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Abstract

Objectives The aim of our study was to examine how breast radiologists would be affected by high cancer preva-
lence and the use of artificial intelligence (Al) for decision support.

Materials and method This reader study was based on selection of screening mammograms, including the original
radiologist assessment, acquired in 2010 to 2013 at the Karolinska University Hospital, with a ratio of 1:1 cancer ver-
sus healthy based on a 2-year follow-up. A commercial Al system generated an exam-level positive or negative read,
and image markers. Double-reading and consensus discussions were first performed without Al and later with Al,
with a 6-week wash-out period in between. The chi-squared test was used to test for differences in contingency
tables.

Results Mammograms of 758 women were included, half with cancer and half healthy. 52% were 40-55 years; 48%

were 56—75 years. In the original non-enriched screening setting, the sensitivity was 61% (232/379) at specificity 98%
(323/379). In the reader study, the sensitivity without and with Al was 81% (307/379) and 75% (284/379) respectively

(p<0.001). The specificity without and with Al was 67% (255/379) and 86% (326/379) respectively (p <0.001). The ten-
dency to change assessment from positive to negative based on erroneous Al information differed between readers

and was affected by type and number of image signs of malignancy.

Conclusion Breast radiologists reading a list with high cancer prevalence performed at considerably higher sensitiv-
ity and lower specificity than the original screen-readers. Adding Al information, calibrated to a screening setting,
decreased sensitivity and increased specificity.

Clinical relevance statement Radiologist screening mammography assessments will be biased towards higher sen-
sitivity and lower specificity by high-risk triaging and nudged towards the sensitivity and specificity setting of Al reads.
After Al implementation in clinical practice, there is reason to carefully follow screening metrics to ensure the impact
is desired.

Key Points
- Breast radiologists’ sensitivity and specificity will be affected by changes brought by artificial intelligence.
- Reading in a high cancer prevalence setting markedly increased sensitivity and decreased specificity.

- Reviewing the binary reads by Al, negative or positive, biased screening radiologists towards the sensitivity and specificity of
the Al system.
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Radiologist reads will be strongly biased
towards higher sensitivity when reading a list
of high cancer prevalence (50%) and, when
adding Al support, they are nudged towards
lower sensitivity — if the Al abnormality
threshold has been calibrated for a normal
screening setting (around 0.5% cancer).

Itis important to calibrate the Al threshold to
the cancer prevalence in which radiologists
read, and to be aware of the effect on

radiologists using Al support with a different
@bration. //

Introduction

Artificial intelligence (AI) for computer-aided detection
(CAD) is increasingly seen as a realistic option for alle-
viating radiologist shortage and for increasing cancer
detection [1, 2]. Retrospective studies have shown can-
cer detection on par with breast radiologists and reader
studies have demonstrated improved reader performance
with Al support [3].

There are at least three alternative implementations
of AI CAD. First, Al can be implemented as an inde-
pendent reader, replacing one of two radiologists in
double-reading [4]. Second, AI can be implemented as
a triage tool, assigning each exam to a category related
to expected cancer prevalence [5, 6]. Third, it can be
implemented as a concurrent assistant providing deci-
sion support to the radiologist before they make their
decision to flag an abnormality [7]. The second option
may cause a subconscious change in the operating point
of the radiologist due to cancer enrichment, i.e., an
increased proportion of cancer in the reading list com-
pared to the regular population-average reading that
benchmarks are based on. The third option implies the

most interaction with the radiologist and warrants ade-
quate reader studies before clinical implementation to
understand how different readers are affected and how
the tendency to erroneously change their assessment is
influenced by the type of Al information provided and
by what image signs they have observed themselves.
Recently, there have been reports of severe automation
bias when radiologists tend to follow the erroneous
suggestions of Al in reading screening mammograms
[8, 9]. The tendency to follow an erroneous Al sugges-
tion was present for both positive and negative exams,
and was more pronounced for less experienced radiolo-
gists. Understanding how interpreting radiologists are
affected by Al information is increasingly important,
as Al has potential to be involved not only in cancer
detection but also to extract image biomarkers for den-
sity assessment, radiological-pathological correlation,
and predicting therapy response [10].

To further increase understanding of how a cancer-
enriched setting and Al decision support may influence
radiologists, we conducted a reader study using a read-
ing list with a large proportion of cancer and performed
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the full double-reading and consensus discussion first
without AI decision support and later with AI decision
support.

Methods

Study setting

The ethical review board had approved the study and
had waived the need for individual informed consent.
This retrospective reader study was based on the pub-
licly available cancer-enriched case—control population
CSAW-CC  (https://doi.org/10.5878/45vm-t798)  [11]
from which we extracted the most recent mammogra-
phy exam before diagnosis for 379 randomly selected
women diagnosed with breast cancer and 379 randomly
selected healthy women. Screening mammograms had
been acquired between 2010 and 2013 from Karolinska
University Hospital, Sweden. The diagnostic reference
standard for each exam, healthy or breast cancer, was
defined by linking to the Stockholm-Gotland regional
cancer center breast cancer registry where breast can-
cer diagnoses are based on pathology verification. We
considered a diagnosis date within a 2-year follow-up
period after screening as the reference standard of having
breast cancer. Age was only available as two categories:
40 to 55 years of age (“younger”) and 56 to 75 years of age
(“older”). Karolinska invites all women between 40 and
74 years of age to mammography screening every 2 years
based on having a home address in the catchment area of
the hospital.

Images

For each screening exam, two standard views, cranio-
caudal and mediolateral oblique, had been acquired for
each breast on full-field digital mammography Hologic
equipment.

Original screening reads

For the historic screening reads, we extracted from the
hospital radiology system the reads by the original two
screening radiologists and the recall decision from the
consensus discussion for each exam. If any of the two is
flagged for abnormality, the exam would go to a consen-
sus discussion where two radiologists together decide
whether the woman should be recalled for further work-
up or sent a “healthy letter” The original screening radi-
ologists had access to images, biopsy history, and any
symptom reported by the woman at the point of screen-
ing. In Sweden, even women reporting a symptom to the
radiographer at the time of imaging remain part of the
screening population and are not considered a clinical
patient.
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Al system

The AI system used for the reader study was Insight
MMG (Lunit Inc.). In preparation for the reader study,
for all mammography images, the Al system gener-
ated image prompts linked to abnormality scores
between 0 and 100. The highest AI score in any of the
four standard views defined the exam-level AI score.
For a binary classification into flag or no-flag, we used
a pre-calibrated threshold value of 40 which had been
defined in a prior study to match the specificity of the
average screening radiologist in regular, non-enriched,
population-wide screening [4]. In the reader study ses-
sion with Al the readers and consensus discussion had
access to all of the above information when making
their own assessments.

Reader study protocol

Exams were reviewed in two sessions—without Al and
with concurrent AI decision support—separated by a
6-week wash-out period. Images were shown on an Eizo
Radiforce RX560 monitor. Study radiologists, as well
as Al, did not have access to prior images, prior biopsy
history, and other patient information and were not
informed about the proportion of cancer in the popula-
tion. For the session with AI, the radiologists had access
to the Al score on exam-level and by Al image prompts
showing the location and score of individual image find-
ings (Fig. 1). For both sessions, without and with Al two
breast radiologists (M.]. and another radiologist; each
reading half of the exams) handled the first read, one
breast radiologist handled the second read (H.A.), and
consensus discussions were performed by two out of
these three radiologists. The experience level counted as
breast imaging—specific work time was more than 5 years
for HA and more than 10 years for the other two radi-
ologists. The second read was blinded in relation to the
first read. An exam that received a flag of an abnormality
in any of the two reads was further assessed in a discus-
sion between two of the three study radiologists. In addi-
tion to flagging for abnormality, the radiologists ranked
the exam on a scale of 1 to 5, similar to Bi-RADS catego-
ries, where 1 indicated that no lesion was present and 5
indicated that a lesion was perceived as “definitely malig-
nant.” Any suspicious lesion was categorized according to
mammographic signs: mass, microcalcifications, archi-
tectural distortion, asymmetrical density, nipple retrac-
tion, skin thickening, suspicious axillary lymph node. For
each read, the reader measured the time in seconds by
using a stop-watch which was started when images were
displayed and stopped when a flag or no-flag decision
was made, not including the time for further character-
izing the image findings and writing the full assessment.
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Fig. 1 Example of how the Al information was visualized for the radiologists in the reader study. For all exams, the highest Al score of the right
and left breast was shown at the bottom of the four images (in this example 99% for the left breast). In addition, if the Al score was 10% or higher,
the suspicious location was shown by a prompt in the image (in this example mainly in red color)

We analyzed three different read-and-consensus regi-
mens: the original screening radiologists, the study radi-
ologists not using Al, and the study radiologists using
concurrent Al decision support in terms of binary posi-
tive and negative reads of each exam accompanied by
image markers. For each regimen, we calculated flagging
rate (exams flagged by any reader divided by all exams)
and recall rate (exams with recall decision divided by all
exams), and then, for both flagged exams and recalled
women, we calculated positive predictive value (propor-
tion of positive exams where cancer was diagnosed), sen-
sitivity (proportion of cancer diagnosed with a positive
read), specificity (proportion of healthy exams without a

positive reads), and radiologist workload. In addition, we
examined occurrences of recall decisions that changed
with the use of Al in relation to the original Bi-RADS cat-
egory and the mammographic signs of suspected lesions.

Statistical analysis

Stata version 15.1 (StataCorp) was used for all statisti-
cal tests and estimations. The chi-squared test was used
to test for differences in contingency tables. All statis-
tical tests were two-sided. The level for statistical sig-
nificance was set at « =0.05, which was not adjusted for
multiple comparisons.
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Results

Study population

We included 758 women and exams (Fig. 2). The propor-
tion of cancer was 50% (379/758). Younger women, 40 to
55 years of age, constituted 52% (393/758) of the entire
dataset, 64% (243/379) of the healthy and 40% (150/379)
of the diagnosed. Among 379 exams with cancer, there
were 39 cases (10%) with in situ only, 161 cases (42%)
with up to 15-mm invasive cancer, and 170 cases (45%)
with more than 15-mm invasive cancer.

Reader flagging rate

Reader outcomes are reported in Table 1. In the non-
enriched population-wide original setting, there was a
34% (258/758) flagging rate by radiologists (without AI),
while in the enriched study population, the reader study
radiologists flagged 59% (444/758) of exams without Al
and 46% (352/758) of exams with Al decision support.
For standalone Al, pre-calibrated in a non-enriched set-
ting, the flagging rate was 36% (352/758) of exams.

Sensitivity and specificity after consensus discussion

Compared to the original setting sensitivity of 61%
(232/379), the reader study sensitivity was higher at 81%
(307/379) without Al, which decreased to 75% (284/379)
with AI decision support, a relative decrease of 7%
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(p<0.001). Compared to the original setting specificity
of 98% (373/379), the reader study specificity was lower
at 67% (255/379) without Al, which increased to 86%
(326/379) with AI decision support, a relative increase
of 28% (p<0.001). Figure 3 shows the shifts in sensitiv-
ity and specificity—between the original non-enriched
screening setting and the highly cancer-enriched reader
study setting with and without AI. When using Al, 39
of the cancers detected by study radiologists without
Al were missed, and 16 cancers previously missed were
detected with Al resulting in a net decrease of 23 cancers
detected when using Al decision support.

Figure 4 shows example mammograms. Panels a to d
show example of mammograms with varying Al scores
and healthy or diagnosed status. Panel e shows the mam-
mogram of a cancer missed by Al but flagged by reader
study radiologists. Panel f shows the mammogram of
cancer missed by screening radiologists but flagged by
Al Finally, panel g shows cancer at first detected by study
radiologists without AI but missed later when using Al
support.

Tendency to change assessment—radiologists, Bi-RADS,
and image signs

In the reader study, Table 2 reports the proportion
of study radiologists changing their assessment after

CSAW-CC
enriched screening cohort
doi.org/10.5878/45vm-t798

Y

379 exams
without cancer

Age 40-55: 243 (64%)
Age 56-75: 136 (36%)
Percent density:  25.0%

Stratified random selection

Y

379 exams
with cancer

Age 40-55:
Age 56-75:
Percent density:

150 (40%)
229 (60%)
24.5%

Cancer Characteristics

In situ only: 39 (11%)
Invasive =15mm: 161 (44%)
Invasive >15mm: 170 (46%)

Screen-detected: 242 (64%)
Interval cancer: 137 (36%)

Fig. 2 Exam selection flowchart. Using the anonymized CSAW-CC screening cohort, we randomly selected 379 women with cancer diagnosed
within 2 years of the mammogram and 379 women who remained healthy 2 years after the mammogram
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Table 1 Screening metrics for each reading regimen: original screening radiologists, study radiologists with and without Al, and

standalone Al

Read-and-consensus?

Read"

Original screening

Reader study radiologists

Standalone Al

Radiologists Without Al With Al assistance Relative change
Flagging rate® 34% (258/758) 59% (444/758) 46% (352/758) —21% (p<0.001) 36% (276/758)
Positive predictive value 93% (241/258) 72% (318/444) 84% (295/352) 17% (p <0.001) 95% (261/276)
Sensitivity 64% (241/379) 84% (318/379) 78% (295/379) —7% (p=0.017) 69% (261/379)
Specificity 96% (362/379) 67% (253/379) 85% (322/379) +27% (p<0.001) 96% (364/379)
Recall rate 31% (238/758) 57% (431/758) 44% (337/758) —22% (p<0.001) N/A
Positive predictive value 97% (232/238) 71% (307/431) 84% (284/337) +18% (p=0.022) N/A
Sensitivity 61% (232/379) 81% (307/379) 75% (284/379) —7% (p<0.001) N/A
Specificity 98% (373/379) 67% (255/379) 86% (326/379) +28% (p<0.001) N/A

2 For “Read-and-consensus” with Al assistance, image prompts and Al scores were available to the radiologists

b For“Read” based on standalone Al, the threshold for flagging was predefined in a prior study at 40 (range 0 to 100)

CFirst, in the individual read, “flagging” was done for any suspected abnormality

d Second, the consensus discussion was performed for all flagged cases and a “recall” or “no recall” decision was made

SENSITIVITY

SPECIFICITY

Historic ~ Enriched reader-study Historic Enriched reader-study
98%
81% ol O
—__ ™> 75% 67%
61% 7o
No Al No Al Al No Al No Al Al

Fig. 3 Results after double-reading including consensus discussion in screening mammography. The gray bars show the historic performance
when the exam was assessed in population-wide screening. The red and blue bars show the performance, without (red) and with (blue) Al decision
support, when the exams were assessed in a reader study with an enriched cohort with 50% cancer out of 758 exams. Al had been calibrated

to perform similar to radiologists in population-wide screening

reviewing Al information. The tendency to change
assessment is further characterized by the Bi-RADS
score assigned prior to Al and which lesion signs were
present in the mammogram. Changing from negative to
positive occurred twice for reader one and four times for
reader two. Changing from positive to negative occurred
66 times for reader one and 102 times for reader two.
Al decision support more often caused a change in

radiologist read for Bi-RADS exams 3 (reader one
changed their read in 30% (64/215) of these exams while
reader two changed their read in 48% (97/201)) than for
Bi-RADS 4 and 5 (five exams or less). Changing from
positive to negative for Bi-RADS 3 was correct, i.e., the
screened woman did not have cancer, in 61% (39/64) of
cases for reader one and 70% (68/97) of cases for reader
two. Changing from a positive to a negative read based
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Fig.4 Example mammograms. a Cancer with Al score 99. b Cancer with Al score 40. ¢ Healthy with Al score 40. d Healthy with Al score 0. e Cancer
missed by Al but flagged by reader study radiologists. f Cancer missed by screening radiologists but flagged by Al and reader study radiologists. g
Cancer detected by study radiologists without Al but missed with Al support

on erroneous Al information was more common for
exams with subtler signs of possible malignancy such as
architectural distortion and asymmetrical density com-
pared to more poignant signs such as microcalcifications.
The higher Bi-RADS score and the higher number of dif-
ferent image signs of potential malignancy that were pre-
sent, the less likely were the radiologists to change from
positive to negative after reviewing Al information.

Cancer characteristics

In Table 3, we report the characteristics of each cancer
subgrouped by “recalled” and “not recalled” by each read-
ing strategy. For the reading study, the number of inva-
sive cancers larger than 15 mm that were detected was
134 and 128 without and with Al, respectively, while
the number of invasive cancers 15 mm or smaller that
were detected was 134 and 119 respectively. Thus, the

erroneous change from positive to negative assessments
was less frequent for larger than for smaller invasive
cancers.

Reading time

The mean time for double-reading an exam without Al
was 21 s (median 19; p25, 16; p75, 24), and with AJ, it was
13 s (median 13; p25, 11; p75, 15), a relative change of
minus 38%.

Discussion

In our strongly cancer-enriched study population, Al
decision support resulted in 7% decrease in sensitivity,
28% increase in specificity, and 38% decrease in radi-
ologist time. Compared to the study radiologists without
Al decision support, the original screening assessments
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Table 2 Characteristics of exams where study radiologists changed assessment after reviewing Al information—from positive to
negative, and from negative to positive

Reader one®—changed
assessments after reviewing

Al information

Reader two®—changed assessments after reviewing Al
information

Positive to Truly Negativeto  Truly positive Positive to Truly Negativeto  Truly positive
negative negative positive negative negative positive

Total 21% (66/321) 62% (41/66) 0.5% (2/437) 50% (1/2) 41% (102/251)  69% (70/102)  0.8% (4/507) 100% (4/4)
Bi-RADS

3 30% (64/215) 61% (39/64) 1% (2/217) 50% (1/2) 48% (97/201)  70% (68/97) 0.5% (1/202) 100% (1/1)

4 3% (1/31) 100% (1/1) 0% N/A 10% (5/50) 40% (2/5) 4% (2/52) 100% (2/2)

5 1% (1/75) 100% (1/1) 0% N/A 0% N/A 0.6% (1/154) 100% (1/1)
Type of image sign

Calcification 8% (8/100) 38% (3/8) 8% (9/115) 22% (2/9)

Mass 16% (38/244) 50% (19/38) 13% (35/274)  71% (25/35)

Asymmetry  23% (17/75) 82% (14/17) 19% (17/91) 94% (16/17)

Architec- 29% (29/100) 79% (23/29) Insufficient data 17% (17/102)  76% (13/17) Insufficient data

tural distor-

tion

Skin thick- 9% (1/11) 0% 8% (1/12) 0%

ening

Nipple 20% (2/10) 100% (2/2) 40% (6/15) 83% (5/6)

retraction

Axillary 15% (3/20) 100% (3/3) 10% (2/21) 100% (2/2)

lymph node
Number of image signs

1 25% (40/162) 58% (23/40) 24% (44/184)  64% (28/44)

2 22% (23/105) 70% (16/23) Insufficient data 17% (20/118)  80% (16/20) Insufficient data

3ormore 6% (4/58) 75% (3/4) 2% (1/64) 100% (1/1)

2The “Reader one” position was shared between two study radiologists

P The “Reader two” position was assigned to a single study radiologist who was more experienced

Between the first assessments without Al, there was a 6-week wash-out period before the radiologists again reviewed the exams with Al assistance including image

prompts and score

Table 3 Characteristics of cancers detected and not detected by each reading strategy

Original screening

Reader study w/o Al Reader study with Al Al standalone

All Recalled Notrecalled Recalled Notrecalled Recalled Notrecalled Flagged Notflagged

n 379 232 147 307 72 284 95 261 118
Dense area® Mean cm? 367 339 441 355 418 355 40.1 353 39.7
Percent density? Mean % 24.5 227 274 234 294 233 28.0 234 269

In situ only % (n) 10 (39) 2(29) 7(10) 1(35) 6 (4) 11 (32) 7(7) 119  9(10)
Invasive< =15 mm % (n) 42(161) 44(102) 40(59) 44 (134)  38(27) 42(119) 44(42) 41(106) 47 (55)
Invasive > 15 mm % (n) 45 (170) 42 (98) 49 (72) 44 (134)  50(36) 45(128) 44 (42) 48 (124) (46)
Missing information % (n) 2(9) 103) 4(6) 1(4) 7(5) 2(5) 4(4) 102 6(7)
Lymph node negative % (n) 66 (251) 71 (164)  59(87) 68 (208) 60 (43) 69 (196) 58 (55) 69 (179) 61(72)
Lymph node positive % (n) 27 (103) 22(51) 35(52) 25(77) 36 (26) 24 (68) 37 (35) 25(66)  31(37)
Missing information % (n) 7 (25) 7017) 5(8) 7 (22) 4 (3) 7 (20) 5(5) 6(16) 8(9)

? Dense area and percent density were calculated by the Libra software package from University of Pennsylvania (https://www.med.upenn.edu/cbica/sbia/libra.ntml)
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had a markedly lower sensitivity and a markedly higher
specificity.

Compared to a Bi-RADS minimum acceptable sensitiv-
ity of 75%, defined by a 1-year follow-up time, the meas-
ured average sensitivity is lower in Sweden due to having
a 2-year follow-up time during which further interval
cancer is collected increasing the denominator.

The reading times in our study differ from a previous
study reporting reading times of 63 s without Al and 72 s
with AI [12]. The much shorter times in our study might
be related to that we measured only the time from when
images were displayed until the flag or no-flag decision.
In the reading time, we did not include the further char-
acterization of image findings. In addition, our readers
were not shown previous images so all four images were
shown at once in a single layout. We are not aware of any
difference in study methodology compared to the previ-
ous study that would explain our observation that the
reading time decreased when using AI while the time
in the previous study increased. A speculation is that it
may be related to how and when the Al information was
displayed.

The markedly higher sensitivity of reader study radi-
ologists compared to original assessments may seem
odd. We interpret this as the result of study radiologists
gradually realizing there is a high proportion of cancer in
the population, and subconsciously shifting their operat-
ing point as a response to a shift in the cost—benefit ratio
of flagging an exam. This is an important consideration
when implementing Al as a triaging tool for screening
mammography. Several studies have focused on using
Al to place exams into ten categories according to the
expected prevalence of cancer [6, 7, 13]. They could
demonstrate that the top category contained most of the
screen-detected and many of the interval cancers. How-
ever, those studies are limited by extracting the original
screen-read interpretation, not fully taking into account
the bias of radiologists knowing the category of the exam.
In line with our results, in one reader study, radiologists
reading the high-prevalence list seemed to shift their
operating point towards higher sensitivity and lower
specificity, increasing cancer yield at the cost of some
decrease in specificity [7]. Accordingly, radiologists read-
ing the low-prevalence category might be expected to
shift their operating point towards lower sensitivity and
higher specificity. The shift in study radiologist operating
point caused by concurrent Al decision support demon-
strates automation bias which is in line with the results
of two recent publications [8, 9]. In our study, radiolo-
gists changed their assessment from positive to negative
in 21 to 41% of the exams even though this was incor-
rect in 31 to 38% of cases. This is in line with the find-
ings of the study by Dratsch et al, in which the readers
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incorrectly followed the AI information in 20 to 45% of
the cases. In the study by Rezazade Mehrizi et al, radiolo-
gists missed 16% proportion of cancers due to erroneous
Al information. In our study, we observed that the likeli-
hood that readers would miss a cancer due to erroneous
Al information was related to the perceived level of evi-
dence for malignancy. When prior to reviewing Al infor-
mation they assigned the exam a higher Bi-RADS score,
more poignant and higher number of image signs, they
less often changed from a positive to negative read.

Conceptually, there seem to be two types of automation
bias: first, a nudging of the radiologist operating point
towards the operating point of Al with false-negative
and false-positive mistakes changing in opposite direc-
tions; and second, an increase in any sort of mistake due
to overreliance on erroneous Al suggestions. Automation
bias of the first type, deliberately exploited, might be ben-
eficial in terms of improving the benefit-to-harms ratio of
screening, detecting more cancer in high-risk groups and
avoiding false-positives in low-risk groups. The phenom-
enon of radiologist being nudged towards the operating
point of the AI assistant would help to reduce interreader
variability and ensure a more equal screening operating
point for all participants. Automation bias of the second
type, however, is better avoided. Four different counter-
measures were suggested in a recent commentary [14].
In one mentioned study, the researchers chose to have Al
running in the background and only interfering when the
radiologists were at risk of making an obvious false-nega-
tive or false-positive mistake [15].

A strength of our study was the simulation of the entire
radiologist workflow—both the initial read and the fol-
lowing consensus discussion. Another strength is that we
used an Al system that has shown a highly accurate per-
formance in prior retrospective studies and a recent pro-
spective study [4, 5, 16]. A limitation of our study is that
the enrichment ratio was extremely high which may not
often be the case even in high-risk triaging implementa-
tions. A weakness of our study is that it was not the same
radiologists that performed the original screening read
as were involved in the reader study. However, they all
operate in the same type of population-based screening
environment.

In conclusion, radiologists’ shift in sensitivity and spec-
ificity was affected by the cancer prevalence in the read-
ing list, by the operating point of the Al, and by the type
and number of image signs. When Al is implemented
for triaging, the sensitivity and specificity of radiologists
can be expected to change depending on the perceived
cancer prevalence in the exams triaged to high risk and
low risk respectively. When Al is implemented as a con-
current assistant, the radiologists can be expected to
change their operating point towards the one decided
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for the Al system. These interaction effects may not be
possible to estimate beforehand, calling for careful moni-
toring of radiologist performance, overall and individu-
ally, in real-world implementations of Al for screening
mammography.

Abbreviations
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