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Construction of differential diagnosis and staging model of pneumoconio-

sis based on multi-task learning
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Abstract: Objective To construct a deep learning model based on multi —task learning to assist clinicians in differential

diagnosis and staging of pneumoconiosis. Methods The digital chest radiographs of 3 600 patients from an occupational

disease hospital in Sichuan Province from 2011 to 2022 were collected, and the full convolution neural network (UNet) was

used to segment the lung field. Based on multi—task learning, the multi—task model was constructed using the correlation

between tasks. The multi —task model was pre —trained on the ChestX —rayl4 dataset, whose backbone network was

DenseNet121, and two classifiers were added behind the backbone network. Paired ¢ —test was used to compare the

differences in accuracy, precision, sensitivity, and F1 scores between single—task model and multi-task model. Results The

test set results showed that the differential diagnosis and diagnostic staging performance of the single—task model was about

90% and 77%, respectively. The differential diagnosis and diagnosis staging performance of the multi—task model was about

94% and 86%, which was higher than that of the single—task model about 4% and 9%, respectively. The difference between

the evaluation indexes was statistically significant (P < 0.05). Conclusion The multi—task model has more advantages than

the single —task model and can effectively realize the differential diagnosis and accurate staging of pneumoconiosis and

pulmonary tuberculosis.
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Figure 1  Study workflow
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Table 2 Performance of single—task model with different dropout rates
s P HEMI (%) KA (%) RIGE (%) F1I° 73 40(%)
(95%CI) (95%CI) (95%CI) (95%Cl)
0.25 89.23 89.58 89.25 89.19
(89.09 ~ 89.37)) (89.48 ~ 89.69) (89.13 ~ 89.37) (89.08 ~ 89.30)
0.50 87.41 89.19 88.50 88.60
(86.22 ~ 88.60) (88.56 ~ 89.83) (87.65 ~ 89.35) (87.75 ~ 89.44)
fE%— 0.75: 89.88" 90.25° 89.89° 89.85¢
(89.67 ~ 90.08)" (90.04 ~ 90.46)° (89.68 ~ 90.10)" (89.62 ~ 90.09)*
0.90 89.59 89.87 89.54 89.44
(89.44 ~89.74) (89.72 ~90.02) (89.39 ~89.69) (89.28 ~ 89.60)
0.25 78.02 78.22 78.13 78.03
(77.47 ~78.58) (77.62 ~78.82) (77.59 ~ 78.68) (77.45 ~78.62)
0.50 77.84 78.00 77.63 77.72
B (77.41 ~78.28) (77.52 ~78.48) (77.23 ~ 78.03) (77.24 ~ 78.20)
fE = 075" 78.44 79.34* 79.16" 78.76"
(77.59 ~ 79.30)" (78.46 ~ 80.22)° (78.32 ~ 80.00)° (77.90 ~ 79.62)"
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(78.04 ~ 78.93)
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(77.37 ~ 78.30)
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Table 3 Performance of multi-task model with different dropout rates

o g W (%) TEHAE (%) RIE (%) F1 %0 (%)
(95%CI) (95%CI) 95%CI) (95%CI)
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93.63 93.73 93.63 93.60
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(94.14 ~ 94.20)° (94.13 ~ 95.30)" (94.10 ~ 94.25)" (94.00 ~ 94.19)"
93.61 93.80 93.61 93.57
090 (93.50 ~ 93.73) (93.70 ~93.91) (93.49 ~ 93.73) (93.45 ~93.69)
025 87.64 88.76 88.17 88.18
(87.33 ~ 87.94) (88.32 ~ 89.20) (87.53 ~ 88.80) (87.56 ~ 88.80)
89.06 90.07 89.43 89.53
B 030 (88.92 ~ 89.21) (89.74 ~ 90.41) (89.06 ~ 89.80) (89.20 ~ 89.86)
fe = 075 89.25° 90.33° 89.72° 89.83
(88.90 ~ 89.60)" (89.99 ~ 90.68)" (89.34 ~90.11y" (89.46 ~ 90.20)°
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(86.55 ~ 86.97)

(87.70 ~ 88.18)

(87.00 ~ 87.45)

(87.24 ~ 87.69)
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Figure 3 Task 2: ROC curves of multi—task model
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Table 4 Performance comparison of Task 1 between single—task model and multi-task model (x + s )

W HERR FEEHY 3 IN filizt AT A FHIE
HERIZE (%) AT S5 A5 — — — 90.03 + 0.67
AT A — — — 94.13 +0.80
i — — — 22.54
PAE — — P<0.001
A (%) AT S5 AR 88.56 +2.42 93.11+1.89 89.25 +3.01 90.31 +0.55
AL 551 93.34 + 1.04 97.16 + 1.08 93.34 + 1.04 94.30 +0.73
18 10.10 10.03 459 2478
Py P<0.001 P<0.001 P<0.001 P<0.001
R (%) AT S5 AR 92.13 +3.41 83.56 + 1.94 94.42 +2.77 90.03 + 0.67
ZAT S5 97.83+1.03 87.85+2.28 96.69 + 0.83 94.13 0.80
t1E 9.62 8.83 5.01 2254
PAE P<0.001 P<0.001 P<0.001 P<0.001
F1 5350(%) AT S5 A5 90.22 + 1.01 88.04 + 0.64 91.68 +0.83 89.98 + 0.68
ZAT S A5 95.53+0.36 92.25 +1.30 94.47 + 1.12 94.08 +0.82
R 3371 18.76 17.73 32.35
Pia P<0.001 P<0.001 P<0.001 P<0.001
R5 TSP ZATRSERIHT S HERE L (2 £ 5)
Table 5 Performance comparison of Task 2 between single—task model and multi-task model (x s )
W HEbR Line AA2fili (%) T (%) A (%) ZH (%) I (%)
HE (%) BTG5 A — — — — 7748 +1.54
ZAL S5 — — — — 86.33 +2.42
t1H — — — — 20.30
PiE — — — P<0.001
FEWEE (%) AT 55 AR 77.20 + 4.76. 70.90 + 3.32 77.06 85.69 +3.71 7771+ 1.47
ZAT 51 95.37 +4.05 81.64 +2.39 80.01 +4.34 89.12 +4.94 86.54+2.76
tfH 21.86 19.94 3.26 3.30 17.84
Py P<0.001 P<0.001 P=0.002 P=0.002 P<0.001
RIBE (%) PLAT: 55 AR R 88.00 + 6.22 70.17 + 5.06 63.08 + 6.55 88.67 + 1.65 77.48 £ 1.54
AT S5 A5 94.92 +2.61 87.58 +6.13 76.585 £ 9.67 86.25+1.72 86.33 +2.42
R 6.50 11.79 10.50 6.75 20.30
PfE P<0.001 P<0.001 P<0.001 P<0.001 P<0.001
F1 53%8(%) AT S5 AR 81.98 +2.62 70.34 £ 2.36 69.04 +3.32 87.11+2.14 77.12 +1.70
AT S5 94.90 +2.00 84.15 +2.69 77.90 + 4.48 87.32 +2.24 86.07 +2.37
R 28.85 2234 8.58 3.59 17.02
PAH P<0.001 P<0.001 P<0.001 P=0.722 P<0.001
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