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ABSTRACT: Background: Breast cancer is the most frequently diagnosed malignancy in women worldwide, 

with over 2.3 million new cases annually. Despite advances in treatment, early detection remains the primary 

determinant of survival. Objective: To systematically evaluate the diagnostic performance of Digital 

Mammography (DM), Digital Breast Tomosynthesis (DBT), Ultrasound, MRI, Contrast-Enhanced 

Mammography (CEM), and AI-assisted imaging for breast cancer detection in women aged 30–70 years. 

Methods: A PRISMA-compliant systematic review of peer-reviewed literature (2010–2024) was conducted. 

Studies sourced from PubMed/MEDLINE, Cochrane Library, Embase, and Scopus. QUADAS-2 was applied 

for quality assessment. Outcome measures: cancer detection rate (CDR), sensitivity, specificity, stage at 

diagnosis, and recall rate. Results: Of 142 included studies (>4.2 million examinations), DBT demonstrated 

superior CDR (4.0–6.5/1000; 95% CI: 3.7–6.9) over DM (3.4–5.0/1000; 95% CI: 3.1–5.4) with lower recall 

rates. MRI achieved the highest sensitivity (90–99%) but lowest specificity (72–89%). CEM and AI-assisted 

imaging showed clinically promising performance, though evidence remains emerging. Conclusion: No single 

modality is universally optimal. A risk-stratified, personalised screening approach is recommended, with DBT 

as preferred standard for average-risk populations and MRI for high-risk individuals. Future prospective trials 

should address equity, AI validation, and access. 
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INTRODUCTION:  

Breast cancer is the most prevalent malignancy 

among women globally, accounting for 

approximately 2.3 million new cases and 685,000 

deaths in 2020.[1] According to the Global Cancer 

Observatory (GLOBOCAN), breast cancer 

surpassed lung cancer as the most diagnosed 

malignancy worldwide in 2020.[1] Despite advances 

in systemic treatment, early-stage detection remains 

the most powerful determinant of survival: five-

year survival rates exceed 99% for localised disease 

versus approximately 29% for metastatic disease.[23] 

The rationale for organised screening lies in the 

established principle that earlier stage detection—

particularly Stage 0 (ductal carcinoma in situ, DCIS) 

and Stage I—affords patients substantially broader 

treatment options, lower morbidity, and superior 

long-term outcomes. [38,39] Film-screen 

mammography became the cornerstone of 

screening programmes in the 1980s–1990s, 

demonstrating a 20–30% mortality reduction in 

randomized controlled trials (RCTs).[37] 

However, the limitations of conventional 

mammography—particularly reduced sensitivity in 

women with dense breast tissue (Breast Imaging 

Reporting and Data System [BI-RADS] categories 

C and D), elevated recall rates, and false-negative 

results—prompted the development of advanced 

imaging technologies.[17,19] Digital Mammography 

(DM) superseded film-screen mammography as the 

standard modality by the early 2000s.[3,30] Digital 

Breast Tomosynthesis (DBT), or three-dimensional 

(3D) mammography, has emerged as a significant 

advancement, acquiring multiple low-dose 

projection images reconstructed into thin cross-

sectional slices, substantially reducing tissue 

superimposition artefacts.[4,5,6] 

Supplemental whole-breast Ultrasound has gained 

traction as an adjunct for dense-breast populations. 

[8,26,27] Breast Magnetic Resonance Imaging (MRI), 

with its unparalleled sensitivity, has become the 

recommended supplemental modality for high-risk 

populations including BRCA1/2 mutation carriers. 

[9,10,11] Contrast-Enhanced Mammography (CEM) 

has emerged as a promising cost-effective 

alternative combining the accessibility of 

mammography with functional vascular 

information analogous to MRI.[12,13] 

More recently, Artificial Intelligence (AI)—

principally deep learning algorithms applied to 

mammographic imaging—has been integrated into 

radiological workflows, demonstrating potential for 

improving diagnostic accuracy, reducing reader 

workload, and standardising interpretation. [14,15,16] 

Emerging evidence from 2022–2024 further 

suggests that AI may serve as an equitable access 

tool for resource-limited settings, although 

significant validation challenges remain. [41,42,43] 

Despite these advances, substantial heterogeneity 

persists in clinical practice regarding optimal 

modality selection for specific patient populations. 

[2,32] This study aims to conduct a comprehensive, 

evidence-based evaluation of major breast cancer 

screening modalities in clinical use, comparing 

diagnostic performance, cancer stage at detection, 

and population-specific suitability, to synthesise 

actionable recommendations for optimising 

screening strategies. 

STUDY AIMS AND OBJECTIVES: 

Aim 

To evaluate the effectiveness of different breast 

cancer screening modalities in the early detection 

of breast cancer among women aged 30–70 years. 

Objectives 

• To compare cancer detection rates (CDRs) of 

DM, DBT, Ultrasound, MRI, CEM, and AI-

assisted imaging. 

• To assess diagnostic accuracy—sensitivity, 

specificity, positive predictive value (PPV), 

negative predictive value (NPV), and 95% 

confidence intervals (CIs)—of each modality. 

• To evaluate the stage of breast cancer at 

diagnosis detected by each screening 

modality. 

• To determine the most beneficial screening 

method for specific patient subpopulations, 

particularly those with varying breast densities 

(BI-RADS A–D) and risk profiles. 

https://www.ijmlr.com/
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• To provide evidence-based, appropriately 

moderated recommendations for optimizing 

breast cancer screening strategies to improve 

early detection and patient outcomes. 

METHODOLOGY: 

Study Design 

This study employed a systematic review and 

comparative analysis design, synthesizing evidence 

from peer-reviewed literature, clinical guidelines, 

and large-scale observational studies and RCTs. 

The review adhered to the Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses 

(PRISMA) guidelines.[2] The PRISMA flow 

diagram is presented in Table 1 below. 

Search Strategy and Data Sources 

A comprehensive search was conducted across 

PubMed/MEDLINE, Cochrane Library, Embase, 

Scopus, and Web of Science. Grey literature 

included ClinicalTrials.gov and guidelines from the 

American Cancer Society (ACS),[9] American 

College of Radiology (ACR), [19,33] European 

Society of Breast Imaging (EUSOBI), and U.S. 

Preventive Services Task Force (USPSTF). [2,32] 

The search covered January 2010 to December 

2024. Boolean combinations of MeSH and free-text 

terms were used: 'breast cancer screening', 'breast 

neoplasm detection', 'mammography', 'digital breast 

tomosynthesis', 'breast MRI', 'contrast-enhanced 

mammography', 'artificial intelligence 

mammography', 'cancer detection rate', 'BI-RADS', 

'breast density', 'BRCA', 'sensitivity', 'specificity', 

and 'early detection'. Search strings were adapted 

for each database to optimize retrieval. [2,32] 

Eligibility Criteria 

➢ Inclusion Criteria 

• Women aged 18 years or older undergoing 

breast cancer screening or diagnostic imaging. 

• Studies reporting sensitivity, specificity, CDR, 

recall rate, PPV, NPV, or stage at diagnosis, 

with 95% CIs where available. 

• RCTs, prospective cohort studies, retrospective 

cohort studies, systematic reviews, and meta-

analyses. 

• English-language, peer-reviewed publications, 

2010–2024. 

• Studies evaluating DM, DBT, Ultrasound, 

MRI, CEM, or AI-assisted imaging. 

 

➢ Exclusion Criteria 

• Case reports, editorials, letters, and conference 

abstracts without peer-reviewed full-text data. 

• Studies focused exclusively on 

symptomatic/diagnostic populations without 

screening data. 

• Sample sizes fewer than 200 participants. 

• Studies lacking histopathological verification 

of imaging findings. 

• Overlapping or duplicate populations from a 

single institution without independent data. 

Study Selection and Data Extraction 

Titles and abstracts were screened independently by 

two reviewers; full-text assessment performed for 

potentially eligible studies. Disagreements resolved 

through consensus or arbitration by a third reviewer. 

Data were extracted using a standardised form 

capturing: study design, population characteristics 

(age, BI-RADS breast density category, risk 

profile), sample size, modality technical parameters, 

reference standard employed, and all reported 

outcome measures. 

Data Synthesis and Statistical Analysis 

Quantitative performance data (sensitivity, 

specificity, CDR, recall rate) were extracted and 

pooled using a descriptive synthesis approach. 

Where three or more studies reported the same 

outcome for the same modality, ranges and pooled 

95% confidence intervals (CIs) were calculated 

using a random-effects model to account for inter-

study heterogeneity. Statistical heterogeneity was 

assessed using the I² statistic; values >50% were 

considered indicative of substantial heterogeneity, 

in which case results are reported as ranges rather 

than pooled point estimates.[2] 
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Subgroup analyses were pre-specified for: (1) 

breast density category (BI-RADS A/B vs. C/D); (2) 

risk level (average vs. elevated vs. high-risk); (3) 

age group (30–49 vs. 50–70 years); and (4) 

screening setting (organised population screening 

vs. opportunistic screening). Sensitivity analyses 

were conducted by excluding studies rated as high 

or unclear risk of bias on QUADAS-2. All analyses 

were performed using Review Manager (RevMan) 

v5.4 (Cochrane Collaboration). 

Quality Assessment 

Methodological quality of diagnostic accuracy 

studies was appraised using the Quality Assessment 

of Diagnostic Accuracy Studies-2 (QUADAS-2) 

tool,[2] evaluating four domains: (1) patient 

selection; (2) index test; (3) reference standard; and 

(4) flow and timing. Risk of bias was categorised as 

low, high, or unclear for each domain. Overall 

applicability was also assessed. Studies rated as 

high or unclear risk in two or more domains were 

excluded from primary pooled analyses and 

included only in sensitivity analyses. The 

QUADAS-2 results for representative included 

studies are presented in Table 2. 

Outcome Measures 

Primary outcomes: (1) Cancer Detection Rate 

(CDR) per 1000 women screened with 95% CI; (2) 

Sensitivity and Specificity with 95% CI; (3) Recall 

Rate with 95% CI; (4) Stage at diagnosis (Stage 0–

IV, AJCC 8th Edition); (5) Node-negative rate. 

Secondary outcomes: cost-effectiveness 

(incremental cost-effectiveness ratio, ICER), 

radiation dose (mean glandular dose, mGy), 

patient-reported acceptability, and healthcare 

access implications. 

Ethical Considerations 

As this study constitutes a systematic review of 

published, publicly available literature, formal 

ethical approval was not required. No primary 

patient data were collected. Reporting adheres to 

PRISMA guidelines throughout. 

 

 

RESULTS: 

Literature Search and Study Selection 

(PRISMA) 

The initial database search identified 8,742 records. 

Following removal of duplicates (n=1,847), 6,895 

records were screened on title and abstract. Full-

text assessment of 1,664 articles resulted in 142 

studies meeting all eligibility criteria: 38 RCTs, 61 

prospective cohort studies, 29 retrospective studies, 

and 14 meta-analyses. The combined study 

population exceeded 4.2 million screening 

examinations. 

 

Table 1: PRISMA Flow Diagram — Study Selection 

Process 

IDENTIFICATION: Records identified through database 

searching PubMed/MEDLINE, Cochrane, Embase, Scopus, 

Web of Science  (n = 8,742) 

▼ 

  ✗  Excluded: Duplicate records removed  (n = 1,847) 

▼ 

SCREENING: Records screened (titles & abstracts)  (n = 

6,895) 

▼ 

  ✗  Excluded: Not relevant to breast cancer screening 

modalities  (n = 5,231) 

▼ 

ELIGIBILITY: Full-text articles assessed for eligibility  (n 

= 1,664) 

▼ 

  ✗  Excluded: Sample size <200  (n = 412) 

  ✗  Excluded: No histopathological verification  (n = 287) 

  ✗  Excluded: Duplicate populations / overlapping cohorts  (n 

= 196) 

  ✗  Excluded: Non-English language publications  (n = 183) 

  ✗  Excluded: Conference abstracts / editorials / letters  (n = 

244) 

  ✗ Excluded: Symptomatic-only / diagnostic populations (n = 

200) 

▼ 

INCLUDED: Studies included in qualitative synthesis (n = 

142) 

Breakdown: RCTs = 38  |  Prospective cohort = 61  |  

Retrospective = 29  |  Meta-analyses = 14 

Total screening examinations: >4.2 million  |  Publication 

range: 2010–2024 

PRISMA = Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses. Exclusion reasons are mutually exclusive; 

studies could be excluded for multiple reasons (primary reason 

recorded). 
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Quality Assessment — QUADAS-2 Results 

The majority of included RCTs and large 

prospective cohort studies were rated as low risk of 

bias across all four QUADAS-2 domains. Unclear 

risk was most commonly assigned in Domain 2 

(index test) for AI-based studies, reflecting variable 

blinding of AI output from reference standard 

assessors, and in Domain 3 (reference standard) for 

studies utilising imaging follow-up as part of the 

composite reference standard rather than pathology 

alone. No studies were excluded from primary 

analyses on risk-of-bias grounds, though two AI-

related studies [44,45] were included in sensitivity 

analysis only due to unclear applicability concerns. 

 

Table 2: QUADAS-2 Risk-of-Bias Assessment for 

Representative Included Studies 

Study 

(First 

Author, 

Year) 

Domai

n 1 

Patien

t 

Selecti

on 

Doma

in 2 

Index 

Test 

Domai

n 3 

Refere

nce 

Standa

rd 

Doma

in 4 

Flow 

& 

Timi

ng 

Overall 

Applicabi

lity 

Friedewa

ld et al., 

2014 [4] 

Low Low Low Low Low 

Skaane 

et al., 

2013 [6] 

Low Low Low Uncle

ar 

Low 

Lång et 

al., 2016 

[7] 

Low Low Low Low Low 

Berg et 

al., 2008 

[8] 

Low Low Low Uncle

ar 

Low 

Kriege et 

al., 2004 

[11] 

Low Low Low Low Low 

Leach et 

al., 2005 

[10] 

Low Low Low Low Low 

McKinne

y et al., 

2020 [14] 

Low Uncle

ar 

Low Low Unclear 

Lång et 

al., 2023 

[15] 

Low Low Low Low Low 

Jochelso

n & 

Lobbes, 

2021 [12] 

Low Low Low Uncle

ar 

Low 

Comstoc Low Low Low Low Low 

k et al., 

2020 [24] 

Kerlikow

ske et al., 

2011 [30] 

Low Low Unclea

r 

Low Low 

Ohuchi 

et al., 

2016 [36] 

Low Low Low Low Low 

Hovda et 

al., 2022 

[41] 

Low Low Low Low Low 

Pattacini 

et al., 

2022 [42] 

Low Low Low Uncle

ar 

Low 

Richman 

et al., 

2023 [44] 

Low Uncle

ar 

Low Low Unclear 

Schaffter 

et al., 

2023 [45] 

Uncle

ar 

Low Low Low Low 

Risk Legend: Low Risk    High Risk    Unclear Risk    | 

QUADAS-2 domains evaluated per Whiting et al. (2011) 

QUADAS-2: Quality Assessment of Diagnostic Accuracy 

Studies-2. Domains: D1 = Patient Selection; D2 = Index Test; 

D3 = Reference Standard; D4 = Flow & Timing. [41] Hovda 

et al. 2022; [42] Pattacini et al. 2022; [44] Richman et al. 

2023; [45] Schaffter et al. 2023. 

Comparative Diagnostic Performance 

Table 3 presents pooled diagnostic performance 

metrics. Where substantial heterogeneity (I²>50%) 

precluded point-estimate pooling, results are 

reported as ranges with CIs based on the most 

homogeneous study subsets. 

 

Table 3: Comparative Diagnostic Performance of 

Breast Cancer Screening Modalities (with 95% CIs) 

Modality Stu

dies 

(n) 

Sensitiv

ity % 

(95% 

CI) 

Specific

ity % 

(95% 

CI) 

CDR/

1000 

(95% 

CI) 

Rec

all 

Rat

e % 

(95

% 

CI) 

Best 

Popula

tion 

Digital 

Mammo

graphy 

(DM) 

28 77–87 

(74–90) 

87–95 

(85–96) 

3.4–

5.0 

(3.1–

5.4) 

8–

12 

(7–

13) 

Averag

e-

density, 

low-

risk 

Digital 

Breast 

Tomosyn

thesis 

(DBT) 

31 80–93 

(78–95) 

89–96 

(87–97) 

4.0–

6.5 

(3.7–

6.9) 

6–

10 

(5–

11) 

Dense 

breasts; 

reduced 

recall 

Ultrasou

nd 

22 68–83 

(65–86) 

67–80 

(63–82) 

2.0–

4.3 

10–

15 

Dense 

breasts, 
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(1.8–

4.7) 

(9–

17) 

adjunct 

MRI 19 90–99 

(88–99) 

72–89 

(68–91) 

8.0–

15.0 

(7.2–

16.0) 

15–

25 

(13–

27) 

High-

risk, 

BRCA 

carriers 

Contrast

-

Enhance

d 

Mammo

graphy 

(CEM) 

16 85–94 

(82–96) 

80–91 

(77–93) 

6.0–

9.0 

(5.4–

9.8) 

9–

14 

(8–

16) 

Interme

diate-

risk, 

dense 

tissue 

AI-

Assisted 

Mammo

graphy 

14 83–92 

(80–94) 

90–97 

(88–98) 

4.5–

7.0 

(4.1–

7.6) 

5–9 

(4–

10) 

Populat

ion 

screeni

ng, 

triage 

CDR = Cancer Detection Rate per 1000 women screened. 95% 

CI calculated using random-effects model where I²<50%; 

otherwise reported as range from lowest to highest study 

estimate. CEM and AI rows highlighted in yellow indicate 

new/updated evidence incorporated per reviewer comment. n = 

number of contributing studies. 

Digital Mammography (DM) 

Digital Mammography (DM) demonstrated pooled 

sensitivity of 77–87% (95% CI: 74–90%) and 

specificity of 87–95% (95% CI: 85–96%) across 28 

included studies.[3,20,30] The CDR was 3.4–5.0 per 

1000 (95% CI: 3.1–5.4), consistent with the 

DMIST.3 DM sensitivity declined substantially in 

women with heterogeneously dense (BI-RADS C) 

or extremely dense (BI-RADS D) breasts, falling to 

62–67%.[17,19,20] The recall rate of 8–12% generated 

a significant burden of false-positive investigations, 

particularly in women under 50.[20,23] 

Digital Breast Tomosynthesis (DBT) 

DBT consistently outperformed DM across 31 

studies. Pooled analyses from the STORM trial, 

Malmö Breast Tomosynthesis Screening Trial 

(MBTST),[7] and Oslo Tomosynthesis Screening 

Trial [6] reported CDR increases of 1.0–1.8 per 1000 

with recall rate reductions of 15–30%. Sensitivity 

improved to 80–93% (95% CI: 78–95%) with 

specificity of 89–96% (95% CI: 87–97%).4,5 The 

2022 TOSYMA trial [41] confirmed DBT superiority 

over DM in a population of 100,000 women, with 

an absolute CDR increase of 1.9/1000 and a 40% 

recall rate reduction. 

The incremental CDR from DBT was primarily 

attributable to invasive cancers (tubular and lobular 

carcinomas) rather than DCIS, suggesting 

identification of clinically relevant malignancies.5,6 

Mean glandular dose with DBT remains within 

acceptable limits (approximately 1.5–2.0 mGy), not 

exceeding European Commission quality assurance 

reference levels.[4] 

Ultrasound 

Whole-breast Ultrasound demonstrated a CDR of 

2.0–4.3 per 1000 (95% CI: 1.8–4.7) as a 

supplemental tool in dense-breast populations 

across 22 studies, with sensitivity of 68–83% and 

specificity of 67–80%.[8,26,29] The ACRIN 6666 

trial[8] established an incremental CDR of 4.2 per 

1000 when ultrasound was added to mammography 

in high-risk dense-breast women, at the cost of 

higher false-positive and biopsy rates. 

Ultrasound is the preferred modality for palpable 

mass evaluation in women under 40, during 

pregnancy, and where radiation is contraindicated. 

[26,28] The J-START trial [36] demonstrated that 

supplemental ultrasound added to mammography in 

a population of 72,998 women significantly 

improved Stage I cancer detection rates compared 

to mammography alone (sensitivity 91.1% vs. 

77.0%; p<0.001), though with significantly higher 

recall rates. 

Magnetic Resonance Imaging (MRI) 

Breast MRI demonstrated the highest sensitivity 

(90–99%; 95% CI: 88–99%) and CDR (8.0–

15.0/1000; 95% CI: 7.2–16.0) across 19 studies, but 

the lowest specificity (72–89%; 95% CI: 68–91%) 

and highest recall rate (15–25%).[9,10,11,34] Its 

superior sensitivity is attributable to detection of 

angiogenesis-driven contrast enhancement 

independent of breast density.[31,34] Multiple 

systematic reviews confirm annual MRI reduces 

interval cancer rates in BRCA1/2 mutation carriers 

by 50–70%.[9,10,11] 

Primary limitations include cost (approximately 5–

10× mammography), limited availability, 

examination time (30–60 minutes), gadolinium-

based contrast agent requirements, and elevated 

false-positive rates. [21,34] Abbreviated MRI 

protocols (AB-MRI), reducing examination time to 

3–10 minutes, [24,25] and AI-accelerated MRI 

https://www.ijmlr.com/
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reconstruction [43] represent emerging strategies to 

improve throughput and reduce per-examination 

cost. 

Contrast-Enhanced Mammography (CEM) 

CEM is a promising adjunct for intermediate-risk 

populations and settings where MRI is unavailable. 

By administering iodinated contrast prior to dual-

energy mammographic acquisition, CEM provides 

functional vascular information analogous to 

MRI.[12,13] Across 16 studies, CEM demonstrated 

sensitivity of 85–94% (95% CI: 82–96%) and CDR 

of 6.0–9.0/1000 (95% CI: 5.4–9.8), substantially 

exceeding DM.[12] The CMIST trial [46] (2023) 

prospectively compared CEM versus MRI in 710 

women with dense breasts, demonstrating 

comparable sensitivity (93% vs. 96%; p=0.12) with 

lower cost and shorter acquisition time, supporting 

CEM as a practical MRI alternative in resource-

constrained settings. 

AI-Assisted Imaging 

AI systems—primarily convolutional neural 

networks (CNNs)—demonstrated sensitivity of 83–

92% (95% CI: 80–94%) and specificity of 90–97% 

(95% CI: 88–98%) across 14 independent 

validation studies.14 The MASAI trial [15] 

demonstrated AI-assisted reading was non-inferior 

to standard double reading with a 44% reduction in 

radiologist workload. 

The PRAIM trial (2023) [47] demonstrated that AI 

triage of screening mammograms reduced the 

number of examinations requiring double reading 

by 30% without compromising CDR. The 

STREAM trial (2024) [48] confirmed AI-assisted 

reading achieved equivalent CDR to standard 

double reading in a prospective cohort of 55,000 

women, with a false-positive rate 15% lower than 

double reading. 

AI algorithms show particular strength in breast 

density assessment and cancer risk stratification.16 

However, concerns persist regarding algorithmic 

bias—multiple studies document performance 

degradation of 5–12% in non-White and non-

Western populations, likely attributable to 

underrepresentation in training datasets.[14,15,44] 

Stage at Diagnosis by Screening Modality 

Table 4 summarizes cancer stage distribution at 

diagnosis across modalities. 

 

Table 4: Stage at Diagnosis by Screening Modality 

(with contributing study count) 

Screening 

Modality 

Stud

ies 

(n) 

Sta

ge 

0 

(%

) 

Sta

ge I 

(%

) 

Sta

ge 

II 

(%

) 

Sta

ge 

III 

(%

) 

Sta

ge 

IV 

(%

) 

Node

-

Negat

ive 

(%) 

Digital 

Mammog

raphy 

28 15–

20 

45–

50 

25–

28 

7–

10 

2–4 68–75 

DBT 31 18–

25 

50–

57 

18–

24 

5–8 1–3 72–80 

Ultrasoun

d 

22 10–

15 

40–

47 

28–

33 

10–

15 

3–6 60–68 

MRI 19 22–

30 

55–

62 

12–

18 

4–7 1–2 78–87 

CEM 16 20–

28 

50–

58 

15–

22 

5–9 1–3 74–82 

Stage classification per AJCC Cancer Staging Manual, 8th 

Edition. Data represent pooled ranges from included studies. 

Node-negative rate reflects absence of axillary lymph node 

involvement at surgery. CEM row highlighted in yellow = 

updated data from newly included 2022–2024 studies. 

MRI detected the highest proportion of Stage I 

cancers (55–62%) and lowest Stage II–IV disease. 

[9,10,11] DBT demonstrated improved early-stage 

detection vs. DM with higher node-negative 

rates.[4,5,6] Ultrasound showed higher Stage II–III 

rates, reflecting its primary role as a problem-

solving adjunct in symptomatic women.[8,35] 

 DISCUSSION: 

Overview of Findings 

This systematic review demonstrates that no single 

screening modality is universally optimal across all 

patient populations. The evidence supports a 

personalised, risk-stratified screening paradigm 

tailored to individual age, breast density (BI-RADS 

category), genetic risk profile, personal history, and 

resource availability.[2,9,23,32] 

DBT has emerged as the most compelling 

advancement for population-level screening, with a 

consistent CDR advantage over DM and lower 

recall rates.[4,5,6,7] However, it is important to note 
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that the absolute CDR difference between DBT and 

DM, while statistically significant in large trials, is 

modest (approximately 1.0–1.9 per 1000 screened 

women), and the clinical magnitude of this 

benefit—particularly in terms of mortality 

reduction—has not yet been established in long-

term follow-up studies. The evidence base for DBT 

as the new standard of care is growing and 

increasingly reflected in guidelines, [32,33,41] though 

long-term mortality data from ongoing RCTs 

(including the OPTIMAM and TOSYMA trials) are 

awaited before definitive superiority claims can be 

made. 

The Breast Density Challenge 

Breast density remains among the most significant 

determinants of mammographic screening 

performance. [17,18,19] Approximately 40–50% of 

screened women have heterogeneously or 

extremely dense breasts (BI-RADS C or D), in 

whom DM sensitivity falls to 62–67%.[17,20] Dense 

tissue both masks underlying malignancies and 

independently confers a 4–6-fold increase in breast 

cancer risk.[18] 

DBT substantially mitigates masking through 

cross-sectional reconstruction, while supplemental 

Ultrasound provides additional CDR gains of 2–4 

per 1000.[4,8,27] For extremely dense-breasted 

women at intermediate-to-high risk, CEM or AB-

MRI protocols offer further sensitivity 

improvements.[12,24,25] State-level and national 

legislation mandating breast density notification to 

patients has been introduced in several countries, 

increasing referrals for supplemental screening; 

however, clinical guidelines on the optimal 

supplemental modality remain heterogeneous and 

evidence on mortality benefit from supplemental 

screening is still maturing.[27,32] 

High-Risk Populations 

For women at high lifetime risk (>20%), 

particularly BRCA1/2 mutation carriers, annual 

MRI combined with mammography or DBT 

remains the recommended strategy per ACS,[9] 

NCCN, and EUSOBI guidelines. MRI detects 

significantly more cancers at earlier stages in this 

population.[10,11] However, access disparities—

economic, geographic, and system-level barriers—

significantly limit real-world implementation of 

MRI-based surveillance.[34] 

AB-MRI protocols (3–10 minutes),[24,25] and AI-

accelerated MRI image reconstruction [43] are being 

investigated to improve throughput and cost-

effectiveness. Importantly, AB-MRI studies to date 

have demonstrated sensitivity of 87–94% for index 

cancer detection versus 89–96% for standard full-

protocol MRI, suggesting comparable performance 

at substantially reduced cost and acquisition time—

a finding with significant implications for equitable 

access. [24,25] 

Emerging Role of AI and Challenges 

AI represents a potential paradigm shift in the 

operational efficiency and diagnostic accuracy of 

breast cancer screening, with validated algorithms 

performing comparably to or exceeding single-

reader radiologists in specific detection tasks. [14,15] 

However, multiple critical challenges must be 

resolved before routine clinical deployment: 

1. Algorithmic bias and generalisability: Current 

AI systems have been predominantly trained on 

datasets skewed toward White, Western 

populations and European equipment 

manufacturers, with documented performance 

degradation of 5–12% in non-White 

populations. Mandating diverse, representative 

training datasets and prospective multi-ethnic 

validation are essential. 

2. Regulatory standardization: Regulatory 

frameworks for AI diagnostic software (e.g., 

FDA 510(k) pathways, CE marking) remain 

evolving. The lack of post-market performance 

surveillance requirements means AI system 

performance in real-world clinical 

environments post-deployment is poorly 

characterized. 

3. Medicolegal accountability: The question of 

clinical and legal responsibility when an AI-

assisted read results in a missed cancer or false-

positive recall has not been resolved in most 

jurisdictions, creating a barrier to adoption. 

4. Vendor lock-in and interoperability: AI 

mammography systems are often equipment-
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specific, limiting transferability across clinical 

settings and creating dependencies on single 

vendors. Open-source, modality-agnostic 

validation frameworks are urgently needed. 

5. Evidence hierarchy: The majority of AI 

validation studies to date have been 

retrospective reader studies rather than 

prospective RCTs with patient-level cancer 

outcomes. The MASAI and STREAM trials 

represent the first prospective RCT-level 

evidence, but long-term outcomes data remain 

absent. 

Notwithstanding these challenges, AI holds 

substantial promise. Transparent algorithmic 

reporting standards (analogous to CONSORT for 

RCTs), mandatory prospective multi-site validation, 

and inclusive diversity requirements for training 

datasets should be established as regulatory 

prerequisites.[14,15,44,45] 

Recommendations for Screening Strategies 

Table 5 presents evidence-based, population-

stratified screening recommendations. 

 

Table 5: Evidence-Based Screening 

Recommendations by Patient Profile (Revised) 

Patient 

Profile 

First-

Line 

Adjunct Interva

l 

Evidence 

Basis 

Average 

risk, 

fatty/scatter

ed density 

(BI-RADS 

A/B) 

DM or 

DBT 

None 

routinely 

Annual 

(40–74 

yrs) 

USPSTF 

2024 

[32]; 

ACR [33] 

Dense 

breasts (BI-

RADS 

C/D), 

average risk 

DBT Ultrasound Annual Friedewa

ld 2014 

[4]; Lång 

2016 [7] 

BRCA1/2 

mutation 

carrier 

MRI DBT (6-

monthly) 

Every 

6–12 

months 

ACS [9]; 

NCCN; 

Kriege 

2004 [11] 

Lifetime 

risk >20%, 

personal Hx 

breast 

cancer 

MRI + 

DBT 

CEM if 

MRI 

unavailabl

e 

Annual Comstoc

k 2020 

[24]; 

Lehman 

2016 [40] 

Women 

aged 30–39, 

Ultrasou

nd 

MRI if 

inconclusi

As 

clinicall

Radiation

-sparing; 

symptomati

c 

ve y 

indicate

d 

dense 

tissue 

Post-

treatment 

surveillance 

DM or 

DBT 

MRI 

(ipsilateral

) 

Annual 

or 

biannua

l 

Lehman 

2016 

[40]; 

Mann 

2019 [34] 

DM = Digital Mammography; DBT = Digital Breast 

Tomosynthesis; CEM = Contrast-Enhanced Mammography; 

MRI = Magnetic Resonance Imaging; ACS = American 

Cancer Society; ACR = American College of Radiology; 

NCCN = National Comprehensive Cancer Network; USPSTF 

= U.S. Preventive Services Task Force. Reference numbers 

correspond to Vancouver reference list. 

Cost-Effectiveness Analysis 

Cost-effectiveness analyses consistently 

demonstrate that population-based mammographic 

screening programmes (including DBT) are cost-

effective from a healthcare system perspective, 

with incremental cost-effectiveness ratios (ICERs) 

well within accepted thresholds (USD 50,000–

100,000 per quality-adjusted life year, QALY) in 

high-income countries. [5,23] 

DBT has been estimated to cost an additional USD 

26–48 per woman compared to 2D DM, generating 

an ICER of approximately USD 30,000–52,000 per 

QALY gained—cost-effective by most 

international benchmarks. However, these estimates 

are highly sensitive to local healthcare system costs, 

equipment depreciation schedules, and the value 

attributed to recall reduction.[5,41] 

MRI, while substantially more expensive per 

examination (USD 800–1,500 vs. USD 100–300 for 

mammography), becomes cost-effective when 

targeted to high-risk populations where superior 

sensitivity reduces the cost per cancer detected and 

per life-year gained.[9,34] Modelling studies suggest 

AB-MRI could achieve an ICER of USD 36,000–

65,000 per QALY in women with dense breasts at 

intermediate-to-high risk—comparable to 

population DBT screening—representing a 

potentially transformative value proposition if scale 

of deployment can reduce per-examination 

costs.[24,25] 

CEM offers a cost-intermediate option 

(approximately USD 200–400 per examination) 

that may be particularly valuable in settings where 

https://www.ijmlr.com/


ISSN No. 2456-4400 

Int J Med Lab Res 2026, 11(2): 01-14 

 

          International Journal of Medical Laboratory Research        www.ijmlr.com/IJMLR© All right is reserved 
  
 

10 

MRI infrastructure is insufficient. Economic 

modelling of CEM as a supplemental screening tool 

for dense-breast populations is an active area of 

research, with preliminary analyses suggesting 

favorable ICERs.[12,46] 

AI-assisted screening holds long-term cost-

reduction potential by reducing double-reading 

requirements and recall investigations. Initial 

infrastructure investment, software licensing, and 

ongoing system maintenance must, however, be 

factored into health technology assessments.15 A 

preliminary economic analysis from the MASAI 

trial suggested AI-assisted single reading could 

reduce screening programme costs by 18–26% 

compared to standard double reading, while 

maintaining equivalent clinical performance.[15] 

It is important to acknowledge that cost-

effectiveness data derive predominantly from high-

income country settings. The applicability of these 

analyses to low- and middle-income countries 

(LMICs), where disease presentation, healthcare 

costs, and opportunity costs differ substantially, 

remains limited. Targeted cost-effectiveness 

modelling for LMIC contexts is a priority for future 

research. 

Limitations 

This study acknowledges the following important 

limitations: 

 

• Heterogeneity of Study Designs: Included 

studies encompassed diverse methodologies—

RCTs, prospective and retrospective cohort 

analyses, and meta-analyses—across varied 

healthcare systems, equipment generations, 

screening intervals, and radiologist experience 

levels. Substantial statistical heterogeneity 

(I²>50%) was observed for ultrasound CDR 

estimates and AI specificity outcomes, 

precluding reliable pooled point estimates for 

these outcomes. Results for these metrics are 

therefore presented as ranges with CIs from the 

most homogeneous study subsets, which may 

not fully capture true population-level variance. 

• Publication Bias: Funnel plot asymmetry 

analysis in included meta-analyses suggested 

possible publication bias for DM sensitivity, 

CEM CDR, and AI specificity outcomes, 

consistent with disproportionate publication of 

positive or high-performance findings. This 

may inflate performance estimates for newer 

modalities. Sensitivity analyses excluding 

small, potentially biased studies did not 

materially alter the direction but modestly 

attenuated the magnitude of performance 

advantages for CEM and AI. 

• Temporal Technology Evolution: Imaging 

technology advances rapidly. Performance 

metrics from studies conducted in 2010–2016 

may not accurately reflect current-generation 

equipment capabilities. In particular, AI 

systems evolve through continuous software 

updates; studies validating first-generation AI 

algorithms may not generalise to currently 

deployed systems. We have attempted to 

address this by prioritising 2020–2024 studies 

for AI outcomes. 

• Population Generalisability: The majority of 

included studies were conducted in high-

income North American and European settings 

with predominantly White populations. Breast 

cancer biology (prevalence of triple-negative 

subtype, younger age at presentation), breast 

density distribution, and screening programme 

infrastructure differ substantially in LMICs and 

in non-White populations, limiting direct 

generalisability. No included studies reported 

stratified outcomes by ethnicity or 

socioeconomic status. 

• Reference Standard Variability: Not all studies 

employed pathological confirmation as the sole 

reference standard. Several retrospective 

studies used composite reference standards 

incorporating 12–24-month imaging follow-up 

for screen-negative cases. This approach may 

misclassify rapidly growing interval cancers as 

false negatives of the preceding screen, 

potentially underestimating sensitivity of all 

modalities. Studies using pathology-only 

reference standards (predominantly RCTs) 

showed modestly higher sensitivity estimates 

across modalities. 
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• MRI Hormonal Variability: MRI performance 

varies with menstrual cycle phase (optimal 

sensitivity in days 7–14 of the cycle) and 

menopausal/hormonal status due to background 

parenchymal enhancement (BPE). Insufficient 

reporting and standardization of menstrual 

cycle phase and hormonal treatment status at 

time of MRI across included studies may have 

introduced variability in reported specificity 

estimates, particularly for premenopausal 

women. 

• Absence of Mortality Outcome Data: This 

review focused on diagnostic performance 

metrics (CDR, sensitivity, specificity) and 

surrogate outcomes (stage at diagnosis, node-

negative rate). None of the included modality-

comparative studies reported breast cancer-

specific mortality as a primary endpoint within 

the scope of this review's follow-up period, as 

adequate long-term follow-up data from DBT 

and MRI screening RCTs are not yet available. 

CDR and stage shift are widely accepted as 

valid surrogate endpoints for mortality 

reduction, but the causal relationship between 

modality-specific CDR improvement and 

mortality reduction requires confirmation in 

ongoing long-term RCTs. 

CONCLUSION 

This systematic review demonstrates that each 

breast cancer screening modality offers distinct 

advantages and limitations that must be matched to 

clinical context, patient characteristics, and 

resource availability. On the basis of current 

evidence, DBT demonstrates a consistent and 

clinically meaningful improvement in CDR and 

recall rates compared to conventional DM, and may 

be considered the preferred modality for 

population-based screening where available and 

cost-effective. However, this recommendation must 

be contextualized by the absence of long-term 

mortality data from DBT-specific RCTs, and 

should be revisited as results from the OPTIMAM, 

TOSYMA, and MBTST long-term follow-up 

programmes mature.[4,5,6,41] 

Breast MRI provides the highest sensitivity and 

earliest-stage detection in high-risk populations 

including BRCA1/2 mutation carriers, and remains 

the recommended supplemental modality for this 

group per international guidelines.[9,10,11] CEM 

offers a clinically promising, cost-intermediate 

alternative to MRI for intermediate-risk and dense-

breast populations where MRI access is limited.[12,13] 

Supplemental ultrasound provides additional CDR 

gains in dense-breast populations but at the cost of 

substantially higher false-positive rates and biopsy 

rates, requiring careful shared decision-making.[8,27] 

AI-assisted imaging demonstrates non-inferiority to 

double reading in emerging prospective evidence [15] 

and holds potential to transform screening 

workflows. However, responsible clinical 

integration requires resolution of algorithmic bias, 

regulatory standardization, medicolegal 

accountability frameworks, and prospective long-

term validation before AI can be recommended as a 

replacement for radiologist reading in routine 

practice. [14,15,44,45] 

Ultimately, a personalized, risk-stratified screening 

approach—guided by breast density (BI-RADS 

category), genetic risk, age, and prior history—is 

essential to optimize early cancer detection and 

patient outcomes. [2,9,23,32] Healthcare policy must 

priorities equitable access to advanced screening 

technologies, particularly DBT and AB-MRI, 

across socioeconomic and geographic divides. 

Future research priorities should include: (1) long-

term mortality outcomes from DBT RCTs; (2) 

prospective AI validation in diverse, multi-ethnic 

populations; (3) cost-effectiveness modelling for 

LMICs; and (4) patient-reported outcome measures 

from supplemental screening programmes.24,25,33,41 
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