout rate predicted response to NAC
[10]. Furthermore, Chaudhury et al. recently showed that
heterogeneity in intratumoral regions with rapid gadolinium
washout was associated with estrogen receptor status and
nodal metastasis [11]. However, it must be noted that lower
values of washout rate in chemoresistant cancers is only
occurring at low percentiles. The possible explanation for this
is that necrotic areas showing low washout values may be predominating at lower percentiles in highly heterogeneous cancers. Mean and median values of washout rate did not yield
significant results: this is in accordance with Abramson et al.
2013, who studied, among other variables, mean washout in
a cohort of patients undergoing NAC but did not find
significant results in the predictive setting [12].
Regarding diffusion weighted imaging, no significant
correlations were found between ADC texture metrics and
response to chemotherapy in our study. While literature
has shown that in some solid tumors lower ADC values
are associated with high cell density and better response to
chemotherapy [13], there are still controversial data concerning ADC as a predictive factor for therapeutic response in
breast cancer [3].
Our study has some limits: different chemotherapy regimens were used according to multidisciplinary-based protocols and may have affected the response rate. Furthermore,
analysis of DCE parameters was estimated from semiquantitative data of conventional dynamic study with a low temporal resolution (8 30 for whole dynamic study, 1 30 for
each acquisition); data extracted from a perfusional dynamic
sequence would be more reliable, but at the expense of
lower spatial resolution actually not acceptable in clinical
breast MRI.
Histogram-derived texture analysis of MRI images allows
finding quantitative parameters predictive of nonresponse
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to NAC, in women affected by locally advanced breast cancer. Nonresponsiveness could also be associated with some
morphological and histopathological features. The clinical
implication of this method is to reconsider the treatment
planning in patients who will likely not benefit from NAC,
sparing the toxicity of ineffective treatment and avoiding
delay in surgical treatment. These findings stress the importance of texture analysis for the assessment of tumor heterogeneity, with the goal of investigating future correlations with
histopathological prognostic factors.
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Breast cancer is a disease affecting an increasing number of women worldwide. Several efforts have been made in the last years to
identify imaging biomarker and to develop noninvasive diagnostic tools for breast tumor characterization and monitoring, which
could help in patients’ stratification, outcome prediction, and treatment personalization. In particular, radiomic approaches have
paved the way to the study of the cancer imaging phenotypes. In this work, a group of 49 patients with diagnosis of invasive ductal
carcinoma was studied. The purpose of this study was to select radiomic features extracted from a DCE-MRI pharmacokinetic
protocol, including quantitative maps of 𝑘trans , 𝑘ep , V𝑒, iAUC, and 𝑅1 and to construct predictive models for the discrimination
of molecular receptor status (ER+/ER−, PR+/PR−, and HER2+/HER2−), triple negative (TN)/non-triple negative (NTN), ki67
levels, and tumor grade. A total of 163 features were obtained and, after feature set reduction step, followed by feature selection
and prediction performance estimations, the predictive model coefficients were computed for each classification task. The AUC
values obtained were 0.826 ± 0.006 for ER+/ER−, 0.875 ± 0.009 for PR+/PR−, 0.838 ± 0.006 for HER2+/HER2−, 0.876 ± 0.007 for
TN/NTN, 0.811 ± 0.005 for ki67+/ki67−, and 0.895 ± 0.006 for lowGrade/highGrade. In conclusion, DCE-MRI pharmacokineticbased phenotyping shows promising for discrimination of the histological outcomes.

1. Introduction
Breast cancer is the most common malignant tumor that
affects women worldwide [1, 2]. It is one of the leading cause
of cancer death in women, with alarming statistics in the
young population (under 40 years) [3].
An early diagnosis and classification of the breast tumor
is fundamental in the patient’s management: the tumor genotype is often predictive of outcome [4], it is used clinically for
the selection of the most appropriate therapy [5–7] and has
proved valuable for personalized treatments [8–10].
According to their gene expression, breast tumors can be
classified into four molecular subtypes: luminal A (lumA),
luminal B (lumB), human epidermal growth factor receptor
2- (HER2-) like, and basal-like [11]. This classification is

based on the expression of estrogen receptor (ER), progesterone receptor (PR), HER2, and ki67, a marker of cellular
proliferation. According to St. Gallen 2013 [12], the lumA
subtype, defined as positive ER (ER+), positive PR (PR+, with
a positive value larger than 20%), negative HER2 (HER2−),
and low levels of ki67 (with a cut off of 20% [13]), shows
the best survival and the highest probability of being longterm disease-free [14]. LumB subtypes are characterized by
two different genotypes: ER+ combined with HER2− and
PR < 20% or high levels of ki67 (≥20) and ER+ together
with HER2+ with any value of PR and ki67. LumB has
higher proliferation and poorer prognosis than lumA [15].
HER2 (negative to ER and PR, positive to HER2) and
basal-like (negative for all three receptors and, consequently,
also known as triple negative, TN) subtypes have the worst
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prognosis and the latter is often associated with lymph node
involvement [16] and accounts for a large portion of breast
cancer deaths after diagnosis [17]. These receptors together
with ki67, providing direct observation on the molecular
underpinnings of the tumor, have been widely studied and
are at the basis of the choose for personalized treatments:
for example, patients with HER2+ cancer have been found
to be quite effectively treated with trastuzumab and lapatinib
[18]; ki67 has been identified as a prognostic and predictive
marker in hormone receptor positive breast cancer [19].
Breast cancers overexpressing ER, PR, and/or HER2 can
be specifically targeted with hormonal therapies, while TN
breast cancers currently have no targeted therapy available
and are limited to general cytotoxic chemotherapies [20].
Another important clinical variable for patients’ stratification and treatment options is the tumor grade. For breast
cancer, it is defined by the Elston-Ellis modification of the
Scarff-Bloom-Richardson grading system and it is based on
duct structures, size, and shape of nucleus in the tumor cells,
and mitotic rate, leading to a final three-grade scale: G1 (low
grade), G2 (intermediate grade), and G3 (high grade), with
lower grade indicating a better prognosis [21].
The molecular receptor status, ki67 levels, and tumor
grade are obtained by immunohistochemical analyses on
tissue samples [22] from core needle biopsy (CNB). CNB
is widely used as a standard procedure for diagnosis of
breast cancer [23], but, although several studies have reported
the concordance between preoperative CNB and surgical
specimens for molecular determination [24, 25], it has two
main limits. CNB, in fact, is an invasive procedure and it
may not reflect completely the complexity and heterogeneity
of tumor lesion, since the information obtained may vary
depending on which part of the tumor is sampled [26].
In recent years, an increasing interest has been focused
on the identification of imaging surrogates and development
of noninvasive diagnostic tools for cancer characterization
and monitoring [27]. In fact, the imaging approach, besides
its noninvasiveness, can give in vivo information on the
entire tumor volume, reducing inaccuracy due to sampling
errors in histopathological analyses. In particular, radiomic
approaches have proved to be a key way to study the cancer
imaging phenotypes, reflecting underlying gene expression
patterns [28, 29]. Radiomics, in facts, refer to the extraction
of a large number of quantitative features from medical
images [30], revealing heterogeneous tumor metabolism
and anatomy [31, 32]. This high-throughput extraction is
preparatory to a process of data mining [33] for studies of
association with or prediction of different clinical outcomes
[34], giving important prognostic information about disease.
The potential of radiomics, to extensively characterize the
intratumoral heterogeneity, has shown promise in the prediction of treatment response and outcome, differentiating
benign and malignant tumors and assessing the relationship
with genetics in many cancer types [35], such as non-smallcell lung cancer [36], liver [37], prostate [38] and head
and neck [39] tumors, and glioblastoma [40]. In the last
years, the most widely used imaging modalities in radiomic
research have been positron emission tomography (PET)
and computed tomography (CT) [41]; however, an increasing
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interest is emerging toward Magnetic Resonance Imaging
(MRI), which is an extremely versatile imaging technique,
as it can provide multiparametric information derived from
both morphologic and functional signals [42].
In particular, in breast cancer research, several radiomic
studies have been performed and are mainly based on
dynamic contrast-enhanced- (DCE-) MRI or combine MRI
with other imaging modalities, such as PET [43]. MRI,
in fact, is the most sensitive imaging modality for soft
tissue tumor detection, characterization, and accurate extent
definition [14, 44]; moreover, DCE-MRI is of great value in
the characterization of anatomic and functional properties
of breast cancer [45]. Previous radiomic studies of breast
cancer have been conducted for invasiveness evaluation [46,
47], treatment response [48–50] and recurrence [51, 52]
prediction, and genomic correlation [51], but the majority is
focused on the differentiation between molecular subtypes
[14, 16, 20, 34, 44, 52–58].
Although all of them are based on the extraction of morphological features and enhancement features from DCEMRI, no one takes into account the radiomic evaluation of the
quantitative DCE pharmacokinetic parameters (𝑘trans , 𝑘ep,
iAUC, and V𝑒) that, in standard correlation analysis with
mean values, have shown a good agreement with prognostic
factors and TN subtypes [59]. To overcome this approach
and take into account lesion heterogeneity, Li et al. [60]
performed a histogram-based analysis for differentiating
benign and malignant tumors.
The aim of this study was to select radiomic features
extracted from a DCE-MRI protocol, including precontrast
images, pharmacokinetic parametric maps, the auxiliary 𝑅1
map, and delayed postcontrast images, to evaluate their
prediction power in the differentiation of molecular receptor
status, ki67 levels, and tumor grade obtained by immunohistochemical analyses in a dataset of invasive ductal carcinoma
patients.

2. Materials and Methods
2.1. Patient Cohort. The study was approved by the Institutional Review Board. A group of 49 patients was enrolled.
Inclusion criteria were diagnosis of invasive ductal carcinoma, availability of the core biopsy or mastectomy biopsy
reports of the primary breast cancer, and age older than 18
years at the time of the study. Exclusion criteria included
pregnancy and inadequate MR images.
2.2. MR Imaging. MR examinations were performed on a 3T
Biograph mMR (Siemens Healthcare, Erlangen, Germany)
with a dedicated 4-channel breast coil. The imaging protocols
included a Turbo inversion recovery magnitude (TIRM)
sequence (TR = 4200 ms, TE = 60 ms, TI = 230 ms, FOV
= 380 × 380 mm2 , resolution = 1.48 × 1.48 mm2 , and slice
thickness = 4 mm); 6 gradient echo volumetric interpolated
breath-hold examination (VIBE) sequences at variable flip
angle (FA) for T1 mapping (TR = 5.3 ms, TE = 1.9 ms,
FAs = [2∘ , 5∘ , 8∘ , 12∘ , 15∘ , 20∘ ], FOV = 356 × 379 mm2 ,
resolution = 1.98 × 1.98 mm2 , and slice thickness = 3.6 mm);
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a dynamic scan with 60 consecutive phases with a VIBE
sequence (TR = 5.3 ms, TE = 1.9 ms, FA = 20∘ , FOV = 356
× 379 mm2 , resolution = 1.98 × 1.98 mm2 , slice thickness =
3.6 mm, and temporal resolution = 9 s/phase); and a delayed
3D postcontrast fat-suppressed T1-weighted gradient echo
sequences (TR = 8.4 ms, TE = 2.5 ms, FOV = 370 × 370 mm2 ,
resolution = 0.82 × 0.82 mm2 , and slice thickness = 0.89 mm).
Intravenous contrast injection started at the end of the first
phase of dynamic scan at a dose of 0.1 mmol/kg of body
weight and at the highest rate compatible with patient’s age
and compliance (up to 5 mL/s)
2.3. Immunohistochemistry. Core needle biopsies were performed under ultrasound guidance by a radiologist with
more than 15 years of experience. Biopsies were fixed in 10%
neutral buffered formalin at the time of biopsy. Mastectomy
specimens, obtained from patients who underwent mastectomy, were sent to the department of pathology immediately
after resection. Expression of ER, PR, HER2, and Ki67 was
determined by immunohistochemical analysis. Each tumor
sample was classified as ER+, PR+, and/or HER2+, or being
TN. The cut-off values for receptor and ki67 expression were
chosen accordingly to the St Gallen Consensus Meeting 2013
[12]. The histological grade was determined using the method
of Elston and Ellis. All pathological diagnoses were rendered
by the Breast Pathology Subspecialty Department at Ospedale
Moscati (Avellino, Italy).
2.4. Tumor Segmentation. 3D segmentation of the lesion
was obtained semiautomatically from the dynamic VIBE
sequence. After motion correction of the single phases on
the first time point, an experienced radiologist was asked to
manually draw a rectangular bounding box containing the
tumor region. Successively, the dynamic motion-corrected
sequence and the bounding box were given as input to the
SegmentCAD module of 3DSlicer [61], which automatically
segmented the lesion on the basis of the temporal dynamic of
the signal. Voxels that reached a signal increase higher than
the 75% of the first time point were selected as tumor. The cutoff of 75% was selected in accordance with a previous study
[62] that studied the concordance correlation coefficient
between the longest dimensions of the tumor measured on
the surgical specimen and on the DCE-MRI segmentation
when the cut-off value changed.
2.5. Pharmacokinetic Map Calculation. Pharmacokinetic
maps were obtained with the commercial software Tissue
4D (Siemens Healthcare, Erlangen, Germany). After an
automated step of motion correction of the VIBE sequences
at variable FAs with the dynamic VIBE sequence, the Toft
model [63] was chosen for the pharmacokinetic parameters
calculation. The arterial input function (AIF) used for the
analysis was set to “intermediate,” on the basis of populationbased AIFs built in Tissue 4D. Finally, 3D maps of 𝑘trans , 𝑘ep ,
V𝑒, and iAUC were obtained.
In addition to these quantitative maps, from the fitting
of the VIBE signal at variable FAs also the relaxation rate
𝑅1 (inverse of relaxation time 𝑇1 , used in the generation of
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pharmacokinetic parameters) was obtained, by an in-house
software developed in Matlab (The MathWorks Inc., Natick,
MA) and saved for feature extraction.
2.6. Image Preprocessing. Before feature extraction, some preprocessing steps were performed: for each subject, in order
to avoid the presence of spurious points in the tumor masks,
possible voxels, disconnected from the biggest connected
component, were erased. Then, the TIRM and the delayed
3D postcontrast fat-suppressed 𝑇1 -weighted (postC) images
were coregistered to the first time point of the dynamic
VIBE sequence in order to correct for possible patients’
movements and two resampled versions of the tumor mask
were generated, in order to match the resolution of TIRM
and postC images and to allow feature extraction in the
native space, for each acquisition. This step was not required
for 𝑅1 map, since it shared the same geometry of dynamic
VIBE sequence, which was used for lesion segmentation, and
consequently of 𝑘trans , 𝑘ep , V𝑒, and iAUC maps.
2.7. Feature Extraction. Nine shape features (including number of voxels, maximum and minimum diameter, volume,
surface area, surface volume ratio, compactness, spherical
disproportion, and sphericity) were extracted from the tumor
segmentation.
𝑅1 , 𝑘trans , 𝑘ep , V𝑒, and iAUC maps and TIRM and postC
were used for first- and second-order feature extraction.
They were normalized, limiting their dynamics within the
tumor mask to 𝜇 ± 3𝜎 [64]; then thirteen first-order features
were extracted from the intensity histogram computed on
256 bins: energy, entropy, kurtosis, maximum (Max), mean,
mean absolute deviation (Mad), median, minimum (Min),
root mean square (Rms), skeweness, standard deviation (Std),
uniformity, and variance.
The second-order features chosen for this study were Gray
Level Cooccurrence Matrix (GLCM) [65], computed by a
3D analysis of the tumor region with 26-voxel connectivity
and simultaneously taking into account the neighboring
properties of voxels in all the 3D direction [66], after image
quantization on 32 grey levels. The obtained features were
energy, contrast, entropy, homogeneity, correlation, sum
average, variance, dissimilarity, and auto correlation.
Therefore, considering the first- and second-order features computed for each of the seven images in addition to
the shape features, a total of 163 features were obtained.
2.8. Multivariable Analysis. Six classification tasks were chosen: ER+/ER−, PR+/PR−, HER2+/HER2−, TN/NTN (nontriple negative, that is, presence of at least one hormonal
receptor expression), ki67+/ki67− (using a cut-off of 20%),
and lowGrade/highGrade (low G1-G2 and high G3).
The multivariable predictive models were obtained following the method described by Vallières et al. [66], using
at each step an imbalance-adjusted bootstrap resampling
(IABR) on 1000 samples.
First, for each task, from the large initial set of 163
features, a reduced feature set of 25 features was computed
through a stepwise forward feature selection scheme. The
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Table 1: Sample size and groups for each classification task.
Positive

Negative

0.9

48
48
48
48
49
42

40
38
12
5
28
14

8
10
36
43
21
28

0.85

first feature was chosen as the best one (i.e., the one that
maximized Spearman’s rank correlation with the outcome
under investigation). Then, one at a time, features were added
(up to 25) that maximized a gain equation, given by the
linear combination of Spearman’s rank correlation (between
the feature and the outcome) and the Maximal Information
Coefficient (between the feature that was tested and the ones
that were yet included in the reduced set) [67].
Then, from the reduced feature set, logistic regression
models of order 𝑖 from 1 to 10 that would best predict the
outcome under investigation were obtained with another
stepwise forward feature selection that, one by one, added to
the 𝑖th model the feature that maximized the 0.632+bootstrap
area under the receiver operating characteristic curve (AUC)
[68] of the models of order 𝑖.
Finally, for each classification task, the prediction model
was obtained choosing the order that maximize the AUC and
computing the final model logistic regression coefficients for
the aforementioned combination of feature using IABR.
Mann-Whitney 𝑈 test was used to study the association
between each classification task and both the single features
of the respective reduced feature sets and the computed
prediction models.

3. Results
For each of the six classification tasks, the study population,
based on the availability of the histological markers under
investigation, was reported in Table 1.
The reduced feature sets, one for each classification task,
computed according to the stepwise forward feature selection
scheme and each composed by the 25 top ranked features in
the gain equation, were reported in Table 2, together with the
𝑝 values of the Mann-Whitney 𝑈 test for each feature. At this
univariate analysis only median, mean, and energy of 𝑘trans ,
together with the mean of 𝑘ep , resulted to be significantly
associated (considering the Bonferroni adjusted 𝑝 value for
multiple comparison) with the ki67+/ki67− outcome.
For each reduced feature set, multivariable logistic regression models of order from 1 to 10 were obtained and their
prediction performance for the different classification tasks
was reported in terms of AUC in Figure 1.
By inspecting the curves in Figure 1, the best prediction
results were overall reached for classification of tumor grade.
Interestingly, for ki67 level discrimination task, which had
individually significant features at the Mann-Whitney 𝑈 test
(see Table 2), the AUC values did not show any improvement

AUC

ER+/ER−
PR+/PR−
HER2+/HER2−
TN(+)/NTN(−)
Ki67+/Ki67−
lowGrade(−)/highGrade(+)

Total number

0.8
0.75
0.7
0.65

1

2

3

4

ER
PR
HER2

5
6
Model order

7

8

9

10

TN
ki67
Grade

Figure 1: Area under the receiver operating characteristic curve
of the multivariable models for each classification task, for model
orders from 1 to 10.

after order 2. For each task, the best model was chosen using
as figure of merit the AUC and the selected features were
given as input to the logistic regression. The order of the
chosen models and the associated prediction performance
were reported in Table 3.
The final computation of the multivariable model coefficients led to the following prediction models for ER, PR,
HER2+ expression, TN, ki67, and grade, respectively:
𝑔ER (𝑥𝑖 ) = 0.03 (𝑘ep GLCM AutoCorrelation)
− 261.80 (iAUC GLCM Variance)
− 18.07 (iAUC GLCM Correlation)
− 6.47 (postC GLCM Entropy)
+ 66.96,
𝑔PR (𝑥𝑖 ) = −1094 (𝑅1 Uniformity) − 0.07 (𝑅1 Mad)
− 36.38 (𝑘ep GLCM Correlation)
+ 3480 (𝑘ep GLCM Sum Average)
− 0.14 (iAUC GLCM Autocorrelation)
− 16.30 (𝑅1 Entropy)
+ 3837 (postC GLCM Energy)
+ 27.09 (𝑅1 GLCM Correlation)
+ 122.10,
𝑔HER2 (𝑥𝑖 ) = −4.99 (TIRM Skeweness)
− 4.69 (V𝑒 Skeweness)
+ 7.01 (𝑅1 Skeweness)
+ 0.01 (V𝑒 Max) − 16.66,

𝑅1 – GLCM Energy (𝑝 =
0.09)
𝑘trans – GLCM Variance
(𝑝 = 0.08)
𝑘ep – Skeweness (𝑝 =
0.13)
TIRM – Kurtosis (𝑝 =
0.27)
postC – Entropy (𝑝 =
0.13)
𝑅1 – Skeweness (𝑝 =
0.17)
V𝑒 – GLCM Entropy (𝑝 =
0.26)
𝑅1 – GLCM Entropy (𝑝
= 0.17)
𝐾ep – GLCM
AutoCorrelation (𝑝 =
0.13)

TIRM – Mean (𝑝 = 0.20)

ER+/ER−
iAUC – GLCM Variance
(𝑝 = 0.05)
𝑘ep – GLCM Sum
Average (𝑝 = 0.09)
postC – Uniformity (𝑝 =
0.11)

𝑘trans – Energy (𝑝 =
0.04)
𝑘trans – Rms (𝑝 =
0.02)
𝑘ep – Mad (𝑝 =
0.03)
iAUC – Median (𝑝
= 0.04)
iAUC – Mean (𝑝 =
0.04)

postC – Uniformity (𝑝 =
0.09)

𝑘ep – GLCM Correlation
(𝑝 = 0.24)
𝑘ep – Skeweness (𝑝 =
0.19)

𝑅1 – Uniformity (𝑝 =
0.21)

𝑅1 – Mad (𝑝 = 0.07)

𝑅1 – Std (𝑝 = 0.15)

HER2+/HER2−
𝑘trans – Median (𝑝
= 0.02)
postC – Skeweness
(𝑝 = 0.05)
TIRM – Skeweness
(𝑝 = 0.04)
V𝑒 – Skeweness (𝑝
= 0.09)
postC – Std (𝑝 =
0.10)
𝑅1 – Skeweness (𝑝
= 0.08)
V𝑒 – GLCM
Entropy (𝑝 = 0.17)

𝑅1 – Variance (𝑝 = 0.06)

iAUC – Kurtosis (𝑝 =
0.22)
𝐾ep – GLCM Variance
(𝑝 = 0.25)

TIRM – Mean (𝑝 = 0.22)

TIRM – GLCM Entropy
(𝑝 = 0.89)
postC – Entropy (𝑝 =
0.09)
𝑘ep – GLCM Sum
Average (𝑝 = 0.19)

𝑅1 – Std (𝑝 = 0.06)

PR+/PR−

𝑘trans – GLCM Entropy
(𝑝 = 0.19)

iAUC – GLCM Variance
(𝑝 = 0.11)

TIRM – Mean (𝑝 = 0.18)

𝐾trans – GLCM Contrast
(𝑝 = 0.09)
𝑘trans – GLCM
Dissimilarity (𝑝 = 0.12)
V𝑒 – GLCM Variance (𝑝
= 0.12)

𝑅1 – Kurtosis (𝑝 = 0.06)

postC – Skeweness (𝑝 =
0.16)
iAUC – Kurtosis (𝑝 =
0.10)

TIRM – Rms (𝑝 = 0.17)

TN/NTN
𝑘trans – GLCM Variance
(𝑝 = 0.03)
𝑅1 – Skeweness (𝑝 =
0.04)
𝑅1 – GLCM Energy (𝑝 =
0.05)

V𝑒 – GLCM Sum
Average (𝑝 = 0.04)

Ki67+/Ki67−
ktrans – Median (p =
0.02 ⋅ 10−2 )
𝑅1 – Energy (𝑝 =
0.02)
𝑘trans – GLCM
Entropy (𝑝 = 0.03)
kep – Mean (p =
0.03 ⋅ 10−2 )
trans
k
– Energy (p =
0.07 ⋅ 10−2 )
ktrans – Mean (p =
0.03 ⋅ 10−2 )
𝑘ep – Rms (𝑝 =
0.01 ⋅ 10−1 )
𝑘trans – Rms (𝑝 =
0.04 ⋅ 10−2 )
TIRM – GLCM
Entropy (𝑝 = 0.075)
iAUC – Energy (𝑝 =
0.09 ⋅ 10−2 )
postC – Skeweness (𝑝
= 0.12)
𝑘ep – Median (𝑝 =
0.06 ⋅ 10−2 )

iAUC – GLCM Variance
(𝑝 = 0.08)

iAUC – GLCM Entropy
(𝑝 = 0.02)
postC – Uniformity (𝑝 =
0.11)
𝐾trans – GLCM
Homogeneity (𝑝 = 0.05)
iAUC – Skeweness (𝑝 =
0.04)
𝑘trans – GLCM Energy (𝑝
= 0.03)
iAUC – Kurtosis (𝑝 =
0.04)

𝑘ep – Mad (𝑝 = 0.10)

TIRM – Mad (𝑝 = 0.10)

lowGrade/highGrade
𝑘trans – GLCM Entropy
(𝑝 = 0.08⋅10−1 )
iAUC – GLCM Energy
(𝑝 = 0.02)
TIRM – GLCM Sum
Average (𝑝 = 0.16)
𝑘trans – GLCM Variance
(𝑝 = 0.07)

Table 2: Reduced feature set of each classification task. For each feature, the image from which it was extracted is indicated (if it is a first- or second-order feature), the feature name, and the
𝑝 value of the Mann-Whitney 𝑈 test. In bold are indicated the features that are significant, according to the Bonferroni correction for multiple comparison.
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postC – Variance
(𝑝 = 0.10)
𝑅1 – Variance (𝑝 =
0.14)

𝑅1 – GLCM Energy (𝑝 =
0.24)

𝐾ep – GLCM Variance
(𝑝 = 0.28)

𝐾ep – Mad (𝑝 = 0.38)

𝑅1 – Kurtosis (𝑝 = 0.20)

𝑅1 – Entropy (𝑝 = 0.22)

𝑅1 – GLCM Variance (𝑝
= 0.25)
postC – GLCM Energy
(𝑝 = 0.27)

𝑅1 – Energy (𝑝 = 0.20)

postC – GLCM Energy
(𝑝 = 0.27)

Minimun diameter (𝑝
= 0.08)
𝑘trans – Mad (𝑝 =
0.04 ⋅ 10−1 )
𝑘ep – Energy (𝑝 =
0.04 ⋅ 10−1 )
𝑅1 – GLCM
Correlation (𝑝 = 0.10)

𝑅1 – GLCM Entropy (𝑝
= 0.34)

𝑘trans – Mean (𝑝 =
0.03)
𝐾trans – GLCM
Variance (𝑝 = 0.20)
𝑘ep – Skeweness (𝑝
= 0.20)
postC – Rms (𝑝 =
0.18)

𝑅1 – GLCM
Homogeneity (𝑝 = 0.20)
postC – GLCM Energy
(𝑝 = 0.34)

𝑘ep – Mad (𝑝 = 0.35)

postC – Kurtosis (𝑝 =
0.20)

𝑘ep – Mad (𝑝 =
0.03 ⋅ 10−1 )
𝑘ep – Entropy (𝑝 =
0.08 ⋅ 10−2 )

𝑘ep – GLCM
Correlation (𝑝 = 0.05)

V𝑒 – GLCM
Autocorrelation (𝑝 =
0.04)
𝑘trans – Std (𝑝 =
0.03 ⋅ 10−1 )
𝑘trans – Variance (𝑝 =
0.03 ⋅ 10−1 )

𝑘trans – Kurtosis (𝑝 =
0.06)
𝑘trans – Skeweness (𝑝 =
0.12)
𝑅1 – Skeweness (𝑝 =
0.22)

TIRM – Max (𝑝 = 0.12)

TIRM – GLCM
Autocorrelation (𝑝 =
0.16)

iAUC – Std (𝑝 = 0.16)

postC – Entropy (𝑝 =
0.17)

𝑅1 – GLCM Energy (𝑝 =
0.17)

postC – Skeweness (𝑝 =
0.22)

iAUC – Mad (𝑝 = 0.14)

𝑘ep – GLCM Entropy (𝑝
= 0.15)

𝐾trans – GLCM
Dissimilarity (𝑝 = 0.07)

𝑘trans – Max (𝑝 =
0.01 ⋅ 10−1 )

𝐾trans – GLCM
Homogeneity (𝑝 = 0.23)

TIRM – GLCM Variance
(𝑝 = 0.27)
𝑅1 – GLCM Sum
Average (𝑝 = 0.32)

TIRM – GLCM Energy
(𝑝 = 0.23)

TIRM – Median (𝑝 =
0.20)
TIRM – Kurtosis (𝑝 =
0.30)

postC – GLCM Entropy
(𝑝 = 0.24)

lowGrade/highGrade

Ki67+/Ki67−

𝑘ep – Variance (𝑝 =
0.05)

𝑘ep – Std (𝑝 = 0.05)

TIRM – Std (𝑝 = 0.23)

TIRM – Variance (𝑝 =
0.23)

postC – Median (𝑝
= 0.16)

𝑅1 – Kurtosis (𝑝 = 0.18)

iAUC – GLCM
Autocorrelation (𝑝 =
0.23)
iAUC – Energy (𝑝
= 0.05)

postC – Max (𝑝 =
0.09)

𝑅1 – GLCM Correlation
(𝑝 = 0.25)

𝑅1 – Max (𝑝 = 0.10)

V𝑒 – Max (𝑝 = 0.17)

TIRM – Rms (𝑝 = 0.19)

TN/NTN
𝑅1 – GLCM
Autocorrelation (𝑝 =
0.23)

Table 2: Continued.
HER2+/HER2−

PR+/PR−

postC – GLCM Entropy
(𝑝 = 0.29)

TIRM – Median (𝑝 =
0.24)
𝑅1 – GLCM Sum
Average (𝑝 = 0.28)

𝑘trans – Skeweness (𝑝 =
0.27)

iAUC – Kurtosis (𝑝 =
0.29)
iAUC – GLCM
Correlation (𝑝 = 0.28)

TIRM – Rms (𝑝 = 0.20)

ER+/ER−
𝑅1 – GLCM
AutoCorrelation (𝑝 =
0.21)
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Table 3: Results of multivariable analysis. For each classification task, the model with the higher AUC was chosen and its order, AUC,
sensitivity, specificity, and accuracy were reported together with the standard error on a 95% confidence interval over all bootstrap sample.

ER+/ER−
PR+/PR−
HER2+/HER2−
TN/NTN
Ki67+/Ki67−
lowGrade/highGrade

Order
4
8
4
10
2
5

AUC
0.826 ± 0.006
0.875 ± 0.009
0.838 ± 0.006
0.876 ± 0.007
0.811 ± 0.005
0.895 ± 0.006

Sensitivity
0.833 ± 0.004
0.895 ± 0.005
0.623 ± 0.014
0.660 ± 0.022
0.641 ± 0.006
0.735 ± 0.012

𝑔TN (𝑥𝑖 ) = −0.88 (𝑅1 GLCM Autocorrelation)

Specificity
0.587 ± 0.016
0.730 ± 0.019
0.825 ± 0.005
0.896 ± 0.004
0.736 ± 0.007
0.865 ± 0.006

Accuracy
0.804 ± 0.003
0.882 ± 0.005
0.785 ± 0.004
0.881 ± 0.004
0.677 ± 0.004
0.807 ± 0.004

+ 31.44 (𝑘trans GLCM Entropy)

𝑝 value = 0.02 ⋅ 10−3 , TN 0.03 ⋅ 10−2 , ki67 level: 𝑝 value =
0.04 ⋅ 10−3 , and grade: 𝑝 value = 0.02 ⋅ 10−4 ). These results are
also visible in Figure 2, where, for each classification task, the
box plot of the multivariable model was reported.

+ 22.98 (postC Skeweness)

4. Discussion

− 31.79 (𝑅1 Skeweness)

− 5474 (postC GLCM Energy)
− 0.08 (TIRM Mean)
+ 18330 (𝑅1 GLCM Sum Average)
+ 265 (𝑅1 GLCM Homogeneity)
+ 1305 (iAUC Variance)
+ 4.343 (iAUC Kurtosis) − 423.20,
𝑔ki67 (𝑥𝑖 ) = (𝑘trans Energy) + 0.03 (𝑘ep Median)
− 1.78,
𝑔Grade (𝑥𝑖 ) = 73.73 (𝑘trans GLCM Homogeneity)
+ 20.38 (𝑘trans GLCM Entropy)
− 0.03 (TIRM Max)
+ 442.20 (iAUC GLCM Variance)
+ 1566 (TIRM GLCM Sum Average)
− 212.90.
(1)
The most recurrent features in the models were skeweness
and entropy and, to a lesser extent, auto correlation, variance,
correlation, sum average, and energy, while no shape feature
was included into the models. Looking at the source images,
a greater number of occurrences was found for 𝑅1 map
than TIRM images, while the pharmacokinetic maps and
the postcontrast acquisition were equally frequent, with the
exception of V𝑒 that appeared only once in the prediction
models.
The Mann-Whitney 𝑈 test revealed a higher discriminative power of the obtained multivariable models compared
to the most significant single feature (Table 2), for each
classification task (ER expression: 𝑝 value = 0.05 ⋅ 10−2 ,
PR expression: 𝑝 value = 0.09 ⋅ 10−4 , HER2 expression:

In this work a radiomic approach to predict different histological outcomes was developed on the basis of a DCEMRI protocol including pharmacokinetic parametric maps.
Six classification tasks were tested, including the molecular
receptor status (ER+/ER−, PR+/PR−, HER2+/HER2−, and
TN/NTN), ki67 levels, and tumor grade. The molecular
receptors are an immunohistochemistry surrogate for breast
cancer subtyping and, together with ki67 levels, allow to differentiate lumA, lumB, HER2, and basal-like. Moreover they
are fundamental when choosing personalized treatment or
the addition of adjuvant chemotherapy to hormone therapy
[15].
The obtained results show that radiomic approaches
based on pharmacokinetic maps lead to predictive models
with a high discriminative power, reaching AUC values above
the 80% and accuracy up to 88%.
In order to assess the added value of the radiomic
approach, the discriminative power of the single features of
the reduced set has been separately evaluated by means of
univariate analysis. When looking at these results (Table 2), 𝑝
values of the Mann-Whitney 𝑈 test show that several features
are associated with the tumor histological outcome under
investigation, but only mean, median, and energy of 𝑘trans ,
together with mean of 𝑘ep , were found to be significantly
associated with the ki67+/ki67 discrimination task. This may
be due to the fact that 𝑘trans and 𝑘ep are indeed two quantitative pharmacokinetic parameters related to the tumor
permeability and vascularization and to medium contrast
wash-out; they are clinically used for the differentiation
of breast lesions with nonradiomic approaches, and also
previous works [59] demonstrated their utility, correlating
them with prognosis and TN subtype.
However, the results obtained with the radiomic
approach, which is the high-throughput extraction of
features, followed by a learning approach for the construction
of a predictive models, led to a higher discriminative power,
showing that such methods have a great potential to improve
quantitative MRI assessment of the tumors.
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Figure 2: Box plot of the multivariable models obtained for each classification task. From left to right and from top to bottom: (a) ER
expression, (b) PR expression, (c) HER2 expression, (d) TN type, (e) ki67 level, and (f) tumor grade.
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Other previous works performed radiomic studies on
breast cancer, above all to differentiate between subtypes [14,
16, 20, 34, 44, 52–58] with classification performance lower
or similar to our results. However, a direct comparison with
them was not directly applicable, considering the different
populations and imaging approaches.
Interestingly, in the predictive models obtained in this
work, the most recurrent features were skeweness and
entropy that were indices of randomness, showing the
importance of studying the heterogeneity of the tumors. In
particular, entropy, even if computed on the first postcontrast
image, was already found to be statistically associated to
tumor aggressiveness by Li et al. [34]. Skeweness, instead, was
found to be predictive for discriminating molecular subtypes
by Fan et al. [16] and Sutton et al. [44]. In particular, in this
last work, the authors found the skeweness to be significant at
three time points on postcontrast MR images, suggesting the
pharmacokinetics as a key component in differentiating the
subtype.
Interestingly, all these works found a significant association between the outcome and at least one shape feature.
Instead, in our study, since the step of feature reduction,
they were excluded with the exception of minimum diameter
(in the ki67+/ki67 discrimination task) that, however, did
not survive in the predictive model. This may be due to a
different feature selection algorithm or to the presence of
pharmacokinetic-based feature that may be more strongly
associated to the outcome than shape features.
Our study propose, by first, the use of pharmacokinetic
and relaxometric maps for the radiomic analyses. In particular, in the obtained predictive models, the pharmacokinetic
maps, together with postC, were equally represented (with
the exception of V𝑒 ), proving the added value of multiparametric information. Interestingly, much more instances of 𝑅1
features were found compared to the features from TIRM
images. 𝑅1 is a parametric map that in DCE time resolved
studies is usually used as auxiliary to the computation of
pharmacokinetic parameters and is seldom studied by itself,
although it could give important information regarding
increased vascularity, presence of edema, or necrosis [69, 70].
Our approach, instead, dealing with this parametric map
referring to explicit physiological and structural conditions
without the use of contrast media, leads to the generation of
more discriminative features, compared to the conventional
TIRM sequence. This suggests that 𝑅1 map is more suitable
to extract textural properties of the tissues.
This study has some limitations: first of all the sample
size. A larger study group need to be studied in the feature,
to better conduct a radiomic analysis. Moreover, in the
computation of pharmacokinetic maps, a population-based
AIF was used: this may be a limitation for a quantitative
analysis and further evaluation is needed to understand the
impact of different AIF on the prediction results. In addition,
the diffusion and testing of the obtained models on other populations is limited by the fact that time resolved DCE-MRI
protocols for the computation of pharmacokinetic models is
not always available in the clinical practice. However, this
study paves the way to the study of 𝑅1 map as itself and not
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necessarily related to the computation of 𝑘trans , 𝑘ep , V𝑒 , and
iAUC
In conclusion, DCE-MRI pharmacokinetic-based analysis along with 𝑅1 leads to the creation of predictive model
that can help in differentiation between molecular receptor
status, ki67 levels, and tumor grade with high accuracy. In
this direction, further studies will be conducted on the development of models that differentiates between subtypes and
including PET images or other MRI acquisition techniques,
such as Diffusion Weighted Imaging, and genomic data.
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