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Diagnostic value of deep neural network model based on characteristics of density distribution
in COVID-19
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Abstract: Objective To evaluate the efficacy of a deep neural network (DNN) model based on characteristics of density
distribution (CDD) in diagnosing corona virus disease 2019 (COVID-19). Methods A total of 42 cases of COVID-19 and 43
cases of non-COVID-19 pneumonia were enrolled in the study. The 211 chest CT images of these patients were divided into a
training set (n=128) and a validation set (#=83). Referring to the CT structured report of COVID-19-related pneumonia
issued by Radiological Society of North America, the CT imaging features (CTIF) based DNN model (DNN-CTIF) was
constructed. Meanwhile, the DNN-CDD model was constructed based on the pneumonia CDD in the chest CT images. ROC
curve analysis and decision curve analysis were used to evaluate the diagnostic performances of the two models. Results The
AUC of DNN-CTIF model and DNN-CDD model was 0.927 and 0.965 in training set. The AUC of DNN-CDD model in
validation set was significantly higher than that of DNN-CTIF model (0.829 vs 0.929, P=0.047). Moreover, the decision
curve analysis showed that DNN-CDD model provided more net benefit than DNN-CTIF model in the range of 0.04-1.00
probability threshold. Conclusion Both DNN-CTIF and DNN-CDD models have good diagnostic performance for
COVID-19, and DNN-CDD model is superior to DNN-CTIF model.
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Table 1 CT scanning conditions in 3 hospitals
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Figure 2 A 30-year—old male diagnosed with mycoplasma pneumoniae pneumonia
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Table 2 Comparison of general data between two groups

B GR COVID-19 41 (n=42) Xif HRZH (n=43) P
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Table 3 CT performance comparison of training set and validation set [ cases (%)]

GGO ZeA7 4371 0.013 0.267
e 4(5.0) 8(16.7) 5(9.6) 7(22.6)
i 11(13.75) 12(25.0) 12(23.1) 6(19.4)
XU 65(81.25) 28(58.3) 35(67.3) 18(58.1)

GGO oA
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TR 67(83.75) 30(62.5) 37(71.2) 21(67.7)

29
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IINFAZ OB B AL 0.108 0.989
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51(98.1) 28(90.3)
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NIV ] g 344 JEL
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H 44(55.0) 39(81.25) 28(53.8) 26(83.9)
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Figure 3 CDD heat map of pneumonia in two groups
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Figure 4 Dimensionality reduction by elastic network
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Table 4 Comparison of diagnostic performances between DNN-CTIF model and DNN-CDD model

HHE PAGITE S AUC(95%CI) [ E RN/ % RS E%

DNN-CTIF Itk 0.927(0.882-0.972) 0.612 80.00 93.75
Lioafoe S 0.829(0.738-0.919) 0.612 71.15 93.55

DNN-CDD Y1254 0.965(0.934-0.996) 0.621 87.50 93.75
IOUFSE 0.929(0.873-0.986) 0.621 84.62 96.77
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