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[ Abstract |

localization of 17 common abdominal anomalies on ultrasound images, providing reliable technical support for

Objective  To develop and validate a deep learning model for real-time identification and

primary care sonography. Methods Retrospectively collected 39 530 B-mode ultrasound images from 18 947
patients with abdominal anomalies at the Second Affiliated Hospital of Army Medical University from January
2017 to September 2024). A stratified random sample of 1 891 images formed an independent testing set; the
remaining 37 639 images were split 7:1:2 into training (26 258), validation (3 840), and internal test (7 541)
sets. After standardized annotation, RetinaNet, Faster R-CNN, RT-DETR, and YOLOv13 were compared on the
internal test set using loU, precision, recall, F;-score, and mAP@50. The optimal model was further evaluated
against 6 sonographers (3 novice, 3 intermediate) and novice sonographers assisted by the model on the
independent test set. Results  YOLOv13 achieved superior performance on the internal testing set: mAP@50
0. 653 (95%CI: 0. 608 to 0.669) versus RetinaNet 0. 546 (95%CI:0. 511 to 0. 563), Faster R-CNN 0. 578
(95%CI: 0. 531 to 0.591), RT-DETR 0. 627 (95%CI: 0. 585 to 0. 643); precision 0. 633 (95%CI: 0. 624 to
0. 643), recall 0. 715 (95%CI:0. 704 to 0. 725), F,-score 0. 671 (95%CI:0. 663 to 0. 681). On the independent
testing set (IloU=0. 5), YOLOv13’s F,-score (0. 624) exceeded all novice sonographers’ mean F,-score (0. 484;
P<0.001). Model assistance improved novice sonographers’ mean Fl-score from 0.484 to 0. 644 (33. 1%
improvement; P<0.001), approaching intermediate-level performance (0. 656); mean precision increased
20. 6% (0. 529 to o 0. 638), mean recall increased 42. 8% (0. 472 to 0. 674), and mean interpretation time
decreased 24. 4% (213. 33 min to 161. 33 min). Conclusion

performance for detecting 17 abdominal ultrasound anomalies and significantly enhances diagnostic efficiency

The YOLOv13 model demonstrates optimal

of novice sonographers, serving as an effective assistive tool for abdominal ultrasound screening in primary
care seltings.
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Initial screening: 19 082 cases with abnormal
abdominal ultrasound findings (January
2017-September 2024, with at least one type
of target abdominal abnormality)

Exclusion: 135 cases (85 with no lesion
images; 50 with unclear lesions)
~N
Enroliment: 18 947 cases (39 530 B-mode
ultrasound images)
| )
Liver: 9 403 Gallbladder: Pancreas: Spleen: Kidney: Bladder:
cases, 3 513 cases, 602 cases, 1160 cases, 3 613 cases, 656 cases,
19 209 7377 1558 2123 7634 1629
images images images images Y, images images
Independent Test Training Set (70%): Validation Set (10%):
P g Set (70%) alidation Set (10%) Test Set (20%): 3 598
Set: 927 cases, 12 601 cases, 1 821 cases, 3 840 cases. 7 541 images
) , i
1 891 images 26 258 images images 9
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Figure 2 Screening flowchart of abdominal B-mode ultrasound images
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Table 1 Baseline distribution of patients and distribution of various types of abnormalities in the dataset [ M(P,,,P,,,, n(%) ]

Training set Validation set Test set Date set

Category (n=12601) (n=1821) (n=3598) (n=18 020)
Images 26 258 3 840 7541 37 639
Bounding boxes 29 007 4213 8287 41507
Patients 12 601 1821 3598 18 020
Agelyears 51.00(43.00, 56.00) 51.00(43. 00, 56.00) 51.00(42. 00, 56.00) 51.00(43.00, 56.00)
Gender (male) 6531(51.83) 973(53.43) 1 822(50. 64) 9326(51.75)
Fatty liver 2586 337 681 3 604
Hepatic hemangioma 3593 501 1034 5128
Hepatic cyst 1788 219 474 2481
Hepatic calcification 2546 408 731 3685
Other hepatic focal lesions 2237 337 774 3348
Gallbladder polyp 517 61 123 701
Gallbladder stone 3678 570 1119 5367
Other gallbladder focal lesions 525 111 185 821
Pancreatic focal lesions 1033 161 291 1485
Splenic cyst 493 61 135 689
Splenic hemangioma 431 71 127 629
Other splenic focal lesions 523 70 155 748
Renal calculus 3080 500 877 4 457
Renal cyst 1424 188 352 1964
Other renal focal lesions 710 70 176 956
Bladder stone 811 122 215 1148
Bladder tumor 283 53 92 428

Total 26 258 3840 7541 37 639
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Figure 3 Annotated example images of 17 types of abnormalities in B-mode abdominal ultrasound
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Table 2 Performance of 4 mainstream object detection models on the internal test set

U N UL PO 7 S i o
(x10”) (GFLOP/s)

RetinaNet (0.505:0.527)  (0.5670.589)  (0.535-0.554)  (0.511-0.563) 3547 101.30 18. 12

Faster RONN (0 005%0%030) (0,600,690 (0.5170.522)  (0.531.0.501) 13702 37010 15.80

RT-DETR 0.516.0.537)  (0.696.0.717)  (0.5950.613) (0. 5852, 643) 15.52 37.50 2049

YOLOVI3 (0.620.643)  (0.704:0.725)  (0.663-0.68)  (0.608-0. 669) 2.50 640 31.55

R3 AMISERT 17 RERE R R E IS ETLAEIEIRITEL
Table 3 Comparison of diagnostic fficacy across four modes for 17 abdominal ultrasound abnormalities
Junior Attending Al + Junior Al
Class

Precision  Recall F, Precision  Recall F, Precision  Recall F, Precision  Recall F,
Fatty liver 0.719 0.440 0.539 0.707 0.364 0.437 0.476 0.806 0.585 0.437 0.799 0.565
Hepatic hemangioma 0.714 0.660 0.686 0.795 0.745 0.764 0.813 0.835 0.824 0.775 0.857 0.814
Hepatic cyst 0. 746 0.693 0.718 0. 831 0.830 0.828 0. 833 0.860 0.847 0. 842 0.880 0.860
Hepatic calcification 0. 492 0.429 0.458 0. 626 0.628 0.625 0.672 0.663 0.667 0. 695 0.700 0.697
Other hepatic focal lesions 0. 505 0.581 0.539 0. 602 0.637 0.615 0. 629 0.708 0.666 0.551 0.645 0.59%
Gallbladder polyp 0. 386 0.393 0.389 0.584 0.600 0.590 0.562 0.521 0.539 0.583 0.262 0.361
Gallbladder stone 0. 440 0.396 0.417 0. 463 0.488 0.474 0. 459 0.506 0.481 0. 454 0.482 0.468
Other gallbladder focal lesions 0. 397 0.139 0.181 0.533 0.319 0.39%4 0. 402 0.389 0.393 0. 455 0.458 0.457
Pancreatic focal lesions 0.762 0.635 0.692 0. 945 0.735 0.801 0. 843 0.863 0.853 0.737 0.849 0.789
Splenic cyst 0.436 0.333 0.378 0.913 0.594 0.711 0.612 0.652 0.629 0.584 0.783 0.669
Splenic hemangioma 0.484 0.542 0.506 0. 810 0.896 0.842 0. 625 0.854 0.720 0. 660 1.000 0.795
Other splenic focal lesions 0.457 0.281 0.330 0.758 0.684 0.712 0. 630 0.351 0.435 0. 659 0.407 0.503
Renal calculus 0.329 0.305 0.317 0. 456 0.412 0.432 0.411 0.449 0.429 0.436 0.340 0.382
Renal cyst 0. 624 0.533 0.575 0.784 0.767 0.771 0.759 0.817 0.786 0.673 0.760 0.714
Other renal focal lesions 0.617 0.679 0.633 0.790 0.833 0.809 0. 884 0.786 0. 827 0. 945 0.607 0.739
Bladder stone 0.573 0.392 0.465 0.730 0.654 0.687 0.769 0.621 0.687 0. 697 0.569 0.626
Bladder tumor 0. 306 0.595 0.403 0. 654 0.690 0.652 0. 464 0.786 0.578 0. 456 0.786 0.577
Mean 0.529 0.472 0.484 0.705 0.640 0.656 0.638 0.674 0.644 0. 626 0.658 0.624
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Figure 4 Analysis of P-R curve features and diagnostic efficacy across 4 modes for 17 abdominal ultrasound abnormalities
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Figure 5 Comparison of abdominal ultrasound diagnostic time and F, scores across 4 diagnostic modes
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Figure 6 Effect curves of brightness/contrast variations on mAP @50 of the abdominal ultrasound detection model
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