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A B S T R A C T

Objective: To evaluate the diagnostic performance of FDA/CE-cleared AI systems for mammography screening 
and assess their roles across clinical workflows.
Methods: A systematic search was conducted in Scopus, Embase, and PubMed for full-text articles published from 
January 2018 to July 2024 evaluating commercially available FDA/CE-cleared AI for breast cancer detection 
using digital mammography (DM) and/or digital breast tomosynthesis (DBT). Included studies specified the AI 
system and reported diagnostic performance metrics (e.g. sensitivity, specificity, AUC) and/or clinical impact (e. 
g. cancer detection rate [CDR], recall rate, workload). Study quality was assessed using a modified QUADAS-2 
tool. A random-effects meta-analysis pooled standalone AI performance (sensitivity, specificity, and AUC); 
other workflow roles were synthesised narratively.
Results: In total, 42 studies were included (39 retrospective; 3 prospective): 33 evaluated DM, 6 DBT, and 3 both 
DM and DBT. Risk of bias was frequently high, particularly for flow and timing. In DM, pooled standalone AI AUC 
was 0.89 (95% CI: 0.85–0.92), with sensitivity of 76.3% (95% CI: 66.2–84.2%) and specificity of 89.6% (95% CI: 
84.5–93.2%). Prospective evaluations of AI-integrated workflows, including triage and second-reader replace
ment, showed non-inferior cancer detection with significant workload reduction compared with standard double 
reading. A single prospective study of AI as an additional reviewer reported additional cancer detection with 
minimal increase in recalls.
Conclusions: FDA/CE-cleared AI systems demonstrate promising diagnostic performance in breast screening. The 
strongest evidence supports workflow configurations that reduce radiologist workload, particularly triage and 
independent/supporting reader models, while prospective evidence supporting complete replacement of radi
ologists remains lacking.

1. Introduction

Breast cancer is the most common cancer and the leading cause of 
cancer-related death for women [1]. Mammography screening improves 
early detection; however, significant variation in radiologists’ perfor
mance when interpreting mammography images have been reported 
[2]. European Guidelines therefore recommend double reading with 
consensus or arbitration over single reading practice to improve diag
nostic accuracy [3,4], that would normally result in high reading 

volumes and radiologist fatigue [5]. Additionally, double reading 
practice might not be practical in countries facing a shortage of radiol
ogists. To address these challenges, artificial intelligence (AI) has 
emerged as a potential solution.

AI tools in breast imaging support cancer detection, decision making, 
treatment response assessment, risk prediction, density quantification, 
triage, and image quality evaluation [6–8]. While some systems remain 
investigational, others are commercially available, including AI-based 
computer aided detection (AI-CAD) [6], which can improve 
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consistency in image interpretation.
The optimal implementation of AI-CAD remains debated. Some 

studies support AI use for triaging likely negative mammograms without 
radiologists’ review [9], while others propose partial replacement of 
human readers [10–12], though standalone use is not yet supported 
[10,11]. Although the most effective use of AI is still unclear, there is 
promising potential for AI to complement rather than compete with 
radiologists [13]. European guidelines recommend double reading with 
AI assistance, with consensus for discordant reads, over double reading 
without AI [4]. AI-supported single reading is not recommended since 
evidence regarding AI accuracy and its long-term impact on breast 
cancer mortality remains limited [4].

Although several studies report AI performance is not inferior to that 
of radiologists [14–17], results vary across systems and vendors [18]. 
Nevertheless, the accuracy of AI-CAD is continually improving, and 
many devices have been authorised by the U.S. Food Drug Administra
tion (FDA) in the USA and Conformité Européenne (CE) in Europe. As a 
result, there has been rapid growth in large-scale prospective and 
retrospective studies.

Recent systematic reviews have evaluated the performance of Arti
ficial Intelligence in breast screening [13,19–22] as well as its potential 
impacts on workload [23]. However, they have not focused on FDA- or 
CE-approved systems or incorporated recent prospective studies of real- 
world clinical implementation [24–27]. This review therefore synthe
sizes evidence on FDA-cleared and/or CE-marked AI systems for 
mammography screening, with particular focus on diagnostic perfor
mance and roles within clinical workflows, including standalone 
reading, reader assistance, triage, and reader-replacement models.

2. Methods

This systematic review and meta-analysis is reported in accordance 
with the Preferred Reporting Items for Systematic Review and Meta- 
analysis (PRISMA). This review analyses the diagnostic performance 
of artificial intelligence or machine learning (AI/ML) based medical 
devices specifically developed for breast cancer detection in mammog
raphy, including 2D-mammography and digital breast tomosynthesis 
(DBT). Only commercially available AI devices that had received FDA 
clearance and/or CE marking were included in this study.

2.1. Identifying FDA/CE-Cleared AI products

FDA-cleared AI devices were identified through a publicly available 
FDA database [28], with data retrieved in June 2024. Extracted infor
mation included device name, manufacturer, submission details, and 
regulatory classification.

CE-marked devices were identified using the European Database on 
Medical Devices (EUDAMED) [29]. Due to incomplete and inconsistent 
entries, additional sources, including prior publications [30,31], 
manufacturer websites, and targeted online searches (e.g., https:// 
radiology.healthairegister.com/) were used. Identified devices were 
then cross-checked against EUDAMED.

Based on unique device names (irrespective of versions or multiple 
regulatory entries), 12 FDA-cleared and 15 CE-marked AI systems were 
included. Detailed identification procedures are provided in Supple
mentary Methods (Appendix A).

2.2. Literature search strategy and study selection

After accumulating the data of FDA-cleared and CE-marked AI 
products for lesion detection in mammography, this information was 
utilised for a literature search. We searched Scopus, Embase, and 
PubMed up to 4 July 2024 using terms related to AI product names, 
manufacturers, and mammography screening. Searches were limited to 
English full-text articles (2018–2024). Conference proceeding and re
views were excluded. Detailed search strings in each database are 

provided in Appendix B.
The screening phase was completed by 3 researchers (P.I.W., Z.G., 

and S.H.) and documented using a PRISMA flowchart (Fig. 1). We 
included prospective and retrospective studies evaluating FDA-cleared 
and/or CE-marked AI systems for mammography screening. Studies 
were required to report the name of evaluated AI systems and quanti
tative performance metrics (e.g., sensitivity, specificity, and area under 
the receiver operating characteristic curve [AUC]) and/or clinical 
impact measures (e.g., cancer detection rate, recall rate, workload). 
Only studies using 2D-mammography or DBT were included. Studies on 
other imaging modalities or non-approved/self-developed AI systems 
were excluded.

2.3. Data extraction and quality assessments

Extracted data included study characteristics (author, year, design, 
setting), AI specifications and role, sample size, reference standard, 
comparator, and outcomes.

The risk of bias and applicability was assessed using Quality As
sessments of Diagnostic Accuracy Studies 2 (QUADAS-2) modified for AI 
studies. The modified template was developed based on previous studies 
[13,22,32] with further refinements to reflect the aims of this review. 
The full template is provided in Appendix C.

2.4. Study Clustering and data analysis

Studies were grouped by AI role in the screening workflow: 

1) Standalone reader (AI-only interpretation),
2) Reader aid (decision support),
3) Triage (case prioritisation or exclusion),
4) Independent reader (replacement of one reader in double reading), 

and
5) Secondary review (additional review of non-recall cases)

Studies were classified according to their primary study objective, 
although some studies evaluated AI in multiple roles as part of addi
tional analyses. A pooled analysis was considered for all study groups 
(AI roles), however due to substantial heterogeneity, meta-analysis was 
limited to studies reporting standalone AI performance (sensitivity, 
specificity, and AUC). Studies in other categories were included if 
standalone metrics were available; otherwise, results were synthesized 
narratively.

Quantitative analyses were conducted in R (v4.4.2) using the metafor 
and mada packages. Diagnostic accuracy was synthesised using a 
bivariate random-effects (Reitsma) model, jointly pooling sensitivity 
and specificity. The resulting hierarchical receiver operating charac
teristic (HSROC) curve was plotted with 95% confidence and prediction 
regions. Heterogeneity was assessed using I2 statistics and prediction 
intervals.

Separately, a meta-analysis of study-reported AUC values was also 
conducted for subset that provide an AUC (this subset was not neces
sarily identical to that used in the diagnostic accuracy analysis). This 
analysis was conducted using a random-effects model on the logit scale 
with restricted maximum likelihood (REML) estimation.

To further explore potential sources of heterogeneity, exploratory 
subgroup and meta-regression analyses were conducted according to 
screening setting, vendor group, cancer definition, and threshold cate
gory where applicable. Sensitivity and leave-one-out analyses were 
performed to assess the robustness of pooled estimates. Detailed 
analytical methods and results are provided in Appendix G.

A GRADE-style certainty assessment was performed for each AI role 
category, which was judged according to study design, risk of bias, 
consistency of findings, directness of evidence, and overall strength of 
evidence base. The assessment was intended to provide an overall 
indication of confidence in the available evidence rather than a formal 
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outcome-level GRADE evaluation.

3. Results

Database search identified 354 records. After duplicate removal, 315 
studies were eligible for screening. Following title and abstract 
screening, 62 studies underwent full-text review, of which 20 were 
excluded for several reasons, including unclear identification of the AI 
product, unavailable full-text, or not assessing AI performance in breast 
cancer detection. As a result, 42 studies were included in the quantita
tive and qualitative synthesis (Fig. 1).

3.1. Characteristics of included studies

The characteristics of the 42 included studies are summarised in 
Table 1-5 and in Appendix D. Studies were conducted across Europe, the 
UK, the US, and Asia. Most evaluated AI performance using 2D 
mammography (DM, n = 33), while six studies focused on digital breast 
tomosynthesis (DBT), and three studies evaluated both DM and DBT 
datasets.

The majority of studies were retrospective (n = 39). Of these, 28 
were historical simulation studies using archived datasets or prior 
clinical reads, eight were laboratory-based reader studies, and three 
were observational cohort studies comparing screening outcomes before 
and after AI implementation. The remaining three studies were pro
spective, including one randomised controlled trial evaluating AI as a 
triage and concurrent decision support versus standard double reading 

[24], and two reader studies assessing AI as an independent reader [26]
or as an additional review step for non-recalled cases [25].

Across the included studies, FDA-cleared and/or CE-marked AI sys
tems from eight vendors were evaluated. The most frequently assessed 
systems were Transpara (ScreenPoint Medical BV, Netherlands; n = 21), 
Lunit (Lunit Inc, South Korea; n = 8), and Mia (Kheiron Medical Tech
nologies, UK; n = 6). Other AI systems included Profound AI (iCAD Inc, 
USA; n = 3), Vara (Merantix Healthcare, Germany; n = 1), Mam
moscreen (Therapixel, France; n = 1), Saige-Dx (DeepHealth, USA; n =
1), and cmTriage (CureMetrix Inc, USA; n = 1).

AI score thresholds or cutoff points varied across studies (see Ap
pendix D). The majority of studies utilised vendor-default thresholds, 
whereas others applied site-specific thresholds based on validation 
datasets [33,34] or predefined reader performance benchmarks 
[35–37].

3.2. Risk of bias assessments

The overall risk of bias and applicability assessments based on 
QUADAS-2 led to a proportion of studies being classified as high risk, 
particularly in patient selection, flow and timing, and applicability of 
the index test (Fig. 2). Comprehensive assessments of 42 studies are 
provided in Appendix E.

For patient selection, 22 studies (52%) had high or unclear risk of 
bias, mainly due to non-random sampling, case-control design, or 
enriched datasets. Furthermore, six of these studies used highly selected 
populations, including cancer-only cases [38], interval cancers 

Fig. 1. PRISMA flow diagram of included study.
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[33,39,40], normal mammograms [40], calcification cases [41], or 
recalled screening cases [42].

Reference standard was at high or unclear risk of bias in 19 studies 
(45%) primarily because they relied on histopathology without 
adequate follow-up of screen-negative women, or used follow-up pe
riods shorter than two years. This potentially led to underestimation of 
missed cancers.

Flow and timing had the highest risk of bias, with 40 studies (95%) 
rated high or unclear. This largely reflected retrospective designs in 
which follow up testing or biopsy was triggered by historical human 
reader assessments. As AI-positive but human-negative cases were 
generally not biopsied, their definite disease status remained uncertain, 
creating potential verification bias despite follow-up examinations.

Concerns regarding applicability of the index test existed in 31 
studies (74%), largely because study workflows deviated from real- 
world clinical practice, especially in laboratory-based reader studies 
and simulated AI implementation using historical datasets.

3.3. AI as a standalone reader

No prospective study evaluated AI as a full replacement for radiol
ogists in routine clinical practice. Seventeen studies [14,33–35,38–50]
were specifically designed to assess AI as a standalone reader (see 
Table 1 and Appendix D – Table D.1), while 10 additional studies 
[36,51–59] primarily evaluating other AI roles (e.g. reader aid, triage, 
etc) also reported standalone performance. Performance was assessed 
separately for DM and DBT.

3.4. Standalone AI in digital mammography

For DM, 21 studies reported standalone AI performance across 
various datasets and AI systems. Seventeen studies used mixed cancer 
and normal datasets and were included in pooled analyses (see Appen
dix F), whereas four studies focused on selected populations, including 
interval cancer [33,39], calcifications [41], or cancer-only datasets [38]. 
The evaluated systems included Transpara, Lunit, MIA, cmTriage, Vara, 
and Profound AI. 

a. Pooled AUC

Across the 17 mixed-dataset DM studies, standalone AI was evalu
ated in 1,611,296 DM examinations. Twelve studies reported AUC and 
16 studies reported sensitivity and specificity. The pooled AUC of 
standalone AI across 12 DM studies (n = 976,256 exams) was 0.89 (95% 
CI: 0.85–0.92), indicating high overall discriminatory performance. 
However, substantial heterogeneity was observed (I2 = 97.3%), with a 
wide prediction interval (0.657–0.971), suggesting that AI performance 
may vary considerably across different study populations and clinical 
settings (Fig. 3).

Compared with human reader AUCs reported in three studies, the 
pooled AI AUC (0.89) was broadly comparable or higher; however, 
individual-study comparisons were mixed, with two studies reporting 
higher AI AUC than radiologists [14,58] and one study reporting lower 
AI AUC [43]. Direct comparison was limited by differences in study 
design, populations, and reading workflow. 

b. Pooled sensitivity and specificity

The pooled sensitivity and specificity of standalone AI in DM across 
the 16 studies (n = 1,608,644 exams) were 76.3% (95%CI: 66.2–84.2%) 
and 89.6% (95%CI: 84.5–93.2%), respectively. Considerable heteroge
neity was observed for both outcomes (I2 = 99.2% and 99.98%, 
respectively), indicating substantial variation in performance across 
study populations, AI systems, and operating thresholds.

Compared with pooled human benchmarks, standalone AI showed 
sensitivity comparable to double reading and higher than single reading, 

Table 1 
Summary of studies using AI as standalone reader.

Study Study Design AI system Modality/ Population/ Country

Rodriguez- 
Ruiz 
et al., 
2019 
[14]

Retrospective* Transpara 
v.1.4.0

Modality: DM. N = 2,652 cases, n 
cancer = 653 (24.6%). Countries: 
Spain, Netherlands, Austria, 
Sweden, UK, Italy, and U.S.

Sasaki et 
al, 2020 
[43]

Retrospective† Transpara 
v.1.3.0

Modality: DM. N = 310 patients, 
with 69 patients (22%, 69/310) had 
70 malignant lesions. Country: 
Japan

Lång et al, 
2021 
[39]

Retrospective* Transpara 
v.1.5.0

Modality: DM. n = 429 women with 
IC. Country: Sweden

Dahlblom 
et al, 
2021 
[44]

Retrospective Transpara 
v.1.7.0

Modality: DM. N = 14,640 normal, 
136 SDC and 22 IC. Country: 
Sweden

Byng et al, 
2022 
[33]

Retrospective Vara 
v.1.0.7

Modality: DM. N = 2,396 IC with 
374 false negative (FN), 468 
minimal signs (MN), 1280 true 
interval, 274 occult. Country: 
Germany

Romero- 
Martín et 
al, 2022 
[45]

Retrospective* Transpara 
v.1.7.0

Modality: DM and DBT. N = 15,999 
exams including 98 SDC and 15 IC. 
Country: Spain

Kerschke 
et al., 
2022 
[42]

Retrospective* Transpara 
v.1.5.0

Modality: DM. N = 2,257 recalled 
examinations (1,964 normal, 288 
SDC and 5 ICs). Country: Germany

Oberije et 
al, 2023 
[38]

Retrospective* MIA v.2.0 Modality: DM. N = 2,011 
examinations with breast cancers 
(1718 SDC and 293 IC). Country: 
Hungary

Çelik et al, 
2023 
[46]

Retrospective* Transpara 
v.1.6. and 
Transpara 
v.1.7.0

Modality: DM. N normal = 441 
women, n IC = 323 women. 
Country: Turkey

Weigel et 
al, 2023 
[41]

Retrospective Transpara 
v.1.7.0

Modality: DM. N = 634 women 
with 644 calcification-related 
histologic lesions 
(195cancerpositivecalcifications). 
Country: Germany.

Yoen and 
Chang, 
2023 
[47]

Retrospective Lunit 
INSIGHT 
MMG 
v.1.1.4

Modality: DM. N = 238 women 
with 253 breast cancers and 160 
women without breast cancers. 
Country: South Korea.

Tan et al, 
2023 
[35]

Retrospective† Transpara 
v.1.7.0 and 
QVCAD 
v.3.4

Modality: DM and ABUS. N = 430 
cases (42malignant,114benign, 
and274normal) for cohort study, 
and n = 152 for observer study. 
Country: China

De Vries et 
al, 2023 
[34]

Retrospective* MIA 
v.2.0.1

Modality: DM. N = 45,444 cases 
with 303 SDC. Country: U.K.

Nguyen et 
al, 2024 
[40]

Retrospective* Profound 
AI v.3.0

Modality: DBT. N = 4,855 patients 
with normal DBT. Country: N/A

Bergan et 
al, 2024 
[48]

Retrospective* Transpara 
v.1.7.0

Modality: DM. N = 99,489 
screening exams from 74,941 
women with 883 breast cancer (688 
SDC and 195 IC). Country: Norway

Lee et al, 
2024 
[49]

Retrospective Lunit 
INSIGHT 
MMG 
v.1.1.1.0 to 
1.1.7.1

Modality: DM. N = 656 breasts 
from 599 patients that have 
abnormal AI scores. Country: South 
Korea

Kwon et al, 
2024 
[50]

Retrospective* Lunit 
INSIGHT 
MMG 
v.1.1.7.2.

Modality: DM. N = 89,855 women, 
n cancers = 143 women (0.16%). 
Country: South Korea

Note: *= historical study, †= reader study, DM = digital mammography, DBT =
digital breast tomosynthesis, n = population/sample, SDC = screen detected 
cancer, IC = interval cancer.
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with specificity broadly similar to double reading but lower than single 
reading. These comparisons are shown in the forest plots for sensitivity 
and specificity (Fig. 4), with overall diagnostic performance illustrated 
in the HSROC curve (Fig. 5). 

c. Sources of heterogeneity and robustness analyses

Exploratory subgroup, meta-regression, sensitivity, and leave-one- 
out analyses were conducted to investigate potential sources of heterogeneity. Although vendor group, screening setting, and cancer 

Table 2 
Summary of studies using AI as a reader support.

Study Study Design AI system Modality/ Population/ Country

Rodríguez-Ruiz, 
2019 [60]

Laboratory study§, 
MRMC

Transpara v.1.3.0 Modality: DM. N = 240 cases (100cancer,140normal). N radiologists = 14. Country: U.S.A and Europe

van Winkel et al., 
2021 [51]

Laboratory study§, 
MRMC

Transpara v.1.6.0 Modality: DBT. N = 240 cases (65malignant,65benigncases,110normal). N radiologists = 18. Country: U. 
S.

Pinto et al., 2021 
[52]

Laboratory study§, 
MRMC

Transpara v.1.6.0 Modality: DBT. N = 190 cases (75malignant,26benign,and90normal). N radiologists = 14. Country: 
Norway

Lee et al, 2022 [61] Laboratory study§, 
MRMC

Lunit INSIGHT MMG 
v.1.1.1.0

Modality: DM. N = 200 cases (100 malignant, 100 normal). N radiologists = 10 (5 breast specialist 
radiologist/BSR and 5 general radiologists/GR). Country: Korea

Dang et al., 2022 
[62]

Laboratory study§, 
MRMC

Mammoscreen v.1.2 Modality: DM. N = 314 cases (628breasts) with 128 cancers (72 cancers on left breasts, 56 cancers on right 
breasts). N radiologists = 12. Country: France

Letter et al., 2023 
[63]

Retrospective* Profound AI v2.0 Modality: DBT. N = 5,883 cases with AI, n = 7002 cases without AI. N radiologists = 5. Country: U.S.A.

Kim et al., 2023 
[54]

Retrospective‡ Lunit INSIGHT MMG 
v.1.1.1.0

Modality: DM. N = 1,579 DM without AI, and 1,579 DM with AI. N radiologists = 12. Country: Korea

Kim et al, 2024 
[53]

Laboratory study§, 
MRMC

Saige-Dx v.2.0.0 Modality: DBT. N = 240 cases (100cancerand140normal). N radiologists = 18. Country: U.S.A

Elías-Cabot et al., 
2024 [64]

Retrospective‡ Transpara v.1.7.0. Modality: DM and DBT. N = 11,998 in each control and intervention group (before and after using AI). 
Country: Spain

Note: §= Laboratory study with enriched test set, MRMC = Multi reader multi case laboratory study, *= historical study, ‡= cohort study (with and without AI), DM =
digital mammography, DBT = digital breast tomosynthesis, n = population/sample, SDC = screen detected cancer, IC = interval cancer.

Table 3 
Summary of studies using AI as triage tool.

Study Study Design AI system Modality/ Population/ Country

Lång et al, 
2021 
[66]

Retrospective* Transpara 
v.1.4.0

Modality: DM. N = 9581 women 
with 68 SDC cancers. Country: 
Sweden

Raya- 
Povedano 
et al, 
2021 
[16]

Retrospective* Transpara 
v.1.6.0

Modality: DM and DBT. N =
15,986 women (113 cancers: 98 
SDC and 15 IC). Country: Spain

Retson et al, 
2022 
[55]

Retrospective cmTriage 
v.1.0.14

Modality: DM. N = 1,255 cases 
(400cancerand855normal). 
Country: U.S.A.

Lauritzen et 
al, 2022 
[17]

Retrospective* Transpara 
v.1.7.0

Modality: DM. N = 114,421 
women (791 SDC, 327 IC, and 
1473 long-term cancers). 
Country: Denmark

Lång et al, 
2023 
[24]**

Prospective, 
RCT

Transpara 
v.1.7.0.

Modality: DM. N without AI 
(control group) 40,024 women 
(203 SDC), n with AI 
(intervention group) = 39,996 
(203 SDC). Country: Sweden

Dahlblom et 
al, 2023 
[59]

Retrospective* Transpara 
v.1.7.0

Modality: DBT. N = 14,772 
women with 157 cancers (135 
SDC and 22 IC). Country: Sweden

Lauritzen et 
al, 2024 
[65]

Retrospective‡ Transpara 
v.1.7.1

Modality: DM. N before AI =
60,751 women, n with AI =
58,246. Country: Denmark

Larsen et al, 
2024 
[58]

Retrospective Lunit 
INSIGHT 
MMG 
v.1.1.7.2.

Modality: DM. Population: 
661,695 mammograms (3,807 
SDC and 1,110 IC). Country: 
Norway

Note: **= primarily used AI as triage tool, but also used as concurrent reader 
support, *= historical study, ‡= cohort study (with and without AI), DM =
digital mammography, DBT = digital breast tomosynthesis, n = population/ 
sample, SDC = screen detected cancer, IC = interval cancer, RCT = randomised 
controlled trial.

Table 4 
Summary of studies using AI as an independent reader.

Study Study Design AI system Modality/ Population/ 
Country

Sharma, 
2021 [56]

Retrospective* MIA v.2.0.1 Modality: DM. N = 275,900 
(2,792cancercases). 
Countries: U.K and Hungary

Dembrower 
et al, 2023 
[26]

Prospective† Lunit INSIGHT 
MMG v.1.1.6

Modality: DM. N = 55,581 
women 
(296womenwithcancer). 
Country: Sweden

Elhakim et 
al, 2023 
[36]

Retrospective* Transpara 
v.1.7.0

Modality: DM. N = 257,671 
mammograms 
(2,014cancers). Country: 
Denmark

Heywang- 
Köbrunner 
et al, 2023 
[57]

Retrospective* Profound AI for 
2D 
mammography 
V2

Modality: DM. N = 17,884 
cases (114 SDC and 17 ICs). 
Country: Germany

Ng et al, 
2023 [67]

Retrospective* MIA v.2.0 Modality: DM. N = 280,594 
cases (2,783 cancers: 2,397 
SDC and 386 IC). The dataset 
consists of UK dataset (n =
194145) and Hungary 
dataset (n = 86449). 
Countries: Hungary and U.K.

Dembrower 
et al, 2023 
[37]

Retrospective* Lunit INSIGHT 
MMG v.1.1.6

Modality: DM. N = 6,708 
women 
(1,684womenwithcancers). 
Country: Sweden

Sharma et al, 
2023 [15]

Retrospective* MIA v.2.0 Modality: DM. N = 275,900 
cases (2,683cancercases). 
Countries: U.K and Hungary

Note: *= historical study, †= reader study, DM = digital mammography, n =
population/sample, SDC = screen detected cancer, IC = interval cancer.

Table 5 
Summary of studies using AI-assisted additional reviewer.

Study 
and Year

Study 
Design

AI 
system

Modality/ Population/ Country

Ng, 2023 
[25]

Prospective† MIA 
v.2.0

Modality: DM. N initial pilot = 3,746 
women, n extended study = 9,112 women, 
n live use phase = 15,953 women. 
Country: Hungary

Note: †= reader study, DM = digital mammography, n = population/sample.
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definition explained a small proportion of between-study variability, 
none were statistically significant moderators. Among the evaluated 
moderators, vendor grouping explained the largest proportion of 
between-study variability, suggesting that differences between AI sys
tems may contribute to performance variation, although this finding 
should be interpreted with caution. Substantial residual heterogeneity 
remained after these analyses, indicating that performance differences 
were likely multifactorial. Sensitivity analyses also produced similar 
pooled estimates, and no individual study materially influenced the 
overall results, supporting the robustness of findings. Detailed analyses 
are provided in Appendix G. 

d. Selected population studies

Two studies assessed standalone AI in interval cancer cohorts. At a 

threshold corresponding to 99% specificity (1% recall rate), AI detected 
a subset of cancers missed or showing minimal signs on prior screening 
mammograms, suggesting potential value for identifying retrospectively 
visible missed cancers [33,39]. However, these findings were based on 
selected interval cancer populations and should not be interpreted as 
routine screening performance.

3.5. Standalone AI in digital breast tomosynthesis

For DBT, the standalone AI performance was evaluated in two large 
screening populations and three enriched reader studies. In the two 
screening cohorts, AI achieved high AUCs and sensitivity broadly com
parable to single or double reading [45,59], although one study reported 
a substantially higher recall rate with AI (16.7% vs. 4.4% vs. 3% for AI, 
double and single reading, respectively) [45]. In enriched DBT reader 

Fig. 2. Stacked bar charts show the summary of included articles assessed by Qualitative assessments of Diagnostic Accuracy Studies 2 (QUADAS-2) modified for AI 
studies. Each category is represented as percentage of number of articles that have high, low, or unclear levels of bias and applicability.

Fig. 3. Forest plot of standalone AI performance in Digital Mammography (DM) for cancer detection. Summary AUC was 0.89 (95%CI: 0.85–0.92) based on 
12 studies.
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Fig. 4. Forest plots showing joint sensitivity and specificity estimates for: (a) standalone AI system across 16 studies, (b) single reading across 8 studies, and (c) 
double reading across 4 studies in Digital Mammography (DM). Each plot presents individual study estimates with 95% confidence intervals.
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studies [51–53] pooled standalone AI AUC was 0.90 (95%CI: 
0.85–0.95), compared with 0.85 (95%CI: 0.82–0.87) for radiologists 
(Fig. 6). Across DBT studies, AI accuracy appeared to vary more across 
studies than radiologist performance. This suggests that while AI may 
achieve higher accuracy than radiologists in certain settings, its per
formance is highly dependent on the dataset characteristics, modality, 
and the specific AI product.

Overall, standalone AI showed diagnostic performance broadly 
comparable to radiologists in several study settings, particularly for 
AUC-based measures. However, findings vary across studies and should 
be interpreted in the light of the absence of prospective replacement 
studies, substantial heterogeneity, and use of retrospective or enriched 
datasets.

3.6. AI as a reader aid

Nine studies [51–54,60–64] evaluated AI as a reader aid supporting 

radiologists in decision making (Table 2 and Appendix D – Table D.2). Of 
these, three assessed real-world implementations in screening programs 
using DM, DBT, and combined modalities, while six were laboratory- 
based reader studies using enriched datasets. The MASAI trial [24], 
although primarily a triage study, was also included as it provided 
concurrent AI decision support during screen reading.

In real-world settings, the impact of AI as reader aid varied across 
studies. In single-reading workflows, AI integration was generally 
associated with no significant change in the cancer detection rate or 
sensitivity, but improvements in specificity (91.6% to 96%) and positive 
predictive value (PPV1: 9.7% to 18.2%), indicating enhanced diagnostic 
precision [54]. Similarly, another study reported no significant differ
ences in cancer detection (CDR: 5.9 vs. 7.3 per 1,000), although trend 
towards improved detection were observed [63]. In contrast, imple
mentation within double reading workflows was associated with 
increased CDR (5.8 vs. 9.0 per 1,000; p < 0.001) and PPV (10.6% vs. 
14.6%: p < 0.001), with a modest increase in recall rate (5.4% vs 6.1%; 

Fig. 5. Hierarchical summary ROC (HSROC) from the bivariate random-effects (Reitsma) model. Each point represents the operating position of an individual study 
(sensitivity vs. false-positive rate). The star indicates the summary operating point, corresponding to pooled sensitivity of 76.3% and specificity of 89.6%.

Fig. 6. Forest plots and random effects meta-analysis of AUC estimates for standalone AI (a) and radiologists (b) performance in cancer detection using Digital Breast 
Tomosynthesis (DBT). Diamonds represent pooled estimates under a random-effects model. Horizontal lines indicate 95% confidence intervals. Radiologist per
formance reflects average single-reader accuracy without AI assistance.
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p < 0.001), and more consistent benefits observed in DBT than DM [64]. 
The MASAI trial similarly reported maintained cancer detection (6.1 vs. 
5.1; p = 0.052), higher PPV (28.3% vs. 24.8%) and a slightly increased 
recall rate (2.2% vs. 2.0%) compared with standard double reading 
[24].

Overall, real-world evidence suggests that AI as a reader aid may 
improve diagnostic precision and, in some settings, cancer detection, 
particularly within double-reading workflows; however, effects vary by 
modality and implementation context.

Six laboratory-based reader studies (3 DM [60–62] and 3 DBT 
[51–53], consistently showed improved radiologist performance with AI 
assistance. In DM, AI support increased average AUC from 0.79 (range: 
0.74–0.87) to 0.84 (range: 0.77–0.89) and average sensitivity from 
70.6% (range: 62.9–83.0%) to 79.7% (range: 70.0–86.0%). Specificity 
improved more subtly from an average of 78% (range: 77.0–79.0%) to 
80% (range: 79–81%) [60,62], although one study reported a minor 
decrease from 68.7% to 67.2% [61]. In DBT, similar improvements were 
observed, with average AUC increasing from 0.85 (range: 0.83–0.87) to 
0.89 (range: 0.86–0.93), and average sensitivity from 78.8% (range: 
74.6–81.0%) to 84.9% (range: 79.2–89.6%), while average specificity 
slightly increase from 73.3% (range: 71.6–75.1%) to 74.7% (range: 
73.3–76%) [51–53]. Effects on reading time were inconsistent, with 
some studies reporting small reductions and others slight increases 
depending on reader experience and case complexity [51,52,61].

Overall, AI as reader aid generally improves radiologist diagnostic 
performance in controlled settings and may enhance screening out
comes in clinical practice, although findings are heterogeneous and 
influenced by study design, dataset characteristics, and workflow 
implementation.

3.7. AI as a triage tool

Eight studies [16,17,24,55,58,59,65,66] evaluated AI as a triage 
system using DM, DBT, or combined datasets (see Table 3 and Appendix 
D – Table D.3). Two studies assessed real-world implementation in 
screening practice, while six retrospectively simulated AI triage using 
historical screening data.

In real-world settings, AI triage was associated with substantial 
workload reduction while maintaining or improving screening perfor
mance. In the MASAI randomised trial in Sweden, AI-supported 
screening reduced radiologists’ workload by 44.3% and was associ
ated with a higher cancer detection rate compared with standard double 
reading (6.1 vs. 5.1 per 1,000; p = 0.052) [24]. Similarly, imple
mentation in Denmark reduced radiologists’ workload by 33.5% and 
increased CDR (8.2 vs. 7.0 per 1,000; p < 0.01) [65].

Retrospective studies consistently demonstrated that AI triage can 
substantially reduce reading workload, typically by 50–70%, while 
maintaining non-inferior sensitivity and specificity. For example, 
excluding low-risk examinations from human reading based on AI scores 
reduced workload by over 60% with non-inferior sensitivity (69.7% vs. 
70.8%) and higher specificity (98.6% vs 98.1%) compared with double 
reading [17]. In a large-scale analysis, up to 70% reduction was ach
ieved while retaining detection of over 99% of screen-detected cancers 
and 85% of interval cancers [58]. Similar findings were reported across 
other studies [16,55,66].

Overall, AI triage substantially reduces radiologist workload while 
maintaining screening performance in both real-world and simulated 
settings, although findings are based largely on retrospective designs 
and may vary depending on threshold selection and implementation 
strategy.

3.8. AI as an independent reader in Human-AI screening workflow

Seven studies [15,26,36,37,56,57,67] evaluated workflows where AI 
replaces or augments radiologists in double- or triple- reading systems, 
including one prospective trial in Sweden and six retrospective 

simulation studies using large, unenriched datasets (see Table 4 and 
Appendix D – Table D.4).

The prospective ScreenTrustCAD trial in Sweden [26] evaluated AI 
as an independent reader for DM (n = 55,581 women) within a double- 
reading workflow. Double reading with AI plus one radiologist achieved 
a non-inferior and slightly higher cancer detection rate (CDR) than 
standard double reading by two radiologists (0.47% vs. 0.45%, relative 
proportion 1.04, 95%CI: 1.00–1.09; p = 0.017), with a lower post- 
consensus recall rate (2.80% vs. 2.93%). AI-only reading was also 
non-inferior (CDR: 0.44%), although not superior to standard double 
reading. Triple reading (two radiologists and AI) yielded the highest 
CDR (0.48%) but at the cost of the highest recall rate (3.09%) and 
consensus workload. Replacing one radiologist with AI reduced initial 
reading workload by approximately 50% [26].

Retrospective studies consistently showed that replacing one radi
ologist with AI in double-reading workflows maintains screening per
formance while reducing workload. Most studies paired AI outputs with 
archived radiologist reads and applied the original arbitration decisions 
when discrepancies occurred, although one study [57] recalled cases if 
either reader (AI or human) flagged them as abnormal without arbi
tration. Across large multicentre analyses [15,56,67], AI plus one radi
ologist achieved non-inferior sensitivity and CDR compared with 
standard double reading, with higher specificity and PPV. Workload 
reduction typically ranged from 30 to 45% in standard simulation, and 
up to 87% in modified configurations, although arbitration rates 
increased from 3.3% to 12.3%. Similar findings were reported across 
multiple AI systems, with performance influenced by threshold selection 
and associated trade-offs between recall and specificity [36,37,57]. In 
DBT, substituting the second reader with AI detected approximately 
95% of cancers identified by human double reading while halving the 
overall reading workload [59].

Overall, these findings indicate that AI can serve as an independent 
or supporting reader, sustaining or modestly improving screening ac
curacy while substantially reducing radiologist workload, although 
some configurations increase arbitration frequency and findings are 
primarily based on retrospective simulation.

3.9. AI as an additional reader for Non-Recalled cases

A prospective study in Hungary evaluated AI as an additional 
reviewer within a standard double-reading workflow [25]. AI analysed 
cases marked as “no-recall”, and AI-flagged cases were subsequently 
reviewed by an additional radiologist with access to AI outputs.

Across a phased implementation (pilot to multi-site rollout), AI 
increased cancer detection rate by 0.7–1.6 per 1,000 population, with a 
small increase in recall rate (0.16%-0.30%) and minimal increases in 
unnecessary recalls (0%-0.23%). PPV improved by up to 1.9%, and most 
additional cancers detected were invasive (83.3%) and small (≤1cm in 
47% of cases). In higher-specificity simulation, the proportion of AI- 
flagged cases decreased to 2.4%-3.0% while still detecting 4–10% 
more cancers, indicating that threshold tuning can balance workload 
and detection gains [25].

3.10. Certainty of evidence

A GRADE-style assessment suggested moderate certainty for triage- 
related workload reduction, low certainty across most other roles 
including reader-aid, independent reader, and secondary review appli
cations, and very low certainty for full autonomous replacement of ra
diologists, reflecting the limited availability of prospective, real-world 
evidence for most roles (Appendix H).

4. Discussion

This systematic review synthesised evidence from 42 studies evalu
ating FDA-cleared and/or CE-marked AI systems for breast cancer 
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screening across multiple clinical roles. Most studies were retrospective 
and heterogeneous in design, whereas the limited prospective evidence 
was largely restricted to workflow-based applications rather than 
standalone AI. Pooled analyses suggest that AI can achieve diagnostic 
performance comparable to radiologists in digital mammography, while 
emerging prospective evidence indicates that AI-supported workflow 
models can reduce workload while maintaining screening performance 
and, in some settings, improving screening outcomes.

Standalone AI in DM achieved radiologist-level accuracy, consistent 
with previous meta-analyses [19,20]. However, substantial heteroge
neity and wide prediction intervals suggested that performance is un
likely to be uniform across screening settings. Exploratory analyses 
indicated that vendor-related differences contributed more to perfor
mance variability than screening setting or cancer definition, although 
no individual factor sufficiently explained the observed heterogeneity. 
Interestingly, standalone AI performance remained similar when ana
lyses were restricted to unenriched screening cohorts, suggesting that 
the overall findings were not solely driven by enriched datasets or case- 
control designs commonly used in early AI validation studies. Together, 
these findings suggest that AI performance is context-dependent and 
reinforce the need for local validation before implementation.

Importantly, standalone AI performance and workflow performance 
should not be considered interchangeable. Standalone studies primarily 
evaluate diagnostic accuracy using metrics such as AUC, sensitivity, and 
specificity, whereas workflow studies assess the impact of AI on 
screening outcomes including cancer detection rate, recall rate, PPV, 
workload, and arbitration requirements. Consequently, strong stand
alone performance does not necessarily translate into improved 
screening programme performance, which depends on workflow design, 
radiologist-AI interaction, and implementation strategy. Notably, pro
spective evidence to date has primarily evaluated AI within screening 
workflows rather than as a fully autonomous screening system. 
Although the ScreenTrustCAD trial [26] reported non-inferior cancer 
detection for standalone AI compared with double reading, AI did not 
determine recall or diagnostic pathways and detected fewer cancers 
than standard double reading or AI-plus-one-radiologist approaches 
[26]. Therefore, current evidence does not support replacing radiolo
gists with standalone AI in routine practice.

AI-assisted reading improved radiologists’ performance in labora
tory reader studies, particularly AUC and sensitivity. However, these 
findings derive from controlled settings with enriched datasets, which 
may overestimate benefits in routine practice. Real-world evidence of AI 
as a reader aid remains limited and mixed: single-reading workflows 
showed improvements in diagnostic precision but inconsistent effects on 
cancer detection, while double-reading workflows showed greater po
tential for improving CDR and PPV, with small increases in recall. The 
MASAI trial suggests that concurrent AI decision support can be inte
grated within hybrid triage workflows, although its independent effect 
cannot be separated from AI-based triage. Emerging evidence, including 
AI-STREAM trial [68] and one retrospective evaluation study [64], also 
suggest potential diagnostic benefit, but generalisability remains 
limited. Overall, the impact of AI as a reader aid is context-dependent 
and influenced by workflow design and implementation strategy.

Evidence is also emerging for AI replacing one radiologist in standard 
double-reading systems. The ScreenTrustCAD trial [26] showed that AI 
can act as an independent reader, achieving noninferior cancer detec
tion and lower recall compared with standard double reading, consistent 
with retrospective simulations. One should acknowledge however that 
human-AI disagreement may increase arbitration workload and work
flow complexity [26,37], requiring careful implementation and resource 
planning.

The strongest operational evidence supports AI as a triage tool, 
where examinations are allocated to single or double reading based on 
AI-generated risk scores. This approach may help address workforce 
shortages and workload pressures. Evidence from Denmark [65] and the 
MASAI trial in Sweden [24,27] have demonstrated substantial workload 

reductions while maintaining stable recall rates and improving cancer 
detection. Updated MASAI results confirmed a 28% increase in cancer 
detection and 44.2% reduction in workload [27].

Further refinement of AI-triage strategies may improve screening 
performance by optimising allocation of examinations to different 
reading pathways. One simulation study [17] explored automatic clas
sification of low-risk cases as normal and high-risk cases as recall, with 
only intermediate-risk cases double read. While conceptually efficient, 
removing human oversight for both low- and high-risk groups raises 
safety, ethical, and medicolegal concerns [69], particularly given the 
limited prospective evidence for standalone AI decision-making.

The implications of AI implementation may differ between digital 
mammography (DM) and digital breast tomosynthesis (DBT). The evi
dence base remains substantially stronger for DM, reflecting both the 
larger number of studies available and the availability of prospective 
implementation data. Although AI performance in DBT appeared 
broadly comparable to DM, the DBT evidence base remains compara
tively limited and largely derived from retrospective and reader studies. 
AI may provide particular value in DBT screening because of the greater 
burden associated with larger image volumes. Consistent with this, real- 
world evidence suggests that AI-supported reading can improve DBT 
screening performance [64]. However, further prospective imple
mentation studies in DBT are required before firm conclusions can be 
drawn. Accordingly, current evidence supports implementation de
cisions more strongly in DM than DBT.

Our findings extend Freeman et al. [13], which concluded that evi
dence was insufficient to determine optimal clinical roles for AI and that 
AI was not yet accurate enough to replace radiologists. Since then, 
prospective and real-world evaluations have emerged across multiple AI 
roles. However, consistent with previous reviews [13,70], standalone AI 
still lacks prospective validation as a full replacement for radiologists.

Beyond diagnostic performance, safe implementation also depends 
on the regulatory and surveillance environment in which AI is deployed. 
Regulatory approval represents an important step towards imple
mentation but does not guarantee consistent long-term performance 
across all screening settings, since AI systems are typically validated 
under specific conditions and performance may vary as populations, 
equipment, protocols, and software versions evolve. Regulatory frame
works are evolving to address this: the FDA’s 2024 Predetermined 
Change Control Plan guidance allows pre-specified software updates 
without full resubmission, and the EU AI Act extends oversight of high- 
risk AI-enabled devices beyond initial CE-marking, though requirements 
still differ across jurisdictions. Consequently, screening programmes 
adopting AI should incorporate ongoing post-market surveillance, 
including monitoring of cancer detection, recall, interval cancer rates, 
PPV, arbitration rates, and workload impact, particularly given the 
substantial heterogeneity observed across studies.

Alongside this regulatory uncertainty, certainty of evidence was 
highest, although still only moderate, for triage-related workload 
reduction, and low or very low for roles involving greater autonomy, 
including independent reading and full replacement (Appendix H). This 
gradient, in which certainty declines as the AI’s role becomes more 
autonomous, supports a staged approach to implementation in which 
higher autonomy-roles warrant more conservative adoption and closer 
monitoring. Translating this evidence into practice requires an imple
mentation pathway that accounts for both this heterogeneity and the 
need for ongoing surveillance. We therefore propose a practical, step
wise framework for implementing and governing AI in breast screening 
(Fig. 7), progressing from defining intended use and local validation, 
through workflow selection and workforce preparation, to silent-mode 
piloting and controlled rollout, each separated by explicit go/no-go 
decision gates rather than a single deployment decision. The frame
work closes with continuous monitoring and revalidation triggered by 
performance drift, software updates, or population change, embedding 
local validation, workflow integration, and workforce training, the el
ements most consistently supported by current evidence, within an 
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ongoing governance structure spanning clinical, regulatory, and tech
nical accountability.

Despite emerging prospective evidence, most included studies 
remain retrospective and often use enriched datasets, limited follow-up, 
or designs prone to verification bias, reducing generalisability. These 
factors likely lead to overestimation of AI performance, and simulation 
studies may also fail to capture real radiologist behaviour when AI in
fluences recall decisions. Consequently, although retrospective studies 
consistently demonstrated promising diagnostic performance, imple
mentation recommendations currently rely more heavily on the limited 
prospective evidence evaluating AI within screening workflows. 
Geographic diversity is also limited, with most studies conducted in 
Europe. Future evaluations should include more diverse populations, 
particularly from Asia, Asia-Pacific, and other underrepresented regions, 
and incorporate prior mammograms and clinical context. This review is 
further limited by rapid developments since the search period and het
erogeneity across included studies.

Overall, commercially available FDA-cleared and/or CE-marked AI 
systems demonstrate promising diagnostic performance in retrospective 
studies and early prospective evaluations. The strongest evidence sup
ports workflow models that reduce radiologist workload, particularly 
triage and independent/supporting reader configurations. However, 
prospective evidence for complete radiologist replacement remains 

lacking, and safe implementation will require site-specific adaptation 
and further evaluations across diverse screening settings.
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