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ARTICLE INFO ABSTRACT
Keywords: Purpose: To assess the impact of artificial intelligence (AI) on the diagnostic performance of radiologists with
Mammography varying experience levels in mammography reading, considering single and simulated double reading

Artificial intelligence
Breast neoplasms
Sensitivity and specificity
Radiologists

approaches.

Methods: In this retrospective study, 150 mammography examinations (30 with pathology-confirmed malig-
nancies, 120 without malignancies [confirmed by 2-year follow-up]) were reviewed according to five ap-
proaches: A) human single reading by 26 radiologists of varying experience; B) Al single reading (Lunit INSIGHT
MMG; C) human single reading with simultaneous AI support; D) simulated human-human double reading; E)
simulated human-AlI double reading, with Al as second independent reader flagging cases with a cancer prob-
ability >10 %. Sensitivity and specificity were calculated and compared using McNemar’s test, univariate and
multivariable logistic regression.

Results: Compared to single reading without Al support, single reading with simultaneous Al support improved
mean sensitivity from 69.2 % (standard deviation [SD] 15.6) to 84.5 % (SD 8.1, p < 0.001), providing
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comparable mean specificity (91.8 % versus 90.8 %, p = 0.06). The sensitivity increase provided by the Al-
supported single reading was largest in the group of radiologists with a sensitivity below the median in the
non-supported single reading, from 56.7 % (SD 12.1) to 79.7 % (SD 10.2, p < 0.001). In the simulated human-AI
double reading approach, sensitivity further increased to 91.8 % (SD 3.4), surpassing that of the human-human
simulated double reading (87.4 %, SD 8.8, p = 0.016), with comparable mean specificity (from 84.0 % to 83.0 %,

p=0.17).

Conclusion: Al support significantly enhanced sensitivity across all reading approaches, particularly benefiting
worse performing radiologists. In the simulated double reading approaches, Al incorporation as independent
second reader significantly increased sensitivity without compromising specificity.

1. Introduction

The use of artificial intelligence (AI) in mammography interpretation
has been widely discussed in recent years. Traditional computer-aided
detection (CAD) systems, introduced in the 1990s, were initially ex-
pected to reduce diagnostic errors, but their high false-positive rates and
limited ability to improve cancer detection accuracy led to mixed results
[1-3]. However, the advent of deep learning-based AI systems has
changed this narrative. Recent studies have shown that AI, when applied
to mammography reading, can reduce workload while also matching or
surpassing radiologists’ sensitivity, without compromising specificity
[4-71.

Various strategies for implementing AI have been explored. Some
studies have used Al as a concurrent decision support tool, to assist ra-
diologists in interpreting mammograms [8-15]. Other studies, such as
the MASAI trial [16], used Al as a triage tool to reduce the workload by
selecting low-risk cases for exclusion from human review. This approach
reduced workload by up to 72 %, while maintaining or improving
diagnostic accuracy and reducing recall rates [5,7,17-22]. Moreover, a
study by Seker et al. [7] demonstrated how AI could detect interval
cancers earlier than traditional human reading, potentially improving
patient outcomes by achieving earlier identification of cancers in up to
23 % of cases.

However, the use of Al in clinical practice remains limited due to
challenges in generalizability. Many studies, such as the one conducted
by Elhakim and colleagues [5], point out that Al performance has pri-
marily been evaluated with retrospective designs, which do not fully
reflect the complexities of the screening workflow. Furthermore, as Bassi
et al. [23] observed in their multireader study, while Al can improve the
diagnostic accuracy of less experienced radiologists, its stand-alone
performance may still fall short of that of experienced radiologists in
high-volume clinical settings. These findings highlight the need for
further validation of Al systems in different screening settings, where
maintaining both high sensitivity and specificity is crucial [4,5,16].

One of the most validated Al systems currently in use is Lunit
INSIGHT MMG, which has been shown to reduce radiologists’ workload
while maintaining diagnostic accuracy [13,24]. This software has been
successfully tested in several studies, including multi-center trials, and
has demonstrated comparable performance to human readers in both
screening and clinical mammography [5,7,13,24].

In Europe, double reading—where two radiologists independently
review mammograms—is standard practice in breast cancer screening
[25,26]. However, this practice is not commonly applied in clinical
mammography, highlighting the potential for Al to play a more prom-
inent role in both screening and clinical settings, particularly as a second
reader [27]. In addition, although double reading increases sensitivity, it
also increases radiologists’ workload and recall rates [28,29]. Further-
more, as the majority of the screened population is healthy, false posi-
tive results are common, suggesting room for improvement in both the
effectiveness and efficiency of screening programs [30].

Given the ongoing debate about the role of Al in improving breast
cancer detection, it is therefore essential to investigate how Al, when
used in conjunction with radiologists of different experience levels, may
impact diagnostic performance.

Our study was conducted in a controlled testing environment to
systematically assess these effects, and aimed to evaluate how different
Al-supported reading approaches influence the diagnostic performance
in breast cancer diagnosis of radiologists with varying levels of experi-
ence. The reading approaches included single readings by radiologists
without Al, Al-only readings, single readings by radiologists supported
by Al, and simulated double readings with and without Al support (Al as
a second reader).

2. Materials and Methods
2.1. Study design

This was a retrospective, observational, controlled multireader study
conducted between June 2024 and November 2024 at the Istituto per lo
Studio, la Prevenzione e la Rete Oncologica (ISPRO, Florence, Italy),
which is a national reference center for cancer screening in Italy,
involved in cancer prevention, research, and assistance. The study
protocol was approved by the Ethics Committee of Azienda USL Toscana
Centro on July 21, 2023 (protocol code: 24147 _oss). All patients pro-
vided informed consent for the use of their anonymized images for this
specific study.

2.2. Study population

The dataset for this study includes 150 mammographic exams,
selected from the ISPRO screening archives, all acquired between 2018
and 2020 using the Selenia Dimensions mammography system (Hologic,
Inc.), with full-field digital mammography in standard bilateral cra-
niocaudal and medio-lateral oblique views. This dataset was created
from two consecutive series of negative and positive mammograms, with
30 consecutive positive cases (biopsy-confirmed breast cancers) and 120
consecutive negative cases (confirmed by at least two years of follow-
up). The ratio between negative and positive cases was adopted from
a previously published study from our group [31], where a 20 %
enrichment of cancers in the dataset was found to be beneficial in dis-
tinguishing between radiologists with different levels of experience in
mammographic imaging. Asymptomatic women aged 45-74 years were
included, representing the typical screening age group in the country
where this study was conducted. In order to avoid potential selection
biases related to the consecutiveness of the small series, the 45-74 age
group was divided into the six five-year age subgroups that compose it;
therefore, for negative cases, the first 20 consecutive cases of the 45-49
age group were included, then the next 20 consecutive cases of the
50-54 age group, and so on; for positive cases, the first 5 consecutive
cases of the 45-49 age group were included, then the next 5 of the 50-54
age group, and so on. Patients with bilateral cancers, patients with
breast implants, and patients who had undergone previous breast sur-
gery (e.g., surveillance cases) were excluded. Furthermore, exams
considered technically insufficient by the senior radiologist in charge of
the selection process (B.B.) were excluded. Finally, all selected images
were fully anonymized, removing any personal information from
metadata.
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2.3. Human reading

Twenty-six radiologists participated in the study, including 4/26
(15.4 %) breast imaging-dedicated radiology residents and 22,/26 (84.6
%) experienced breast radiologists. The radiologists were recruited from
ISPRO, ensuring that none of the participants had previously seen the
mammograms included in the study. The radiologists were categorized
by age, gender, years of experience in breast imaging, annual mammo-
gram reading volume (average and in the last year), screening
involvement, and self-reported expertise level.

Each radiologist participated in two reading sessions, separated by at
least 15 days to avoid recall bias. The positive and negative mammo-
grams (including benign cases) were randomly mixed during the reading
sessions. The reading sessions took place in controlled test conditions,
each lasting approximately three hours. A senior radiologist (B.B.)
introduced each session, presenting the task to the radiologists using a
SecurView DX Diagnostic Workstation (Hologic, Inc.). In the first ses-
sion, radiologists interpreted mammograms without AI support. In the
second session, Al-generated ROIs were displayed to support their
interpretation. Before the second session, radiologists were shown how
the Al system worked using examples not included in the study.

Radiologists interpreted each mammogram independently, without
access to any prior imaging for comparison or any clinical history of the
patients.

The radiologists’ assessments were binary as in routine screening,
either recall or no recall.

2.4. Al system

The Al system used was Lunit INSIGHT MMG, version 1.1.7.2. The
system analyzed each mammogram, marking regions of interest (ROIs)
and providing cancer probability scores. The diagnostic performance of
the Al system was initially explored using two different cancer proba-
bility thresholds: 10 % and 20 %. Sensitivity and specificity for each
threshold were then compared, and the 10 % threshold was chosen in
relation to its higher diagnostic sensitivity. The processing of images by
the AI system was done onsite at ISPRO.

2.5. Al-supported reading

In the Al-supported reading session, Lunit INSIGHT MMG overlaid
ROIs and displayed the probability scores associated with each ROIL
Radiologists encountered two types of outputs from the Al system: if the
AI’s cancer suspicion per breast was below 10 %, only the probability
score was shown without any ROIs; if, on the contrary, the AI's cancer
suspicion per breast was 10 % or higher, both the probability score and
the corresponding ROIs were displayed. Radiologists reviewed this
output before making their final assessment, but they were not required
nor encouraged to adhere to the AI's recommendations.

2.6. Simulated double readings

Two types of simulated double readings were performed to evaluate
diagnostic performance under conditions similar to real-world clinical
practice in breast cancer screening programs:

1. Human-human double reading: resulting from the simulations of
paring the readings of the 26 radiologists, with a total 325 double
human-human readings. A case was considered positive if at least
one radiologist classified it as positive. If one radiologist interpreted
the case as negative and the other as positive, the case was marked as
positive. The radiologists worked independently without access to
each other’s assessments. No third reader was involved to resolve
disagreements.

2. Human-Al double reading: a human radiologist was paired with
Lunit INSIGHT MMG as the “second reader.” A case was classified as
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positive if identified as suspicious by either the human radiologist or
the Al system, following the same procedure as in the human-human
double reading. If the Al classified a case with a cancer probability
threshold > 10 %, the case was considered positive, even if the
human radiologist interpreted it as negative. No third reader was
involved to resolve disagreements.

2.7. Statistical analysis

Normality of data distribution was assessed using the Shapiro-Wilk
test. Data with a normal distribution were reported as mean + standard
deviation (SD), while non-normally distributed data were presented as
median with interquartile range. Sensitivity and specificity were
calculated for each of the reading approaches and with a “per breast”
method, i.e., treating each breast as a single, independent observation,
yielding a total of 300 mammographic cases. Comparisons of these
metrics across different reading approaches were performed using the
McNemar test for paired proportions. Comparison of mean values of
sensitivity or specificity between selected groups were performed with
the Mann-Whitney U and Kruskal-Wallis tests, as appropriate. Univari-
ate and multivariable logistic regression models were used to assess the
relationship between radiologist experience and diagnostic perfor-
mance, adjusting for the use of AI support. A p value of <0.05 was
considered to indicate statistical significance. All statistical analyses
were conducted using SPSS version 22.0(IBM Corp.).

3. Results

3.1. Mammographic and histopathological characteristics of the 150
cases

Among the 150 mammograms included in the study, 30 were biopsy-
confirmed breast cancers (20.0 %), while 120 were negative cases (80.0
%). As detailed in Table E1, in the 30 cancer cases, the majority of tu-
mors were small, with 27/30 cases (90.0 %) classified as pT1, including
9/30 cases (30.0 %) as pTla, 12/30 cases (40.0 %) as pT1b, and 6/30
cases (20.0 %) as pT1lc. Only 2/30 cases (6.7 %) were classified as pT2,
and 1/30 case (3.3 %) was an in situ cancer (pTis). Mammographic
findings of the cancer cases were calcifications alone in 4/30 cases (13.3
%), calcifications with other findings in 5/30 cases (16.7 %), and other
findings without microcalcifications in 21/30 cancer cases (70.0 %).

In terms of breast density (Table E2), 51 cases (34.0 %) were clas-
sified as BI-RADS A, 50 cases (33.3 %) as BI-RADS B, 38 cases (25.4 %) as
BI-RADS C, and 11 cases (7.3 %) as BI-RADS D. Notably, higher densities
(BI-RADS C and D) were more common among cancer cases (43.4 %, 13/
30) compared to negative cases (30.0 %, 36/120).

3.2. Radiologists’ characteristics

The 26 radiologists who participated in the study were divided into
three groups based on years of experience in breast imaging: less than 6
years (50.0 %, 13/26), between 6 and 10 years (11.5 %, 3/26), and more
than 10 years (38.5 %, 10/26). The gender distribution was predomi-
nantly female (65.4 %, 17/26). Considering the annual reading volume,
the majority of radiologists (69.3 %, 18/26) read more than 3000
mammograms annually, and 80.8 % (21/26) were actively involved in
national breast cancer screening programs. These radiologists were
further categorized based on self-reported expertise as either beginner
(34.6 %, 9/26), average (34.6 %, 9/26), or expert (30.8 %, 8/26).

3.3. Diagnostic performance across reading approaches

The diagnostic performance metrics were calculated for each reading
approach and reported as mean sensitivity and mean specificity
(Table 1), except for the single reading by the Al
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Table 1
Sensitivity and specificity (mean, range and SD) according to the type of reading.

Type of reading N Sensitivity (%) Specificity (%)
Mean SD Mean SD
(range) (range)
A) Single reading by 26 69.2 15.6  90.8 2.6
radiologists
(43.3-96.7) (87.4-95.6)
B) Single reading by the AT 1 83.3 - 89.3 -
C) Single reading by 26 84.5 8.1 91.8 2.1
radiologists with AT )
(56.7-100) (84.8-95.2)
D) Simulated 325 87.4 8.8 84.0 3.1
human-human double
reading ? (60.0-100) (78.1-92.2)
E) Simulated Al-human 26 91.8 3.4 83.0 2.5
double reading ©*’
(86.7-100) (79.3-87.0)

Note: SD, standard deviation;

@ gingle reading performed after viewing the Al results;

@ Double reading simulation (325 couples) by pairing all 26 single readings
by radiologists, without the help of Al;

® Double reading simulation by pairing all 26 single readings by the radiol-
ogists with the reading by the AI (AI as second reader).

3.3.1. Human readers without AI support

The sensitivity for radiologists interpreting mammograms without Al
support was 69.2 %, ranging from 43.3 % to 96.7 % (SD 15.6). Speci-
ficity in this approach was higher, reaching 90.8 %, ranging from 87.4 %
to 95.6 % (SD 2.6).

Furthermore, as summarized in Table 2, the comparison of mean
values showed that radiologists involved in screening programs had
significantly higher sensitivity (72.4 %, SD 14.8) than those who were
not (56.0 %, SD 12.1, p = 0.019), and the univariate regression analysis
confirmed the positive effect of the screening involvement (p = 0.032).
Additionally, radiologists reading more than 3000 mammograms per

Table 2

Attained sensitivity at the single reading without Al, according to different ra-
diologists’ characteristics: statistical analysis by direct comparison and logistic
regression models.

Variable Group Mean p* Univariate

sensitivity regression

(SD) analysis

i 14
Gender Male 61.5 % (18.0) 0.12 -
Female 73.3 % (12.9) 0.37  0.06
Screening No 56.0 % (12.1) 0.019 -
involvement Yes 72.4 % (14.8) 0.42 0.032

Age < 40 years 63.6 % (14.5) 0.13 —

40-49 78.9 % (7.8) 0.42  0.052

years

>50 years 70.4 % (18.9) 0.21  0.33

Breast imaging < 6 years 65.4 % (15.1) 0.20 -
experience 6-10 years 82.2% (7.7) 0.35 0.10
> 10 years 70.3 % (16.7) 0.16  0.45
Mammograms read < 1000 50.0 % (7.1) 0.013 —
per year 1000-3000  74.4 % (13.9) 0.51 0.016
> 3000 73.7 % (13.7) 0.72  0.001
Mammograms read < 1000 49.2 % (7.9) 0.022 —

1000-3000  69.2 % (15.5) 0.47  0.045
in the previous > 3000 73.7 % (13.7) 0.74  0.003
year

Self-reported Beginner 60.7 % (15.4) 0.042 -
judgement Average 68.9 % (11.7) 0.25 0.24
Expert 79.2 % (15.4) 0.56  0.014

Note: SD, standard deviation;
p values in bold are statistically significant;
B = Regression coefficient.
" p values from Mann-Whitney U test or Kruskal-Wallis test, as appropriate;
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year demonstrated a higher sensitivity (73.7 %, SD 13.7, p = 0.013)
compared to those reading fewer mammograms, and univariate
regression analysis confirmed that higher reading volume was a signif-
icant predictor of improved sensitivity (p = 0.001). Multivariable
regression analysis including variables significant at univariate analysis
(excluding mammograms read in the previous year, by collinearity)
showed the significant independent effect of “Mammograms read per
year 1000-3000” (B = 0.53, p = 0.013). Specificity showed smaller
differences across experience levels (Table 3).

3.3.2. Single reading by Al

When Lunit INSIGHT MMG was used as the sole reader, sensitivity
was 83.3 % at the 10 % probability threshold and 76.67 % at the 20 %
probability threshold; specificity was 89.3 % at the 10 % probability
threshold and 95.2 % at the 20 % probability threshold (Table 1).

3.3.3. Human readers with Al support

In the Al-supported single reading sessions, sensitivity improved to
84.5 %, ranging from 56.7 % to 100 % (SD 8.1), while specificity
remained high at 91.8 %, ranging from 84.8 % to 95.2 % (SD 2.1,
Table 1).

When AI support was introduced (Table 4), radiologists who read
more than 3000 mammograms per year exhibited a higher sensitivity of
86.9 % (SD 5.9, p = 0.02), as supported by univariate regression anal-
ysis, which showed a statistically significant relationship between
annual volume and improved sensitivity (p = 0.003). Multivariable
regression analysis including variables significant at univariate analysis
did not show any significant independent parameter (only a borderline
effect for “Mammograms read per year 1000-3000”, p = 0.43, p =
0.059).

In addition, the impact of AI support on radiologists with varying
levels of initial sensitivity is summarized in Table 5. Radiologists with an
initial sensitivity below the median value of 71.65 % saw the greatest
benefit from Al support. Without Al, their mean sensitivity was 56.7 %,
while with Al support, their sensitivity significantly increased to 79.7 %

Table 3
Attained specificity at the single reading, according to different radiologists’
characteristics: statistical analysis by direct comparison and logistic regression
models.

Variable Group Mean p* Univariate
specificity regression
(SD) analysis
[} p
Gender Male 89.6 % (1.5) 0.11 - -
Female 91.5 % (2.9) 0.35 0.08
Screening No 89.7 % (1.5) 0.41 -
involvement Yes 91.1 % (2.8) 0.21  0.30
Age < 40 years 89.5 % (1.7) 0.089 —
40-49 91.2 % (2.1) 0.28 0.16
years
>50 years 92.5 % (3.3) 0.53  0.01
Breast imaging < 6 years 89.9 % (1.9) 0.40 =
experience 6-10 years 91.2 % (2.6) 0.16 0.43
> 10 years 91.8 % (3.2) 0.36  0.09
Mammograms read < 1000 89.3 % (1.8) 0.30 -
per year 1000-3000 90.5 % (2.2) 0.15 0.54
> 3000 91.3 % (2.8) 0.35 0.15
Mammograms read < 1000 89.7 % (1.8) 0.42 —
1000-3000  89.8 % (2.2) 0.02  0.95
in the previous year > 3000 91.5 % (2.8) 0.28  0.29
Self-reported Beginner 89.8 % (1.8) 0.38 - -
judgement Average 90.9 % (2.8) 0.21  0.37
Expert 91.8 % (3.0) 0.37 0.12

Note: SD, standard deviation;
p values in bold are statistically significant;
B = Regression coefficient; multivariable regression analysis was not performed
being only one parameter significant at univariate analysis (age).
* p values from Mann-Whitney U test or Kruskal-Wallis test, as appropriate;
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Table 4

Attained sensitivity at the single reading with the support of Al, according to
different radiologists’ characteristics: statistical analysis by direct comparison
and logistic regression models.

Variable Group Mean p* Univariate
sensitivity regression
(SD) analysis
B P
Gender Male 83.0 % (4.5) 0.20 - -
Female 85.3 % (9.4) 0.14  0.50
Screening No 77.3 % (11.9) 0.11 — —
involvement Yes 86.2 % (6.1) 0.44 0.024
Age < 40 years 80.6 % (8.4) 0.049 - -
40-49 88.9 % (5.0) 0.45  0.034
years
>50 years 87.1 % (7.2) 0.38 0.07
Breast imaging < 6 years 82.1 % (9.3) 0.36 - -
experience 6-10 years 87.8 % (5.1) 0.23  0.28
> 10 years 86.7 % (6.5) 0.28 0.18
Mammograms read < 1000 75.3 % (10.7) 0.02 - -
1000-3000  85.6 % (5.1) 0.41  0.054
per year > 3000 86.9 % (5.9) 0.67  0.003
Mammograms read < 1000 75.0 % (12.3) 0.059 - -
1000-3000  83.4 % (6.1) 0.38  0.11
in the previous > 3000 86.9 % (5.9) 0.69 0.006
year
Self-reported Beginner 79.6 % (9.5) 0.046 — -
judgement Average 85.2 % (5.3) 0.34 0.12
Expert 89.2 % (6.4) 0.56 0.013

Note: SD, standard deviation;
p values in bold are statistically significant;
B = Regression coefficient.
* p values from Mann-Whitney U test or Kruskal-Wallis test, as appropriate;

(p < 0.001), resulting in an average improvement of 23.0 percentage
points. For the radiologists with an initial sensitivity above 71.65 %, the
improvement with Al support was smaller but still statistically signifi-
cant. Their sensitivity increased from 81.8 % to 89.2 % (p = 0.001),
yielding a mean increase of 7.4 percentage points.
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3.3.4. Simulated double readings

Simulated human-human double readings resulted in an increase in
sensitivity, compared to single reading either by radiologists or Al,
reaching 87.4 % and ranging from 60.0 % to 100 % (SD 8.8). However,
specificity decreased to 84.0 %, ranging from 78.1 % to 92.2 % (SD 3.1,
Table 1).

When AI was used as the second reader in the double reading
approach, sensitivity further increased to 91.8 %, ranging from 86.7 %
to 100 % (SD 3.4). However, specificity dropped to 83.0 %, ranging from
79.3 % to 87.0 % (SD 2.5, Table 1).

As summarized in Table 6, in the simulated double reading approach
with Al as a second reader, radiologists with lower initial sensitivity saw
their sensitivity increase to 89.5 % (p < 0.001), representing an
improvement of 32.8 percentage points. Radiologists with higher initial
sensitivity achieved a sensitivity of 94.1 % (p < 0.001), representing an
improvement of 12.3 percentage points.

3.3.5. Comparisons between different reading approaches

The comparisons of sensitivity and specificity across the different
reading approaches are presented in Table 7.

The AI as stand-alone reader showed much better sensitivity
compared to the single reading by radiologists (83.3 % versus 69.2 %).
Statistical significance was not calculated due to the numerical dispro-
portion between the two groups examined. On the other hand, the
specificity was similar (89.3 % versus 90.8 %).

For radiologists interpreting mammograms without AI support,
mean sensitivity increased significantly from 69.2 % to 84.5 % (p <
0.001) with AI support, while specificity remained stable, growing
slightly from 90.8 % to 91.8 %, with no statistically significant differ-
ence (p = 0.06).

As expected, in the comparison between single reading by radiolo-
gists without Al and simulated human-human double reading, sensi-
tivity increased from 69.2 % to 87.4 % (p < 0.001), while specificity
decreased from 90.8 % to 84.0 % (p < 0.001).

The human-AI double reading led to a clear improvement in sensi-
tivity (91.8 % versus 69.2 %; p < 0.001), however with a significant

Table 5
Single reading by radiologists versus single reading by radiologists with AI support.
Readers split based on median single-read sensitivity without AI N Sensitivity % without AI Sensitivity % with AI p* Increase P
Mean (range) Mean (range) mean
Readers with sensitivity < 71.65 % 13 56.7 79.7 0.0001 23.0 0.0001
(43.3-70.0) (56.7-86.7)
Readers with sensitivity > 71.65 % 13 81.8 89.2 0.001 7.4
(73.3-96.7) (83.3-100)
Note: p values in bold are statistically significant;
" p values from Wilcoxon test for related samples;
" p values from Mann-Whitney U test (significance of the difference between the two increase values).
Table 6
Single reading by radiologists versus double reading among radiologists and Al as second reader.
Readers split based on median single-read sensitivity without Al N Sensitivity % without Al Sensitivity % with Al p’ Increase P
Mean (range) as second reader "’ mean
Mean (range)
Readers with sensitivity < 71.65 % 13 56.7 89.5 0.0001 32.8 0.0001
(43.3-70.0) (86.7-96.7)
Readers with sensitivity > 71.65 % 13 81.8 94.1 0.0001 12.3
(73.3-96.7) (90.0-100)

Note: p values in bold are statistically significant;
" p values from Wilcoxon test for related samples;

** p values from Mann-Whitney U test (significance of the difference between the two increase values);
@ double reading simulation by pairing all 26 single readings by the radiologists with the reading by the AI (Al as second reader).
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Table 7
Comparisons of sensitivity and specificity between different types of reading.
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Type of reading N Sensitivity (%) Specificity (%)
Mean (SD) p* Mean (SD) p*

Comparison 1 A) Single reading by radiologists 26 69.2 (15.6) - 90.8 (2.6) -
B) Single reading by the Al 1 83.3 () 89.3 ()

Comparison 2 A) Single reading by radiologists 26 69.2 (15.6) 0.0001 90.8 (2.6) 0.06
() Single reading by radiologists with AT ) 26 84.5 (8.1) 91.8 (2.1)

Comparison 3 A) Single reading by radiologists 26 69.2 (15.6) 0.0001 90.8 (2.6) 0.0001
D) Simulated human-human double reading *’ 325 87.4 (8.8) 84.0 (3.1)

Comparison 4 A) Single reading by radiologists 26 69.2 (15.6) 0.0001 90.8 (2.6) 0.0001
E) Simulated Al-human double reading 26 91.8 (3.4) 83.0 (2.5)

Comparison 5 () Single reading by radiologists with AT "’ 26 84.5(8.1) 0.024 91.8 (2.1) 0.0001
D) Simulated human-human double reading *’ 325 87.4 (8.8) 84.0 (3.1)

Comparison 6 C) Single reading by radiologists with AT "’ 26 84.5(8.1) 0.0001 91.8 (2.1) 0.0001
E) Simulated Al-human double reading 26 91.8 (3.4) 83.0 (2.5)

Comparison 7 D) Simulated human-human double reading **’ 325 87.4 (8.8) 0.016 84.0 (3.1) 0.17
E) Simulated Al-human double reading * 26 91.8 (3.4) 83.0 (2.5)

Note: SD, standard deviation;
p values in bold are statistically significant;
" p values from Mann-Whitney U test;
@ single reading performed after viewing the Al results;

@ double reading (325 couples) by pairing all 26 single readings by radiologists, without the help of AL
® double reading by pairing all 26 single readings by the radiologists with the reading by the AI (AI as second reader).

reduction in specificity (83.0 % versus 90.8 %; p < 0.001).

When comparing single reading by radiologists with AI support to
human-human double reading, sensitivity increased from 84.5 % to
87.4 % (p = 0.024), accompanied by a decrease in specificity from 91.8
% to 84.0 % (p < 0.001).

In the comparison between single reading by radiologists with Al
support and human-AI double reading, sensitivity increased signifi-
cantly from 84.5 % to 91.8 % (p < 0.001), while specificity decreased
from 91.8 % to 83.0 % (p < 0.001).

Finally, when Al was used as the second reader in the double reading
approach, compared to human-human double reading, sensitivity
improved from 87.4 to 91.8 % (p = 0.016), while specificity decreased
from 84.0 to 83.0 %, though this reduction in specificity was not sta-
tistically significant (p = 0.17).

4. Discussion

A key concern surrounding the implementation of Al in mammog-
raphy interpretation has consistently been the potential increase in false
positives, an issue previously observed with earlier CAD systems [1].
However, both our study and recent literature indicate that contempo-
rary Al systems have significantly mitigated this challenge, showing
promising perspectives for improving diagnostic accuracy in breast
cancer screening while concurrently reducing clinical workload [32].

Our study confirms that AI can substantially enhance sensitivity
among radiologists of varying experience levels, with a pronounced
benefit for those with comparatively worse diagnostic performance.
Specifically, sensitivity improved from 69.2 % in radiologist-only
readings to 84.5 % when supported by AI (p < 0.001). Moreover, Al,
when employed as a second reader in double reading scenarios, ach-
ieved the highest sensitivity of 91.8 %, surpassing the 87.4 % sensitivity
observed in double human readings. These findings suggest that Al may
reduce missed cancers while maintaining comparable specificity.

4.1. Diagnostic performance of Al-supported single reading

In single readings supported by Al, radiologists experienced an over
than 15 % improvement in sensitivity, with the standard deviation of
sensitivity nearly halved. This reduction in variability underscores AI's
capacity to provide more uniform support across radiologists with
varying experience levels. Studies such as the one by Conant et al. [15],
have demonstrated that AI can enhance radiologist performance, with

sensitivity increasing from 77.0 % without Al to 85 % with AI support.
Additionally, the minimal decrease in specificity (a non-significant 1 %
reduction) aligns with previous findings. For instance, Rodriguez-Ruiz
et al. [14] conducted a retrospective multireader study that compared
the diagnostic performance of radiologists reading mammography un-
aided versus with AI support. Their results indicated a slight, non-
significant improvement of 2 % in specificity with AI support. These
findings suggest that while Al effectively enhances sensitivity, its impact
on specificity remains relatively limited.

4.2. Simulated human-human versus human-AI double reading

As expected, human-human double reading significantly out-
performed single readings in terms of sensitivity, with an 18 % increase.
However, this improvement came with a notable reduction in specificity
(—7.8 %), which is consistent with previously published literature
showing that discordant recalls between two readers can result in higher
recall rates and false positive results [29].

On the other hand, human-Al double reading was significantly su-
perior to human-human double reading in terms of sensitivity, with a
4.4 % improvement. Moreover, the SD was reduced by a factor of 2.5,
demonstrating that Al can reduce variability in diagnostic performance,
even in complex double reading scenarios. This is corroborated by
findings from the study of Sharma et al. [33], who showed that Al as an
independent reader in double reading workflows could maintain or
improve sensitivity across diverse populations and screening environ-
ments, while also reducing the workload by up to 45 %. Specifically, that
study demonstrated that the AI achieved non-inferior sensitivity
compared to human-human double reading with arbitration across all
equipment vendors, while recall rates, specificity, and positive predic-
tive value showed either non-inferior or superior results for different
vendors. Of note, in our study, the specificity of human-AI double
reading was 83.0 %, compared to 84.0 % for human-human double
reading. Although the specificity decreased by 1 %, this reduction was
not statistically significant (p = 0.17). Similarly, Dembrower et al. [34]
conducted a prospective, population-based study involving over 55,000
women, which showed that human-AI double reading achieved a 4 %
higher cancer detection rate compared to the standard human-human
double reading by two radiologists. Additionally, single reading by Al
alone was non-inferior, achieving comparable cancer detection rates to
double reading by radiologists.

Our findings further align with those of the study by Elhakim et al.



B. Brancato et al.

[35], as they observed a slight increase in sensitivity (+2.3 %) when Al
was integrated into the double reading process compared to human-
~human double reading with arbitration, but at the cost of a slight
decrease in specificity (—0.6 %, p < 0.0001). These studies highlight a
common trend where Al increases sensitivity while leading to marginal
reductions in specificity, emphasizing the importance of balancing
diagnostic gains with the increase in recall rates and in potential arbi-
tration workload.

In this scenario, the adoption of Al as a sole reader or in combination
with radiologists in clinical practice, offers a potential solution for
mitigating the limitations of traditional human-human breast cancer
screening, such as radiologist variability and high workloads. Indeed,
various Al approaches can dramatically reduce workload by up to 50 %,
while either maintaining or enhancing sensitivity [32,36]. However, the
clinical implementation of Al remains challenging, with most existing
evidence derived from retrospective studies that do not fully account for
the specific issues of double reading [32,37]. In particular, a relevant
gap persists in understanding how AI algorithms would function as part
of daily clinical workflows, and the scarcity of prospective studies
examining Al's impact on screening effectiveness is a limitation that
must be addressed to justify full integration into clinical practice.

4.3. Diagnostic benefits for radiologists with varying experience levels

Interestingly, our study highlighted a significant benefit of Al sup-
port for radiologists who were either less experienced or who initially
demonstrated lower sensitivity. Radiologists with sensitivity below the
median in single reading without Al support saw the most considerable
improvement in sensitivity when using Al support (from 56.7 % to 79.7
%), reflecting an enhancement of 23 percentage points. Similarly, less
experienced radiologists (Table 2) also benefited substantially, with Al
support bringing their performance (Table 4) closer to that of their more
experienced counterparts. This is particularly important as variability in
diagnostic performance is a known challenge among less experienced
radiologists [31], and Al support can help bridge this gap by providing
additional support that leads to more consistent decision-making. In this
scenario, Bassi et al. [23] had already found that an Al system improved
the diagnostic accuracy of a junior radiologist from 82 % to 89 %,
achieving results similar to senior radiologists without Al support (p =
0.007). This supports the concept that Al can effectively complement
radiologists’ skills, especially in challenging cases where sensitivity
might be compromised, such as in the presence of dense breast tissue or
of subtle lesions [38].

5. Limitations

Our study has several limitations. First, it was conducted in a
controlled environment, which may limit the generalizability of our
findings. In routine practice, variations in patient populations, imaging
equipment, and radiologist experience could influence the performance
of Al systems, leading to potentially different outcomes. Second, the
controlled reading environment in our study is based on the evaluation
of each mammogram without comparison to any prior imaging and re-
lies on independent reading by the radiologist. This approach differs
from the standard screening procedure in many facilities, where prior
mammograms are available, and cases are often reviewed through peer
discussion or arbitration between colleagues. Another limitation is the
unbalanced expertise of the participating readers, as the study included
both highly experienced breast imaging radiologists and radiology res-
idents, potentially influencing the variability in performance improve-
ments observed with Al support. Finally, the AI system used in this study
was from a single vendor (Lunit INSIGHT MMG v1.1.7.2). Consequently,
our results may not be generalizable to other Al tools, as each Al model
has its own unique training data, algorithm, and performance charac-
teristics. Comparative studies evaluating different Al systems are needed
to determine the consistency of the observed improvements across
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various Al technologies.
6. Conclusions

In conclusion, this study demonstrated that AI can significantly
enhance diagnostic accuracy in mammography screening by increasing
sensitivity and reducing performance variability among radiologists of
different expertise levels. Our results indicate that using Al as a second
reader not only outperforms traditional human-human double readings,
but also provides a standardized support that helps reduce individual
discrepancies, particularly benefiting less experienced and less skilled
radiologists.

These findings suggest that gradual integration of Al has the poten-
tial to optimize breast cancer screening workflows, contributing to early
diagnosis and improved clinical outcomes for patients. Future studies
should assess AI's effectiveness in prospective and routine screening
contexts to ensure that the observed benefits can be consistently trans-
lated to everyday practice.
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