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Multi—-Label Chest X-ray Classification Method Based on Anatomical
Structure and Label Relationship Modeling

ZHANG Zhihao, HU Jinrong, CHEN Hao
(School of Computer Science, Chengdu University of Information Science Technology, Chengdu 610200, China)

Abstract: Chest X-ray imaging served as an essential tool for clinical screening and diagnosis of thoracic diseases. Existing approaches often
relied solely on local feature extraction, failing to effectively utilize contextual information and anatomical priors, which limited their diagnos-
tic accuracy and robustness. To address these issues, we proposed a dual-guided context refinement module, which integrated anatomy—guid-
ed spatial attention and edge—guided channel attention to enhance feature representation from both anatomical and structural perspectives.
Meanwhile, to overcome limitations in modeling label co—occurrence and semantic dependencies, we constructed a learnable label co—occur-
rence knowledge base to capture co—occurrence relationships and semantic similarities among disease labels. Experimental results demonstrat-
ed that the proposed method achieved AUC scores of 85.0% and 89.6% on two public CXR datasets, ChestX-ray14 and CheXpert, respective-
ly. These findings indicate that the proposed framework effectively improves multi-label chest disease recognition and exhibits strong general -
ization capability.
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Fig.1 Overall framework of the classification model based on anatomical structure and label relationship modeling
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Fig.2 Framework of the dual-guided context refinement module
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Fig. 3 Framework of the learnable label co—occurrence knowledge base module
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Fig. 4 Input chest X-ray images from the CheXpert dataset and their
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Table 1 Comparative experimental results on the ChestX-ray14 data-

set

# 1 7EChestX-rayl4 #iE&E FHIXFLL LG LR
Method Cardiomegaly Edema Consolidation Atelectasis Effusion Mean
Xuetal[ 18] 0.806 0.833 0.772 0.751 0.860 0.804
MPC[19] 0.885 0.829 0.775 0.731 0.810 0.806
MAE[20] 0.876 0.862 0.745 0.770 0.824 0.815
BB-GCN[12] 0.895 0.855 0.759 0.779 0.836  0.825
PCAN[21] 0.887 0.854 0.759 0.791 0.841 0.826
ML-LGL[22] 0.904 0.866 0.771 0.782 0.835 0.832
PCAM[23] 0.864 0.833 0.732 0.772 0.825 0.805
ours 0.910 0.880 0.792 0.794 0.872 0.850

1 “Pleural Effusion” i AUC i 1+ 0.90; “Cardiomegaly” Fll
LR 0.881 F110.852., 415

“Atelectasis” 8 JUfS A0 45
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Table 2 Comparative experimental results on the CheXpert dataset

2 7ECheXpert H#EE XL RIG LR

Cardiomega- Consolida- Pleural
Method Edema telectasis Mean
ly tion Effusion
Xu et al[ 18] 0.796 0.797 0.606 0.651 0.819 0.734
BB-GCN
0.866 0.858 0.720 0.732 0.877  0.811
[12]
MPC[ 19] 0.786 0913 0.908 0.822 0.927 0.871
MAE[20] 0.776 0.923 0.894 0.815 0.920 0.887
ML-LGL
0.853 0.912 0.943 0.811 0.928  0.889
[22]
PCAN[21] 0.859 0.906 0911 0.840 0.937  0.891
PCAM[23] 0.853 0.905 0.916 0.825 0.896  0.879
ours 0.881 0913 0.926 0.852 0910 0.896
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Fig. 6 Lesion region localization by the proposed model on the
ChestX-ray14 dataset
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Table 3 Ablation experimental results of the DGCR module and
LLCKB module on the ChestX-ray14 dataset
%3 7 ChestX-rayld4 ##E 5 F DGCR#EHR S LLCKB 5k 1938 0 58

Method Cardiomegaly Edema Consolidation Atelectasis Effusion Mean
Baseline 0.864 0.833 0.732 0.772  0.825 0.805
Baseline+DGCR 0.892 0.864 0.783 0.779  0.863 0.836
Baseline+LLCKB 0.899 0.873 0.788 0.782  0.868 0.842
Baseline+DGCR+
0.910 0.880 0.792 0.794  0.872 0.850
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Table 4 Ablation results of introducing the LLCKB module at differ-

ent stages on the ChestX-ray14 dataset
#R4 7 ChestX-rayl4 H#E 5 _F A EIM B 5|\ LLCKB &R i Rl St

Method Cardiomegaly Edema Consolidation Atelectasis Effusion Mean
Baseline 0.864 0.833 0.732 0.772  0.825 0.805
Baseline+LLCKBI1 0.887 0.860 0.782 0.781 0.845 0.831
Baseline+LLCKB2 ~ 0.874 0.846 0.784 0.774  0.842 0.817
Baseline+LLCKB 0.899 0.873 0.788 0.782  0.868 0.842
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