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Background:  Previous studies have suggested that texture analysis is a promising tool in the diagnosis, characterization, and assess-
ment of treatment response in various cancer types. Therefore, application of texture analysis may be helpful for early prediction of
pathologic response in breast cancer.

Purpose:  To investigate whether texture analysis of features from MRI is associated with pathologic complete response (pCR) to
neoadjuvant chemotherapy (NAC) in breast cancer.

Materials and Methods: This retrospective study included 136 women (mean age, 47.9 years; range, 31-70 years) who underwent NAC
and subsequent surgery for breast cancer between January 2012 and August 2017. Patients were monitored with 3.0-T MRI before
(pretreatment) and after (midtreatment) three or four cycles of NAC. Texture analysis was performed at pre- and midtreatment T2-
weighted MRI, contrast material-enhanced T1-weighted MRI, diffusion-weighted MRI, and apparent diffusion coefficient (ADC)
mapping by using commercial software. A random forest method was applied to build a predictive model for classifying those with
pCR with use of texture parameters. Diagnostic performance for predicting pCR was assessed and compared with that of six other
machine learning classifiers (adaptive boosting, decision tree, k-nearest neighbor, linear support vector machine, naive Bayes, and
linear discriminant analysis) by using the Wald test and DeLong method.

Results:  Forty of the 136 patients (29%) achieved pCR after NAC. In the prediction of pCR, the random forest classifier showed
the lowest diagnostic performance with pretreatment ADC (area under the receiver operating characteristic curve [AUC], 0.53;
95% confidence interval: 0.44, 0.61) and the highest diagnostic performance with midtreatment contrast-enhanced T1-weighted
MRI (AUC, 0.82; 95% confidence interval: 0.74, 0.88) among pre- and midtreatment T2-weighted MRI, contrast-enhanced T1-
weighted MRI, diffusion-weighted MRI, and ADC mapping.

Conclusion: Texture parameters using a random forest method of contrast-enhanced T1-weighted MRI at midtreatment of neoadju-
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vant chemotherapy were valuable and associated with pathologic complete response in breast cancer.
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eoadjuvant chemotherapy (NAC) is commonly ac-
Ncepted as the treatment of choice for large operable or
locally advanced breast cancers (1,2). NAC enables the
downsizing of breast cancers, thus allowing breast-conserv-
ing surgery and assessment of response to chemotherapy
during treatment. Furthermore, the achievement of patho-
logic complete response (pCR) is an independent predictor
of better disease-free survival; in the future, surgery may
not be required for patients showing pCR after NAC (3,4).
Therefore, early identification of such patients is crucial for
improving and personalizing patient treatment.

Several studies have investigated the value of breast
MRI for assessing or predicting treatment response to
NAC (5-7). Recent studies showed that changes in spe-
cific morphologic and kinetic parameters extracted from
dynamic contrast material-enhanced MRI, as well as dif-
fusion-weighted imaging (DWI), could help predict treat-
ment response and pCR (8-10). However, MRI has limi-
tations when used clinically because image interpretation is
based on the radiologist’s visual assessment.

Texture analysis is a mathematic model that allows
evaluation of gray-level intensity and position of pixels,
as well as the relationships among voxel intensities (11).
Texture analysis in medical imaging is being applied for
diagnosing, characterizing, and monitoring treatment
response by quantifying lesion heterogeneity and ir-
regularity of tissue components (12—14). Several studies
have evaluated the use of texture analysis in MRI for
predicting the response of breast cancer to NAC (15—
24). However, these studies had relatively small cohorts
and did not compare the diagnostic performance among
various sequences. Therefore, we explored the applica-
tion of texture analysis in a larger patient cohort by us-
ing pre- and midtreatment (after three or four cycles
of NAC) 3.0-T MRI with T2-weighted imaging, dy-
namic contrast-enhanced T1-weighted imaging, DWI,
and apparent diffusion coefficient (ADC) mapping. We
hypothesized that texture features at pre- or midtreat-
ment MRI could be associated with pCR after NAC.
The aim of this study was to investigate whether texture
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Abbreviations

ADC = apparent diffusion coefficient, AUC = area under the receiver
operating characteristic curve, DWI = diffusion-weighted imaging,
HER2 = human epidermal growth factor 2, NAC = neoadjuvant che-
motherapy, NPV = negative predictive value, pCR = pathologic com-
plete response, PPV = positive predictive value, SSF = spatial scale filter

Summary

Texture features of contrast material-enhanced T1-weighted MRI at
midtreatment of neoadjuvant chemotherapy showed good diagnostic
performance for demonstrating complete pathologic response in
breast cancer.

Key Results

» Texture features at midtreatment contrast material-enhanced T1-
weighted MRI showed the highest diagnostic performance (area
under the receiver operating characteristic curve [AUC], 0.82) for
predicting complete pathologic response compared with features
at pre- and midtreatment T2-weighted, contrast-enhanced T'1-
weighted, and diffusion-weighted imaging.

= The random forest model (AUC, 0.82) had better diagnostic
performance for showing association with complete pathologic
response compared with six other machine learning classifiers
(AUCs: adaptive boosting, 0.76; decision tree, 0.70; k-nearest
neighbor, 0.80; linear support vector machine, 0.75; naive Bayes,
0.74; linear discriminant analysis, 0.79) at midtreatment contrast-
enhanced T1-weighted MRI.

analysis of features from MRI is associated with pCR to NAC
in breast cancer and whether changes in these features can

help predict pCR after NAC.

Materials and Methods

Study Participants

The institutional review board of Gangnam Severance Hospi-
tal approved this retrospective study and waived the require-
ment to obtain patient approval or written informed consent
for the review of medical records or images. Between January
2012 and August 2017, we enrolled 158 women with breast
cancer who received NAC. The eligibility criteria were as fol-
lows: (@) breast cancer was pathologically confirmed with core
needle biopsy, (4) patients underwent NAC, and (¢) MRI was
performed during NAC. At the completion of chemotherapy,
the patients underwent surgery. Of the 158 women, 22 were
excluded for the following reasons: () images were obtained
with a 1.5-T MRI system (z = 3), (b)) MRI was performed at
an outside hospital (z = 2), (¢) no midtreatment MRI data
were available (7 = 5), (d) there was a complete radiologic
response at midtreatment MRI with complete resolution of
the known cancer (7 = 8), and (¢) nonstandard treatment was
used (2 = 4) (Fig 1).

NAC was performed according to the standard protocol
at our institution (mean number of cycles, seven; range: six
to 12 cycles), as follows: (2) doxorubicin (50 mg/m?) with
docetaxel (75 mg/m?) was given intravenously every 3 weeks
for six cycles; (4) doxorubicin (60 mg/m?) with cyclophos-
phamide (600 mg/m?) was given intravenously every 3 weeks
for six cycles; (¢) doxorubicin (60 mg/m?) with cyclophos-
phamide (600 mg/m?) plus docetaxel (75 mg/m?) was given
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Patients with breast cancer who underwent MRI in the course of
neoadjuvant chemotherapy with subsequent surgery (n=158)

Exclusion:

1.5T MRI (n=3)

MRI from outside hospitals (n=2)
Lack of midtreatment MRI (n=5)
Non-standard treatment (n=4)

Patients who underwent 3.0T MRI at pre- and midtreatment (n=144) I

Exclusion:
Complete resolution of the known cancer at midtreatment (n=8)

Patients who underwent 3.0T MRI at pre- and midtreatment
with measurable disease at midtreatment (n=136)

Figure 1:  Flowchart shows study population and exclusion criteria.

intravenously every 3 weeks for four cycles, followed by
docetaxel intravenously every 3 weeks for four cycles; or ()
docetaxel (75 mg/m?), carboplatin (area under the plasma
drug concentration-time curve, 6), and a combination with
trastuzumab (8 mg/kg at cycle 1, 6 mg/kg at cycles 2-6) and
pertuzumab (840 mg at cycle 1, 420 mg at cycles 2-6) was
given intravenously every 3 weeks for six cycles.

MRI Technique

All MRI examinations were performed by using a 3.0-T system
(Achieva, Philips Medical Systems, Best, the Netherlands; Dis-
covery MR750, GE Medical Systems, Milwaukee, Wis) with
a dedicated four-channel breast coil. All images were obtained
with bilateral axial views. The routine protocol was composed
of turbo spin-echo T1-weighted (repetition time msec/echo
time msec, 505/10; matrix, 564 X 338; field of view, 20-34
cm; slice thickness, 3 mm) and T2-weighted fat-suppressed
spin-echo (5506/70; matrix, 564 X 261; field of view, 20-34
cm; slice thickness, 3 mm) sequences. Echo-planar DWI was
performed before contrast material enhancement (12500/78;
matrix, 96 X 126; field of view, 32 cm; slice thickness, 3 mm)
with & values of 0 and 1000 sec/mm?. Dynamic contrast-en-
hanced MRI was performed with one precontrast and five post-
contrast series by using a T1-weighted gradient-echo sequence
(5/2.5; matrix, 340 X 274; flip angle, 12°; field of view, 34 cm;
slice thickness, 2 mm). Image subtraction was performed at
all postcontrast phases. Dynamic contrast-enhanced MRI was
performed after injecting gadopentetate dimeglumine (Bono-
I; Central Medical Service, Seoul, South Korea) or gadobutrol
(Gadovist; Bayer Healthcare, Berlin, Germany) at a dose of 0.1
mmol/kg by using an automated injector (Nemoto; Nemoto
Kyorindo, Tokyo, Japan) at a rate of 2 mL/sec, followed by a
20-mL saline flush.

Image Analysis

Images were interpreted by two radiologists (N.L.E. and
H.M.G., with 7 and 12 years of experience in breast imaging).
Maximum tumor diameter was measured on contrast-enhanced
T1-weighted images. Tumor appearance at MRI (mass, nonmass
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Figure 2: Texture analysis at contrast-enhanced T1-weighted MRl in a 51-year-old woman with cancer of the right
breast. The patient achieved pathologic complete response (pCR) after neoadjuvant chemotherapy (NAC). (a) Image ob-
tained at prefreatment MRI shows irregular, heferogeneously enhancing cancer in upper outer quadrant of right breast. (b)
Tumor was manually delineated at prefreatment MRI, and fexture analysis was performed. (€) Image obtained at midtreat-
ment MR shows that the tumor has decreased in size. (d) Tumor was manually delineated af midireatment MR, and texture
analysis was performed. Random forest model at midireatment MRI predicted pCR, which was confirmed at final surgical-

pathologic evaluation after NAC.

enhancement, mass and nonmass enhancement) was visually as-
sessed by the two radiologists in consensus.

Texture analysis of T2-weighted images, contrast-en-
hanced T1-weighted images, DWI scans, and ADC maps
was performed by using a commercial research software al-
gorithm (TexRAD; Feedback Medical, Somerset, England).
The two radiologists manually drew a region of interest
around the whole visible tumor in consensus (Figs 2, 3).
All images were aligned by using the first dynamic contrast-
enhanced T1-weighted images as a reference. A two-dimen-
sional region of interest enclosing the largest cross-sectional
area of the tumor was delineated on T2-weighted images,
contrast-enhanced T1-weighted images, DWI scans, and
ADC maps. If the cancer was multifocal or multicentric,
the region of interest was measured at the tumor with the
largest size. On T2-weighted images, the tumor area was
defined as areas with low or intermediate signal intensity
compared with normal breast parenchyma. On dynamic
contrast-enhanced images, an area of high signal intensity
with homogeneous or heterogeneous enhancement that dif-
fered from that of normal background parenchyma at the
first dynamic contrast-enhanced series was considered a
tumor. On images obtained at DWI, high signal intensity
suggestive of the diffusion-restricted areas with low signal
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intensity on ADC maps was
regarded as a tumoral region.
If the lesion did not appear
on T2-weighted images, DWI
scans, and ADC maps, the
region of interest was defined
by referencing the lesion loca-
tion on a contrast-enhanced
T1-weighted image.

After tumors were seg-
mented, the following six
texture parameters were cal-
culated on the basis of the
gray-level intensity histo-
gram: mean pixel intensity,
standard deviation,
proportion of positive pixels,

mean

entropy (irregularity of gray-
level distribution), skewness
(asymmetry of the histo-
gram), and kurtosis (peaked-
ness of the histogram). The
TexRAD
the imaging texture param-
eters through an initial filtra-
tion step called a spatial scale
factor (SSF). An SSF of 2
highlights a fine-texture fea-
ture with a radius of 2 mm,
an SSF of 3 or 4 highlights a
medium-texture feature with
a radius of 3—-4 mm, and an
SSF of 5 or 6 highlights a
coarse-texture feature with a radius of 5-6 mm. The effect
of filtration, by highlighting larger pixels, has been hypoth-

esized to accentuate the contribution of the vasculature to

displays

software

texture features (15,25). In our study, images were analyzed
by simultaneously choosing SSFs of 2 (highlighting fine-
texture features), 4 (highlighting medium-texture features),
and 6 (highlighting coarse-texture features).

Histopathologic Assessment

One pathologist with 30 years of experience in breast pathol-
ogy assessed the histologic results. The histologic type and
grade were evaluated from histopathologic reports of US-
guided core biopsies performed before NAC. The expression
of estrogen receptor, progesterone receptor, and human epi-
dermal growth factor 2 (HER2) was assessed by using the
standard avidin-biotin complex immunohistochemical stain-
ing method. Estrogen receptor and progesterone receptor
positivity were assessed with the Allred score, which rates the
proportion of positive cells (on a scale of 0-5) and the stain-
ing intensity (on a scale of 0-3). Tumors were considered es-
trogen receptor or progesterone receptor positive if the Allred
score exceeded 3. Tumors were considered HER2 positive if
they had a score of 3+ at immunohistochemical examina-
tion. If HER2 status was equivocal (score, 2+) at immuno-
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Figure 3:

breast. The patient achieved pathologic complete response (pCR) after neoadjuvant chemotherapy (NAC). (a) Image ob-
tained at prefreatment MRI shows irregular heterogeneously enhancing cancer in upper outer quadrant of right breast.

(b) Tumor was manually delineated at pretreatment MRI, and texture analysis was performed. (€) Image obtained af For
midtreatment MRI shows that the tumor has decreased in size, demonstrating focal nonmass enhancement. (d) Tumor was
manually delineated at midireatment MRI. Random forest model at midireatment MRI predicted nonpathologic complete

response; however, final surgical-pathologic evaluation after NAC revealed pCR.

histochemical examination, fluorescence in situ hybridization
analysis was performed to confirm the diagnosis.

After surgery, pCR was defined as the absence of residual in-
vasive cancer in the breast surgical specimen (ductal carcinoma
in situ could be present) with the absence of axillary lymph node
involvement. The isolated tumor cell of the lymph node was
considered axillary pCR.

Statistical Analysis

Clinical-pathologic characteristics and pretreatment MRI find-
ings, including maximum tumor diameter and type of lesion,
were collected and compared according to pathologic response
by using the 7 test, x” test, or Fisher exact test.

For analyzing texture parameters at pretreatment and
midtreatment MRI and the difference of texture param-
eters between mid- and pretreatment MRI, a random for-
est method was applied to build a predictive model to clas-
sify pCR responders. This method combines the results of
many individual decision trees to reduce overfitting and to
improve generalization. Random forest method grows the de-
cision trees in the ensemble by using bootstrap samples of the
data and selects a random subset of predictors to use at each
decision split, which also enables an automatic measure of
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Texture analysis af contrast-enhanced T1-weighted MRl in a 48-year-old woman with cancer of the right

feature importance (25-27).
The measure of feature impor-
tance was based on the per-
centage increase in prediction
error when values of that fea-
ture were permuted randomly
compared with the prediction
error with that value of that
feature left intact. This mea-
sure was computed for every
tree, then averaged over the
entire ensemble and divided
by the standard deviation over
the entire ensemble (26). The
random forest classifier was
optimized for the number
of trees (51, 251, 501, 751,
1001, 2001) with repeated (7
= 100) and fivefold cross-val-
idation. To train the random
forest model, repeated cross-
validation was used for the
less biased estimates compared
to use of out-of-bag estimates
(27,28). For each cross-valida-
tion, the 18 features extracted
from TexRad were centered
and scaled because the range
of feature values varied widely.
each combination of
MRI type (contrast-enhanced
T1-weighted imaging, T2-
weighted  imaging, DWI,
ADC mapping) and feature
type (pretreatment, midtreatment, and difference between
mid- and pretreatment), we computed the sensitivity, speci-
ficity, positive predictive value (PPV), negative predictive
value (NPV), accuracy, and area under the receiver operating
characteristic curve (AUC) from the receiver operating char-
acteristic for predicting pCR.

For comparison between the random forest model and other
machine learning methods, we investigated six machine learning
algorithms: k-nearest neighbor, naive Bayes classifier, decision
tree, linear discriminant analysis, adaptive boosting, and linear
support vector machine. Details on the individual classifiers are
provided in Appendix E1 (online). To train the six machine
learning algorithms, repeated (7 = 100) and fivefold cross-val-
idation was applied. Each classifier adopted different types of
hyperparameters to obtain reasonable results.

The x?* test was used to compare the diagnostic performance
(ie, sensitivity, specificity, PPV, NPV, and accuracy) by using
SPSS software (version 25.0; IBM, Armonk, NY). The Wald
test was performed to compare AUCs in independent data sets,
and the DeLong method was used to compare AUCs in inde-
pendent data sets by using MedCalc software (version 18.9.1;
MedCalc, Ostend, Belgium). The false discovery rate correc-
tion was also performed for multiple comparison (29). P < .05

radiology.rsna.org = Radiology: Volume 294: Number 1—January 2020
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Table 1: Patient Characteristics

Non-pCR  pCR
Group Group

Characteristics (n=96) (n = 40) P Value
Age (y)* 48 + 10 48 =9 .66
Sex
Men 0 (0) 0 (0)
Women 96 (100) 40 (100)
Interval between 73 +9 70 = 11 .09
pretreatment and
midtreatment
MRI (d)*
Mean time between 158 £20 150 = 32 .06
pretreatment MRI
and surgery (d)*

MRI features .28

Mass 66 (69) 26 (65)
Nonmass enhancement 8 (8) 1(3)
Mass and nonmass 22 (23) 13 (32)

enhancement

Clinical stage .13
1 30 (31) 8 (20)

111 66 (69) 32 (80)

Tumor histologic type .53
Ductal 89 (93) 39 (98)

Lobular 1(1) 0 (0)
Other 6 (6) 1(2)

ER status .01
Negative 39 (41) 29 (72)

Positive 57 (59) 11 (28)

PR status <.001
Negative 59 (62) 38 (95)

Positive 37 (38) 2(5)

HER?2 status .04
Negative 63 (66) 19 (48)

Positive 33 (34) 21 (52)

Triple-negative cancer
Yes 25 (26) 14 (35) 31
No 71 (74) 26 (65)

Chemotherapy regimen .001
AT 13 (13) 5(12)

AC 5(5) 0(0)
AC-T 61 (64) 15 (38)
TCHP 17(18) 20 (50)

Surgery type Sl
Total mastectomy 49 (51) 21 (52)
Breast-conserving 47 (49) 19 (48)

surgery

Note.—Unless otherwise noted, values are numbers of pa-
tients, with percentages in parentheses. AC = doxorubicin with
cyclophosphamide, AC-T = doxorubicin with cyclophospha-
mide plus docetaxel, AT = doxorubicin with docetaxel, ER =
estrogen receptor, HER2 = human epidermal growth factor 2,
pCR = pathologic complete response, PR = progesterone recep-
tor, TCHP = docetaxel and carboplatin with trastuzumab and
pertuzumab.

* Numbers are means * standard deviations.

Radiology: Volume 294: Number 1 —January 2020 = radiology.rsna.org

Table 2: Median AUCs of 12 Random Forest Models in the
Prediction of Pathologic Complete Response
Image and Feature AUC P Value*
T1-weighted MRI
PRE 0.57 (0.48, 0.65) <.001
MID 0.82 (0.74, 0.88)
MID-PRE 0.69 (0.60, 0.77) .07
T2-weighted MRI
PRE 0.53 (0.44, 0.61) <.001
MID 0.58 (0.49, 0.66) <.001
MID-PRE 0.67 (0.58, 0.75) .03
DWI
PRE 0.57 (0.48, 0.66) <.001
MID 0.73 (0.65, 0.80) .19
MID-PRE 0.65 (0.56, 0.73) .02
ADC mapping
PRE 0.52 (0.44, 0.61) <.001
MID 0.69 (0.60, 0.77) .07
MID-PRE 0.67 (0.58, 0.75) .04
Note.—Numbers in parentheses are 95% confidence intervals.
ADC = apparent diffusion coefficient, AUC = area under the
receiver operating characteristic curve, DWI = diffusion-weighted
imaging, MID = features at midtreatment MRI, MID-PRE =
difference between features at midtreatment and pretreatment
MRI, PRE = features at pretreatment MRI.
* P values are for comparison with midtreatment T'1-weighted
MRI.

was considered to indicate a statistically significant difference.
Statistical analyses and comparison of all machine learning clas-
sifiers were performed by using open-source R software (ver-
sion 3.5.1; R Foundation for Statistical Computing, Vienna,
Austria) and commercially available Matlab R2018a (Math-
Works, Natick, Mass) on Windows 10.

Results

Patient Characteristics

One hundred thirty-six women comprised the final study group
(mean age, 47.9 years; range, 31-70 years). Patient character-
istics are listed in Table 1. The median maximum tumor diam-
eter at pretreatment MRI was 4.2 cm (range, 1-10.7 cm). Of
the 136 patients, 40 (29%) achieved pCR at final pathologic
evaluation. The pCR group showed a higher proportion of es-
trogen receptor negativity (29 of 40 patients [72%]; P < .01),
progesterone receptor negativity (38 of 40 patients [95%]; P <
.01), and HER?2 positivity (21 of 40 patients [52%]; P = .04)
than did the non-pCR group. There were no differences in age
(P = .66), MRI features (P = .28), clinical stage (P = .13), tu-
mor histologic type (P =.53), or surgery type (P =.51) between
patients with and patients without pCR.

Texture Analysis

For repeated cross-validation (7 = 100), the histogram (20
bins) and ranges of 100 AUCs (number of trees, 251) of 12
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Figure 4:  Graphs show area under the receiver operating characteristic curve (AUC) comparison of pretreatment features (PRE), midireatment features (MID),
and difference between midireatment and prefreatment features (MID - PRE) at, A, T1-weighed (T1) MRI, B, T2-weighted (T2) MRI, C, apparent diffusion coef-
ficient (ADC) mapping, and, D, diffusion-weighted imaging (DWI) in prediction of pathologic complete response.

random forest classifiers are depicted in Figure E1 (online). The
minimum and maximum AUCs obtained with pretreatment
ADC mapping and midtreatment dynamic contrast-enhanced
T1-weighted MRI were 0.5 and 0.85, respectively. Midtreat-
ment dynamic contrast-enhanced T1-weighted MRI showed
the highest diagnostic performance as well as robustness based
on AUC ranges.

Among the 100 AUCs, we selected median AUC:s as a rep-
resentative AUC of the random forest models. The median val-
ues are given in Table 2, and the receiver operating characteristic
curves based on feature type (pretreatment features, midtreat-
ment features, and difference between midtreatment and pre-
treatment features) and image type (T1-weighted image,
T2-weighted image, ADC map, DW1I scan) are shown in Figures
4 and 5, respectively. Among the 12 median AUCs, midtreat-
ment dynamic contrast-enhanced T1-weighted MRI achieved
the best diagnostic performance (AUC, 0.82; 95% confidence
interval: 0.74, 0.88). Compared with the remaining 11 median
AUGs, the median AUC with midtreatment dynamic contrast-
enhanced T1-weighted MRI was significantly higher than the

36

others except for difference between midtreatment and pretreat-
ment features at T1-weighted imaging (AUC, 0.69; P = .07),
midtreatment DWI (AUC, 0.73; P = .19), and midtreatment
ADC (AUC, 0.69; P = .07).

The diagnostic performance for each image and feature
type in the prediction of pCR is summarized in Table 3.
All diagnostic performance measures for midtreatment T1-
weighted MRI were higher than those for pretreatment T2-
weighted MRI (sensitivity: 62.5% vs 7.5%, respectively,
P < .001; PPV: 75.8% vs 15%, P < .001; NPV: 85.4%
vs 68.1%, P = .01; accuracy, 83.1% vs 60.3%, P < .001),
midtreatment T2-weighted MRI (sensitivity: 62.5% vs 15%,
P < .001; PPV: 75.8% vs 25%, P = .01; NPV: 85.4% vs
69.6%, P = .02; accuracy: 83.1% vs 61.8%, P < .001), and
the difference between midtreatment and pretreatment fea-
tures at T2-weighted MRI (sensitivity: 62.5% vs 32.5%, P
= .01; specificity: 91.7% vs 75%, P = .02; PPV: 75.8% vs
35.1%, P = .02; NPV: 85.4% vs 72.7%, P = .04; accuracy,
83.1% vs 62.5%, P < .001) except the specificity with pre-
treatment T2-weighted MRI (91.7% vs 82.3%, P = .11)

radiology.rsna.org = Radiology: Volume 294: Number 1—January 2020
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and midtreatment T2-weighted MRI (91.7% vs 81.3%, P
=.09). Although the AUCs for midtreatment T1-weighted
MRI were not significantly different than those for the dif-
ference between midtreatment and pretreatment features at
T1-weighted imaging and midtreatment DWI (0.82 vs 0.69
[P = .07] and 0.73, respectively; P = .19), the PPV with
midtreatment T'1-weighted imaging (75.8%) was higher than
that for the difference between midtreatment and pretreat-
ment features at T1-weighted imaging (50%, P = .04). In
addition, the accuracy with midtreatment T1-weighted MRI
(83.1%) was higher than that with the difference between
midtreatment and pretreatment features at T1-weighted
imaging (70.6%, P = .02) and midtreatment DWI (72.1%,
P =.02). The diagnostic performance of midtreatment T1-
weighted imaging was higher than that with midtreatment
ADC (AUC: 0.82 vs 0.69, respectively, P = .08; sensitivity:
62.5% vs 45%, P = .12; specificity: 91.7% vs 86.5%, P = .3;
PPV: 75.8% vs 58.1%, P = .13; NPV: 85.4% vs 79%, P =
.23; accuracy: 83.1% vs 74.3%, P = .08); however, the differ-
ence was not significant.

The importance of features at midtreatment T1-weighted
imaging is shown in Table 4. Of 18 features, all showed positive
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ing, T1 =T1-weighted MRI, T2 = T2-weighted MRI,

effects on building the random forest model except for the skew-
ness of SSF 2. Kurtosis of SSF 6 and SSF 2 and entropy of SSF 6
resulted in the largest feature importance (0.80, 0.58, and 0.56,
respectively). Skewness with SSF 2 showed negative feature im-
portance, which means it played a detrimental role in the predic-
tion of pCR. Table 5 summarizes the AUCs of all features (18
features) and the top three, six, nine, 12, 15, and 17 features
models. Although the random forest model with the top 15 fea-
tures achieved the highest AUC (0.83; 95% confidence interval:
0.75, 0.88), it was not significantly different compared with that
of the full feature model (P = .36).

Figure 6 is a boxplot showing the diagnostic performance of
the random forest model and six other machine learning classi-
fiers in the prediction of pCR with midtreatment T'1-weighted
imaging. The diagnostic performance with the random forest
model was better than that of the other six machine learning
classifiers at midtreatment contrast-enhanced T1-weighted MRI

(Table 6).

Discussion

Our study showed that the texture parameters at 3-T MRI
with random forest modeling have the potential to enable
early prediction of pathologic complete response (pCR) after
neoadjuvant chemotherapy (NAC). The pCR is associated
with better disease-free survival and overall survival in pa-
tients with breast cancer undergoing NAC. Therefore, early
identification of optimal patients for NAC with MRI may be
pivotal. Because texture can provide information for pCR at
pre- and midtreatment MRI, it may be helpful for precision
medicine in breast cancer. Several studies have investigated
the value of texture analysis in MRI for predicting response
after NAC in breast cancer; however, they had relatively small
study populations and did not analyze various sequences.
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Table 3: Diagnostic Performance of Image and Feature Types in the Prediction of Pathologic Complete Response
Type of Image and Feature Sensitivity (%) Specificity (%) PPV (%) NPV (%) Accuracy (%)
Contrast-enhanced
T1-weighted MRI
PRE 10 (0.7, 19.3) 88.5(82.2,94.9)  26.7 (4.3, 49) 702 (62.1,78.4)  65.4 (57.4, 73.4)
[<.001]* [.47] [.01]* [.02]* [.01]*
MID 62.5 (47.5,77.5) 91.7 (86.1, 97.2) 75.8 (61.1, 90.4) 85.4 (78.6, 92.2) 83.1 (76.8, 89.4)
MID-PRE 40 (24.8, 55.2) 83.3 (75.9, 90.8) 50 (32.7, 67.3) 76.9 (68.8, 85) 70.6 (62.9,78.2)
[.05] [.11] [.04]* [.14] [.02]*
T2-weighted MRI
PRE 7.5 (0, 15.7) 82.3 (74.7, 89.9) 15 (0, 30.6) 68.1 (59.6, 76.6) 60.3 (52.1, 68.5)
[<.001]* [.11] [<.001]* [.01]* [<.001]*
MID 15 (3.9, 26.1) 81.3 (73.4, 89.1) 25 (7.7, 42.3) 69.6 (61.1,78.2) 61.8 (53.6, 69.9)
[<.001]* [.09] [.01]* [.02]* [<.001]*
MID-PRE 32.5 (18, 47) 75 (66.3, 83.7) 35.1(19.8, 50.5) 72.7 (64, 81.5) 62.5 (54.4, 70.6)
[O1]* [.02]* [O1]* [.04]* [<.001]*
DWI
PRE 5(0, 11.8) 83.3 (75.9, 90.8) 11.1 (0, 25.6) 67.8 (59.4,76.2) 60.3 (52.1, 68.5)
[<.001]* [11] [<.001]* [01]* [<.001]*
MID 45 (29.6, 60.4) 83.3 (75.9, 90.8) 52.9 (36.2, 69.7) 78.4 (70.4, 86.4) 72.1 (64.5, 79.6)
[.12] [.11] [.06] [.21] [.03]*
MID-PRE 36.4 (20, 52.8) 72.8 (64.2, 81.4) 30 (15.8, 44.2) 78.1 (69.9, 86.4) 64 (55.9,72)
[.01]* [.O5]* [.01]* [.04]* [<.0017*
ADC mapping
PRE 22.5 (9.6, 35.4) 81.2 (73.4, 89.1) 33.3 (15.6,51.1) 71.6 (63.1, 80) 64 (55.9,72)
[<.001]* [.10] [.01]* [.03]* [.01]*
MID 45 (29.6, 60.4) 86.5 (79.6, 93.3) 58.1 (40.7, 75.4) 79 (71.3, 86.8) 74.3 (66.9, 81.6)
[.12] [.30] [.13] [.23] [.08]
MID-PRE 35 (20.2, 49.8) 87.5 (80.9, 94.1) 53.8 (34.7, 73) 76.4 (68.4, 84.3) 72.1 (64.5,79.6)
[.02]* [.38] [.09] [.13] [.03]*
Note.—Data are percentages, with 95% confidence intervals in parentheses and P values in brackets. ADC = apparent diffusion coefficient,
DWI = diffusion-weighted imaging, MID = features at midtreatment MRI, MID-PRE = difference between features at midtreatment and
pretreatment MRI, NPV = negative predictive value, PPV = positive predictive value, PRE = features at pretreatment MRIL
* Adjusted P < .05, compared with contrast-enhanced midtreatment T1-weighted MRI.

In our study, texture features at midtreatment contrast-
enhanced T1-weighted MRI with random forest modeling
had better diagnostic performance for showing an association
with pCR, with the highest AUC compared with those at
T2-weighted MRI (0.82 vs 0.58; P < .001). Our analysis
also showed that texture parameters obtained with midtreat-
ment contrast-enhanced T1-weighted imaging (AUC, 0.82)
showed better diagnostic performance than those with DW1I
(AUC, 0.73; P = .19) and ADC mapping (AUC, 0.69; P =
.07), albeit the difference was not significant. Among the
texture parameters consisting of the random forest models
of midtreatment contrast-enhanced T1-weighted imaging,
kurtosis for SSF 6 showed the highest feature importance,
followed by kurtosis for SSF 2 and entropy for SSF 6. In
addition, we compared the performance of the random for-
est classifier to that of six other machine learning algorithms
by using features from midtreatment contrast-enhanced T1-
weighted MRI and demonstrated that the random forest
model has better diagnostic performance for showing associa-
tion with pCR.

Previous studies with the same commercial software showed

AUG:s of 0.74-0.84 for predicting pCR in breast cancer (15,16),
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which are similar to those in our study. However, those studies
used limited MRI sequences. Several previous studies using quan-
titative features extracted from dynamic contrast-enhanced MRI
combining multiparametric data have shown AUCs of 0.68-0.91,
which are similar to those in our study (18,20,22,24). This high-
lights that our data were based only on basic texture features. In
contrast to our study, a previous study showed that the diagnos-
tic performance of texture parameter changes on a T2-weighted
image using entropy and uniformity was better than that on a
contrast-enhanced T1-weighted image (15). Chamming’s et al
(19) reported that kurtosis on T2-weighted images was indepen-
dently associated with pCR in non-triple-negative breast cancer.
Although their studies used the same software application as ours,
these conflicting results may be explained in part by the differ-
ent magnetic field strengths used (1.5 T vs 3 T) or by differences
in the MRI protocol. A previous study found that signal-to-noise
ratio, field strength, and intensity normalization algorithms have
an effect on texture analysis (30). In addition, other studies have
suggested that spatial resolution is an important factor when per-
forming texture analysis and that the sequence with higher spatial
resolution resulted in better classification compared with the se-
quence with lower spatial resolution (31).
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Table 4: Importance of Features at Midireatment Contrast-
enhanced T1-weighted Imaging in the Prediction of Patho-
logic Complete Response

Cumulative

Importance
Feature and Texture Parameter Importance Ratio (%)*
Kurtosis, SSF 6 0.80 14.89
Kurtosis, SSF 2 0.58 25.65
Entropy, SSF 6 0.56 36.14
Entropy, SSF 4 0.47 44.93
Standard deviation, SSF 4 0.32 50.89
MPP, SSF 6 0.31 56.73
MPPD, SSF 4 0.31 62.45
Standard deviation, SSF 2 0.28 67.60
Skewness, SSF 6 0.26 72.55
Mean pixel intensity, SSF 4 0.26 77.36
Entropy, SSF 2 0.22 81.55
Mean pixel intensity, SSF 6 0.20 85.37
MPP, SSF 2 0.19 88.90
Mean pixel intensity, SSF 2 0.17 92.01
Standard deviation, SSF 6 0.16 95.06
Skewness, SSF 4 0.14 97.65
Kurtosis, SSF 4 0.13 100
Skewness, SSF 2 —0.08

Note.—MPP = mean proportion of positive pixels, SSF = spatial
scaling factor, SSF 2 = highlighting fine-texture features, SSF 4 =
highlighting medium-texture features, SSF 6 = highlighting

coarse-texture features.
* Cumulative importance ratio except negative importance.

Table 5: AUCs according to Number of Texture Features at
Midtreatment Contrast-enhanced T1-weighted MRI in the
Prediction of Pathologic Complete Response

Cumulative
Importance P Adjusted
Feature AUC Ratio (%)* Value P Value

All (18 features) 0.82 (0.74, 0.88) ..
0.80 (0.72, 0.86)

Top three 36.14 .69 93
features

Top six features 0.81 (0.74, 0.87)
0.82 (0.74, 0.88)

56.73 93 .93

Top nine 72.55 73 93
features

Top 12 features 0.82 (0.75, 0.88) 85.37 .65 .93

Top 15 features 0.83 (0.75, 0.88)  95.06 36 .93

Top 17 features 0.82 (0.74, 0.88) 100 .89 .93

Note.—Numbers in parentheses are the 95% confidence interval.
AUC = area under the receiver operating characteristic curve.

* Cumulative importance ratio except negative importance.

To our knowledge, this is the first study to evaluate the diag-
nostic performances of random forest models with use of texture
parameters and their changes at different sequences and timing,
including T2-weighted images, contrast-enhanced T1-weighted
images, DW1I scans, and ADC maps at 3-T MRI before and in
the middle of treatment. Yoon et al (32) investigated DW1 for
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Figure 6: Box and whisker plot illustrates performance of various machine
learning (ML) algorithms in the prediction of pathologic complete response. Ada-

boost = adaptive boosting, AUC = area under the receiver operating characteris-
tic curve, DT = decision tree, kNN = k-nearest neighbor, LDA = linear discriminant
analysis, InNSYM = linear support vector machine, NB = naive Bayes, RF = random
forest.

Table 6: AUCs according to Various Machine Learning Clas-
sifiers of Midtreatment Contrast-enhanced T1-weighted
MRI in the Prediction of Pathologic Complete Response

Classifier AUC

Adaptive boosting 0.76 (0.68, 0.83)
Decision tree 0.70 (0.61, 0.77)
kNN 0.80 (0.72, 0.86)
LinSVM 0.75 (0.67, 0.82)
Naive Bayes 0.74 (0.65, 0.84)
LDA 0.79 (0.87, 0.70)
Random forest 0.82 (0.74, 0.88)

Note.—Numbers in parentheses are the 95% confidence inter-
val. AUC = area under the receiver operating characteristic curve,
kNN = k-nearest neighbor, LDA = linear discriminant analysis,
LinSVM = linear support vector machine.

predicting response to NAC and found different ADCs between
the responding and the nonresponding group. However, unlike
in our study, there were no data for diagnostic performance and
no results for comparison between other sequences. Several pre-
vious studies have also investigated whether texture parameter
changes during NAC might help predict pCR in breast cancer
(15,16,19,23); however, their data were solely based on one or
two MRI sequences.

Our results are in accordance with those from a recent study
showing that kurtosis at pretreatment MRI was associated with
pCR after NAC in breast cancer (19). Kurtosis reflects the peak-
edness of the histogram analysis of the pixel signal intensity,
which is considered to provide information about tissue micro-
structure organization (33,34). Horvat et al (27) investigated the
association between texture parameters and pathologic response
after NAC in rectal cancer; they also found that kurtosis was as-
sociated with pCR. We then evaluated the feature importance for
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accurate diagnosis using a random forest model. When analyzed
with several numbers of top features, the AUC of all features
showed no significant difference with those of three, six, nine,
12, 15, and 17 features. This result indicates that the three top
texture parameters showing the highest feature importance, such
as kurtosis for SSF 6 and SSF 2 and entropy for SSF 6, might
give us enough information to predict pCR. Our study differed
from other studies in that the results were analyzed from random
forest models that measure feature importance and build deci-
sion trees to reduce overfitting and diagnostic error.

In addition, we compared the performance of a random forest
classifier to that of six other machine learning algorithms by us-
ing features from midtreatment contrast-enhanced T1-weighted
MRI. We demonstrated that the diagnostic performance of the
random forest model for showing an association with pCR was
better than that of the machine learning algorithms (AUC: adap-
tive boosting, 0.76; decision tree, 0.70; k-nearest neighbor, 0.80;
linear support vector machine, 0.75; naive Bayes, 0.74; linear
discriminant analysis, 0.79). Tahmassebi et al (35) investigated
machine learning in multiparametric MRI using qualitative and
quantitative features from all MRI sequences for early prediction
of pCR. Although they did not assess the texture features, ma-
chine learning based on an extreme gradient boosting classifier
model enabled prediction of pCR, with a median AUC of 0.86.

Our study has several limitations. First, this was a retrospec-
tive study in a single institution. This may have caused selection
bias. Second, the heterogeneous nature of the histopathologic
cancer subtype included in our study led to the use of different
chemotherapy regimens, which reflects clinical reality. However,
this may affect pathologic response to NAC and cause selection
bias. Third, the software we used could analyze only two-dimen-
sional rather than three-dimensional MRI scans. Therefore, it
may not have represented the texture features of the entire tu-
mor. Finally, the region of interest was drawn by two radiologists
in consensus.

In conclusion, texture features of contrast-enhanced T1-
weighted images at midtreatment MRI showed the most valu-
able results for association with pathologic complete response
to neoadjuvant chemotherapy (NAC) in patients with breast
cancer among texture parameters from our mathematic model-
ing analysis. However, further investigation in a larger and in-
dependent external validation data set is warranted before this
approach can be used for actual clinical decision making. After
validation, this analysis may become an important monitoring
tool for predicting response to NAC for breast cancer.
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