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1.Data processing
[bookmark: _GoBack][bookmark: _Hlk120441088]First of all, the textile data was transformed into a sparse matrix using the one-hot encoding method. Then, Euclidean distance between two samples was regarded as a correlation measure (), where  represents the correlation degree between two sample entries, and  represents the vector formed by all the indicators of sample , respectively. Missing values were filled with the most relevant sample data. The least absolute shrinkage and selection operator were used to reduce the dimension of the processed data.

2.The architecture of reservoir computing algorithm
The RC structure consists of the input matrix, the intermediate layer network, the output matrix, the state-iterating equation and the output function. The output matrix is
 ，(1)
where  is the mapping matrix from the middle layer to the output layer,  is the inverse function of the activation function,  is the training sample label matrix,  is the sample input matrix,  is the hyperparameter, and  is the identity matrix, respectively. The state-iterating equation are
 , (2)
where  represents the network state of the middle layer,  is the learning rate,  is the middle layer matrix,  is the mapping matrix from the input layer to the middle layer,  is the bias term, and  is the sample data, respectively. The output function are
, (3)
where  is the predicted sample label matrix,  represents the activation function, and  is the outputs the bias term, respectively.

3.Improved method for of Reservoir computing with boosted topology
In previous studies, scholars proposed a variety of clinical manifestations and clinical data to judge the development of SFTS. On this basis, we try to use machine learning to fit a variety of indicators to form a model. The RC model has been applied because it offered a good demonstration of the neuron organization in the brain, especially when the higher-level functions of the brain are difficult to model by a small number of independent groups of neurons (1). In order to make the model better fit the clinical manifestations and clinical data of SFTS, we need to increase the number of neurons to improve the information processing capability of the middle layer (2). Non-isolated nodes in the network correspond to neurons in the brain. Different topologies (sub-networks) correspond to different groups of neurons. These neuron groups can be used to extract the information among the concerned SFTS indicators. Isomorphic graphs are defined as sub-network topologies that are identical. The network of the middle layer is converted into an undirected graph and then the nodes are considered as identical. Specifically, if two sub-networks have the same structure, the number of nodes, the degree distribution, and the number of edges are correspondingly equal,  , where,  represents the number of nodes, the degree distribution, and the number of edges for the network composed of neuron groups, respectively.

Technically, in the setting of the middle layer of the model, the underlying network type is considered as a random network, where the probability of the connection between two nodes controls the sparsity degree of the network. Another important parameter is the number of sub-network structures, which affects the model performance. The fitting degree of complex relationships between SFTS indicators depends on the number of sub-network structures. The sub-networks are generated by the following steps: When changing the network structure, all the contiguous edges of the nodes with the highest degree value were removed in the network at first, so that the sub-networks were efficiently generated when the network was dense. Inevitably, such an operation resulted in the emergence of isolated neurons. Therefore, only a small number of neurons are reconnected to increase the number of structural categories. Specifically, three to five isolated neurons are randomly selected for random edge concatenation to generate new neuron groups. 




References
1. [bookmark: _Hlk128503034]Krishnagopal S, Aloimonos Y, Girvan M. Similarity learning and generalization with limited data: A reservoir computing approach. Complexity, 2018; 6953836.
2. Okada S, Bartelle B, Li N, Breton-Provencher V, Lee J, Rodriguez E, et al. Calcium-dependent molecular fMRI using a magnetic nanosensor. Nat nanotechnol, 2018; 13(6), 473-477.

