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Abstract

Background: Artificial intelligence/computer-aided diagnosis (Al/CADXx) and its
use of radiomics have shown potential in diagnosis and prognosis of breast
cancer. Performance metrics such as the area under the receiver operating char-
acteristic (ROC) curve (AUC) are frequently used as figures of merit for the
evaluation of CADx. Methods for evaluating lesion-based measures of perfor-
mance may enhance the assessment of Al/CADx pipelines, particularly in the
situation of comparing performances by classifier.

Purpose: The purpose of this study was to investigate the use case of two
standard classifiers to (1) compare overall classification performance of the
classifiers in the task of distinguishing between benign and malignant breast
lesions using radiomic features extracted from dynamic contrast-enhanced
magnetic resonance (DCE-MR) images, (2) define a new repeatability metric
(termed sureness),and (3) use sureness to examine if one classifier provides an
advantage in Al diagnostic performance by lesion when using radiomic features.
Methods: Images of 1052 breast lesions (201 benign, 851 cancers) had been
retrospectively collected under HIPAA/IRB compliance. The lesions had been
segmented automatically using a fuzzy c-means method and thirty-two radiomic
features had been extracted. Classification was investigated for the task of
malignant lesions (81% of the dataset) versus benign lesions (19%). Two classi-
fiers (linear discriminant analysis, LDA and support vector machines, SVM) were
trained and tested within 0.632 bootstrap analyses (2000 iterations). Whole-set
classification performance was evaluated at two levels: (1) the 0.632+ bias-
corrected area under the ROC curve (AUC) and (2) performance metric curves
which give variability in operating sensitivity and specificity at a target operat-
ing point (95% target sensitivity). Sureness was defined as 1-95% confidence
interval of the classifier output for each lesion for each classifier. Lesion-based
repeatability was evaluated at two levels: (1) repeatability profiles, which repre-
sent the distribution of sureness across the decision threshold and (2) sureness
of each lesion. The latter was used to identify lesions with better sureness with
one classifier over another while maintaining lesion-based performance across
the bootstrap iterations.

Results: In classification performance assessment, the median and 95% ClI
of difference in AUC between the two classifiers did not show evidence of
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LESION-BASED SURENESS OF BREAST MRI

difference (AAUC = —0.003 [-0.031, 0.018]). Both classifiers achieved the tar-
get sensitivity. Sureness was more consistent across the classifier output range
for the SVM classifier than the LDA classifier. The SVM resulted in a net gain of
33 benign lesions and 307 cancers with higher sureness and maintained lesion-
based performance. However, with the LDA there was a notable percentage of
benign lesions (42%) with better sureness but lower lesion-based performance.
Conclusions: When there is no evidence for difference in performance
between classifiers using AUC or other performance summary measures, a
lesion-based sureness metric may provide additional insight into Al pipeline
design. These findings present and emphasize the utility of lesion-based
repeatability via sureness in AI/CADx as a complementary enhancement to

KEYWORDS

1 | INTRODUCTION

Methods of artificial intelligence/computer-aided diag-
nosis (Al/CADx) extract quantitative information from
medical data, including images, to support decision-
making in clinical medicine.! Radiomic features are
a form of quantitative information? that can be used
in AI/CADx systems and are derived from regions
of interest in medical images, such as lesions found
in the breast, and they can be merged using classi-
fiers. A primary method for performance evaluation of
radiomic features is receiver operating characteristic
(ROC) curve analysis,® which evaluates the true positive
rate (sensitivity) as a function of the false positive rate
(1-specificity) as the area under this curve (AUC) across
the range of classifier output for all test lesions. The
utility of computer-aided diagnosis has been demon-
strated, but additional work is needed” in characterizing
the variability of the AlI/CADx pipeline in the context of
factors such as variations in training set.

There have been several investigations to character-
ize the repeatability of specific radiomic features in their
own right when extracted from several modalities for
various clinical purposes,” such as those regarding non-
small cell lung cancer® (NSCLC) and cervical cancer.
In a survey of studies involving measuring repeatabil-
ity and reproducibility of individual radiomic features’
only one study that met criteria for quality investigated
the reproducibility of image-based features of breast
lesions, using PET-based features? There have been
limited reports of the repeatability of MR-based fea-
tures. One recent review specifically noted that at its
time of publication, no repeatability studies had been
published for individual radiomic features extracted from
MR images® A subsequent study'® investigated the
repeatability of individual radiomic features extracted
from NSCLC imaging, using a small set of 15 lesions
that had been imaged with both MR and computed
tomography. These studies have established that col-

other evaluation measures.

Al, breast, computer-aided diagnosis, machine learning, magnetic resonance imaging, repeatability

lections of radiomic features have different degrees of
variability from different sources, but have not estab-
lished their impact to repeatability of classification by
lesion in Al/CADX.

Repeatability of lesion-based classification is the vari-
ation that can be expected for a single lesion when
its probability of classification is determined using
an Al/CADx workflow that incorporates collections of
radiomic features. A potential use case of AI/CADx
repeatability in medicine is to provide physicians with
the Al output of likelihood of disease or prognosis for a
specific lesion as well as the repeatability. A second use
case is to investigate the impact of variability in the work-
flow on operating sensitivity and specificity in the context
of decision threshold selection, both to all lesions in a
test set collectively and to individual lesions. For exam-
ple, a CADx/Al system could output both a likelihood of
malignancy (e.g., 60% likelihood of being cancer) along
with the sureness metric (e.g.,80% sure). These charac-
terizations are both unique and complementary to the
AUC, since differences in the AlI/CADx workflow, such
as classifier used, may impact lesion-based repeatability
when there is variability in the training set.

To demonstrate, we have investigated the use case of
breast AlI/CADx with linear discriminant analysis (LDA)
and support vector machines (SVM) classifiers, which
are well-established in radiomics pipelines. Using them
in a study of this type supports focus on the potential
utility of a novel measure of lesion-based repeatability
to expand metrics of evaluation in AI/CADx. In our
use case, to demonstrate the benefit of the role of
lesion-based repeatability comparing two classifiers, we
thus conducted classification performance analysis to
compare between the use of the two classifiers in the
task of distinguishing between benign and malignant
breast lesions using radiomic features extracted from
breast lesions imaged with dynamic contrast-enhanced
magnetic resonance (DCE-MR) imaging. We defined
lesion-based repeatability as a sureness metric, a
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measure related to the 95% confidence interval (Cl) of
the lesion-based classifier output (CO). We used this
sureness method to assess the impact of variability in
the training set on the classification of individual lesions
in the test set, and determined if one classifier may be
preferred over the other for individual lesions.

2 | METHODS

2.1 | Dataset description

The dataset consisted of a collection of DCE-MR
images of 1052 unique lesions that had been acquired
during 2005—-2015. All lesions had been imaged in the
axial plane at 1.5 or 3.0 T using Philips Achieva or
Philips Intera Achieva scanners. A T1-weighted spoiled
gradient sequence was used. The repetition time across
all lesions was approximately 5.5 ms, while the echo
time was approximately 2.7 ms. The flip angle for most
lesions imaged at 1.5 T was 12 degrees, while the flip
angle for most lesions imaged at 3.0 T was 10 degrees.
The temporal resolution of the DCE-MR imaging series
across all lesions was around 60 s. The images had
been retrospectively collected under IRB/HIPAA compli-
ance. There were 201 unique benign lesions and 851
uniqgue malignant lesions, one lesion per patient in the
dataset.

2.2 | Lesion segmentation, radiomic
feature extraction, and classification

Previously, lesions had been automatically segmented
using a fuzzy c-means method'’ after indication of a
seed point and thirty-two radiomic features (Table S-1)
describing lesion shape, morphology,'? texture'® (using
a 32 binned co-occurrence matrix on the first post-
contrast image), and contrast enhancement’ (using all
time point images) extracted on a dedicated radiomics
workstation. While other features can be extracted
from MR images, we have used these particular fea-
tures in several previous studies,'® ' including external
validation,'” and have established their utility for the
classification of breast lesions as malignant or benign.
This supports the ability of our study to use them to
investigate lesion-based classification repeatability. It is
also important to note that in general, the number of
features used in classification must be carefully con-
sidered and limited in order to reduce the potential for
overfitting.'® Our use of thirty-two features contributes
to the rigor of the classification pipeline to ensure
the robust study of lesion-based repeatability. Classifier
training and testing was performed using linear dis-
criminant analysis (LDA) and support vector machines
(SVM) as classifiers using a 0.632 bootstrap'® paradigm
with 2000 iterations. For LDA, stepwise feature selection
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within each bootstrap fold was conducted. All features
were input to the SVM because that classifier type iden-
tifies weights using all features. Within each bootstrap
fold, lesions were randomly selected to be in either a
training or test fold with prevalence of each class main-
tained within each fold (stratified random sampling). The
same set of bootstrap folds was used for each classi-
fier. Each classifier was trained within the training folds
and then applied to the lesions in the corresponding test
folds to obtain the lesion-based classifier output (CO),
that is, the posterior probability that a lesion was malig-
nant. In the assessment of classification performance by
classifier, the collection of CO was used in ROC anal-
ysis and the associated AUC (AUC_ps and AUCgyy)
served as the performance metric for each classifier,
respectively. The AUC was calculated from the bootstrap
samples using the proper binormal model?’ and the
0.632+ bootstrap bias correction,'®'? which was used
to address bias due to sample selection in the bootstrap.

2.3 | Assessment of classification
performance

2.3.1 | Comparison of classification
performance through ROC analysis

The AUC in the task of classifying lesions as malig-
nant or benign was compared by classifier through the
median and 95% confidence interval (Cl) of the differ-
ence in the AUC (AAUC = AUCg\m-AUC pa) empirically
across the bootstrap. If the 95% CI of the difference in
AUC included zero, it was concluded that we failed to
show any evidence that the classification performance
of one classifier was statistically significantly better than
the other. Alternatively, if the 95% CI of the difference
in AUC did not include zero, then the classification
performance of one classifier was deemed statistically
superior to the other. For each classifier,the median ROC
curve was plotted using the proper binormal parameters
associated with the median AUC result from the boot-
strap. Similarly, the 95% CI of the ROC for each curve
was plotted using the proper binormal parameters from
the 2.5th and 97.5th percentile AUC results, respectively.

2.3.2 | Operating sensitivity and specificity

To investigate the impact of variation in the training set
on variability in sensitivity and specificity in the bootstrap
test folds, sensitivity and specificity within the training
and test folds were investigated as a function of thresh-
olds for the decision variable (i.e., the lesion-based
output, CO). The aim was to determine (1) the sensitivity
and specificity, and their variabilities, within the train-
ing folds for given thresholds of the decision variable,
and (2) the corresponding sensitivity and specificity, and
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their variabilities, in the test folds at the same thresholds.
This was evaluated at a threshold for an example tar-
get of 95% sensitivity. All results were reported in terms
of median and 95% CI in performance metric curve
(PMC) format?! Note that the McNemar test®’ can
sometimes be appropriate to compare operating sen-
sitivity and specificity, but its implementation inherently
assumes little variability in the training set?® Because
the variability of the training set is a fundamental design
element of this study, the McNemar test was not used to
quantitatively compare sensitivity and specificity across
classifiers at this target operating point.

2.4 | Assessment of lesion-based
sureness and performance

The impact of variation in the training set on CO by
classifier was assessed in three ways.

241 | Sureness

To measure the lesion-based repeatability of the CO, we
define sureness as 1-COgsc, where COgsc is the 95%
confidence interval of the lesion-based classifier output.
Sureness will have a theoretical maximum of 1, where
1 represents a lesion that has CO with no variation, and
will approach a minimum of 0, where 0 represents an
exteme scenario in which the CO range is the entire
range of the decision threshold. Sureness was mea-
sured for each lesion across the bootstrap folds using
each classifier.

2.4.2 | Repeatability profiles

A variation on a previously published repeatability pro-
file diagram?*2° was constructed for each classifier. The
lesions were sorted in ascending order by median CO
for each lesion when appearing in the test folds of the
bootstrap iterations. Ten bins were subsequently con-
structed with an equal number of lesions within each
bin. The height of each bin represented the median sure-
ness of the lesions within that bin. Additionally, a marker
on each bin indicated the median of the CO in that bin by
its horizontal position and the 95% CI of sureness for the
bin via an error bar. The sureness for each lesion from
the classifier was superimposed on each repeatability
profile for each classifier in order to view the prevalence
of benign lesions and cancers within each bin as well as
their individual sureness.

2.4.3 | Comparison of lesion-based
sureness and performance

The impact of variation in the training set and associated
decision threshold on both the sureness and perfor-
mance was investigated for each lesion when used in
a testing fold. In this study, lesion-based performance
was evaluated in terms of the fraction of bootstrap folds
in which each lesion was classified correctly, that is,
how frequently each benign lesion was classified as
benign and each malignant lesion was classified as
malignant (Note that each lesion does not appear as a
test lesion in every bootstrap fold, so this fraction was
measured as the fraction out of the number of boot-
strap test folds in which each lesion appeared.) The
difference in lesion-based performance versus the dif-
ference in lesion sureness by classifier was assessed
for each lesion type. A schematic of the data collection
and analysis workflow is shown in Figure 1.

3 | RESULTS

3.1 | Assessment of classification
performance

3.1.1 | Comparison of classification
performance

The 0.632+ bias-corrected median AUC [95% CI] for
the task of classification of lesions as benign or
malignant was AUC pyn = 0.822 [0.782, 0.849] and
AUC sym = 0.819[0.775, 0.848] (Figure 2). The median
and 95% CI of difference in AUC between the two clas-
sifiers (AAUC = AUCg\p-AUC| pa) was —0.003 [-0.031,
0.018], indicating that we failed to find a statistically sig-
nificant difference in AUC between the two classifiers for
this task and for this dataset.

3.1.2 | Operating sensitivity and specificity
While each classifier attained the target 95% sensitiv-
ity, the PMCs (Figure 3) indicated some differences in
repeatability of decision thresholds, determined from the
training folds, associated with the target operating point
between classifiers (Table 1). Specifically, the 95% CI
of the decision threshold for target 95% sensitivity was
more narrow for the LDA classifier than for the SVM
classifier (Table 1). The sensitivity in the training set
was similar to the attained sensitivity in the test set for
both classifiers, in the decision threshold regions for the
target operating point (Figure 3).
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Schematic of dataset collection and analysis workflow. AUC, area under the receiver operating characteristic curve; CO,
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FIGURE 2 Receiver operating characteristic (ROC) curve in the
task of classification of lesions as malignant or benign using a linear
discriminant analysis (LDA, shown in black) classifier and support
vector machines (SVM, shown in blue) classifier. Solid lines show the
ROC curve associated with the median AUC for each classifier, while
shading indicates the range of the ROC curves associated with the
95% CI of the AUC for each classifier.

3.2 | Assessment of lesion-based
sureness and performance

3.2.1 | Sureness

Classifier output by lesion had higher sureness when
using one classifier or the other. Only one lesion (benign)

had the same sureness when using either classifier
(Figure 4).

3.2.2 | Repeatability profiles

Sureness was generally more consistent among lesions
with median CO across the decision threshold when
the SVM classifier was used, as indicated by the more
uniform height of the repeatability profile bars (Figure 5).

3.2.3 | Comparison of lesion-based
sureness and performance

Lesion-based sureness and performance evaluation
gives insight into the differences (or lack thereof) for
individual lesions between the two classifiers (Figure 6).

For each classifier and each lesion type, there are
three tiers of lesions in terms of sureness and perfor-
mance:

 Tier 1: lesions for which both sureness and perfor-
mance is better with one classifier than when using
the other classifier (1 pa and 1sym),

* Tier 2: lesions for which sureness is better and per-
formance is the same with one classifier than when
using the other classifier (2, pa and 2gyv), resulting
in an advantage for a classifier solely in terms of
sureness (lesions along the horizontal midline of the
subfigures), and

* Tier 3: lesions for which sureness is better but perfor-
mance is lower with one classifier than when using the
other classifier (3 pa and 3sym)-

For the LDA classifier, 59 benign lesions (29%) were in
tier 1, three benign lesions (1%) were in tier 2, and and
84 benign lesions (42%) in tier 3, while 152 malignant
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FIGURE 3 Performance metric curves displaying sensitivity (magenta) and specificity (purple) in the training and the test sets. Left: linear
discriminant analysis classifier (LDA), right: support vector machines classifier (SVM). The lines indicate median values, while the shading
indicates the 95% CI of the performance metric (attained in the test set) or the decision threshold (determined from the training set).

TABLE 1 Decision threshold and attained sensitivity and
specificity from the training set and attained operating sensitivity and
specificity in the test set, for the target operating point of target 95%
sensitivity when using the linear discriminant analysis (LDA) and
support vector machines (SVM) classifiers.

From the LDA  From the SVM

classifier classifier
Median [95% Median [95%
ClI] CI]
From the Decision 0.06 [0.04,0.07] 0.28[0.23,0.36]
training set  threshold
Attained 0.949 [0.946, 0.949 [0.940,
sensitivity 0.957] 0.960]
On the test  Attained 0.941 [0.908, 0.930 [0.875,
set operating 0.975] 0.971]
sensitivity
Attained 0.390 [0.265, 0.418[0.271,
operating 0.516] 0.573]
specificity

lesions (18%) were in tier 1,127 malignant lesions (15%)
were in tier 2, and 46 malignant lesions (5%) of lesions
were in tier 3. For the SVM classifier, 13 benign lesions
(6%) were in tier 1, 36 benign lesions (18%) were in tier
2,and and five benign lesions (2%) in tier 3, while seven
malignant lesions (1%) were in tier 1, 434 malignant
lesions (51%) were in tier 2, and 85 malignant lesions
(10%) of lesions were in tier 3. From these results, it can
be concluded that using the SVM classifier would result
in a net gain in sureness for 16% of the benign lesions
(33 benign lesions) and 36% of the malignant lesions
(307 malignant lesions) while maintaining lesion-based
performance (Tier 2).

Another scenario that could be considered from
Figure 6 is the proportion of lesions in each class with

better sureness and equal or better performance when
using one classifier versus the other. In this dataset,
62 benign lesions (34%) and 279 malignant lesions
(33%) would meet this criteria when the LDA classifier
was used (tiers 1, pa and 2| pa) while 49 benign lesions
(24%) and 441 malignant lesions (52%) would when
the SVM classifier was used (tiers 15y and 2gyy). For
this dataset, this may point to an additional advantage
to malignant lesions in particular when using the SVM
classifier, in terms of sureness.

Finally, the relatively large percentage of benign
lesions (84 lesions, 42%) with better sureness when
using the LDA classifier but lower lesion-based per-
formance compared to using the SVM classifier is
also notable and could potentially be inspected fur-
ther for possible trends of differences in properties
of their radiomic features compared to other benign
lesions.

4 | DISCUSSION

The work presented here investigates sureness (a
metric of lesion-based repeatability) of malignant and
benign breast lesions using radiomic features extracted
from DCE-MR images, for the use case of two different
classifiers (LDA and SVM). This work also presents
sureness as a useful and intuitive measurement of the
repeatability of lesion-based classifier output, building
upon our previous work presenting the concept in
terms of repeatability profiles that utilized the standard
deviation®*2 and 95% CI?°27-2° of classifier output as
measures of repeatability. The results suggest that for
most lesions in this dataset, using the SVM classifier
may be preferred for lesion-based sureness. We believe
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support vector machines (SVM) classifier, with repeatability profile. Each dot represents a lesion, and each lesion appears in each subfigure.
The bars provide a repeatability profile for all lesions when a given classifier is used, wherein the COs of the test lesions were sorted based on
ascending classifier output and collected into ten bins. The edges of each bin were determined by the lowest and highest value in each bin, and
the horizontal location of the dark, filled circles represent the median CO within each bin. The height of the bins is the bin median lesion-based
sureness, and error bars show the 95% confidence intervals of the bin heights. Higher bin heights and dot location indicate greater repeatability.

the most important finding is that sureness can be
used to choose between classifiers in order to gain
lesion-based repeatability, when more typical measures
of performance for the entire dataset (e.g.., AUC) do not
show any evidence of statistically significant difference.

Sureness contributes an additional characterization
that can contribute to AlI/CADXx evaluation by measuring
repeatability in classification when using radiomic fea-
tures extracted from medical images. It can be used as
a lesion-based metric applied to any dataset of radiomic
features, such as those extracted from MR images as
demonstrated here and from digital mammography, CT,
ultrasound, or PET images. Further, sureness can be

used to evaluate existing datasets for which classifi-
cation performance has already been established in
terms of AUC, prompting further study and improvement
of AI/CADx pipelines for a wide variety of modali-
ties and classification tasks. Its use could unlock new
insights into AlI/CADX, both in terms of pipeline/model
development and model deployment (especially for
personalized medicine).

One interesting finding of this study is that while
classification performance (as measured by AUC and
observed in operating metrics of sensitivity and speci-
ficity) failed to show differences between performances
of two common classifiers when the training set was
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varied, our new sureness metric did demonstrate a
difference between classifiers for all lesions except for
one benign lesion. These results point to the differences
in focus within the evaluation of a Al/CADXx pipeline, in
that collectively, a set of lesions may show no difference
in classification performance but an individual lesion
may receive substantially different outputs. In the future,
we will study lesions in detail based on their sureness,
and anticipate that sureness may help develop new

understandings of subgroups of lesions, such as by
molecular subtype or various benign pathologies. The
findings also point to groups of lesions with interesting
classification behaviors, such as those with COs that
are robust to variations in the training set (e.g., those
with high sureness for both classifiers). From this finding,
future work will investigate the optimization of Al/CADx
pipelines in terms of both classification performance
levels and sureness.
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This study has some limitations, several of which will
be the topic of future study. First, the dataset had a
high prevalence of cancer (81%). Prevalence scaling
was applied to the posterior probabilities as part of the
analysis process, and as noted above, AUC itself is the-
oretically unaffected by prevalence scaling. If the study
was repeated with different prevalence, such as in the
scenario of additional lesions being added to the dataset
for training and/or testing, the classification performance
could change, and this study did not investigate the
impact to classifier performance in this scenario. Relat-
edly, the dataset does not represent the prevalence of
malignant breast cancers in a clinical setting, which
would be much lower. Secondly, this work focused on
the repeatability of classification using radiomic fea-
tures extracted from DCE-MR images of the breast.
Future work will investigate the repeatability of clas-
sification in terms of radiomic features extracted from
images of other modalities (such as digital mammog-
raphy) and for different classification tasks. Thirdly, the
difference in sureness of classifier output may depend
upon class prevalence. The repeatability profiles, the
density of lesion prevalence within the bins of median
sureness versus CO, and the lesion-based sureness and
performance across the bootstrap folds could change
if the prevalence of the dataset differed. Further, the
results presented here are inherent to the makeup of this
particular dataset, the classifier used for classification,
and the target operating point,?! and every dataset and
machine learning method should be approached indi-
vidually to assess repeatability in this manner. Finally,
this study focused on the impacts of variability of the
training set to overall classification performance and to
sureness through the use case of the LDA and SVM
classifiers, which have separately been used extensively
in AlI/CADx. Directly comparing classifiers in machine
learning has been the topic of extensive study for sev-
eral decades?>3%-3¢ and it is well known that this is a
challenging task for several reasons. In our study, the
datasets in the bootstrap are not independent due to
the resampling of the training set.® For this reason, we
have taken the approach of evaluating sureness on a
lesion-by-lesion basis. Future work will focus on devel-
oping criteria for additional quantitative evaluation within
the constraints of classifier comparison methods and
the contexts useful for AI/CADx, as well as reader stud-
ies which investigate the impact of presenting sureness
as a property of a lesion’s Al classification perfor-
mance to radiologists interpreting diagnostic breast MR
images.

5 | CONCLUSION

Lesion-based repeatability, leading to a sureness met-
ric, in Al/CADx using radiomic features extracted from
DCE-MR images of the breast has been presented

for classification of lesions as malignant or benign.
Sureness was introduced as a measure of repeatability
of lesion-based classifier output, and was used together
with an target operating point to identify lesions for
which one classifier may provide a gain in sureness
while maintaining lesion-based diagnostic performance.
These results may contribute to a better understanding
of lesion-based variability within computer-aided diag-
nosis and prognosis Al systems and enhance the tools
available to evaluate them.
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