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OBJECTIVE. The objective of this study was to assess the impact of artificial intelligence
(AI)-based decision support (DS) on breast ultrasound (US) lesion assessment.

MATERIALS AND METHODS. A multicenter retrospective review of 900 breast le-
sions (470/900 [52.2%] benign; 430/900 [47.8%] malignant) on US by 15 physicians (11 radi-
ologists, two surgeons, two obstetrician/gynecologists). An Al system (Koios DS for Breast,
Koios Medical) evaluated images and assigned them to one of four categories: benign, prob-
ably benign, suspicious, and probably malignant. Each reader reviewed cases twice: 750 cases
with US only or with US plus DS; 4 weeks later, cases were reviewed in the opposite format.
One hundred fifty additional cases were presented identically in each session. DS and reader
sensitivity, specificity, and positive likelihood ratios (PLRs) were calculated as well as reader
AUCs with and without DS. The Kendall t-b correlation coefficient was used to assess intra-
and interreader variability.

RESULTS. Mean reader AUC for cases reviewed with US only was 0.83 (95% CI, 0.78—
0.89); for cases reviewed with US plus DS, mean AUC was 0.87 (95% CI, 0.84-0.90). PLR
for the DS system was 1.98 (95% CI, 1.78-2.18) and was higher than the PLR for all readers
but one. Fourteen readers had better AUC with US plus DS than with US only. Mean Kendall
1-b for US-only interreader variability was 0.54 (95% CI, 0.53—-0.55); for US plus DS, it was
0.68 (95% CI, 0.67-0.69). Intrareader variability improved with DS; class switching (defined
as crossing from BI-RADS category 3 to BI-RADS category 4A or above) occurred in 13.6%
of cases with US only versus 10.8% of cases with US plus DS (p = 0.04).

CONCLUSION. Al-based DS improves accuracy of sonographic breast lesion assess-

ment while reducing inter- and intraobserver variability.

he global cancer burden is in-

creasing. By the end of this cen-

tury, cancer is expected to rank

as the leading cause of death in

every country in the world [1]. In 2018, breast
cancer was the most commonly diagnosed
cancer in women other than nonmelanoma
skin cancer, with over 2 million new cases
diagnosed worldwide, and the leading cause
of cancer death in female patients [1]. Given
increasing oncologic needs of patients and
complex oncologic imaging challenges, re-
search increasingly focuses on artificial in-
telligence (AI) as a tool for detection, clinical
decision making, diagnosis, characterization,
and workflow support for radiologists [2, 3].
Al has been used in breast imaging for de-
cades, with the use of computer-aided detec-
tion (CAD) reducing false-negative mam-
mography interpretations and increasing
detection of early-stage malignancies [3-5].

Breast imaging Al research has expanded
broadly in recent years to include artificial
neural networks, support vector machines,
and deep learning applications in mammog-
raphy, ultrasound (US), and MRI [3, 6-10].
Additionally, the U.S. Food and Drug Ad-
ministration (FDA) recently granted approv-
al for a CAD system used with screening au-
tomated breast US [11].

Breast US improves detection of small,
invasive, node-negative cancers [12, 13].
In routine clinical practice, the classifica-
tion and management of breast lesions de-
pends on the radiologist’s visual assessment,
guided by the American College of Radiol-
ogy’s BI-RADS Atlas [14]. For lesions seen
on US, this assessment is primarily based on
lesion shape, orientation, margin, echo pat-
tern, and posterior features [14]. Despite this
guidance, breast US has low specificity and
low positive predictive values (PPVs). Large
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interobserver variability for lesion manage-
ment has also been reported in clinical prac-
tice [12, 13, 15-18].

Initial applications of CAD to breast le-
sion analysis on US showed improved sen-
sitivity for junior radiologists but decreased
specificity for experienced radiologists [19].
A more recent study used a new Al-based
decision support system and reported im-
proved sensitivity and specificity with CAD,
exceeding radiologist performance, with a
34-55% potential reduction in benign breast
biopsies and increase in PPV of biopsies per-
formed by 7-20% for the three radiologists
studied [20]. Additionally, CAD has enabled
minimally trained nonradiologist healthcare
workers to triage palpable breast lumps with
a low-cost portable US system with accura-
cy similar to that of specialist radiologist as-
sessments [21].

Building on prior studies, we use the Koios
Decision Support (DS) for Breast system, a
software application designed to assist physi-
cians in analyzing breast US images (Koios
Medical). Using machine learning and Al,
Koios DS for Breast automatically generates a
probability of malignancy for a user-selected
ROI that contains a breast lesion. This prob-
ability is then mapped into four categories
(benign, probably benign, suspicious, prob-
ably malignant) via alignment to likelihood
of malignancy (LOM). The four Koios output
categories align with BI-RADS categories as
follows: benign LOM denotes less than 0.5%
BI-RADS 2, probably benign LOM denotes
less than 2% BI-RADS 3, suspicious LOM
denotes less than 50% BI-RADS 4A or 4B,
and probably malignant LOM denotes more
than 50% BI-RADS 4C or 5.

A continuous graphical confidence level in-
dicator shows where a lesion falls within each
LOM range. Previous studies used earlier ver-
sions of the core system presented in this arti-
cle [21-23]. The system evaluated in this study
has undergone training data, architecture,
and user interface improvements that have
significantly improved its clinical impact.

The purpose of this study was to assess
the impact of Al-based DS on breast US le-
sion assessment.

Materials and Methods
Overall Study Design

This study was approved by the Western Insti-
tutional Review Board. It was a HIPAA-compliant,
multicenter retrospective review of 900 breast le-
sions. These lesions were visualized on US by 15
physicians who provided informed consent to par-
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ticipate in this study; patient informed consent was
waived. Physician informed consent was obtained
on the basis of recommendations from the Center
for Devices and Radiologic Health at the FDA.

Patient Population and Breast Lesion
Characteristics

Nine hundred women (mean age, 53.6 years;
range, 17-96 years) with breast lesions on US im-
ages acquired between June 2004 and June 2016
were included. Lesions were identified from
screening mammography recalls and sched-
uled biopsies from over 20 U.S. institutions with
identifying information, including institution, re-
moved during anonymization. Target patient de-
mographics including race or ethnicity and tumor
size distribution were informed by the Breast Can-
cer Surveillance Consortium (2006-2009) to en-
sure the study population was representative of
national rates [22]. Race or ethnicity distribution
was 592/900 (65.8%) white, 77/900 (8.6%) black,
73/900 (8.1% Hispanic), 133/900 (14.8%) Asian
and 25/900 (2.8%) other.

Lesion size on US was as follows: 332/900
(36.9%), smaller than 10 mm; 229/900 (25.4%), 10—
14 mm; 132/900 (14.7%), 15-19 mm; and 200/900
(22.2%), larger than 20 mm. Size was unavailable
for seven lesions (0.8%) at the time of inclusion be-
cause the original images did not show calipers.
ROIs were subsequently provided, and those cas-
es were included in further analysis. Lesions were
470/900 (52.2%) benign and 430/900 (47.8%) ma-
lignant, as confirmed by pathology (BI-RADS 4 or
5 lesions) or stability on follow-up US for at least 1
year (BI-RADS 2 or 3 lesions). Of the 470 benign
lesions, 249 (53.0%) underwent biopsy that yielded
benign results, whereas 221 (47.0%) had at least 1
year of stability on follow-up US. Of the 430 ma-
lignant lesions, 369 (85.8%) were invasive cancer
(320 invasive ductal carcinomas, 37 invasive lobu-
lar carcinomas, 12 mixed ductal and lobular fea-
tures) and 61 (14.2%) were ductal carcinoma in situ
(DCIS). Invasive cancers had a median largest di-
mension of 1.4 cm (0.3-6.4 cm).

The initial BI-RADS assessment for lesions,
as determined by the reading clinical radiolo-
gist, was as follows: 68/900 (7.6%) BI-RADS 2,
173/900 (19.2%) BI-RADS 3, 562/900 (62.4%)
BI-RADS 4, and 97/900 (10.8%) BI-RADS 5.

Ultrasound Imaging

Each breast lesion had static orthogonal US
images available. Images were acquired with a
minimum 12-MHz acquisition frequency. Cases
were categorized as obtained at low (< 15 MHz)
and high (= 15 MHz) frequency quality cate-
gories with equal distribution of these catego-
ries represented. Images were acquired on US

units from a variety of vendors: 697/900 (77.4%)
GE Healthcare, 170/900 (18.9%) Philips Health-
care, 26/900 (2.9%) Siemens Healthineers, 6/900
(0.7%) Toshiba, and 1/900 (0.1%) Supersonic.

Reader Characteristics and Training

All 15 readers were physicians: 11 diagnostic
radiologists who read breast imaging as part of
their clinical practice, two breast surgeons, and
two obstetrician/gynecologists. The surgeon and
obstetrician/gynecologist readers were included
because they are potential users of the DS sys-
tem in their clinical practice, as permitted by the
FDA. Readers had 0-39 years’ experience read-
ing US images. Four of the 11 diagnostic radi-
ologists had completed breast fellowship train-
ing. Attending radiologists had a mean of 11.4
years of experience after fellowship (range, 2-31
years). Physicians were from 13 different centers;
nine are in private practice, and six are in aca-
demic practices.

Each reader initially participated in a 30-min-
ute online training session to ensure understanding
of the software system and case format presenta-
tion. To avoid potential selection bias, readers were
not tested for competency; however, all readers
had direct access to the DS manufacturer support
if questions arose about the platform or the study.

Artificial Intelligence Decision Support System

Two orthogonal views of each lesion with an
RO, as placed by the original interpreting physi-
cian on the original clinical images, were evalu-
ated by the machine learning system, which gen-
erated a BI-RADS-aligned assessment [20]. The
system processes these images via an ensemble
of algorithms using either pathology or imaging
follow-up as ground truth in its training process.
The training data (over 400,000 clinical examples)
were gathered from over 25 machines and 25 dif-
ferent healthcare systems and sites. The 900 cas-
es used in this validation study were completely
excluded from the testing and development of the
Al system.

To provide its clinical assessment, the system
generates a probability of malignancy that is then
used to assign one of four categoric outputs: be-
nign, probably benign, suspicious, or probably ma-
lignant. These categories were designed to align to
the LOM values for BI-RADS 2, 3, 4A or 4B, and
4C or 5 assessments. In addition, the system pro-
vides a continuous output that represents the con-
fidence of the assessment within each category.
These score ranges and categories are inherent to
the system and were not designed or altered for
this study. These scores were presented to study
readers in a graphical form as an electronic case
report form and constituted the AI DS (Fig. 1).
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A

Reader Workflow

Cases were presented to and scored by readers
in a single software environment (Koios DS Study
Tool, version 2.0.0.1, Koios Medical) that showed
two orthogonal US images of a breast lesion with
ROIs. ROIs were based on measurement calipers
as used in usual practice. During the course of the
study, readers had the ability to toggle the overlay
presence to ensure the lesion could be well visual-
ized without overlap of the ROI or label on the le-
sion itself. This ROI overlap would be especially
problematic for small lesions and was addressed
during user training. Cases with DS displayed
the Al output in the electronic case report form.
The study platform instructed the reader to input
a BI-RADS category (BI-RADS 2, 3,4A, 4B, 4C,
or 5) and LOM as a percentage.

All 900 cases were reviewed twice, in two
sessions (900 cases per session) separated by a
4-week washout period. Each session consisted
of 750 US cases randomized to US images alone
(US only) or US images plus the AI DS (US plus
DS). In the second session, the same US images
were provided in the opposite format (i.e., cases
that were initially US plus DS were displayed as
US only and vice versa).

In addition, in each session, 150 cases (75 US
only and 75 US plus DS) were presented to read-
ers identically without switching the reading con-
dition. These cases were included to assess intra-
operator variability.
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Fig. 1—75-year-old woman with invasive ductal carcinoma.

A, Orthogonal ultrasound transverse (top) and sagittal (bottom) images of 0.4-cm breast mass that could be
categorized as oval and parallel and interpreted as benign or probably benign by reader.

B, Artificial intelligence decision support (DS) output scores were presented to study readers in graphical form
as electronic case report form in conjunction with orthogonal ultrasound images of lesion for that case. Right
panel shows categoric assessment, in this case “suspicious,” with triangle marker indicating confidence of
assessment within that category. In this example, DS support correctly classifies this lesion as suspicious;
malignancy (invasive ductal carcinoma) was confirmed by ultrasound-guided biopsy. LoM = likelihood of
malignancy, B = benign, P = probably benign, S = suspicious, M = probably malignant.

System Evaluation

To evaluate the system’s robustness to vari-
ation in the ROI boundaries, two assessments
were performed.

First, we assessed DS output robustness to ROI
boundary variation by evaluating the 900 cases 40
times, randomly varying the ROI boundary each
time. Specifically, each corner of the region was
shifted at random by up to 20% from the prede-
termined optimal cropping. ROC curves and AUC
distributions were calculated. Second, we evalu-
ated the level of DS output switching between
probably benign and suspicious caused by ROI
variability using the 40 ROI boundary variations
generated in the previous analysis, and we count-
ed the number of times a category was switched,
compared with the initial DS output based on the
ROI drawn on the original US image.

In addition, the potential impact of US trans-
ducer frequency (low versus high) on DS output
was examined. Each frequency subset was boot-
strapped such that it contained a statistically equiv-
alent BI-RADS distribution. These groups of low-
and high-frequency cases were analyzed via ROC
curves, and their respective AUCs were computed.

System and Reader Performance Evaluation
System and reader performance were evaluated
by comparing the positive likelihood ratio (PLR)
of the DS output to each reader. PLR is defined
as sensitivity / (I — specificity) and indicates the

likelihood that a biopsy recommendation is indic-
ative of malignancy. Because of the system’s four
potential categoric outputs, we considered both
a benign and a probably benign output from the
system as a recommendation to not biopsy; suspi-
cious and probably malignant outputs were con-
sidered recommendations to biopsy. This group-
ing is in alignment with the system’s BI-RADS
risk alignment, in which the first two categories
align to BI-RADS 2 and 3, and the latter two align
with BI-RADS 4A-5.

The AUC for each radiologist was calculated
and compared between reading paradigms (US
only vs US plus DS). The estimate of the change
in AUC with and without DS and 95% ClIs were
made using the Dorfman-Berbaum-Metz method
of multireader multicase analysis [24].

Intra- and interoperator variability were as-
sessed via Kendall 1-b correlation coefficient [25].
This assessment was done in a pairwise fashion
across each pair of readers before and after being
provided with the DS output.

Finally, to assess the specific cases in which
readers agreed or disagreed with the DS system,
total disagreement counts were computed and
probed to determine whether the system or the
reader was correct. These data were further eval-
uated to ascertain the net effects of whether the
system or the reader was correct based on patho-
logic results, when available, or at least 1-year so-
nographic stability.
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Fig.2—Bar graph
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Results
System Evaluation

Variability in ROI boundary produced no
significant change in either the shape of the
ROC curve or the AUC values (Fig. 2). Sim-
ilarly, the ROI boundary variation showed
minimal class switching between probably
benign to suspicious (1.9%) and suspicious to
probably benign (1.7%).

The transducer frequency dependence
analysis generated ROC curves with the
AUC for the low- and high-frequency cas-
es (0.876 [95% CI, 0.838—0.916] and 0.893
[95% CI, 0.848-0.926], respectively). These
results show that there is no statistically
significant difference in performance of the
DS system between the low- and high-fre-
quency US transducers (p = 0.56).

System and Reader Lesion Evaluation

Results for each of the categoric assess-
ments supplied by the DS system (using the
ROI drawn by the initial clinical radiologist)
were compared with the BI-RADS assess-
ments provided by the 15 readers without
DS (US only). DS sensitivity was 0.98 (95%
CI, 0.96—0.99) and mean reader sensitivity
was 0.94 (95% CI, 0.91-0.96). DS specific-
ity was 0.50 (95% ClI, 0.45-0.55) and mean
reader specificity was 0.40 (95% CI, 0.36—
0.45). Individual reader operating points (de-
fined as the sensitivity and specificity at the
BI-RADS 3-BI-RADS 4A boundary) for US
only and US plus DS can be seen in Figure 3.
The DS system misclassified seven cancers
as benign or probably benign: two (28.6%)
invasive ductal carcinoma (IDC), four
(57.1%) DCIS, and one (14.3%) mixed IDC

and DCIS. Misclassified invasive cancers in-
cluded one grade 1 tumor and two grade 2 tu-
mors. Misclassified DCIS cases included two
grade 3 tumors and two grade 1 tumors. Ad-
ditionally, 190 benign lesions were marked
as suspicious, and 42 benign lesions were
marked as probably malignant by the system.
To evaluate the alignment on metrics beyond
sensitivity, PLR, negative likelihood ratio, PPV,
and negative predictive values were calculated
for DS and all participating readers (Table 1)
Further analysis yielded an AUC for the
DS system alone of 0.88 (95% CI, 0.86—
0.91). Mean US-only AUC was 0.83 (95% CI,
0.78-0.89), whereas mean US-plus-DS AUC
was 0.87 (95% CI, 0.84-0.90). To assess if
the difference of these values was significant,

a two-tailed 7 test was performed that yield-
ed a statistically significant difference (p <
0.0001). Each reader’s performance with and
without DS is shown in Figure 3, along with a
tabular representation of the differences and
standard error in Table 2. Mean ROC curves
and their corresponding AUC values can be
seen in Figure 4.

Reader 1 was the only reader below the
equivalence line, although the difference was
not statistically significant. On further investi-
gation, this reader’s AUC shift was due to a re-
duction in sensitivity (from 0.92 with US only
to 0.91 with US plus DS) and increase in speci-
ficity (0.56 with US only to 0.57 with US plus
DS). To establish whether the DS system was
responsible for a reduction in sensitivity, confu-
sion tables were built for the malignant lesions
and DS recommendations (Table 3). Table 3
shows that the drop in sensitivity for reader 1
was due exclusively to intrareader variability;
all cases in which reader 1 switched from a bi-
opsy recommendation (BI-RADS category of
4 or higher) to a nonbiopsy recommendation
had a DS output that recommended biopsy.

To characterize the effect of the DS (US
plus DS) system on interreader variability,
we computed the Kendall t-b correlation co-
efficient in a pairwise manner for all read-
ers. The mean Kendall t-b was 0.54 (95%
CI, 0.53-0.55) for US only and 0.68 (95%
CI, 0.67-0.69) for US plus DS, showing a
significant shift in this metric (o = 0.05).

To assess for intrareader variability, the
150 cases for which the format did not
change between reading sessions (75 US
only and 75 US plus DS) were analyzed.

Fig. 3—Scatterplot
shows comparison of
AUCs for assessments
with ultrasound (US) only
versus those with US plus
decision support (US plus
DS)for 15 readers (R1-R4,
breast fellowship—trained
radiologists; R5—R11,
radiologists without
breastfellowship
training; R12and R13,
breast surgeons; R14

and R15, obstetrician/
gynecologists). Only
R1showed decrease in
performance with US plus
DS compared with US
only; difference was not
statistically significant.
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TABLE I: PLR, NLR, PPV, and NPV for DS and 15 Readers Evaluating Cases
Without DS (Ultrasound Only)

TABLE 2: Difference in AUC by

NLR

PPV

NPV

Reader PLR
DS output 1.98(1.78-2.18)
Reader 1 2.08(1.88-2.29)
Reader 2 1.18(0.89-1.47)
Reader3 1.95(1.75-2.15)
Reader 4 1.77(1.57-1.98)
Reader5 1.35(1.11-1.58)
Reader 6 1.46 (1.25-1.68)
Reader7 1.88(1.68-2.08)
Reader 8 1.56 (1.36-1.76)
Reader 9 1.74(1.54-1.94)
Reader 10 1.72(1.52-1.92)
Reader 11 1.21(0.93-1.49)
Reader 12 1.55(1.35-1.75)
Reader 13 1.94(1.74-2.14)
Reader 14 1.72(1.52-1.92)
Reader 15 1.36(1.13-1.59)

0.03(0.03-0.04)
0.14(0.13-0.15)
0.08(0.06-0.10)
0.28(0.25-0.30)
0.07(0.07-0.08)
0.06 (0.05-0.07)
0.11(0.10-0.13)
0.10(0.09-0.11)
0.20(0.17-0.22)
0.14(0.13-0.16)
0.10(0.09-0.11)
0.08(0.06-0.09)
0.21(0.18-0.24)
0.15(0.14-0.17)
0.18(0.16-0.20)
0.10(0.08-0.12)

0.64(0.60-0.68)
0.66 (0.61-0.70)
0.52(0.48-0.56)
0.64(0.60-0.68)
0.62(0.58-0.66)
0.55(0.51-0.59)
0.57(0.53-0.61)
0.63(0.59-0.67)
0.59(0.55-0.63)
0.61(0.57-0.66)
0.61(0.57-0.65)
0.53(0.49-0.56)
0.59(0.54-0.63)
0.64(0.60-0.68)
0.61(0.57-0.65)
0.55(0.51-0.59)

0.97(0.94-0.99)
0.89(0.84-0.92)
0.93(0.84-0.98)
0.80(0.75-0.84)
0.94(0.89-0.97)
0.95(0.89-0.98)
0.91(0.85-0.95)
0.92(0.87-0.95)
0.85(0.79-0.90)
0.88(0.83-0.92)
0.92(0.87-0.95)
0.94(0.85-0.98)
0.84(0.78-0.89)
0.88(0.83-0.92)
0.86(0.81-0.90)
0.92(0.85-0.96)

Note—Readers 1-4 were breast fellowship—trained radiologists, readers 511 were radiologists without
breast fellowship training, readers 12 and 13 were breast surgeons, and readers 14 and 15 were obstetrician/
gynecologists. Values in parentheses are 95% Cls. PLR = positive likelihood ratio, NLR = negative likelihood

ratio, PPV = positive predictive value, NPV = negative predictive value, DS = decision support.

From these cases, the amount of class
switching from lower than BI-RADS 4A to
BI-RADS 4A or higher and vice versa was
measured. These rates were plotted with re-
spect to each switching rate and assessed
for statistical differences using a paired
t test (Fig. 5). US-only class switching
rate, defined as crossing the BI-RADS 3—
BI-RADS 4A boundary, was 13.6%, and the
US-plus-DS class switching rate was 10.8%
(p =0.04). The highest rates of class switch-

ing were for reader 4 (20% for US plus DS
and 25% for US only.

On average, intrareader variability result-
ed in less class switching with US plus DS
than with US only. Although we found a sta-
tistically significant trend toward lower in-
trareader variability with US plus DS (nine
readers showed decreased class switching
with DS), one reader showed equivalent class
switching and five showed more class switch-
ing with DS. These results indicate that the
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Fig.4—ROC

curves show mean
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plus decision support
(DS) (red shading; 95%
Cl,0.84-0.90[blue
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DS performance is not
shown buthad AUC of
0.88(95% Cl,0.86-0.91).
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Reader
Reader | AUC Difference® | Propagated SE
1 -0.003 0.013
2 0.079 0.015
3 0.045 0.014
4 0.021 0.016
5 0.059 0.014
6 0.021 0.013
7 0.069 0.015
8 0.013 0.014
9 0.047 0.014
10 0.043 0.014
11 0.013 0.014
12 0.017 0.013
13 0.074 0.016
14 0.034 0.014
15 0.024 0.014

Note—Readers 1-4 were breast fellowship—trained
radiologists, readers 511 were radiologists without
breast fellowship training, readers 12 and 13 were
breast surgeons, and readers 14 and 15 were
obstetrician/gynecologists. SE = standard error.

aCalculated by subtracting AUC for ultrasound-only
readings from AUC for ultrasound with decision
support.

TABLE 3: Impact of the DS System
on Malignant Lesion
Assessment by Readers
Evidenced by Reader
Decision Switches After DS
System Recommendations

Change in Reader Decision
Reader No., DS Correctto | Incorrectto
Recommendation® | Incorrect Correct
1
No biopsy 0 0
Biopsy 10 7
2
No biopsy 2 0
Biopsy 0 25
3
No biopsy 1 0
Biopsy 2 20
4
No biopsy 2 1
Biopsy 21 32
5
No biopsy 4 0
Biopsy 0 13

(Table 3 continues on next page)
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TABLE 3: Impact of the DS System on
Malignant Lesion
Assessment by Readers
Evidenced by Reader
Decision Switches After DS
System Recommendations

(continued)
Change in Reader Decision
Reader No., DS Correctto | Incorrectto

Recommendation® Incorrect Correct
6

No biopsy 0 0

Biopsy 1 2
7

No biopsy 4 0

Biopsy 1 5
8

No biopsy 0 0

Biopsy 1 22
9

No biopsy 2 2

Biopsy 3 17
10

No biopsy 4 0

Biopsy 0 14
n

No biopsy 1 0

Biopsy 1 4
12

No biopsy 1 0

Biopsy 1 7
13

No biopsy 4 0

Biopsy 2 24
14

No biopsy 1 1

Biopsy 0 4
15

No biopsy 2 0

Biopsy 1 12

Note—The DS system marked 190 benign lesions as
suspicious and 42 benign lesions as probably
malignant. DS = decision support.

2A “no biopsy” recommendation was defined as a
“benign” or “probably benign” output from the DS;
a “biopsy” recommendation was defined as a
“suspicious” or “probably malignant” output. The
resulting biopsy recommendation by the reader
changed from a correcttoincorrectorincorrect to

correct assessment when DS output was provided.
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Fig. 5—Scatterplot
shows intrareader
variability represented
by class switching
from probably benign
to suspicious or from
suspicious to probably
benign between first
reading and second
reading 4 weeks later
for 15 readers (R1-R4,
breast fellowship—
° trained radiologists; R5—
R3, R5 R11, radiologists without
R6 breast fellowship
training; R12 and R13,
breast surgeons; R14
and R15, obstetrician/
gynecologists). There is
statistically significant
trend to lower
intrareader variability

0 0.05 0.10
US Plus DS

0.15 0.20 with ultrasound (US)
plus decision support
(DS) compared with
US only. Dashed line

overall improvement in intrareader variabil-
ity did not extend to all readers.

The impact of DS on each reader’s sensi-
tivity and specificity was also analyzed (Fig.
6). To assess any systematic bias in the DS
output itself, a subsequent analysis was per-
formed in which the disagreement between
the reader’s US-only reading was compared
with the DS output (Table 4). To establish a
single operating point, a DS output of suspi-
cious or probably malignant was treated as a
determination of malignancy.

denotes equivalency.

Discussion

Our study indicates that Al-based DS out-
put sensitivity and specificity compare fa-
vorably with those of interpreting physicians
from various subspecialties in the evaluation
of static orthogonal breast US images. In-
terestingly, the system’s stand-alone perfor-
mance, as measured by AUC, was still high-
er than US plus DS. Given the performance
of the stand-alone system, the DS output may
have a larger impact if it is used more fre-
quently. Similarly, a study assessing a CAD

1.00
0.981
0.96
0.94
2
Z 0.92-
]
c
[}
]
0.90+
0.88 ------ Radiologist, BFT (= 15 YE)
ffffff Radiologist, BFT (< 15 YE)
ffffff Radiologist, Not BFT (> 15 YE)
0.86 ------ Radiologist, Not BFT (= 15 YE)
****** Breast Surgeon
****** Obstetrician/Gynecologist

Fig. 6—0perating point
shifts with original
operating points in
blue and final operating
pointsin red for 15
readers (R1-R4, breast
fellowship—trained
[BFT]radiologists;
R5-R11, radiologists
not BFT; R12 and R13,
/ breast surgeons; R14
/ and R15, obstetrician/
/ gynecologists). All
R3/ operating points are

¢ defined at transition

Specificity

0.84 T T T T T T T T T
0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65

between BI-RADS
category3and 4A.YE =
years of experience.
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TABLE 4: Cases in Which DS Output and Reader Assessment (US Only) Disagreed

Malignant Cases
Disagreements Between Reader Difference Between No. of Correct
Assessment (US only) and DS No. of Correct Reader Assessments No. of Correct DS Outputs DS Outputs and No. of Correct
Reader Outputfor Any Case (ButIncorrect DS Outputs) (But Incorrect Reader Assessments) Reader Assessments?
1 121 2 24 22
2 146 3 27 24
3 158 3 28 25
4 173 3 53 50
5 139 5 13 8
6 157 4 3 -1
7 142 4 8 4
8 130 1 24 23
9 128 2 20 18
10 109 4 14 10
n 143 6 6 0
12 107 2 8 6
13 137 4 27 23
14 158 5 4 -1
15 15 4 15 n

Note—Readers 1-4 were breast fellowship—trained radiologists, readers 5-11 were radiologists without breast fellowship training, readers 12 and 13 were breast
surgeons, and readers 14 and 15 were obstetrician/gynecologists.
aPositive values indicate that the DS system made more correct assessments than the reader (US only) for malignant lesions.

system for detection in mammography found
that sensitivity increased 9% and callback in-
creased 12%, but radiologists ignored 71% of
true-positive assessments from the system
that were otherwise missed [26]. The PLR,
the likelihood a biopsy recommendation indi-
cates malignancy, for the DS system was 1.98,
higher than all readers interpreting US imag-
es alone, except for one reader (reader 1) who
had a higher PLR (2.08) with a 95% CI (1.88—
2.29) that overlapped the DS PLR. The DS
system performance in our study was similar
to prior studies and was at least comparable
with that of fellowship-trained breast imag-
ers, indicating the system could be used as a
valuable second opinion tool clinically [24].
Adding Al-based DS to US images im-
proved correct BI-RADS classification of so-
nographic breast lesions by most physicians
studied. The AUC improved for all physi-
cians but one when they were provided with
US images plus DS. Only one reader (reader
1) showed a decrease in performance with US
plus DS compared with US only. The differ-
ence was not statistically significant, and fur-
ther evaluation revealed that it was due to a
slight reduction in sensitivity and an increase
in specificity. Correlation with the confusion
matrix indicated that this reader’s decreased
sensitivity was most likely caused by intra-

AJR:214, June 2020

reader variability, given that the DS system
recommended biopsy for all malignancies the
reader changed from correct to incorrect or
vice versa between reading sessions. When
the impact of DS on each reader’s sensitivity
and specificity was analyzed, improvements
appeared to depend on the reader’s initial
operating point. Subpopulations of readers
tended to show improvements in areas where
they were weak; for example, specific, but
not sensitive, readers saw greater improve-
ments in sensitivity. We did see significant
deviations within physician specialty sub-
groups; the initial and final operating points
across all groups except breast surgeons var-
ied significantly. Although all saw an overall
benefit, it would be inappropriate to average
these populations because they appeared to
be bimodal in nature (i.e., readers who were
more sensitive and less specific and readers
who were more specific and less sensitive).
This variability limits the ability to group
physicians on the basis of training.

As outlined in the confusion matrix, with
the addition of DS, readers changed some as-
sessments of malignant lesions from correct
to incorrect and others from incorrect to cor-
rect. The magnitude of switching varied by
reader and may not be completely attribut-
able to the presence of the DS system giv-

en that readings with and without DS were 4
weeks apart; as a result, some switching may
have been due to intrareader variability. Our
study indicates that an Al-based DS system
decreases inter- and intraobserver variability
overall, which could facilitate more consis-
tent clinical care for patients.

Given that lesion caliper placement on
the US image by the clinical radiologist de-
fines the ROI for the DS system, examining
how variability in caliper placement may af-
fect the DS results is essential. Our analy-
sis shows ROI boundary variation produced
no significant change in either the shape of
the ROC curve or the AUC values. Clinical-
ly significant differences in DS output, such
as deeming a lesion suspicious versus prob-
ably benign, represent an important clinical
threshold between recommending biopsy
rather than imaging follow-up. ROI varia-
tion produced minimal class switching from
probably benign to suspicious (1.9%) and
suspicious to probably benign (1.7%). Be-
cause the system’s output is categoric, chang-
es across this decision boundary can change
clinical management.

Similarly, variation in US transducer fre-
quency (low versus high) did not produce
statistical difference in DS system perfor-
mance. Our study also included images from
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multiple institutions and multiple US ven-
dors. Ensuring consistency of DS output de-
spite variations in equipment and technique
is vital for potential future clinical applica-
tions of this software and applicability of our
results to other users.

This study has several limitations. As a
retrospective reader study of static US im-
ages, it does not replicate a true clinical en-
vironment. In clinical practice, lesions are
often scanned in real time by the radiolo-
gist and evaluated in the context of patient
symptoms, risk factors, and correlation with
mammography, prior imaging, or both. Thus,
a BI-RADS assessment based on two orthog-
onal static US images may not always cor-
respond with a reader’s assessment when all
clinical information and images are avail-
able. US images provided already had an
ROI provided by the original interpreting
physician, so the ability of the reader to rec-
ognize the presence of a lesion and define le-
sion boundaries was not tested and is beyond
the scope of this study. Only US images con-
taining lesions were used, and no images of
normal breast tissue were used. Also, benig-
nity for some lesions was established by 1
year of stability on US, which does not meet
satisfy the 2-3 years of US stability required
by American College of Radiology criteria
for a probably benign lesion.

Our study did not examine the integration
of the DS system in real time and did not ex-
amine integration into clinical practice. The
Al platform evaluated here can have its inter-
face integrated into US scanners and PACS
clients, enabling accessibility in the imaging
area with the patient or at the PACS worksta-
tion while interpreting images. Further study
would be needed to assess the impact of this
system on clinical workflow.

Additionally, our readers had no familiar-
ity with the DS system before the study. With
increased use, readers may learn to trust or
distrust the DS system output, which could
affect their agreement or disagreement with
the system and subsequently affect their
AUC with continued use of DS. This differ-
ence in system trust may partially explain
why some fellowship-trained breast imagers
did not alter their responses on the basis of
DS output as much as others. Future study
directions include looking at the effect of on-
going DS use on radiologists’ performance
and potential benefits for bridging experi-
ence and training gaps.

Mango et al.

Conclusion

An Al-based DS improved correct as-
sessment of sonographic breast lesions by
most physicians while reducing inter- and
intraobserver variability. Future study of its
prospective use in a true clinical environ-
ment is needed.
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