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Selective artificial intelligence arbitration by BI-RADS category: an algorithm to reduce overdiagnosis in mammographic breast cancer screening
Abstract
Background. Mammography screening in Uzbekistan is moving to hybrid reading by a radiologist and an artificial intelligence (AI) system. How the two should be combined in a setting where radiologist sensitivity is already high but false-positive recalls are frequent has not been studied.
Aim. To develop and evaluate an algorithm in which the AI system reviews the radiologist’s assessment only in the Breast Imaging Reporting and Data System (BI-RADS) categories where that assessment is least reliable.
Materials and methods. Retrospective diagnostic accuracy study of 1,759 digital mammography examinations from Tashkent, Nukus and Samarkand with a verified outcome (316 breast cancers, 18.0%). Radiologists’ BI-RADS assessments and the continuous risk score of a national AI system were obtained independently and compared with histopathology or 6–24-month follow-up. The algorithm was derived from the structure of radiologist errors and reader–AI disagreement: BI-RADS 4B–5 assessments are kept, the AI arbitrates BI-RADS 0 and 4A (threshold 0.30) and acts as a safety net for BI-RADS 1–3 (threshold 0.65). Paired comparisons used McNemar’s test.
Results. Of 302 false-positive radiologist assessments, 277 (91.7%) fell into BI-RADS 0, 4A and 4B. All 6 cancers missed by radiologists scored above the AI operating threshold, and no cancer occurred among 982 examinations rated negative by both. The algorithm removed 70 unjustified positive assessments; specificity rose from 79.1% to 83.9% and positive predictive value from 50.7% to 57.3%, while sensitivity was unchanged (98.1% vs 98.4%; p = 1.000). The error rate fell from 17.5% to 13.5% (difference 4.0 percentage points, 95% CI 2.8–5.3; p < 0.001), and the reduction was seen in every density, age and regional subgroup.
Conclusion. Using AI only where radiologist uncertainty is highest reduces overdiagnosis without loss of cancer detection. The algorithm needs prospective validation in a population screening cohort.
Keywords: breast cancer; screening mammography; artificial intelligence; BI-RADS; false-positive results; clinical decision support; Uzbekistan.
Резюме
Избирательный арбитраж искусственного интеллекта в зависимости от категории BI-RADS: алгоритм снижения гипердиагностики при маммографическом скрининге рака молочной железы. [авторы скрыты для слепого рецензирования]
Проанализированы 1759 цифровых маммографических обследований с верифицированным исходом (рак – 316, 18,0 %). Заключения врачей по BI-RADS и балл риска отечественной системы ИИ получены независимо. Алгоритм: при BI-RADS 4B–5 заключение врача не пересматривается, при BI-RADS 0 и 4A система выступает арбитром (порог 0,30), при BI-RADS 1–3 «страхует» отрицательное заключение (порог 0,65). 91,7 % ложноположительных заключений врачей пришлись на BI-RADS 0, 4A и 4B; все 6 пропущенных врачами раков система оценила выше рабочего порога. Алгоритм снял 70 необоснованных положительных заключений, повысил специфичность с 79,1 % до 83,9 % при сохранённой чувствительности (98,4 %); доля ошибок снизилась с 17,5 % до 13,5 % (p < 0,001).
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Rezyume
Ko‘krak bezi saratoni mammografik skriningida sun’iy intellektni BI-RADS toifasiga qarab tanlab qo‘llash: ortiqcha tashxisni kamaytirish algoritmi. [mualliflar yashirilgan]
Natijasi tasdiqlangan 1759 ta raqamli mammografik tekshiruv tahlil qilindi (saraton – 316 ta, 18,0 %). Shifokorlarning BI-RADS bo‘yicha xulosalari va mahalliy SI tizimining xavf bali mustaqil olindi. Algoritm: BI-RADS 4B–5 da shifokor xulosasi qayta ko‘rilmaydi, BI-RADS 0 va 4A da tizim hakam vazifasini bajaradi (chegara 0,30), BI-RADS 1–3 da salbiy xulosani «sug‘urtalaydi» (chegara 0,65). Soxta ijobiy xulosalarning 91,7 % i BI-RADS 0, 4A va 4B ga to‘g‘ri keldi; shifokorlar o‘tkazib yuborgan 6 ta saratonning barchasini tizim ish chegarasidan yuqori baholadi. Algoritm 70 ta asossiz ijobiy xulosani bartaraf etdi, spetsifiklikni 79,1 % dan 83,9 % gacha oshirdi, sezgirlik saqlandi (98,4 %); xato xulosalar ulushi 17,5 % dan 13,5 % gacha kamaydi (p < 0,001).
Kalit so‘zlar: ko‘krak bezi saratoni, mammografik skrining, sun’iy intellekt, BI-RADS.
Introduction
Breast cancer is the most common malignancy in women, with more than 2.3 million new cases worldwide in 2020 [1], and it holds a leading place in the cancer incidence of women in Uzbekistan [2]. The World Health Organization Global Breast Cancer Initiative places early diagnosis first among the measures needed to reduce mortality [3], and Presidential Resolution PP-402 of 22 November 2024 introduced mammography screening with AI-supported reading in the country [4].
The weak point of screening has long been known: interpretation is subjective. Elmore et al. and Kerlikowske et al. showed in the 1990s how widely radiologists disagree on the same images [5, 6]. The US national benchmarks put screening sensitivity at about 87% and specificity at about 89% [7]. European programmes control quality with independent double reading [8], which doubles the demand for trained readers – precisely the resource that is scarce in Central Asia.
Deep learning systems have matched radiologists in retrospective studies [9–11]. In the randomised MASAI trial, AI-supported reading detected 20% more cancers and cut the screen-reading workload by 44% [12]; a Swedish prospective study and the nationwide German implementation reported similar gains [13, 14]. Almost everywhere, however, the benefit is measured as higher detection and lower workload [15, 16]. That is natural where radiologists already read with high specificity. Where the starting point is different – high sensitivity bought with many false alarms – AI has a different job to do, and foreign implementation schemes cannot simply be copied.
We have previously shown that a national AI system reaches an area under the ROC curve of 0.914 on Uzbek mammograms, being less sensitive but more specific than the radiologist [17]. Here the question was not which of the two is more accurate, but a practical one: in which examinations does the AI score improve the radiologist’s decision, and in which does it only get in the way?
Aim
To derive, from the structure of radiologist errors and reader–AI disagreement, an algorithm for selective use of AI according to BI-RADS category, and to evaluate its effect on the diagnostic performance of mammography.
Materials and methods
Study design and ethics. Retrospective multicentre diagnostic accuracy study based at [institution blinded for review], with data from Tashkent, Nukus and Samarkand. The study was approved by the Institutional Review Board of the institution [details blinded for review]; informed consent was waived because only fully anonymised data were used. The study complied with the Declaration of Helsinki.
Study population. The cohort has been described in detail previously [17]. From 33,599 full-field digital mammography examinations performed between March 2022 and April 2023, records with technical failures, incomplete views, postoperative changes, implants or an unverified outcome were excluded, leaving 1,759 examinations of women aged 35–80 years (mean 54.5 ± 7.6 years). The sample was enriched: diagnostic as well as screening examinations were included to obtain enough confirmed cancers.
Mammography and radiologist assessment. Craniocaudal and mediolateral oblique views were acquired on FUJIFILM AMULET systems. The images were reported in routine practice by 12 staff radiologists with 5–15 years of experience in mammography, using the ACR BI-RADS lexicon [18]; 768 examinations (43.7%) were double read. An assessment was considered positive if it led to recall or biopsy, i.e. BI-RADS 0, 4A, 4B, 4C or 5.
AI system. A national detection model based on the YOLO11 architecture was trained on public datasets only; the Uzbek data were used solely for testing [17]. For each examination the model outputs a continuous risk score from 0 to 1, with an operating threshold of 0.495 (maximum Youden index). Radiologist and AI assessments were obtained independently; the radiologist did not see the AI output.
Reference standard. Cancer was confirmed by histopathology (n = 297) or clinically and on follow-up (n = 19); absence of cancer was established by 6–24 months of negative follow-up. Breast cancer was verified in 316 women (18.0%), benign lesions in 351 (20.0%), and no abnormality in 1,092 (62.1%).
Algorithm development. The algorithm was built in three steps: (1) distribution of radiologists’ false-positive and false-negative assessments across BI-RADS categories; (2) analysis of disagreement between radiologist and AI on the same examinations; (3) choice of a rule and threshold for each group of categories. Thresholds were set on clinical grounds – no missed cancers in the arbitration zone, a limited number of new recalls in the large group of negative assessments – rather than by a search over values.
Statistical analysis. Sensitivity, specificity, positive (PPV) and negative (NPV) predictive values, accuracy and error rate were calculated with Wilson 95% confidence intervals (CI). Because both readings concerned the same images, paired proportions were compared with McNemar’s test; ROC curves were compared with DeLong’s method, and the CI of the difference in error rates was obtained by bootstrap. A two-sided p < 0.05 was considered significant. Analyses were performed in Python 3.13 and checked in IBM SPSS Statistics 26.0.
Results
Where radiologists err. Radiologists made 308 errors (17.5%): 302 false-positive and 6 false-negative assessments. Sensitivity was 98.1% (95% CI 95.9–99.1), specificity 79.1% (76.9–81.1) and PPV 50.7%. The errors were far from evenly distributed across BI-RADS categories (Table 1).
Table 1. Verified cancers and radiologists’ false-positive assessments by BI-RADS category (n = 1,759)
	BI-RADS category
	Total, n
	Cancer, n (%)
	False positives, n
	Share of all false positives, %

	0
	70
	4 (5.7)
	66
	21.9

	1
	635
	3 (0.5)
	–
	–

	2
	460
	2 (0.4)
	–
	–

	3
	52
	1 (1.9)
	–
	–

	4A
	195
	59 (30.3)
	136
	45.0

	4B
	108
	33 (30.6)
	75
	24.8

	4C
	96
	79 (82.3)
	17
	5.6

	5
	143
	135 (94.4)
	8
	2.6

	Total
	1,759
	316 (18.0)
	302
	100.0


Note: in BI-RADS 1–3, a cancer is a false-negative radiologist assessment (6 cases).

Thus 277 of the 302 false positives (91.7%) were concentrated in just three categories – BI-RADS 0, 4A and 4B – where cancer was confirmed in only 5.7–30.6% of cases. In categories 4C and 5, by contrast, the radiologist’s assessment was highly reliable. All 6 missed cancers occurred in dense or heterogeneous breasts (B – 1, C – 3, D – 2); in three of them the mammogram had been read as normal, and 5 of the 6 later presented as interval cancers.
Where radiologist and AI disagree. Used on its own, the AI was less sensitive than the radiologist (82.9% vs 98.1%; p < 0.001) but more specific (85.2% vs 79.1%; p < 0.001), and the error rates did not differ significantly (15.2% vs 17.5%; p = 0.071). The joint distribution of the two readings is shown in Table 2.
Table 2. Agreement between radiologist and AI (threshold 0.495) and proportion of verified cancer (n = 1,759)
	Radiologist / AI
	n
	Cancer, n
	No cancer, n
	Cancer, %

	Both positive
	311
	256
	55
	82.3

	Radiologist +, AI –
	301
	54
	247
	17.9

	Radiologist –, AI +
	165
	6
	159
	3.6

	Both negative
	982
	0
	982
	0



Table 2 contains the key observation of the study. Not a single cancer was found among the 982 examinations rated negative by both readers. The quadrant “radiologist negative, AI positive” holds exactly 6 cancers – all of those missed by radiologists; their scores were 0.500, 0.579, 0.593, 0.597, 0.662 and 0.989, against a mean of 0.298 in women without cancer. In the quadrant “radiologist positive, AI negative”, 247 of 301 examinations (82.1%) were radiologist false alarms, but the same quadrant also contained 54 cancers underrated by the AI, mostly in high-suspicion categories. Simple combination rules therefore fail. The “either positive” rule gives 100% sensitivity but raises the error rate to 26.2%; the “both positive” rule lowers it to 6.5% at the cost of 60 missed cancers instead of 6.
Selective arbitration algorithm. These findings lead to a three-branch design (Fig. 1). In BI-RADS 4B, 4C and 5 (n = 347) the radiologist’s assessment stands without review: PPV is high, and this is where the AI tends to underrate tumours. We deliberately left category 4B to the radiologist, although it accounts for a quarter of false alarms. In BI-RADS 0 and 4A (n = 265) the AI acts as arbiter: the examination remains positive if the score is at least 0.30 and is otherwise closed as negative. This threshold is well below the operating one, to keep the risk of dismissing a true cancer to a minimum. In BI-RADS 1–3 (n = 1,147) the AI provides a safety net: a score of 0.65 or higher sends the examination for a second look. Here the threshold is high on purpose – this is the largest group, and a softer rule would generate many new recalls.
[image: ]
Fig. 1. Mammography screening algorithm with selective use of the AI system according to BI-RADS category
Table 3. Contribution of the algorithm branches (n = 1,759)
	Algorithm branch
	Examinations, n
	False positives removed, n
	Cancers added, n
	Cancers lost, n

	BI-RADS 4B–5: no review
	347
	0
	0
	0

	BI-RADS 0 and 4A: arbitration (≥ 0.30)
	265
	100
	0
	1

	BI-RADS 1–3: safety net (≥ 0.65)
	1,147
	–30
	2
	0

	Total
	1,759
	70
	2
	1


Note: the negative value in the safety-net branch denotes new positive assessments added by the AI.

Arbitration in categories 0 and 4A removed 100 false alarms at the price of one missed cancer; the safety net added 30 second looks but recovered 2 of the 6 cancers missed by radiologists. Overall, the algorithm reduced the number of errors from 308 to 237 (Table 4).
Table 4. Diagnostic performance of radiologist reading and of the radiologist + AI algorithm (n = 1,759)
	Measure
	Radiologist
	Algorithm
	Difference

	True positives, n
	310
	311
	+1

	False positives, n
	302
	232
	–70

	False negatives, n
	6
	5
	–1

	Sensitivity, % (95% CI)
	98.1 (95.9–99.1)
	98.4 (96.4–99.3)
	+0.3 pp

	Specificity, % (95% CI)
	79.1 (76.9–81.1)
	83.9 (81.9–85.7)
	+4.8 pp

	PPV, % (95% CI)
	50.7 (46.7–54.6)
	57.3 (53.1–61.4)
	+6.6 pp

	NPV, %
	99.5
	99.6
	+0.1 pp

	Accuracy, % (95% CI)
	82.5 (80.6–84.2)
	86.5 (84.9–88.0)
	+4.0 pp

	Error rate, %
	17.5
	13.5
	–4.0 pp

	Positive assessments per cancer detected
	1.97
	1.75
	–0.22


pp – percentage points.

The 4.0-percentage-point reduction in the error rate (95% CI 2.8–5.3) was statistically significant: 102 discordant pairs favoured the algorithm and 31 favoured the radiologist (χ² = 36.84; p < 0.001). The algorithm was also significantly more specific (100 vs 30 pairs; p < 0.001), whereas sensitivity did not differ (2 vs 1 pairs; p = 1.000).
Robustness across subgroups. The algorithm was tested in subgroups defined by breast density, age and region (Table 5).
Table 5. Sensitivity, specificity and error rate by subgroup: radiologist / algorithm
	Subgroup
	n
	Sensitivity, %
	Specificity, %
	Error rate, %

	Density A
	168
	100.0 / 100.0
	80.1 / 86.8
	17.9 / 11.9

	Density B
	738
	99.3 / 98.5
	79.4 / 83.5
	16.9 / 13.7

	Density C
	638
	97.4 / 99.1
	76.8 / 82.6
	19.4 / 14.4

	Density D
	196
	95.6 / 95.6
	82.8 / 86.1
	14.3 / 11.7

	Age 35–44 years
	172
	100.0 / 100.0
	81.9 / 84.2
	18.0 / 15.7

	Age 45–59 years
	1,145
	98.4 / 99.0
	77.9 / 83.8
	18.7 / 13.7

	Age 60–74 years
	436
	97.5 / 97.5
	81.2 / 84.4
	14.2 / 11.9

	Tashkent
	899
	98.1 / 98.7
	82.1 / 86.4
	15.1 / 11.5

	Nukus
	557
	100.0 / 100.0
	76.5 / 81.9
	18.9 / 14.5

	Samarkand
	303
	94.1 / 94.1
	74.6 / 80.2
	22.1 / 17.5



The error rate fell in every subgroup, and sensitivity nowhere dropped by more than 0.8 percentage points. Two findings stand out. In density C – the largest of the dense categories and the hardest for the radiologist – sensitivity rose from 97.4% to 99.1% while the error rate fell from 19.4% to 14.4%. And the algorithm helped most where baseline performance was worst: the error rate decreased by 4.6 percentage points in Samarkand, 4.4 in Nukus and 3.6 in Tashkent, narrowing the regional spread from 7.0 to 6.0 points.
Discussion
Our main conclusion is that the value of AI depends less on the accuracy of the model itself than on where in the diagnostic pathway it is applied. On its own the system did not differ significantly from the radiologist in error rate, as in our earlier report on the same cohort [17], and simple combination rules either multiplied overdiagnosis or lost dozens of tumours. A gain appeared only once the AI was confined to the categories in which the radiologist’s assessment is objectively least reliable.
Leibig et al. tested a related idea: in their decision-referral approach the AI confidently sorts part of the examinations and passes uncertain ones to the radiologist, and this division of labour outperformed either reader alone [19]. Our approach works the other way round – the radiologist’s assessment is the starting point, and the AI is brought in only for equivocal BI-RADS categories. Where a radiologist reports every examination and carries legal responsibility for it, this seems to us the more natural design: it keeps the familiar workflow and does not hand any final decision to the machine.
The nature of the gain also differs from that reported abroad. In MASAI and in the German programme, AI mainly increased detection and reduced workload [12, 14]; in the Danish study by Lauritzen et al. the reading volume fell by 62.6% [15]. In our setting the reserve lay on the other side: radiologist sensitivity was already 98.1%, while specificity was only 79.1%, compared with about 89% in the US benchmarks [7]. The task for AI was therefore to remove unnecessary alarms without touching detection. Among 1,759 examinations this meant 70 women spared further work-up and, often, a core biopsy; at the scale of national screening, with tens of thousands of examinations a year, the figure runs into thousands of avoidable procedures.
Dense breasts deserve separate mention. Dense tissue masks tumours, and all radiologist misses in our material occurred there. Recent work shows that stand-alone AI retains discriminative ability at high density [20] – in our cohort its AUC ranged from 0.886 in density C to 0.935 in density B [17] – and that AI support improves radiologists’ accuracy [21]. In our data the algorithm both raised sensitivity and lowered the error rate in density C – something neither arbitration nor the safety net achieves alone. We consider the narrowing of the regional gap equally important: the system performs the same way in the capital and in the regions and partly levels reporting quality where experienced breast radiologists are fewer.
The limitations should be stated plainly. The study is retrospective, and the clinical benefit of AI can be confirmed only in prospective trials [22]. The sample is enriched with cancer (18.0% versus less than 1% in population screening), so predictive values will have to be recalculated for each population, whereas sensitivity and specificity do not depend on prevalence. The thresholds of 0.30 and 0.65 were chosen on the same data on which the effect was measured, so the effect may be somewhat overestimated. Finally, the radiologist did not see the AI output: this is right for a clean comparison, but it means that the influence of AI prompts on the reader, described by Al-Bazzaz et al. [23], could not be assessed.
In practice the algorithm requires no reorganisation of the service. The AI system is already integrated into the national digital health platform DMED and receives images automatically, and the choice of branch depends only on the BI-RADS category that the radiologist records anyway. The method has been implemented in two regional branches of the institution [blinded for review]; prospective evaluation in a population cohort is the next necessary step.
Conclusions
1. Overdiagnosis in mammography is unevenly distributed: 91.7% of radiologists’ false-positive assessments fall into BI-RADS 0, 4A and 4B, whereas BI-RADS 4C and 5 assessments are highly reliable (cancer in 82.3% and 94.4%).
2. All cancers missed by radiologists received AI scores above the operating threshold, and no cancer occurred when both readers were negative; simple rules for combining the two readings are clinically unacceptable.
3. Selective use of AI – arbitration of BI-RADS 0 and 4A (threshold 0.30) and a safety net for BI-RADS 1–3 (threshold 0.65), with no review of 4B–5 – reduces the error rate from 17.5% to 13.5% (p < 0.001) and raises specificity from 79.1% to 83.9% while preserving sensitivity at 98.4%.
4. The effect is consistent across subgroups and largest in density C and in regions with the weakest baseline performance; prospective validation is required before wide implementation.
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