
Characterization of Sub-1 cm Breast Lesions Using Radiomics 
Analysis

Peter Gibbs, PhD*, Natsuko Onishi, MD, PhD, Meredith Sadinski, PhD, Katherine M. 
Gallagher, MD, Mary Hughes, MD, Danny F. Martinez, MS, Elizabeth A. Morris, MD, 
Elizabeth J. Sutton, MD
Breast Imaging Service, Department of Radiology, Memorial Sloan Kettering Cancer Center, New 
York, New York, USA

Abstract

Background: Small breast lesions are difficult to visually categorize due to the inherent lack of 

morphological and kinetic detail.

Purpose: To assess the efficacy of radiomics analysis in discriminating small benign and 

malignant lesions utilizing model free parameter maps.

Study Type: Retrospective, single center.

Population: In all, 149 patients, with a total of 165 lesions scored as BI-RADS 4 or 5 on MRI, 

with an enhancing volume of <0.52 cm3.

Field Strength/Sequence: Higher spatial resolution T1-weighted dynamic contrast-enhanced 

imaging with a temporal resolution of ~90 seconds performed at 3.0T.

Assessment: Parameter maps reflecting initial enhancement, overall enhancement, area under 

the enhancement curve, and washout were generated. Heterogeneity measures based on first­

order statistics, gray level co-occurrence matrices, run length matrices, size zone matrices, and 

neighborhood gray tone difference matrices were calculated. Data were split into a training dataset 

(~75% of cases) and a test dataset (~25% of cases).

Statistical Tests: Comparison of medians was assessed using the nonparametric Mann–

Whitney U-test. The Spearman rank correlation coefficient was utilized to determine significant 

correlations between individual features. Finally, a support vector machine was employed to build 

multiparametric predictive models.

Results: Univariate analysis revealed significant differences between benign and malignant 

lesions for 58/133 calculated features (P < 0.05). Support vector machine analysis resulted in areas 

under the curve (AUCs) ranging from 0.75–0.81. High negative (>89%) and positive predictive 

values (>83%) were found for all models.

Data Conclusion: Radiomics analysis of small contrast-enhancing breast lesions is of value. 

Texture features calculated from later timepoints on the enhancement curve appear to offer limited 
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additional value when compared with features determined from initial enhancement for this patient 

cohort.

Level of Evidence: 4

Technical Efficacy: Stage 2

Since at least the 1960s the association between the size of a primary breast tumor and 

the prevalence of metastases has been well established,1–3 clearly indicating the need to 

detect and characterize small breast lesions accurately. A very recent study4 found in a 

cohort of 819,467 women that a nonlinear relationship exists between increasing tumor size 

and node-positive prevalence as well as the 15-year rate of breast cancer-specific mortality. 

However, the detection of early breast cancer remains a major challenge, since small cancers 

are generally less conspicuous on mammography.

Dynamic contrast-enhanced magnetic resonance imaging (DCE- MRI) has very high 

sensitivity (>90%) and reasonable specificity (>70%) in the characterization of general 

breast lesions.5,6 It has poorer specificity in smaller lesions due to the reduced ability 

to visually distinguish morphological and kinetic features associated with malignancy, 

including the presence of an irregular lesion border and heterogeneous internal 

enhancement. Schlossbauer et al7 summarized MRI dynamic and morphologic criteria in 

a diagnostic score and they concluded that score differences between benign and malignant 

lesions were reduced in lesions smaller than 1 cm in size. Other work indicates that cancers 

less than 1 cm become more obviously malignant as they enlarged, and that cancers less 

than 5 mm had benign characteristics.8 As MRI screening is becoming more widespread 

for selected high-risk populations, it has been noted in this population that the majority of 

invasive carcinomas detected via this route are smaller than 1 cm in size.9 Lesions regarded 

as suspicious (categorized as Breast Imaging-Reporting and Data System [BI-RADS] 4 or 5) 

are usually recommended for biopsy,10 and since a higher percentage of smaller lesions are 

known to be benign,11 this can potentially lead to a large number of negative biopsies, and 

thus a low positive predictive value.

Texture analysis, which involves quantitative assessment of the pixel intensity arrangement 

within specific regions of interest, has previously been employed in general breast MRI. 

Early work utilized parameters calculated from gray level co-occurrence matrices to 

discriminate between benign and malignant lesions.12 Subsequent studies have incorporated 

more complex measures of image texture to both aid diagnosis13 and to explore the efficacy 

of texture analysis in prognosis.14–16

The pool of literature that specifically focuses on the characterization of small breast lesions 

utilizing MRI remains limited. Early work assessed morphologic and kinetic characteristics 

in a cohort of 43 patients with sub-1 cm lesions.17 The incorporation of either heuristic 

parameters, derived from enhancement within the first minute of contrast injection, or 

kinetic parameters calculated using a two-compartment pharmacokinetic model revealed a 

high diagnostic accuracy (area under the curve, AUC = 0.92). However, validation of this 

model in a second independent cohort was not performed. A further study investigated 

the classification performance of a model using texture features, whereby the features 
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were extracted from five postcontrast phases and then combined to form feature vectors, 

in 60 lesions with a mean lesion diameter of 1.1 cm.18 The highest AUC value was 

achieved when incorporating texture features responsible for capturing various aspects of 

lesion heterogeneity (AUC = 0.82). Nagarajan et al19 also explored the use of topological 

features determined from Minkowski functionals in small breast lesions and determined 

that perimeter assessment is of value. Recent work investigated the efficacy of more rapid 

sampling during the early portion of the contrast enhancement curve for the diagnosis of 

sub-1 cm diameter breast lesions.20 The logistic regression model developed incorporated 

patient age, maximum slope, and bolus arrival time, achieving an AUC of 0,85.

Our study was undertaken to examine the utility of radiomic features extracted from model 

free parameter maps, based on high-resolution postcontrast scans, in the differentiation of 

benign and malignant lesions smaller than 0.52 cm3 in volume (equivalent to a sphere of 1 

cm diameter) on presentation at MRI.

Materials and Methods

This retrospective Health Insurance Portability and Accountability Act (HIPAA)-compliant 

study received Institutional Review Board approval and the need for informed consent was 

waived. A retrospective review of patients imaged between February 2017 and January 

2018 was performed to identify eligible cases. Inclusion criteria were lesions scored as 

BI-RADS 4 or 5 on MRI, and an enhancing volume of <0.52 cm3. Exclusion criteria 

included postchemotherapy treatment response assessment examinations and cases with no 

pathological diagnosis. In all, 149 patients, with a total of 165 lesions, fulfilled the inclusion 

criteria. The median age was 48 years (range 19–79 years). There were 130 benign lesions 

(with 16 categorized as high-risk benign lesions) and 35 malignant lesions. Further lesion 

characteristics are provided in Table 1. The data were split into a training dataset of 124 

lesions (98 benign and 26 malignant lesions) and a test dataset of 41 lesions (32 benign and 

9 malignant).

All MRIs were performed using a 3.0T scanner (GE Discovery 750, GE, Milwaukee, WI) 

with a dedicated 8- or 16-channel breast coil. A high spatial resolution T1-weighted scan 

was acquired precontrast injection. As part of a separate study investigating the utility 

of a high temporal resolution view-sharing method in the diagnosis of breast lesions, a 

differential subsampling with Cartesian ordering (DISCO) technique was employed for 

the first 60 seconds following contrast injection (0.1 mmol gadobutrol/kg body weight). 

Subsequently, conventional steady-state DCE high spatial resolution (1.1 mm isotropic) 

images were acquired with a temporal resolution of ~90 seconds for three phases (Table 2). 

Example higher-resolution images utilized in feature calculation are illustrated in Fig. 1.

After data acquisition, DCE images were visually assessed by a radiologist (N.O.) to exclude 

cases with evidence of significant motion between phases. Lesions were identified by a 

radiologist with 7 years’ experience of breast MR, and subsequently manually segmented 

by a researcher with over 20 years’ experience in breast MRI on the first higher-resolution 

postcontrast images. Segmentation was performed across all lesion containing slices and the 

volume of interest subsequently transferred to the pre- and remaining postcontrast phases.
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Parameter maps quantifying the initial enhancement, overall enhancement, washout, and 

area under the enhancement curve were calculated pixel-by-pixel as follows:

Initial Enℎancement = 100 ×
S1 − S0

S0

Overall Enℎancement = 100 ×
S3 − S0

S0

W asℎout = 100 ×
S3 − S1

S1

AUC = ∫i = 1
3 Si − S0

S0

where Si represents the signal in the ith postcontrast phase, and S0 represents the signal in 

the precontrast phase.

Region of interest (ROI) data were reduced to 16 gray levels on a per-lesion basis. This 

ensured reasonable counting statistics for subsequent texture feature calculations. Features 

based on first-order statistics (variance, skewness, kurtosis, energy, entropy) were initially 

determined. Two-dimensional gray level co-occurrence matrices (GLCMs) were calculated 

for a separation of 1 pixel, utilizing four different directions (0°, 45°, 90°, 135°). Fourteen 

texture features as detailed by Haralick et al21 were calculated, alongside cluster shade and 

cluster prominence as proposed by Conners et al,22 and subsequently averaged across the 

four directions since there is no expectation of preferred directionality in the texture features. 

Eleven texture features based on run length matrices23 were calculated for the four different 

directions and similarly averaged. Run length matrices give the size of homogeneous runs 

for each gray level and the calculated parameters reveal the importance of short runs, long 

runs, low gray values, and high gray values in various combinations. Eleven features based 

on size zone matrices24 were also calculated. Finally, neighborhood gray tone difference 

matrices25 were determined and from these the features coarseness, contrast, busyness, 

complexity, and texture strength calculated. Thus, texture analysis resulted in 48 features for 

each of the four distinct heuristic parameter maps.

Statistical Analysis

The data were split into a training dataset (~75% of cases) and a test dataset (~25% of 

cases). All model development was performed on the training dataset and the test dataset 

was only utilized for final model assessment. Univariate analysis was initially employed to 

explore significant differences between benign and malignant lesions. Due to the relatively 

low number of malignant lesions the nonparametric Mann–Whitney U-test was used. The 

Spearman rank correlation coefficient was utilized to investigate whether there were any 
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significant correlations between individual features across the four parameter maps, thus 

potentially enabling reduction in the number of features employed in multiparametric 

modeling. Univariate and correlation analysis were performed using SPSS (IBM SPSS 

Statistics for Windows, v. 25.0. Armonk, NY) with P < 0.05 regarded as significant.

A support vector machine (SVM) binary linear classifier, which facilitates the mapping 

of inputs into high-dimensional feature spaces, was then utilized to generate classification 

models, independently based on initial enhancement, overall enhancement, and area under 

the enhancement curve-derived data. SVMs have previously been employed in MR-based 

breast classification tasks.18,26–28 To reduce the possibility of overfitting, only the four 

most discriminatory texture features were inputted in each model, alongside patient age. 

All software development and subsequent classification tasks were performed in MatLab 

(2017b, MathWorks, Natick, MA).

Finally, the efficacy of the developed models was assessed using the previously unseen test 

dataset and sensitivity, specificity, positive predictive value, and negative predicted values 

determined.

Results

Parameter maps were successfully calculated for all lesions, examples of which are shown 

in Fig. 2, illustrating the presence of heterogeneous internal enhancement. With regard to 

counting statistics for texture analysis the median lesion size was 267 pixels (range 47–1404 

pixels).

Univariate analysis on the training dataset revealed a large number of significant differences 

between benign and malignant lesions for the first-order and textural features calculated 

from initial enhancement, overall enhancement, and area under the enhancement curve 

maps. For first-order statistics-based features, 12/15 were significant (P < 0.050), 14/48 

features were significant for co-occurrence matrices-based features (P < 0.047), 25/33 

features were significant for run length matrices-based features (P < 0.050), and 7/33 

features were significant for size zone matrices-based features (P < 0.043). Results for first­

order statistics and run length matrices-based texture features are illustrated in Tables 3 and 

4 by way of example. No significant differences were noted between benign and malignant 

lesions washout parameter maps-based texture features based on first-order statistics (P > 

0.224), co-occurrence matrices (P > 0.221), run length matrices (P > 0.418), size zone 

matrices (P > 0.204), or neighborhood gray tone difference matrices (P > 0.615).

No significant differences were found utilizing neighborhood gray tone difference matrices­

based features calculated from either initial enhancement, overall enhancement, washout, or 

area under the enhancement curve parameter maps (P > 0.131).

Spearman rank correlation analysis revealed highly significant positive correlations for all 

texture features across the parameter maps initial enhancement, overall enhancement, and 

area under the enhancement curve (Table 5 and Fig. 3), indicating that minimal additional 

discriminatory power is being provided by including features from all three maps in 

subsequent multivariate analysis.
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SVM analysis revealed similar results for the training dataset, whether employing data 

extracted from initial enhancement maps, overall enhancement maps, or area under the 

enhancement curve maps in turn (AUCs ranging from 0.75–0.81). AUC values for the 

test datasets were almost identical to those obtained for the training data, indicating that 

overfitting is not present (Table 6). For the initial enhancement maps model the features 

skewness, energy, f6 (sum average), and low gray run emphasis were used. Skewness, f6, 

high gray run emphasis, and long run high gray emphasis were employed in the overall 

enhancement maps model. Finally, skewness, energy, f6, and f8 (sum entropy) were utilized 

in the model based on area under the enhancement curve maps. All three models also 

incorporated patient age. High negative (>89%) and positive predictive values (>83%) were 

found for all three models.

Discussion

This study demonstrated the potential utility of texture analysis in discriminating sub-1 

cm benign and malignant breast lesions. Texture parameters calculated from initial 

enhancement, overall enhancement, and area under the enhancement curve maps appear to 

offer similar discriminatory power, while texture parameters calculated from washout maps 

appear to have no diagnostic value for this cohort. The strong correlations noted between 

texture features calculated across the initial enhancement, overall enhancement, and area 

under the enhancement curve maps suggest that contrast uptake heterogeneity within lesions 

does not vary significantly for small breast lesions.

Small breast lesions are usually nonpalpable and the majority are detected via screening, 

either mammography or MRI. Accurate characterization of such lesions is important both 

in terms of increasing detection rates and obviating the need for unnecessary biopsies. 

This work has employed radiomics features determined from contrast-enhanced MR data to 

address this issue, with the primary goal of classifying these diagnostically challenging 

lesions. Contrast-enhanced MR can be regarded as a functional imaging technique 

predicated on blood flow changes in lesions with respect to healthy tissue. As such, it 

can highlight tumors without solely relying on anatomical changes, resulting in the ability to 

detect cancers only a few millimeters in size.29

A major strength of this work was the complete separation of the training and test datasets, 

ensuring that the potential for overfitting is minimized. Previous work either involved 

no further validation of the model developed,17 or the utilization of all cases in feature 

selection18; both approaches can be considered suboptimal.

The complete lack of discrimination for any of the features determined from washout maps 

is also worth noting. This indicates that while washout may be present in individual pixels, 

there is little evidence that the spatial variations in washout pattern are sufficiently distinct 

between benign and malignant lesions. Previously, it was noted that washout characteristics, 

calculated using a two-compartment model, do not appear to be particularly useful in the 

diagnosis of small breast lesions,17 a finding further confirmed in this work. The lack of 

discriminatory ability for texture features calculated from washout maps may be reflective 

of the relatively uniform blood supply across these small lesions, resulting in an absence 
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of necrosis. With the advent of abbreviated breast MRI protocols, sampling of the latter 

portion of the enhancement curve, which clearly encompasses washout, is also becoming 

less prevalent in MRI-based breast screening specifically and breast MRI generally.30

An important finding in this study is the observation of highly significant positive 

correlations between texture features calculated from the initial enhancement, overall 

enhancement, and area under the enhancement curve maps. This implies that enhancement 

rates are not varying spatially within the lesion during the sampled time course and that 

there is little additional value in extending data acquisition beyond the peak of enhancement 

for this patient cohort. Interestingly, Nagarajan et al18 also demonstrated no significant 

improvement in lesion discrimination when considering data from all five postcontrast 

phases compared with the best two or three postcontrast images.

Traditionally dynamic imaging in the breast has always involved a compromise between 

the competing requirements of high temporal resolution to appropriately sample the rapid 

contrast uptake observed and high spatial resolution for detailed lesion morphology. As 

under sampling techniques, such as compressed sensing, become more widely available, 

and indeed applied to breast imaging,31,32 the improved spatial and temporal resolution 

afforded by these methods have the potential to provide advances in diagnosis, including 

for small lesions. Higher spatial resolution while maintaining sufficient temporal resolution 

for pharmacokinetic modeling should enable greater perception of lesion morphology and 

enhancement characteristics both visually and quantitatively via texture and pharmacokinetic 

analysis.

It is important to acknowledge that this study has limitations. By only utilizing data from a 

single center, it is difficult to evince from the presented results how the developed models 

might perform with data acquired under differing protocols. Particularly, care must be 

taken when employing data with poorer spatial resolution and slice thickness. Clearly, 

small lesions do not constitute many pixels in an image with 1.1 mm isotropic spatial 

resolution, so analyzing data with a decreased spatial resolution may be unviable due to 

the dominance of partial volume effects. A decreased spatial resolution suggests that there 

will be fewer pixels in the final ROI, reducing counting statistics and also increasing the 

proportion of pixels that can be regarded as potentially contaminated by partial volume 

effects. In this instance the median lesion size was ~270 pixels, so the pragmatic decision 

was made to decrease the data to only 16 gray levels, as opposed to 32 or 64 gray levels 

that have previously been employed in breast MR,33 to ensure adequate counting statistics. 

However, it is recognized that this reduction to 16 gray levels could potentially obscure 

important differences between benign and malignant lesions, since discriminatory power 

must eventually become compromised as the number of gray levels utilized is reduced.

A cohort of 165 lesions is clearly reasonable in size, but splitting the data into distinct 

training and test sets resulted in a relatively small number of cases for prediction model 

testing. However, this was deemed necessary, as a split with 66–80% of cases in the training 

set and 34–20% of cases in the test set is generally advocated. With such a relatively small 

test dataset it was regarded as prudent to limit the number of features employed in the 
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prediction models. Thus, the presented prediction models are not necessarily the optimal 

models for these data, but this is a justifiable approach to reduce potential overfitting.

A final limitation noted is that no attempt to spatially register images acquired at the four 

timepoints was undertaken, conceivably making the data vulnerable to issues because of 

patient motion. However, visual inspection of the ROIs across all contrast enhancement 

phases enabled cases with gross motion artifacts to be eliminated. Undoubtedly, the presence 

of minor motion artifacts, alongside the small nature of the lesions involved, suggests 

that the calculated enhancement maps are susceptible to partial volume effects and signal 

contamination from surrounding parenchymal tissue. However, there is evidence in the 

literature that peritumoral enhancement is potentially important in breast cancer,34 so 

inclusion of such tissue will not necessarily negatively impact the results.

In conclusion, this work demonstrated that radiomics analysis of small contrast-enhancing 

breast lesions, which are otherwise difficult to categorize, is both feasible and of value. The 

highly significant strong correlations seen for all texture-based features across the initial 

enhancement, overall enhancement, and area under the enhancement curve maps suggests 

that little additional texture information is obtained in imaging for the entire duration of the 

contrast enhancement curve in this cohort.
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FIGURE 1: 
Precontrast (a,e) through to final postcontrast image (d,h) of a BI-RADS 4 lesion in a 

69-year-old woman diagnosed with ipsilateral breast cancer which biopsy subsequently 

confirmed as a papilloma (a–d) and of a BI-RADS 4 lesion in a 39-year-old woman 

diagnosed with ipsilateral breast cancer which was later confirmed as an invasive ductal 

carcinoma (e–h).
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FIGURE 2: 
Parameter maps from the two lesions illustrated in Fig. 1. Initial enhancement (a,d), 
overall enhancement (b,e), and area under the enhancement curve (c,f) maps for a benign 

papilloma (a–c) and a malignant invasive ductal carcinoma (d–f). It is evident that spatially 

heterogeneous enhancement is present, which can thus be quantified using texture analysis.

Gibbs et al. Page 12

J Magn Reson Imaging. Author manuscript; available in PMC 2021 October 08.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



FIGURE 3: 
Scatterplot of entropy calculated from area under the enhancement curve maps against 

entropy calculated from initial enhancement maps, for all lesions utilized in the training 

dataset. The very high correlation present (R2 = 0.927, P < 0.001) suggests that there 

is limited value in employing information garnered from later points on the contrast 

enhancement curve compared with the initial high-resolution postcontrast enhancement scan 

(~100 sec postcontrast injection).
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TABLE 2.

Dynamic Contrast-Enhanced Imaging Protocol

T1w 3D CE T1w 3D CE T1w 3D

Orientation Axial Axial Axial

Repetition time (msec) 7.9 3.8 7.9

Echo time (msec) 4.3 1.7 4.3

Flip angle (deg) 12 10 12

Slice thickness (mm) 1.0 1.6 1.0

In-plane resolution (mm×mm) 1.0×1.0 1.6×1.6 1.0×1.0

Matrix size 512×512 256×256 512×512

Number of phases 1 12–15 3

Acquisition time (min:s) 1:30 1:00 4:30

CE, contrast enhanced.

J Magn Reson Imaging. Author manuscript; available in PMC 2021 October 08.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Gibbs et al. Page 16

TA
B

L
E

 3
.

D
if

fe
re

nt
ia

tio
n 

B
et

w
ee

n 
B

en
ig

n 
an

d 
M

al
ig

na
nt

 L
es

io
ns

 U
til

iz
in

g 
Fi

rs
t O

rd
er

-B
as

ed
 S

ta
tis

tic
s 

(S
ig

ni
fi

ca
nt

 D
if

fe
re

nc
es

 in
 B

ol
d)

B
en

ig
n 

le
si

on
s

M
al

ig
na

nt
 le

si
on

s
P

-v
al

ue

IE
 v

ar
ia

nc
e

11
.1

5 
(4

.1
7 

to
 1

8.
55

)
5.

90
 (

2.
34

 to
 1

4.
52

)
0.

13
7

IE
 s

ke
w

ne
ss

0.
20

7 
(−

0.
59

5 
to

 2
.1

73
)

1.
13

2 
(−

0.
11

2 
to

 9
.5

92
)

0.
02

2

IE
 k

ur
to

si
s

−
0.

34
 (

−
1.

14
 to

 8
.5

5)
3.

20
 (

−
0.

89
 to

 9
0.

01
)

0.
03

2

IE
 e

ne
rg

y
0.

09
0 

(0
.0

67
 to

 0
.1

85
)

0.
14

6 
(0

.0
78

 to
 0

.9
79

)
0.

02
9

IE
 e

nt
ro

py
3.

66
 (

2.
77

 to
 3

.9
5)

3.
09

 (
0.

08
 to

 3
.8

0)
0.

04
9

O
E

 v
ar

ia
nc

e
9.

36
 (

4.
62

 to
 1

6.
20

)
5.

64
 (

2.
34

 to
 1

1.
36

)
0.

06
0

O
E

 s
ke

w
ne

ss
0.

16
9 

(−
0.

75
4 

to
 2

.6
84

)
1.

24
9 

(0
.3

65
 to

 9
.5

92
)

0.
00

4

O
E

 k
ur

to
si

s
0.

07
 (

−
1.

04
 to

 1
0.

24
)

2.
73

4 
(−

0.
13

 to
 9

0.
01

)
0.

01
0

O
E

 e
ne

rg
y

0.
09

7 
(0

.0
75

 to
 0

.2
22

)
0.

14
9 

(0
.0

87
 to

 0
.9

79
)

0.
01

0

O
E

 e
nt

ro
py

3.
56

 (
2.

63
 to

 3
.8

6)
3.

08
 (

0.
08

 to
 3

.7
0)

0.
00

8

A
U

E
C

 v
ar

ia
nc

e
8.

01
 (

4.
64

 to
 1

1.
63

)
4.

84
 (

2.
14

 to
 8

.2
9)

0.
09

4

A
U

E
C

 s
ke

w
ne

ss
0.

18
8 

(−
.6

61
 to

 1
.9

91
)

1.
48

7 
(0

.0
53

 to
 9

.5
92

)
0.

00
5

A
U

E
C

 k
ur

to
si

s
−

0.
43

 (
−

0.
99

 to
 6

.8
1)

2.
86

6 
(−

0.
68

 to
 9

0.
01

)
0.

00
6

A
U

E
C

 e
ne

rg
y

0.
10

7 
(0

.0
87

 to
 0

.1
81

)
0.

15
9 

(0
.1

00
 to

 0
.9

79
)

0.
00

8

A
U

E
C

 e
nt

ro
py

3.
45

 (
2.

84
 to

 3
.6

6)
3.

02
 (

0.
08

 to
 3

.4
6)

0.
00

9

D
at

a 
ar

e 
m

ed
ia

n 
(r

an
ge

).
 I

E
, i

ni
tia

l e
nh

an
ce

m
en

t; 
O

E
, o

ve
ra

ll 
en

ha
nc

em
en

t; 
A

U
E

C
, a

re
a 

un
de

r 
en

ha
nc

em
en

t c
ur

ve
.

J Magn Reson Imaging. Author manuscript; available in PMC 2021 October 08.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Gibbs et al. Page 17

TA
B

L
E

 4
.

D
if

fe
re

nt
ia

tio
n 

B
et

w
ee

n 
B

en
ig

n 
an

d 
M

al
ig

na
nt

 L
es

io
ns

 U
til

iz
in

g 
R

un
 L

en
gt

h 
M

at
ri

ce
s-

B
as

ed
 S

ta
tis

tic
s 

(S
ig

ni
fi

ca
nt

 D
if

fe
re

nc
es

 in
 B

ol
d)

In
it

ia
l e

nh
an

ce
m

en
t

O
ve

ra
ll 

en
ha

nc
em

en
t

W
as

ho
ut

A
re

a 
un

de
r 

th
e 

en
ha

nc
em

en
t 

cu
rv

e

SR
E

0.
09

3
0.

05
5

0.
73

1
0.

04
6

L
R

E
0.

09
6

0.
04

9
0.

75
4

0.
04

6

L
G

R
E

0.
01

7
0.

01
8

0.
56

8
0.

01
3

H
G

R
E

0.
03

7
0.

00
6

0.
67

6
0.

01
4

SR
L

G
E

0.
03

9
0.

02
5

0.
60

2
0.

02
6

SR
H

G
E

0.
05

0
0.

00
8

0.
81

1
0.

01
6

L
R

L
G

E
0.

03
5

0.
01

1
0.

48
8

0.
01

3

L
R

H
G

E
0.

03
3

0.
00

3
0.

41
8

0.
01

0

G
L

N
U

0.
92

2
0.

83
0

0.
69

4
0.

97
6

R
L

N
U

0.
03

2
0.

02
8

0.
67

6
0.

02
2

R
P

0.
09

6
0.

04
5

0.
75

9
0.

04
9

SR
E

, s
ho

rt
 r

un
 e

m
ph

as
is

; L
R

E
, l

on
g 

ru
n 

em
ph

as
is

; L
G

R
E

, l
ow

 g
ra

y 
ru

n 
em

ph
as

is
; H

G
R

E
, h

ig
h 

gr
ay

 r
un

 e
m

ph
as

is
; S

R
L

G
E

, s
ho

rt
 r

un
 lo

w
 g

ra
y 

em
ph

as
is

; S
R

H
G

E
, s

ho
rt

 r
un

 h
ig

h 
gr

ay
 e

m
ph

as
is

; L
R

L
G

E
, 

lo
ng

 r
un

 lo
w

 g
ra

y 
em

ph
as

is
; L

R
H

G
E

, l
on

g 
ru

n 
hi

gh
 g

ra
y 

em
ph

as
is

; G
L

N
U

, g
ra

y 
le

ve
l n

on
-u

ni
fo

rm
ity

; R
L

N
U

, r
un

 le
ng

th
 n

on
un

if
or

m
ity

; R
P,

 r
un

 p
er

ce
nt

ag
e.

J Magn Reson Imaging. Author manuscript; available in PMC 2021 October 08.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Gibbs et al. Page 18

TA
B

L
E

 5
.

C
or

re
la

tio
n 

B
et

w
ee

n 
R

un
 L

en
gt

h 
M

at
ri

ce
s-

B
as

ed
 T

ex
tu

re
 F

ea
tu

re
s 

C
al

cu
la

te
d 

Fr
om

 I
ni

tia
l E

nh
an

ce
m

en
t, 

O
ve

ra
ll 

E
nh

an
ce

m
en

t, 
an

d 
A

re
a 

U
nd

er
 th

e 

E
nh

an
ce

m
en

t C
ur

ve
 P

ar
am

et
er

 M
ap

s

R
un

 le
ng

th
 m

at
ri

x 
pa

ra
m

et
er

In
it

ia
l e

nh
an

ce
m

en
t 

cf
. o

ve
ra

ll 
en

ha
nc

em
en

t
In

it
ia

l e
nh

an
ce

m
en

t 
cf

. a
re

a 
un

de
r 

th
e 

en
ha

nc
em

en
t 

cu
rv

e
O

ve
ra

ll 
en

ha
nc

em
en

t 
cf

. a
re

a 
un

de
r 

th
e 

en
ha

nc
em

en
t 

cu
rv

e

SR
E

0.
86

1
0.

93
8

0.
91

3

L
R

E
0.

87
3

0.
94

3
0.

93
5

L
G

R
E

0.
83

9
0.

92
5

0.
92

0

H
G

R
E

0.
87

2
0.

93
8

0.
91

1

SR
L

G
E

0.
81

7
0.

92
4

0.
89

9

SR
H

G
E

0.
86

5
0.

93
2

0.
90

1

L
R

L
G

E
0.

84
1

0.
91

3
0.

93
9

L
R

H
G

E
0.

84
3

0.
93

7
0.

89
7

G
L

N
U

0.
97

8
0.

99
2

0.
99

0

R
L

N
U

0.
96

8
0.

98
9

0.
98

5

R
P

0.
87

4
0.

94
6

0.
92

9

A
ll 

co
rr

el
at

io
ns

 w
er

e 
si

gn
if

ic
an

t a
t t

he
 0

.0
1 

le
ve

l. 
SR

E
, s

ho
rt

 r
un

 e
m

ph
as

is
; L

R
E

, l
on

g 
ru

n 
em

ph
as

is
; L

G
R

E
, l

ow
 g

ra
y 

ru
n 

em
ph

as
is

; H
G

R
E

, h
ig

h 
gr

ay
 r

un
 e

m
ph

as
is

; S
R

L
G

E
, s

ho
rt

 r
un

 lo
w

 g
ra

y 
em

ph
as

is
; S

R
H

G
E

, s
ho

rt
 r

un
 h

ig
h 

gr
ay

 e
m

ph
as

is
; L

R
L

G
E

, l
on

g 
ru

n 
lo

w
 g

ra
y 

em
ph

as
is

; L
R

H
G

E
, l

on
g 

ru
n 

hi
gh

 g
ra

y 
em

ph
as

is
; G

L
N

U
, g

ra
y 

le
ve

l n
on

-u
ni

fo
rm

ity
; R

L
N

U
, r

un
 le

ng
th

 n
on

un
if

or
m

ity
; R

P,
 r

un
 

pe
rc

en
ta

ge
.

J Magn Reson Imaging. Author manuscript; available in PMC 2021 October 08.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Gibbs et al. Page 19

TA
B

L
E

 6
.

Pe
rf

or
m

an
ce

 C
ha

ra
ct

er
is

tic
s 

of
 th

e 
T

hr
ee

 I
nd

ep
en

de
nt

 P
re

di
ct

io
n 

M
od

el
s

P
ar

am
et

er
 m

ap
s

T
ra

in
in

g 
se

t
Te

st
 s

et

A
U

E
C

 (
±S

E
)

A
U

E
C

 (
±S

E
)

Se
ns

it
iv

it
y

Sp
ec

if
ic

it
y

N
P

V
P

P
V

IE
0.

75
 (

0.
06

)
0.

78
 (

0.
12

)
67

%
10

0%
91

%
10

0%

O
E

0.
81

 (
0.

05
)

0.
78

 (
0.

10
)

56
%

97
%

89
%

83
%

A
U

E
C

0.
77

 (
0.

06
)

0.
76

 (
0.

11
)

67
%

97
%

91
%

86
%

IE
, i

ni
tia

l e
nh

an
ce

m
en

t; 
O

E
, o

ve
ra

ll 
en

ha
nc

em
en

t; 
A

U
E

C
, a

re
a 

un
de

r 
th

e 
en

ha
nc

em
en

t c
ur

ve
; S

E
, s

ta
nd

ar
d 

er
ro

r;
 N

PV
, n

eg
at

iv
e 

pr
ed

ic
tiv

e 
va

lu
e;

 P
PV

, p
os

iti
ve

 p
re

di
ct

iv
e 

va
lu

e.

IE
 m

ap
 f

ea
tu

re
s 

– 
ag

e,
 s

ke
w

ne
ss

, e
ne

rg
y,

 f 6
 (

su
m

 a
ve

ra
ge

),
 lo

w
 g

ra
y 

ru
n 

em
ph

as
is

O
E

 m
ap

 f
ea

tu
re

s 
– 

ag
e,

 s
ke

w
ne

ss
, f

6,
 h

ig
h 

gr
ay

 r
un

 e
m

ph
as

is
, l

on
g 

ru
n 

hi
gh

 g
ra

y 
em

ph
as

is

A
U

E
C

 m
ap

 f
ea

tu
re

s 
– 

ag
e,

 s
ke

w
ne

ss
, e

ne
rg

y,
 f 6

, f
8 

(s
um

 e
nt

ro
py

).

J Magn Reson Imaging. Author manuscript; available in PMC 2021 October 08.


	Abstract
	Materials and Methods
	Statistical Analysis

	Results
	Discussion
	References
	FIGURE 1:
	FIGURE 2:
	FIGURE 3:
	TABLE 1.
	TABLE 2.
	TABLE 3.
	TABLE 4.
	TABLE 5.
	TABLE 6.

