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Abstract ; Since late 2019, the widespread outbreak of the novel coronavirus has had a severe impact
on public health and social order. Machine learning-based prediction methods have the capability to
determine the infectivity phenotype and pandemic risk of coronaviruses. Presently, six classes of coro-
naviruses that infect humans have been identified. These viruses exhibit significant differences in their
genomic sequences, and the continuous genetic variation in these viruses has resulted in a decline in
the performance of machine learning models, potentially causing issues related to learned forgetting.

This study, based on an incremental learning model framework, employed a One-class SVM algorithm
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for continuous discrimination of novel coronavirus subgroups. Furthermore, a combined strategy of pa-
rameter sharing and knowledge distillation to adapt a backpropagation ( BP) neural network for contin-
uous learning and prediction of the human-infecting phenotype of coronaviruses was employed. The re-
sults indicate that the One-class SVM, with a combination of balancing parameters v at 0.92, 0. 81,
0.24,0.11, 0.55, and 0. 2, achieved the optimal classification performance for the six virus classes.
It was found that the prediction model achieved the best performance when the number of hidden layer
nodes was increased to 6, with a maximum Index of Agreement (/AC) value of 0. 903 5 and a maxi-
mum Bias Total (BT) value of —0.039 9. This effectively suppressed the learning amnesia trend in
the network model, with the model’s predictive performance being close to that of joint data training
(IAC: 0.923 6). This performance was significantly better than that of neural networks without
knowledge distillation (IAC: 0.776 4). Moreover, in comparison to other incremental methods, our
approach outperformed sample-based methods such as ESRIL (JAC: 0.866 2) and model parameter-
based methods like CCLL (/AC: 0.885 3). This research holds important implications for public
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health applications.
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Table 1  Six cluster datasets of coronavirus
Virus HCoV-NL63 HCoV-229E HCoV-0C43 HCoV-HKUI SARS-CoV MERS-CoV
Human 728 215 140 18 342 253
Animal 924 202 201 24 474 313
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Fig.1 One class SVM schematic diagram
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Table 2 The training process of incremental transformation

Algorithm 1; Training process of incremental transformation
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Fig.2 Incremental training of BP neural network
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Table 4 The optimal trade-off parameter values for coronavirus data from different sources
Virus HCoV-NL63 HCoV-229E HCoV-0C43 HCoV-HKU1 SARS-CoV MERS-CoV
Best v 0.92 0.81 0.24 0.11 0.55 0.20
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Table 5 Prediction results of coronavirus without incremental modification
— HER %
CoV-NL63 CoV-229E CoV-0C43 CoV-HKU1 SARS-CoV MERS-CoV
CoV-NL63 1.000 0 0.798 4 0.698 2 0.5221 0.889 2 0.5453
CoV-229E 0.827 1 0.972 3 0.523 5 0.546 7 0.8712 0.558 9
CoV-0C43 0.824 1 0.782 4 0.942 3 0.508 7 0.942 1 0.602 1
CoV-HKU1 0.782 3 0.758 2 0.8211 0.9109 0.906 9 0.509 3
SARS-CoV 0.7412 0.803 4 0.789 2 0.742°5 0.8451 0.503 9
MERS-CoV 0.712 8 0.725'1 0.718 3 0.739 8 0.8237 0.939 1
IAC=0.776 4 BT =-0.190 2
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Table 6  Coronavirus prediction results with 2 hidden nodes added

it i

CoV-NL63 CoV-229E CoV-0C43 CoV-HKU1 SARS-CoV MERS-CoV
CoV-NL63 1.000 0 0.809 0 0.637 6 0.555 6 0.970 0 0.565 2
CoV-229E 1.000 0 0.988 0 0.623 1 0.548 2 0.9300 0.556 5
CoV-0C43 0.969 7 0.944 6 0.956 5 0.444 4 0.900 5 0.582 6
CoV-HKU1 0.959 7 0.943 6 0.913 0 0.888 9 0.880 0 0.591 3
SARS-CoV 0.929 3 0.863 6 0.874 1 0.778 9 0.835 3 0.573 9
MERS-CoV 0.954 6 0.830 9 0.842 4 0.768 9 0.842 9 0.850 8

IAC =0. 848 4 BT = -0.085 8
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Table 7 Coronavirus prediction results with 4 hidden nodes added

it M
CoV-NL63 CoV-229E CoV-0C43 CoV-HKU1 SARS-CoV MERS-CoV
CoV-NL63 1.000 0 0.842 0 0.632 3 0.533 6 0.942 9 0.545 2
CoV-229E 1.000 0 0.988 0 0.642 1 0.565 2 0.923 6 0.553 2
CoV-0C43 0.979 8 0.977 2 0.943 5 0.478 2 0.912 6 0.542°5
CoV-HKU1 0.959 5 0.954 7 0.9195 0.887 2 0.874 2 0.584 2
SARS-CoV 0.939 3 0.863 6 0.884 3 0.8212 0.842 1 0.575 1
MERS-CoV 0.989 8 0.840 9 0.852 3 0.888 9 0.853 9 0.858 2
IAC =0. 880 7 BT=-0.0470
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Table 8 Coronavirus prediction results with 6 hidden nodes added

S HER
CoV-NL63 CoV-229E CoV-0C43 CoV-HKU1 SARS-CoV MERS-CoV
CoV-NL63 1.000 0 0.879 9 0.628 1 0.544 4 0.979 9 0.561 1
CoV-229E 1.000 0 0.988 0 0.623 3 0.555 6 0.9311 0.556 4
CoV-0C43 0.980 0 0.977 2 0.956 5 0.445 5 0.9222 0.5826
CoV-HKU1 0.969 9 0.966 7 0.920 0 0.921 1 0.881 2 0.491 3
SARS-CoV 0.942 2 0.863 3 0.888 9 0.8222 0.8353 0.573 9
MERS-CoV 0.9322 0.853 3 0.862 4 0.888 0 0.965 5 0.920 0
IAC =0.903 5 BT = -0.039 9
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Fig.4 Optimization algorithm accuracy at different distillation
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Fig.5 Verification of knowledge distillation prediction ability
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