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ABSTRACT 

Background: Ductal carcinoma in situ (DCIS) may be upstaged to invasive carcinoma after surgical excision. Predicting 
upstaging before surgery may help guide treatment planning. Artificial intelligence (AI)-based imaging has been 
investigated for this purpose, but its overall performance remains unclear. 

Objective: To evaluate the diagnostic accuracy of AI-based systems for predicting DCIS upstaging to invasive carcinoma. 

Materials and Methods: A systematic review and meta-analysis was conducted following PRISMA 2020 and registered 
in PROSPERO (CRD420261516994). PubMed, Scopus, EBSCOhost, ProQuest, and Web of Science were searched from 
inception to September 2026. Studies evaluating AI-based imaging models for DCIS upstaging were included. Pooled 
sensitivity and specificity were calculated using a bivariate random-effects model. Risk of bias was assessed using 
QUADAS-2. 

Results: Six studies involving 701 participants were included. Pooled sensitivity was 0.77 (95% CI, 0.57–0.89) and 
specificity was 0.78 (95% CI, 0.64–0.87), with substantial heterogeneity (I² = 84.0% and 90.6%, respectively). The 
pooled log diagnostic odds ratio (DOR) was 2.15 (95% CI, 1.64–2.65). The SROC analysis showed moderate overall 
discriminative performance. No significant differences were observed across imaging modalities, while AI model type 
significantly affected specificity but not sensitivity. Deeks’ funnel plot suggested possible publication bias (p = 0.046). 

https://doi.org/10.30574/wjarr.2026.32.1.2580
https://wjarr.com/
https://crossmark.crossref.org/dialog/?doi=10.30574/wjarr.2026.32.1.2580&domain=pdf
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Conclusion: AI-based imaging showed moderate accuracy for predicting DCIS upstaging. However, substantial 
heterogeneity and methodological limitations limit confidence in these findings. Further prospective studies with 
external validation are needed. 

Keywords: Artificial-Intelligence; Breast Imaging; DCIS; Diagnostic accuracy; Upstaging 

1 INTRODUCTION 

Ductal carcinoma in situ (DCIS) is a non-invasive breast neoplasm in which malignant epithelial cells remain confined 
to the ductal system [1]. Its detection has increased with the widespread use of mammographic screening [2], 
accounting for approximately 16–28% of screen-detected breast cancers [3]. DCIS most commonly appears as 
microcalcifications on mammography and non-mass enhancement on magnetic resonance imaging (MRI), although 
some cases may be mammographically occult [1,4]. Its biological heterogeneity and variable potential for progression 
to invasive carcinoma raise concerns about overdiagnosis and overtreatment [1,5]. Moreover, 17–26% of biopsy-
diagnosed DCIS cases may be upstaged to invasive carcinoma following surgical excision [6,7], affecting treatment 
planning, including decisions regarding sentinel lymph node biopsy [8]. 

Radiological assessment of DCIS remains challenging because its imaging features may overlap with benign lesions [1], 
and interpretation of microcalcifications shows considerable inter-reader variability [9]. Artificial intelligence (AI), 
particularly machine learning and deep learning, has therefore been investigated to improve the assessment of breast 
imaging [10]. In DCIS, AI applications include diagnosis, prediction of occult invasive disease (upstaging), and 
classification. Previous studies have reported promising performance across different imaging modalities, with AUC 
values ranging from approximately 0.70 to 0.98 [11,12]. However, performance varies across clinical tasks, imaging 
modalities, and AI approaches. 

Previous systematic reviews have evaluated AI mainly in breast cancer screening [13], while a recent review specifically 
examined radiological AI in DCIS [14]. Although the latter included 46 studies, substantial heterogeneity limited its 
findings to narrative synthesis, without pooled estimates of sensitivity and specificity [14]. Therefore, this systematic 
review and meta-analysis aims to evaluate the diagnostic accuracy of AI-based systems in predicting upstaging from 
biopsy-diagnosed DCIS to invasive carcinoma. 

2 MATERIALS AND METHODS 

2.1 Study Design and Protocol Registration 

This systematic review and meta-analysis was conducted in accordance with the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses (PRISMA) 2020 guidelines [15]. The study protocol was registered in the 
International Prospective Register of Systematic Reviews (PROSPERO) under registration number CRD420261516994 
[16]. 

2.2 Search Strategy 

A systematic literature search was conducted in PubMed, SCOPUS, EBSCOhost, ProQuest, and Web of Science from 
inception to September 2026. The search strategy incorporated relevant keywords, Medical Subject Headings (MeSH), 
and Boolean operators. The complete search strategies for each database are provided in Supplementary File S1. 

2.3 Eligibility Criteria 

According to Supplementary File S2, studies were eligible if they included adults (≥18 years) undergoing breast imaging 
for suspected or screen-detected breast lesions, diagnostic or screening mammography, or suspected/confirmed ductal 
carcinoma in situ (DCIS) or other non-invasive breast lesions; asymptomatic screening populations were also eligible 
when DCIS detection was evaluated. Eligible interventions comprised artificial intelligence (AI)-based radiologic 
diagnostic systems, including machine learning (ML), deep learning (DL), convolutional neural networks (CNNs), 
computer-aided detection/diagnosis (AI-based CAD), and other AI/ML algorithms used to detect or classify DCIS on 
breast imaging. No comparator was required. Primary outcomes included true-positive, false-positive, true-negative, 
and false-negative results, with diagnostic accuracy assessed using sensitivity, specificity, the summary receiver 
operating characteristic (SROC) curve, and log diagnostic odds ratio (DOR). Secondary outcomes included diagnostic 
accuracy according to imaging modality, AI model, geographical region, and study type. 
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2.4 Study Selection 

All retrieved records were imported into rayyan.ai to identify and remove duplicates [17]. Two independent reviewers 
screened titles and abstracts, followed by full-text assessment of potentially eligible studies. Disagreements were 
resolved through discussion or consultation with a third reviewer. The selection process is illustrated in a PRISMA flow 
diagram. 

2.5 Data Extraction 

Two independent reviewers extracted data using a standardized data extraction form. Extracted information included 
the first author and year of publication, country and study design, sample size and participant characteristics, 
intervention and comparator characteristics, follow-up duration, primary and secondary outcomes, and relevant effect 
estimates with measures of variability. Any discrepancies between reviewers were resolved through consensus or 
consultation with a third reviewer. 

2.6 Risk-of-Bias Assessment 

The methodological quality and risk of bias of included studies were independently assessed by two reviewers using 
QUADAS-2 [18]. Disagreements were resolved through discussion or consultation with a third reviewer. The results 
were summarized using ROBVIS [19]. 

2.7 Statistical Analysis 

Statistical analyses were conducted using Rstudio software version 2026.01.1+403 (RStudio, PBC, Boston, MA, USA) 
with the mada, meta, metafor, and dplyr packages [20]. A bivariate random-effects model based on the Reitsma 
approach was used to jointly synthesize sensitivity and specificity, construct summary receiver operating characteristic 
(SROC) curves for evaluating the overall diagnostic performance of AI-based models for sepsis diagnosis. Separate 
pooled estimates of sensitivity and specificity were additionally calculated using generalized linear mixed-effects 
models (GLMM) with logit transformation. Pooled diagnostic odds ratios (DOR) were synthesized using a random-
effects model with restricted maximum likelihood (REML) estimation. Between-study heterogeneity was assessed using 
Cochran’s Q test and the I² statistic. Potential sources of heterogeneity were explored through subgroup and sensitivity 
analyses according to imaging modality, AI model, geographical region, and study type. Publication bias was assessed 
using Deeks’ Funnel Plot. A p-value of <0.05 was considered statistically significant. The complete Rstudio code is shown 
in Supplementary File S3. 

2.8 Certainty of Evidence 

The certainty of evidence for each relevant outcome was assessed using the Grading of Recommendations Assessment, 
Development and Evaluation (GRADE) approach, considering risk of bias, inconsistency, indirectness, imprecision, and 
publication bias [21]. 

3 RESULTS AND DISCUSSION 

3.1 Study Selection 

The initial search identified 1000 records across the selected databases. After removing 393 duplicates, 607 records 
were screened by title and abstract. Subsequently, 51 full-text articles were assessed for eligibility, of which 6 studies 
met the inclusion criteria and were included in the systematic review and meta-analysis. The selection process is 
presented in Supplementary File S4. 

3.2 Characteristics of Included Studies 

A total of 6 studies involving 701 participants were included [22–27]. The studies were conducted in China, Japan, South 
Korea, Turkey, and the USA. Studies were published between 2022 and 2026. The principal characteristics of the 
included studies are summarized in Supplementary File S5. 

3.3 Risk-of-Bias Assessment  

The risk-of-bias assessment demonstrated low risk of bias for patient selection and reference standard across all 
included studies, while the index test domain showed high risk of bias in three studies and some concerns in two studies. 
The flow and timing domain was judged as low risk in three studies and raised some concerns in three studies. Overall, 
three studies were judged as having high risk of bias, while three had some concerns. The detailed assessments are 
presented in Supplementary File S6. 
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3.4 Primary Outcome 

3.4.1 Pooled Sensitivity and Specificity 

 

Figure 1: Forest plot of pooled sensitivity of AI-based models for predicting DCIS upstaging. 

 

Figure 2: Forest plot of pooled specificity of AI-based models for predicting DCIS upstaging. 

Based on Figure 1 and Figure 2, the pooled diagnostic sensitivity of AI for DCIS upstaging prediction across six studies 
was 0.77 (95% CI 0.57–0.89), with substantial heterogeneity (I² = 84.0%, τ² = 0.9440, p < 0.0001). Individual study 
sensitivities ranged from 0.37 to 0.95. The pooled specificity was 0.78 (95% CI 0.64–0.87), also demonstrating 
substantial heterogeneity (I² = 90.6%, τ² = 0.5944, p < 0.0001), with individual estimates ranging from 0.45 to 0.90. 
These findings indicate considerable variability in diagnostic performance across the included studies.  

3.4.2 SROC Curve 

 

Figure 3: Summary receiver operating characteristic (SROC) curve of artificial intelligence–based models for 
predicting pathological upstaging of ductal carcinoma in situ. 

According to Figure 3, the SROC curve illustrates the overall diagnostic performance of AI-based approaches for 
predicting DCIS upstaging, with the summary operating point reflecting the pooled sensitivity and false-positive rate. 
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The SROC curve demonstrated favorable overall diagnostic performance, with an AUC of 0.812, indicating good 
discriminative ability of AI-based models for predicting pathological upstaging of ductal carcinoma in situ (DCIS). 

 

Figure 4: Forest plot of log diagnostic odds ratios (DORs) of AI models for DCIS upstaging prediction. 

The forest plot of diagnostic odds ratios (DORs) showed variation in diagnostic performance across the six included 
studies, with individual log DOR estimates ranging from 1.61 to 4.32. The random-effects model yielded a pooled log 
DOR of 2.15 (95% CI 1.64–2.65), indicating an overall association between AI-based assessment and DCIS upstaging 
prediction. The forest plot is shown in Figure 4. 

3.5 Subgroup Analyses 

3.5.1 Subgroup by Imaging Modality 

Subgroup analysis by imaging modality demonstrated pooled sensitivities of 0.75 (95% CI 0.18–0.97) for 
mammography, 0.78 (95% CI 0.65–0.87) for breast MRI, and 0.79 (95% CI 0.69–0.87) for ultrasound. The corresponding 
pooled specificities were 0.73 (95% CI 0.35–0.93), 0.81 (95% CI 0.70–0.88), and 0.72 (95% CI 0.60–0.82), respectively. 
Substantial heterogeneity was observed in the mammography subgroup for both sensitivity (I² = 90.3%) and specificity 
(I² = 97.9%), while the breast MRI subgroup demonstrated no significant heterogeneity in sensitivity (I² = 0%) and 
moderate heterogeneity in specificity (I² = 54.1%). The tests for subgroup differences were not statistically significant 
for either sensitivity (p = 0.9769) or specificity (p = 0.4422), indicating no significant differences in diagnostic 
performance across imaging modalities. The forest plots of subgroup analysis by imaging modality are shown in 
Supplementary File S7 and Supplementary File S8. 

3.5.2 Subgroup by AI Model 

Subgroup analysis by AI model demonstrated a pooled sensitivity of 0.95 (95% CI 0.74–1.00) for deep learning, 0.72 
(95% CI 0.39–0.91) for radiomics, and 0.73 (95% CI 0.58–0.84) for radiomics combined with machine learning. 
Regarding specificity, radiomics achieved a pooled estimate of 0.84 (95% CI 0.74–0.91), while radiomics combined with 
machine learning demonstrated a pooled specificity of 0.76 (95% CI 0.64–0.85). The test for subgroup differences was 
statistically significant for specificity (p < 0.0001), but not for sensitivity (p = 0.2094), indicating variation in specificity 
across AI model categories without statistically significant differences in sensitivity.  The forest plots of subgroup 
analysis by AI model are shown in Supplementary File S9 and Supplementary File S10. 

3.5.3 Subgroup by Geographical Region 

Subgroup analysis by geographical region revealed a pooled sensitivity of 0.80 (95% CI 0.73–0.86) among studies 
conducted in Asia, with low heterogeneity (I² = 9.1%), whereas the single North American study reported a sensitivity 
of 0.37 (95% CI 0.23–0.52). For specificity, the pooled estimate in Asia was 0.73 (95% CI 0.58–0.84), with substantial 
heterogeneity (I² = 83.1%), while the North American study reported a specificity of 0.90 (95% CI 0.85–0.93). The tests 
for subgroup differences were statistically significant for both sensitivity (p < 0.0001) and specificity (p = 0.0043). 
However, the North American subgroup consisted of only one study, limiting the interpretation of these geographical 
differences. The forest plots of subgroup analysis by geographical region are shown in Supplementary File S11 and 
Supplementary File S12. 

3.5.4 Subgroup by Study Type 

Subgroup analysis by study design demonstrated pooled sensitivities of 0.75 (95% CI 0.18–0.97) for retrospective 
cohort studies, 0.78 (95% CI 0.65–0.87) for retrospective studies, and 0.79 (95% CI 0.69–0.87) for retrospective 
multicentre studies. The corresponding pooled specificities were 0.73 (95% CI 0.35–0.93), 0.81 (95% CI 0.70–0.88), and 
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0.72 (95% CI 0.60–0.82), respectively. Heterogeneity was substantial in the retrospective cohort subgroup for both 
sensitivity (I² = 90.3%) and specificity (I² = 97.9%), while the retrospective study subgroup showed no significant 
heterogeneity in sensitivity (I² = 0%) and moderate heterogeneity in specificity (I² = 54.1%). The tests for subgroup 
differences were not statistically significant for sensitivity (p = 0.9769) or specificity (p = 0.4422), suggesting no 
statistically significant variation in diagnostic performance according to study design. The forest plots of subgroup 
analysis by study design are shown in Supplementary File S13 and Supplementary File S14. 

3.5.5 Sensitivity Analyses 

The leave-one-out sensitivity analysis demonstrated that the pooled sensitivity remained relatively stable following the 
sequential exclusion of individual studies. According to Supplementary File S15, the pooled sensitivity across the five 
remaining studies ranged from 0.784 to 0.836, compared with the overall pooled sensitivity of 0.804. Excluding 
Gundogdu et al. (2025) resulted in the lowest pooled sensitivity (0.784), whereas excluding Yang et al. (2025) yielded 
the highest estimate (0.836). These findings suggest that the pooled sensitivity was not substantially influenced by the 
exclusion of any single study.  

Based on Supplementary File S16, the leave-one-out specificity analysis showed that the pooled specificity varied from 
0.685 to 0.782 following the sequential exclusion of individual studies, compared with the overall pooled specificity of 
0.733. Excluding Satake et al. (2024) yielded the lowest pooled specificity (0.685), whereas excluding Gundogdu et al. 
(2025) resulted in the highest estimate (0.782). The variation in pooled estimates indicates some influence of individual 
studies on the overall specificity, although the estimates remained within a relatively consistent range.  

3.6 Publication Bias  

 

Figure 5: Deeks’ funnel plot for assessment of potential publication bias in studies evaluating artificial 
intelligence–based prediction of pathological upstaging of ductal carcinoma in situ. 

The Deeks' funnel plot demonstrated potential publication bias among the included studies, with a statistically 
significant Deeks' test (p = 0.046). The Deek’s funnel plot is shown in Figure 5. 

3.7 Certainty of Evidence 

The certainty of evidence for the diagnostic accuracy estimates was assessed using the GRADE framework. Two 
reviewers independently evaluated the certainty of evidence across five domains: risk of bias, inconsistency, 
indirectness, imprecision, and publication bias. Absolute effects were presented per 1,000 patients tested across pre-
test probabilities of 5%, 20%, and 50%. Certainty was assessed separately for true positives, false negatives, true 
negatives, and false positives. According to Table 1, overall certainty was rated as very low for all outcomes, with 
downgrading primarily due to risk of bias, substantial heterogeneity, imprecision, and suspected publication bias. 
Heterogeneity was substantial for both sensitivity- and specificity-related outcomes (I² = 84.0% and 90.6%, 
respectively), while Deeks' funnel plot demonstrated statistically significant asymmetry (p = 0.046).  
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Table 1: GRADE assessment result 

Outcome Assessed Number of Studies 

(Number of Patients) 

Certainty 

True positives 6 studies 

207 patients 

Very low 

False negatives 

True negatives 6 studies 

494 patients 

Very low 

False positives 

4 DISCUSSION 

The present systematic review and meta-analysis evaluated the accuracy of imaging-based AI models for predicting 
pathological upstaging in patients with biopsy-confirmed ductal carcinoma in situ (DCIS). Pooled sensitivity was 0.77 
(95% CI 0.57–0.89) and specificity was 0.78 (95% CI 0.64–0.87), indicating moderate performance. However, 
considerable heterogeneity in sensitivity (I² = 84.0%) and specificity (I² = 90.6%), along with high overall risk of the 
studies bias limits the applicability of these summary estimates across clinical settings. 

These findings broadly align with previous reviews identifying potential applications of AI in DCIS assessment alongside 
substantial methodological variability. A systematic review of AI-assisted histological DCIS diagnosis reported 
sensitivity of 83.88% and specificity of 85.49%; however, direct comparison is inappropriate because histological 
classification and preoperative upstaging prediction involve different inputs and target conditions. Similarly, Wu et al. 
highlighted heterogeneous performance, predominantly retrospective evidence, and limited external validation in 
radiological DCIS assessment [14,28]. Imaging-derived texture and enhancement features may capture characteristics 
associated with occult invasion, although these associations do not establish a biological mechanism [29]. 

Subgroup analysis showed the highest sensitivity estimates of 0.95 (95% CI 0.74–1.00) for deep learning, while a 
noticeable lower result for radiomics (0.72 (95% CI 0.39–0.91)) and radiomics combined with machine learning (0.73 
(95% CI 0.58–0.84)). The deep-learning estimate originated from one study and was accompanied by specificity of 
approximately 0.45, precluding conclusions about superiority. A study by Shi et al., (2018) also demonstrated that deep-
learning approaches do not uniformly produce superior discrimination [12]. Conversely, Hou et al. (2022) reported 
sensitivity of 37% at a high-specificity operating point of 90%, illustrating how threshold selection can produce 
contrasting sensitivity–specificity profiles [23]. 

Sensitivity heterogeneity was lower among Asian studies (I² approximately 9%) and breast MRI studies (I² = 0%). These 
findings suggest greater consistency within selected subsets, but the small subgroup sizes and overlapping study 
characteristics prevent attributing this reduction independently to geography or imaging modality. Furthermore, the 
pooled log DOR of 2.15 (95% CI 1.64–2.65) corresponds to a DOR of 8.58 (95% CI 5.16–14.15), supporting 
discriminatory ability without establishing sufficient accuracy for a particular clinical decision [30]. 

Clinically, these findings support further evaluation of AI as an adjunct to preoperative risk assessment. A study by 
Slavkova et al. (2025) found that combining MRI radiomic features with clinical and qualitative imaging information 
improved upstaging prediction [31]. Separately, Meurs et al. (2023) externally validated a clinicopathological upstaging 
model, reporting a decision-curve evidence of potential net benefit for selecting patients for sentinel lymph-node biopsy 
[32]. Together, these studies provide a rationale for evaluating whether imaging-based AI adds clinically useful 
information to existing risk assessment. However, neither establishes that AI-guided management reduces unnecessary 
procedures or safely avoids axillary staging. Given the moderate pooled accuracy and substantial variability observed 
in this review, prospective clinical-impact studies are needed before predictions are used to guide treatment de-
escalation. The current evidence therefore does not establish that AI-guided decisions improve outcomes or safely 
support treatment de-escalation. 

4.1 Strengths 

This study possesses several strengths. Quantitative synthesis across several imaging modalities, structured assessment 
of risk of bias and certainty, leave-one-out sensitivity analyses, and examination of funnel-plot asymmetry was done 
thoroughly. Multiple subgroup analyses explored potential sources of heterogeneity. These approaches improve 
transparency and characterise uncertainty, although they cannot eliminate limitations in the underlying studies. 
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4.2 Limitations 

However, several limitations persist. The evidence was limited by six studies, retrospective designs, and small cohorts. 
Four of the six quantitatively synthesised studies were judged at high overall risk of bias, primarily concerning the index 
test, needing further caution about possible optimism in reported performance. Deeks’ test indicated statistically 
significant funnel-plot asymmetry (p = 0.046), raising concern about small-study effects and possible publication bias. 
The small subgroups limit comparisons between models and modalities with low subgroup I² values should not be 
interpreted as proof of reproducibility. 

4.3 Implications for future research 

Larger prospective, multicentre studies with independent external validation are warranted. Future studies should 
prespecify models and clinically relevant thresholds, standardise upstaging definitions, and report calibration alongside 
discrimination. Comparisons with established clinicopathological assessment and prospective evaluation of clinical net 
benefit are needed to determine whether AI improves surgical planning without increasing missed invasion or 
unnecessary procedures. 

5 CONCLUSION 

Imaging-based AI models demonstrated moderate pooled sensitivity of 0.77 (95% CI 0.57–0.89) and specificity of 0.78 
(95% CI 0.64–0.87) for predicting DCIS upstaging. Considerable heterogeneity, frequent high risk of bias, and possible 
publication bias limit confidence in clinical applicability. Artificial-intelligence warrants further investigation as an 
adjunct to preoperative assessment, but prospective external validation and evidence of clinical benefit are required 
before routine implementation. 
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