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Abstract: In the absence of additional auxiliary tests and relying solely on histopathological images,
small-volume biopsy samples of retroperitoneal soft tissue tumors often lead to interobserver
variability, impacting the overall diagnostic accuracy of disease subtypes. To address this issue, 157
whole-slide images (WSIs) were collected from multiple centers, encompassing five disease

categories: dedifferentiated liposarcoma(DDLP) , leiomyosarcoma (LMS ) , malignant peripheral nerve
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sheath tumor (MPNST) , undifferentiated pleomorphic sarcoma (UPS)

, and well-differentiated

liposarcoma (WDLP ). Based on these WSIs, two model ensemble methods were proposed: one based

on single-scale images and the other on multi-scale images. Deep learning models, such as ResNet18§,
EfficientNet B7, and EfficientNet V2, were trained on the collected data. Results showed that both

ensemble methods achieved high classification accuracy, with the best model achieving an overall

accuracy of 82.27% in patch-level analysis and 80.95% in WSI-level analysis. Therefore, the proposed

methods can effectively assist pathologists in the clinical diagnosis of retroperitoneal soft tissue tumors.
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Fig. 1 Diagram of the data preparation process
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Fig. 2 Diagram of the image patch extraction method
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Fig.3 Deep learning-based diagnostic framework
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Table 2 Comparison of accuracy on whole slide images based on test set 1 (original vs refined methods)
K DDLP LMS UPS WDLP Overall
(True/False/ACC)  (True/False/ACC)  (True/False/ACC) (True/False/ACC) (True/False/ACC)
EfficientNet B7(Jilf}) 13/14/48. 15% 6/0/100% 5/3/62. 50% 16/0/100% 40/17/70. 18%
Ensemble model ( J7L7) 15/12/55. 56% 6/0/100% 6/2/75. 00% 16/0/100% 41/16/71.93%
Multi model V1(JR1#H) 15/12/55. 56% 6/0/100% 8/0/100% 16/0/100% 45/12/78.95%
Multi model V2(J51#H) 16/11/59. 26% 6/0/100% 8/0/100% 16/0/100% 46/11/80. 70%
EfficientNet B7({fk) 17/10/62. 96% 6/0/100% 5/3/62. 50% 16/0/100% 44/13/77. 19%
Ensemble model (f31k) 16/11/59. 26% 6/0/100% 6/2/75. 00% 16/0/100% 44/13/77. 19%
Multi model V1 ({54k) 22/05/81. 48% 6/0/100% 8/0/100% 16/0/100% 52/05/91.23%
Multi model V2({f:4k) 20/07/74. 07% 6/0/100% 8/0/100% 16/0/100% 50/07/87. 72%
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Table 3 Comparison of accuracy on whole slide images based on test set 2 (original vs refined methods)
Hom DDLP LMS UPS WDLP Overall
(True/False/ACC)  (True/False/ACC)  (True/False/ACC) (True/False/ACC) (True/False/ACC)
EfficientNet B7(Jif) 4/8/33.33% 7/0/100% 4/4/50. 00% 14/1/93.33% 29/13/69. 05%
Ensemble model ( J7L7) 5/7/55. 56% 7/0/100% 3/5/37. 50% 15/0/100% 30/12/71. 43%
Multi model V1(JR1#) 7/5/58.33% 7/0/100% 4/4/50. 00% 15/0/100% 33/09/78. 57%
Multi model V2(J51#) 7/5/58.33% 7/0/100% 3/5/37. 50% 15/0/100% 32/10/76. 19%
EfficientNet B7({1k) 4/8/33.33% 7/0/100% 4/4/50. 00% 14/1/93.33% 29/13/69. 05%
Ensemble model (ff51k) 6/6/50. 00% 7/0/100% 3/5/37. 50% 15/0/100% 30/12/73. 81%
Multi model VI ({54k) 8/4/58.33% 7/0/100% 4/4/50. 00% 15/0/100% 34/08/80. 95%
Multi model V2({f:4k) 7/5/58.33% 7/0/100% 3/5/37. 50% 15/0/100% 32/10/76. 19%
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