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ABSTRACT 

Background: Breast cancer remains one of the leading causes of cancer-related morbidity and mortality among 

women worldwide, and survival outcomes are strongly associated with early detection. Although mammography 

has substantially improved screening outcomes, its diagnostic sensitivity may be limited in certain populations, 

particularly among women with dense breast tissue, highlighting the need for complementary diagnostic 

approaches. Blood-based molecular biomarkers have emerged as promising non-invasive tools capable of detecting 

tumor-associated biological signals at early stages of disease development. Objective: To systematically evaluate and 

synthesize available evidence on the diagnostic accuracy of blood-based molecular biomarkers for the early 

detection of breast cancer. Methods: A systematic review and diagnostic test accuracy meta-analysis were conducted 

following PRISMA guidelines. Electronic databases including PubMed, Scopus, Web of Science, and Embase were 

searched for studies published between 2000 and 2025. Eligible studies evaluated circulating molecular biomarkers 

in blood samples from women with early-stage breast cancer and reported sufficient data to calculate diagnostic 

accuracy. Study quality was assessed using the QUADAS-2 tool. Pooled sensitivity, specificity, and summary receiver 

operating characteristic (SROC) curves were calculated using a bivariate random-effects model. Results: Sixty-two 

studies involving 8,465 breast cancer cases and 8,045 controls were included. cfDNA fragment omics demonstrated 

the highest diagnostic accuracy (sensitivity 0.88, specificity 0.90, AUC 0.93), followed by cfDNA methylation markers 

(sensitivity 0.84, specificity 0.87, AUC 0.91). Circulating microRNA panels showed moderate-to-high performance 

(sensitivity 0.81, specificity 0.83, AUC 0.88), whereas traditional protein markers showed lower accuracy (sensitivity 

0.62, specificity 0.68, AUC 0.70). Multi-marker panels consistently outperformed single biomarkers. Conclusion: 

Blood-based molecular biomarkers, particularly cfDNA fragment omics and methylation profiling, demonstrate 

strong potential as complementary tools for early breast cancer detection. However, further prospective screening 

studies and methodological standardization are required before routine clinical implementation. 

Keywords: Breast cancer; early detection; molecular biomarkers; liquid biopsy; circulating cell-free DNA; DNA 

methylation; fragmentomics; circulating microRNA; diagnostic accuracy; meta-analysis; screening. 

INTRODUCTION 

Breast cancer remains a leading cause of cancer morbidity and mortality among women 

globally, with outcomes strongly dependent on stage at diagnosis and timely initiation of 

definitive therapy (1). Population-based screening programs have reduced advanced-stage 

presentation in many settings, yet the clinical reality is that a substantial fraction of cancers 

is still detected beyond the earliest stages, and screening performance is not uniform across 

risk groups and breast tissue phenotypes (1). A central challenge is that imaging-based 
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screening, while indispensable, is constrained by biologic and technical factors that can 

reduce sensitivity or generate downstream harms, particularly among women with higher 

mammographic density where masking and detection bias can complicate lesion 

visualization and shift the balance between benefit and false-positive workup (2). Even newer 

imaging modalities and density estimation approaches continue to face variability in density 

assessment and interpretability across platforms, reinforcing the need to develop 

complementary, scalable tools that can strengthen early detection pathways rather than 

attempting to replace imaging wholesale (3). 

In parallel with advances in imaging, blood-based molecular biomarkers have emerged as 

plausible adjuncts for early detection because they aim to capture tumor-associated 

biological signals that may be present even when radiologic findings are subtle or equivocal. 

Conceptually, this approach aligns with the clinical need for minimally invasive tests that 

can be repeatedly deployed and potentially integrated into risk-stratified screening or 

diagnostic triage workflows. Among candidate biomarker classes, circulating cell-free DNA 

(cfDNA) has gained prominence because plasma DNA carries information not only about 

sequence alterations but also about tissue-of-origin features and epigenetic signatures, and 

methylation-based profiling has demonstrated clinically meaningful signal for cancer 

detection and localization in large multi-cancer settings (4). Foundational work describing 

cfDNA as an in vivo nucleosome footprint supports the mechanistic premise that 

fragmentation patterns reflect underlying chromatin architecture and cell-of-origin biology, 

which can be exploited analytically to distinguish tumor-derived cfDNA from background 

release by normal tissues (5). Building on these principles, fragmentomics and related 

genome-wide cfDNA features have been investigated for tumor subtype prediction and early 

detection, often leveraging computational models to integrate fragment length distributions 

and genome-wide coverage patterns into classification frameworks (6). 

Despite increasing publication volume, the evidence base remains difficult to translate into 

practice because primary studies vary widely in patient spectrum, inclusion of asymptomatic 

versus clinically detected cases, specimen type (serum vs plasma), analytical platforms, 

normalization pipelines, and—critically—threshold selection and model training strategies. 

These sources of heterogeneity can inflate apparent diagnostic performance, especially in 

retrospective case-control designs that separate clear cases from healthy controls in ways that 

do not reflect real-world screening distributions. This is particularly relevant in early-stage 

disease, where tumor-derived signals are low-abundance and susceptible to confounding by 

non-malignant biological variation. Prior quantitative syntheses have suggested that cfDNA 

concentration-based approaches have diagnostic value in breast cancer, but reported 

performance varies and may depend strongly on stage mix, assay standardization, and 

control selection (7). Likewise, exosome-associated and circulating microRNA panels have 

shown promise as non-invasive diagnostics, yet the literature demonstrates substantial 

methodological diversity and inconsistent replication across cohorts, implying that pooled 

estimates must be interpreted through a rigorous diagnostic test accuracy framework and 

stratified by biomarker class and study design features (8). At the same time, critical 

appraisals of liquid biopsy development continue to debate whether and when these 

technologies could complement or potentially compete with established screening 

modalities, underscoring that the key question is not feasibility alone but clinically 

deployable accuracy under realistic use-cases (9). Rapid innovation in liquid biopsy 

technologies—spanning sequencing, methylation profiling, and integrative multi-omics 

pipelines—further increases the risk that narrative conclusions will outpace reproducible 

evidence unless updated, methodologically stringent synthesis is performed (10). 
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A second, biologically grounded reason why a synthesis focused on early-stage detection is 

essential is that breast cancer is molecularly heterogeneous. Intrinsic subtypes and genomic 

diversity influence tumor shedding, epigenetic remodeling, and circulating RNA profiles, 

meaning that single-marker strategies may be inherently brittle across populations and 

subtypes (11). Large-scale molecular profiling has reinforced that breast tumors differ 

substantially in genomic and transcriptomic landscapes, strengthening the rationale for 

multi-marker and multi-feature panels (including methylation and fragmentomics 

signatures) that can capture diverse tumor biology while maintaining specificity against 

benign conditions and healthy backgrounds (12). However, the field lacks consistent, 

clinically oriented integration of these biomarker classes under a unified early-stage 

framework that explicitly targets the intended population (women undergoing screening or 

evaluation for stage 0–II disease), compares index tests against appropriate non-cancer 

control groups and/or standard pathways, and summarizes diagnostic accuracy using models 

that jointly estimate sensitivity and specificity while accounting for between-study 

heterogeneity. 

Accordingly, the objective of this study is to systematically evaluate and meta-analyze the 

diagnostic accuracy of blood-based molecular biomarkers for early-stage breast cancer 

detection (stage 0–II) in women, comparing performance across major biomarker classes 

(cfDNA methylation, cfDNA fragmentomics, circulating microRNA panels, and 

conventional protein markers when reported) against relevant control groups and/or 

reference standards, and quantifying pooled sensitivity and specificity within a diagnostic 

test accuracy framework. The prespecified research question is: among women undergoing 

screening or evaluation for possible breast cancer, do blood-based molecular biomarkers—

particularly cfDNA methylation and fragmentomics signatures—demonstrate sufficient 

diagnostic accuracy to complement current detection pathways for identifying early-stage 

breast cancer compared with non-cancer controls and standard diagnostic reference 

approaches (1–12)? 

METHODS 

A systematic review and diagnostic test accuracy meta-analysis was conducted to evaluate 

the performance of blood-based molecular biomarkers for the early detection of breast 

cancer. The methodological framework was developed in accordance with internationally 

recognized reporting standards for systematic reviews and diagnostic accuracy studies, 

including the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA 2020) and methodological guidance for diagnostic test accuracy synthesis (13,14). 

The study followed a predefined protocol specifying the research question, eligibility criteria, 

data extraction strategy, and statistical analysis approach to minimize selective reporting and 

analytic bias. The review addressed the Population–Intervention–Comparator–Outcome 

(PICO) framework, focusing on women evaluated for early-stage breast cancer in whom 

molecular biomarkers were measured in blood-based samples, compared against non-cancer 

controls or standard diagnostic reference methods, with diagnostic accuracy outcomes 

including sensitivity, specificity, and area under the receiver operating characteristic curve. 

A comprehensive literature search was conducted across four major electronic databases—

PubMed/MEDLINE, Scopus, Web of Science, and Embase—to identify relevant studies 

published between January 2000 and December 2025. These databases were selected because 

they collectively provide extensive coverage of biomedical, clinical, and molecular oncology 

research. The search strategy combined controlled vocabulary terms and free-text keywords 

related to breast cancer, molecular biomarkers, liquid biopsy, and diagnostic accuracy. Search 

terms included combinations of “breast cancer,” “early detection,” “screening,” “molecular 
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biomarker,” “liquid biopsy,” “circulating tumor DNA,” “cell-free DNA,” “DNA methylation,” 

“fragmentomics,” “microRNA,” “exosomal RNA,” “protein biomarkers,” “diagnostic accuracy,” 

“sensitivity,” and “specificity.” Boolean operators (“AND” “OR”) were used to structure 

database-specific search strings, and Medical Subject Headings (MeSH) were applied where 

available to enhance sensitivity of retrieval. Reference lists of relevant systematic reviews 

and primary studies were manually screened to identify additional eligible publications that 

may not have been captured during electronic searching. 

Eligible studies were selected according to predefined inclusion and exclusion criteria 

designed to ensure that the analysis addressed the intended clinical context of early breast 

cancer detection. Studies were included if they investigated molecular biomarkers measured 

in blood-derived samples such as plasma, serum, or whole blood; included women with 

histologically confirmed early-stage breast cancer (stage 0–II); incorporated a comparator 

group consisting of healthy individuals or patients with benign breast conditions; and 

reported sufficient diagnostic accuracy data to construct two-by-two contingency tables (true 

positives, false positives, true negatives, and false negatives) or provided directly reported 

sensitivity and specificity values. Original research studies involving human participants and 

published in peer-reviewed journals were eligible for inclusion. Studies were excluded if they 

focused exclusively on metastatic or recurrent breast cancer, evaluated biomarkers solely for 

prognosis or treatment monitoring, lacked an appropriate control group, did not report 

sufficient diagnostic data, or consisted of case reports, conference abstracts without full 

datasets, reviews, or animal-only studies. When multiple publications reported results from 

the same dataset, the most comprehensive and recent study was retained to avoid duplication. 

All records retrieved from the electronic searches were imported into a reference 

management system for organization and removal of duplicate entries. Study selection 

proceeded in two stages. First, titles and abstracts were screened to identify potentially 

relevant studies based on the predefined eligibility criteria. Second, full texts of all 

potentially eligible articles were independently reviewed to confirm eligibility. 

Disagreements between reviewers during either stage were resolved through discussion and 

consensus. A structured study selection process was documented and summarized in a 

PRISMA flow diagram to ensure transparency and reproducibility of the selection process 

(13). 

Data extraction was conducted using a standardized extraction form developed before the 

review process began. Extracted variables included study characteristics (first author, year of 

publication, country), study design (prospective cohort, retrospective cohort, or case-control), 

participant characteristics, sample size of cases and controls, cancer stage distribution, 

specimen type (plasma, serum, or whole blood), biomarker category, analytical platform used 

for detection, threshold definitions when available, and reported diagnostic accuracy metrics. 

Where studies reported multiple biomarkers or biomarker panels, the index test that 

represented the primary diagnostic evaluation described by the authors was extracted. When 

necessary, sensitivity and specificity values were calculated from reported contingency data. 

Data extraction was performed independently to reduce transcription errors and ensure 

consistency of the extracted dataset. 

The methodological quality and risk of bias of included studies were evaluated using the 

Quality Assessment of Diagnostic Accuracy Studies-2 (QUADAS-2) tool, which assesses risk 

of bias across four domains: patient selection, index test, reference standard, and flow and 

timing (15). Each domain was judged as having low, high, or unclear risk of bias based on 

prespecified criteria. Applicability concerns for the first three domains were also assessed. 

Quality assessments were conducted systematically and summarized across studies to 
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identify potential sources of bias that might influence pooled estimates of diagnostic 

accuracy. 

The primary outcome measures were pooled sensitivity and pooled specificity of molecular 

biomarkers for detecting early-stage breast cancer. Diagnostic accuracy estimates were 

synthesized using a bivariate random-effects meta-analysis model, which jointly models 

sensitivity and specificity while accounting for potential correlation between these 

parameters across studies and allowing for between-study heterogeneity (16). Summary 

receiver operating characteristic (SROC) curves were generated to visualize overall 

diagnostic performance across biomarker categories. The area under the SROC curve (AUC) 

was calculated to provide an integrated measure of test discrimination. Heterogeneity 

between studies was assessed through visual inspection of forest plots and SROC 

distributions, and potential sources of heterogeneity were explored through subgroup 

analyses stratified by biomarker class, study design, and sample type. Publication bias was 

evaluated using Deeks’ funnel plot asymmetry test, which is recommended for diagnostic 

test accuracy meta-analyses (17). 

To evaluate the robustness of pooled estimates, sensitivity analyses were performed by 

sequentially removing individual studies to assess the stability of the overall results. 

Additional analyses examined the influence of study design characteristics, including case-

control versus prospective cohort designs, on diagnostic performance estimates. When 

necessary, statistical corrections were applied to account for zero-cell frequencies in 

contingency tables to enable inclusion of all eligible studies in pooled analyses. All statistical 

analyses were conducted using specialized diagnostic meta-analysis software implemented 

in STATA, which provides established procedures for bivariate modeling and SROC 

estimation. 

Ethical approval was not required because the study synthesized data from previously 

published research and did not involve the collection of new patient-level data. All included 

studies were reviewed to ensure that they had obtained appropriate institutional ethical 

approval and informed consent from participants where applicable. Data integrity was 

maintained through standardized extraction procedures, verification of extracted values 

against original publications, and structured documentation of analytical steps. The 

analytical dataset and extraction framework were maintained in organized formats to 

facilitate transparency and reproducibility of the meta-analysis workflow. 

RESULTS 

Table 1 summarizes the structural profile of the 62 included studies and shows that the 

evidence base was dominated by retrospective case–control designs (44/62, 71.0%), with fewer 

prospective cohort investigations (18/62, 29.0%). Across all studies, the pooled dataset 

comprised 8,465 breast cancer cases and 8,045 controls, indicating broadly balanced group 

sizes overall (case:control ratio ≈1.05). By biospecimen, plasma was used more frequently 

than serum (38/62, 61.3% vs 24/62, 38.7%), corresponding to 5,206 cases and 4,988 controls 

in plasma studies compared with 3,259 cases and 3,057 controls in serum studies. In terms 

of laboratory platforms, qPCR-based assays accounted for 26/62 studies (41.9%) with 3,471 

cases and 3,215 controls, next-generation sequencing approaches were used in 21/62 studies 

(33.9%) with 2,975 cases and 2,806 controls, and ELISA/protein assays comprised 15/62 

studies (24.2%) with 2,019 cases and 2,024 controls. Collectively, these distributions indicate 

that most evidence derives from nucleic-acid-centered platforms (qPCR+NGS: 47/62, 75.8%), 

consistent with the study’s primary focus on cfDNA and miRNA-based detection strategies. 
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Table 2 disaggregates the 62 studies by biomarker class and demonstrates that circulating 

microRNA (miRNA) panels were the most frequently studied category (21/62, 33.9%), 

contributing 2,844 cases and 2,702 controls. cfDNA methylation markers represented the 

second largest group (19/62, 30.6%) with 2,594 cases and 2,420 controls. cfDNA 

fragmentomics and protein tumor markers were each represented by 11 studies (11/62, 

17.7% each), with fragmentomics including 1,576 cases and 1,445 controls and protein 

markers including 1,451 cases and 1,478 controls. Methodologically, Table 2 also highlights 

expected platform alignment: miRNA studies were primarily qPCR-based, while cfDNA 

methylation and fragmentomics studies were predominantly sequencing-driven, reflecting 

differing analytical requirements across biomarker classes and helping contextualize 

downstream between-study heterogeneity. 

Table 3 presents the pooled diagnostic accuracy estimates and shows clear performance 

stratification by biomarker type. cfDNA fragmentomics demonstrated the strongest pooled 

discrimination, with sensitivity 0.88 (95% CI 0.85–0.91), specificity 0.90 (95% CI 0.87–0.93), 

and an AUC of 0.93, accompanied by a high diagnostic odds ratio (DOR) of 62.4 (95% CI 

41.2–94.5) and strong overall statistical evidence for discriminative performance (p<0.001). 

cfDNA methylation markers also performed robustly, achieving sensitivity 0.84 (0.81–0.87), 

specificity 0.87 (0.84–0.90), and AUC 0.91, with a DOR of 34.6 (25.5–46.9) (p<0.001). 

Circulating miRNA panels showed moderate-to-high pooled accuracy, with sensitivity 0.81 

(0.77–0.85), specificity 0.83 (0.79–0.86), AUC 0.88, and a DOR of 20.7 (15.3–27.9) (p<0.001). In 

contrast, protein tumor markers demonstrated materially weaker performance, with 

sensitivity 0.62 (0.58–0.66), specificity 0.68 (0.64–0.72), AUC 0.70, and a DOR of 3.5 (2.6–4.7), 

indicating limited utility for early-stage discrimination relative to nucleic acid-based 

approaches (p=0.012). The magnitude of these differences is clinically meaningful: for 

example, the sensitivity gap between fragmentomics and protein markers was 0.26 (0.88 vs 

0.62), while the specificity gap was 0.22 (0.90 vs 0.68), favoring DNA-based technologies on 

both false-negative and false-positive control. 

Table 4 compares multi-marker panels with single-biomarker approaches and shows that 

panel-based strategies consistently outperformed single-marker tests. Multi-marker panels 

(29 studies) achieved pooled sensitivity 0.86 (0.83–0.89) and specificity 0.88 (0.85–0.91), 

yielding AUC 0.92 and an odds ratio of 48.3 (95% CI 33.7–69.4), with strong statistical support 

(p<0.001). Single biomarkers (33 studies) showed lower pooled sensitivity 0.74 (0.70–0.78) and 

specificity 0.77 (0.73–0.81), with AUC 0.84 and odds ratio 12.1 (9.2–15.9) (p<0.001). 

Numerically, panels improved sensitivity by 0.12 (0.86–0.74) and specificity by 0.11 (0.88–

0.77), implying that combining signals can reduce missed early cancers and decrease false 

positives simultaneously, consistent with the biological heterogeneity of breast cancer and 

the statistical advantages of composite classification.Table 5 evaluates sample type and 

indicates modest performance advantages for plasma-based assays. Plasma studies (38 

studies) reported pooled sensitivity 0.85 (0.82–0.88), specificity 0.88 (0.85–0.90), and AUC 0.91, 

with a statistically significant difference signal (p=0.041). Serum studies (24 studies) showed 

pooled sensitivity 0.80 (0.76–0.84), specificity 0.83 (0.79–0.87), and AUC 0.88, with weaker 

statistical evidence for difference (p=0.063). The absolute differences favored plasma by 0.05 

in sensitivity (0.85 vs 0.80), 0.05 in specificity (0.88 vs 0.83), and 0.03 in AUC (0.91 vs 0.88), 

suggesting that pre-analytical factors and matrix effects may influence detectable signal, 

particularly for cfDNA-derived features where leukocyte lysis and background DNA 

contamination can be more problematic in serum. 

Table 6 stratifies diagnostic performance by study design and demonstrates patterns 

consistent with spectrum bias. Prospective cohort studies (18 studies) exhibited pooled 

sensitivity 0.80 (0.76–0.84) and specificity 0.89 (0.86–0.92), with AUC 0.90 and a significant 
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design-associated difference signal (p=0.028). Retrospective case–control studies (44 studies) 

reported higher pooled sensitivity 0.86 (0.83–0.89) but lower pooled specificity 0.84 (0.81–

0.87), with AUC 0.89 (p=0.034). 

The sensitivity difference of +0.06 in favor of case–control designs (0.86 vs 0.80) aligns with 

the expectation that more clearly separated case/control spectra inflate detection probability, 

whereas the specificity advantage in prospective cohorts (+0.05; 0.89 vs 0.84) is consistent 

with more representative control populations and more clinically realistic thresholds. Taken 

together, these design-stratified results indicate that while pooled accuracy is strongest for 

cfDNA fragmentomics and methylation overall, real-world screening performance is likely 

to be closer to the prospective estimates than to the retrospective case–control estimates, 

reinforcing the need for future large-scale prospective screening validation. 

Table 1. Characteristics of Included Studies 

Variable Category Number of Studies 

(n=62) 

Breast Cancer Cases 

(n=8,465) 

Controls 

(n=8,045) 

Study Design Case-control 44 5,978 5,621  
Prospective cohort 18 2,487 2,424 

Sample Type Plasma 38 5,206 4,988  
Serum 24 3,259 3,057 

Detection 

Method 

qPCR 26 3,471 3,215 

 
Next-generation 

sequencing 

21 2,975 2,806 

 
ELISA / protein assays 15 2,019 2,024 

Table 2. Distribution of Biomarker Categories Across Included Studies 

Biomarker Category Number of 

Studies 

Cases Controls Most Common Detection Method 

cfDNA methylation 19 2,594 2,420 NGS / methylation sequencing 

cfDNA fragmentomics 11 1,576 1,445 Genome-wide sequencing 

Circulating microRNA panels 21 2,844 2,702 qPCR 

Protein tumor markers 11 1,451 1,478 ELISA 

Table 3. Pooled Diagnostic Accuracy by Biomarker Type 

Biomarker Type Studies 

(n) 

Pooled 

Sensitivity (95% 

CI) 

Pooled 

Specificity (95% 

CI) 

Diagnostic Odds 

Ratio (95% CI) 

AUC p-

value 

cfDNA 

fragmentomics 

11 0.88 (0.85–0.91) 0.90 (0.87–0.93) 62.4 (41.2–94.5) 0.93 <0.001 

cfDNA methylation 19 0.84 (0.81–0.87) 0.87 (0.84–0.90) 34.6 (25.5–46.9) 0.91 <0.001 

Circulating 

microRNA panels 

21 0.81 (0.77–0.85) 0.83 (0.79–0.86) 20.7 (15.3–27.9) 0.88 <0.001 

Protein tumor 

markers 

11 0.62 (0.58–0.66) 0.68 (0.64–0.72) 3.5 (2.6–4.7) 0.70 0.012 

Table 4. Subgroup Analysis: Multi-marker Panels vs Single Biomarkers 

Biomarker 

Approach 

Studies Sensitivity (95% 

CI) 

Specificity (95% 

CI) 

AUC Odds Ratio (95% 

CI) 

p-

value 

Multi-marker 

panels 

29 0.86 (0.83–0.89) 0.88 (0.85–0.91) 0.92 48.3 (33.7–69.4) <0.001 

Single biomarker 33 0.74 (0.70–0.78) 0.77 (0.73–0.81) 0.84 12.1 (9.2–15.9) <0.001 

Table 5. Subgroup Analysis by Sample Type 

Sample Type Studies Sensitivity (95% CI) Specificity (95% CI) AUC p-value 

Plasma 38 0.85 (0.82–0.88) 0.88 (0.85–0.90) 0.91 0.041 

Serum 24 0.80 (0.76–0.84) 0.83 (0.79–0.87) 0.88 0.063 

Table 6. Diagnostic Accuracy by Study Design 

Study Design Studies Sensitivity (95% CI) Specificity (95% CI) AUC p-value 

Prospective cohort 18 0.80 (0.76–0.84) 0.89 (0.86–0.92) 0.90 0.028 

Case–control 44 0.86 (0.83–0.89) 0.84 (0.81–0.87) 0.89 0.034 
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Figure 1 Diagnostic Likelihood Ratio Profiles Across Blood-Based Biomarker Classes For Early Breast Cancer 

Detection 

The figure presents the diagnostic likelihood ratio profiles across four biomarker categories, 

integrating positive likelihood ratios (LR+) with corresponding negative likelihood ratios 

(LR−) and confidence envelopes. cfDNA fragmentomics demonstrated the strongest rule-in 

performance with an LR+ of approximately 8.8, indicating that a positive test result increases 

the probability of early breast cancer by nearly ninefold relative to pre-test probability. cfDNA 

methylation markers showed the second highest discriminative strength with an LR+ of 6.5, 

followed by circulating microRNA panels with an LR+ of 4.8, while protein tumor markers 

exhibited substantially weaker rule-in capability with an LR+ of 1.9, suggesting limited 

diagnostic amplification beyond baseline risk. The complementary LR− trajectory showed 

the inverse gradient of rule-out performance: cfDNA fragmentomics produced the lowest 

LR− (0.13), indicating strong ability to reduce post-test probability after a negative result; 

cfDNA methylation displayed LR− ≈ 0.18, circulating microRNA 0.23, and protein markers 

the highest LR− (0.56), implying comparatively poor exclusion capacity. The widening 

confidence envelope toward protein markers reflects larger uncertainty and weaker 

discriminatory separation between cases and controls. Collectively, the integrated LR+ and 

LR− patterns reveal a pronounced diagnostic gradient in which cfDNA-derived technologies 

provide both the strongest rule-in and rule-out capability, whereas conventional protein 

markers cluster near thresholds considered clinically insufficient for screening-level 

discrimination. 

DISCUSSION 

The present systematic review and diagnostic test accuracy meta-analysis evaluated the 

performance of blood-based molecular biomarkers for the early detection of breast cancer, 

synthesizing evidence from 62 studies comprising 8,465 breast cancer cases and 8,045 

controls. The findings demonstrate a consistent gradient in diagnostic performance across 

biomarker classes, with circulating cell-free DNA–based approaches, particularly 

fragmentomics and methylation profiling, showing the strongest overall discrimination. 

Pooled estimates indicated that cfDNA fragmentomics achieved sensitivity of 0.88 and 

specificity of 0.90 with an AUC of 0.93, while cfDNA methylation markers showed sensitivity 

of 0.84 and specificity of 0.87 with an AUC of 0.91. Circulating microRNA panels 

demonstrated moderate-to-high performance (sensitivity 0.81, specificity 0.83, AUC 0.88), 

whereas conventional protein tumor markers displayed substantially lower accuracy 

(sensitivity 0.62, specificity 0.68, AUC 0.70). These patterns collectively indicate that nucleic-

acid–based biomarkers provide stronger diagnostic signals in early-stage disease than 

traditional protein markers, which aligns with the biological expectation that genomic and 
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epigenetic alterations occur earlier in tumor development than measurable changes in 

circulating protein levels. 

The superior diagnostic performance of cfDNA fragmentomics observed in this analysis 

reflects growing recognition that circulating DNA fragment patterns contain biologically 

meaningful information beyond simple mutation detection. Fragment length distribution, 

nucleosome positioning, and genome-wide coverage patterns can reflect tumor chromatin 

structure and cell-of-origin signals, allowing computational models to distinguish tumor-

derived cfDNA from background circulating DNA. Previous research has demonstrated that 

these structural DNA features can inform transcription factor binding inference and tumor 

subtype prediction, supporting their value for early detection frameworks (5,6). The pooled 

results of the present analysis reinforce these mechanistic insights by demonstrating that 

fragmentomics not only provides high sensitivity but also maintains strong specificity, 

producing favorable likelihood ratios and diagnostic odds ratios relative to other biomarker 

categories. 

Similarly, methylation-based cfDNA biomarkers showed high diagnostic performance in the 

pooled analysis, consistent with earlier studies demonstrating that epigenetic signatures in 

circulating DNA can provide both sensitive detection and tissue-of-origin localization across 

multiple cancer types (4). DNA methylation changes occur early in carcinogenesis and are 

often highly tissue-specific, which provides an important biological rationale for their use in 

early detection. Compared with mutation-based assays, methylation-based approaches can 

capture broader epigenomic disruption patterns, increasing the probability of detecting 

tumors that shed very small quantities of DNA into circulation. These characteristics are 

particularly relevant in early-stage breast cancer, where tumor-derived cfDNA fractions may 

be extremely low and require highly sensitive analytical approaches. 

Circulating microRNA panels also demonstrated promising diagnostic accuracy, although 

the pooled analysis revealed greater heterogeneity across studies. MicroRNAs are small 

regulatory RNA molecules involved in gene expression control, and their dysregulation has 

been documented across multiple breast cancer subtypes. Previous meta-analyses evaluating 

circulating or exosomal microRNAs have similarly reported moderate-to-high diagnostic 

performance but emphasized methodological variability as a major limitation (8). 

Differences in RNA extraction methods, normalization strategies, pre-analytical sample 

handling, and detection platforms can substantially influence measured miRNA expression 

levels, contributing to variability across studies. These methodological challenges highlight 

the importance of standardized laboratory protocols and transparent reporting frameworks 

in future biomarker research. 

In contrast, traditional protein tumor markers such as CA15-3 and CEA showed relatively 

weak performance in the context of early detection. This finding is consistent with prior 

clinical evidence indicating that these markers are more useful for monitoring disease 

progression or treatment response rather than detecting early-stage tumors (18). Protein 

markers often become elevated only when tumor burden increases sufficiently to produce 

detectable circulating protein concentrations, limiting their sensitivity in early-stage disease. 

Consequently, current clinical guidelines do not recommend these markers for population 

screening, and the present results support that position by demonstrating their 

comparatively low sensitivity and specificity relative to molecular biomarkers. 

An important observation from the subgroup analyses was the consistent performance 

advantage of multi-marker panels compared with single biomarker assays. Multi-marker 

strategies achieved pooled sensitivity of 0.86 and specificity of 0.88, compared with 0.74 and 

0.77 for single biomarkers. This improvement likely reflects the biological heterogeneity of 
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breast cancer, which encompasses multiple molecular subtypes characterized by distinct 

genomic and epigenetic landscapes (11,12). By integrating signals from multiple pathways, 

composite biomarker panels may capture broader aspects of tumor biology and reduce the 

risk of false-negative detection associated with single-marker assays. Similar approaches are 

increasingly being applied in multi-omics cancer detection frameworks, where genomic, 

epigenomic, and transcriptomic signals are combined to enhance diagnostic accuracy. 

The analysis also revealed modest differences related to specimen type and study design. 

Plasma-based assays showed slightly higher pooled sensitivity and specificity than serum-

based assays, which may reflect reduced background DNA contamination from leukocyte 

lysis during clot formation in serum samples. In addition, prospective cohort studies reported 

somewhat lower sensitivity but higher specificity compared with retrospective case–control 

designs. This pattern is consistent with known spectrum bias in diagnostic research, where 

case–control studies often overestimate diagnostic accuracy because cases and controls are 

more clearly separated than in real-world clinical populations. Consequently, the diagnostic 

performance observed in prospective screening cohorts may provide a more realistic 

estimate of the effectiveness of biomarker-based tests when implemented in practice. 

These findings should be interpreted within the broader context of breast cancer screening 

strategies. Mammography remains the cornerstone of population-based screening and has 

demonstrated clear mortality reduction benefits in many populations (1). However, its 

limitations—particularly reduced sensitivity in women with dense breast tissue and the 

potential for false-positive recalls—have prompted interest in complementary detection 

approaches (2). Blood-based molecular biomarkers offer several potential advantages in this 

context, including minimal invasiveness, repeatability, and the possibility of detecting 

biologically relevant signals before tumors become radiologically visible. Rather than 

replacing imaging modalities, molecular biomarkers may function most effectively as 

adjunct tools that enhance screening sensitivity or help stratify individuals for additional 

diagnostic evaluation. 

Several limitations of this meta-analysis should be considered when interpreting the results. 

First, heterogeneity across included studies was moderate, particularly among miRNA 

investigations, reflecting differences in laboratory methodologies, assay platforms, and 

threshold definitions. Second, many included studies used retrospective case–control designs 

rather than true screening cohorts, which may inflate diagnostic performance estimates. 

Third, rapid technological development in liquid biopsy platforms means that newer 

sequencing technologies and computational models may outperform earlier methods 

included in the analyzed studies. Despite these limitations, the large aggregated sample size 

and systematic synthesis approach provide a comprehensive overview of the current 

evidence base. 

Future research should prioritize large prospective screening trials that evaluate biomarker 

performance in asymptomatic populations, where disease prevalence and clinical decision 

pathways differ substantially from case–control research settings. Standardization of pre-

analytical procedures, assay platforms, and analytical pipelines will also be critical to 

improving reproducibility across studies. Advances in computational modeling, including 

machine learning approaches that integrate multiple molecular signals with clinical and 

imaging data, may further enhance the diagnostic potential of liquid biopsy technologies. As 

liquid biopsy platforms continue to evolve, integrating molecular biomarkers with 

established screening strategies could contribute to more personalized and biologically 

informed approaches to early breast cancer detection (10). 
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CONCLUSION 

This systematic review and diagnostic test accuracy meta-analysis synthesized evidence from 

62 studies including 8,465 breast cancer cases and 8,045 controls to evaluate the diagnostic 

value of blood-based molecular biomarkers for the early detection of breast cancer. The 

pooled findings demonstrate that circulating cell-free DNA–based biomarkers, particularly 

fragmentomics and methylation profiling, exhibit the highest diagnostic performance 

among currently studied molecular approaches, with fragmentomics showing pooled 

sensitivity of 0.88, specificity of 0.90, and an AUC of 0.93. Circulating microRNA panels also 

demonstrated moderate-to-high diagnostic accuracy, whereas traditional protein tumor 

markers showed comparatively limited discriminatory ability for early-stage disease. Multi-

marker panels consistently outperformed single biomarkers, emphasizing the importance of 

integrating multiple molecular signals to capture the biological heterogeneity of breast 

cancer. These results suggest that molecular biomarkers—especially cfDNA-based 

technologies—have strong potential to complement existing screening modalities such as 

mammography rather than replace them. However, most available evidence is derived from 

retrospective case–control studies, and therefore large prospective screening trials, 

standardized laboratory protocols, and integration with clinical risk models are necessary 

before routine clinical implementation can be recommended. With continued technological 

refinement and validation in real-world populations, blood-based molecular biomarkers may 

contribute to more sensitive, minimally invasive, and biologically informed strategies for 

early breast cancer detection.. 
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