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Background and Objective

~

Ineffective efforts during expiration (IEE) 1s one of the most
common manifestation of patient-ventilator asynchrony (PVA)
in mechanically ventilated patients. Because the poor
interaction between the patient and the ventilator 1s associated
with inferior clinical outcomes, every effort should be made to
1dentify and correct their occurrence. Deep learning has shown
promising ability in PVA detection; however, lack of
interpretability hampers its application in clinic.

Methods

We proposed an interpretable one-dimensional convolutional
neural network (1DCNN) to detect IEE 1n pressure control
ventilation (PCV) mode. Class activation map (CAM) was
incorporated with a IDCNN model to visualize which sections
of the waveform was focused on when the model made a
classification. Fig. 1 illustrates the proposed 1DCNN
architecture and the class activation mappings work flow.
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Fig. 3. Architecture of the proposed IDCNN network with the
procedure for generating CAM.

Results

The proposed interpretable 1IDCNN exhibits comparable
performance with the state-of-the-art deep learning model,
with the F1 score of 0.973 for IEE detection. The performance
of the networks 1s evaluated using 5-fold cross validation and
result was given 1n Table 1. The sections of the waveform
highlighted by the CAM are consistent with the understanding
of this type of PVA by experts. The interpretation of the

{assiﬁcation 1s 1llustrated in Fig. 2. /
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Table 1. The overall performance of the networks.
IDCNN 0.973+ 0.984+ 0.963+ 0.973+
0.003 0.007 0.007 0.004
2-layer 0.971+ 0.984+ 0.959+ 0.970+
LSTM 0.003 0.006 0.003 0.003
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Fig. 2. The interpretation of the classification of IEE.

Conclusions

The findings suggest that the proposed 1DCNN can help
detect PVA, and enhance the interpretability of the
classification process that help clinicians to better understand
the deep learning technology.
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