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k-nn
For numerous observations, assume that we have some exact value of the combination-weight of MB/MF learning styles (wo). The features vector is extracted from each observation, and these feature vectors and related wo value (well-known as the label) are stored in a database. By having this database, we want to estimate the combination-weight for newly observed behavior data (ŵk‑nn). Based on this data, the feature vector was calculated, then we linearly normalized this vector based on feature space(Equation (S3-1) ).
	(S3-1)
Where ,  and  are value, minimum and maximum of observed feature vector in jth dimension of ith agent, respectively. Then we calculate the Euclidean distance (d) of this feature vector from other vectors in the features space and k nearest features found based on d. Now the estimated value of combination weight for this observation is given by equation (S3-1)
[bookmark: _Ref55324971]	(S3-1)
where  is the label of ith sample in the dataset and N0 is the index set of k nearest neighbor, and the weighted factor vi is calculated by equation (S3-2).
[bookmark: _Ref55322408]	(S3-2)
where in equation (S3-2), dmax and dmin are the maximum and minimum distance values of neighbor, respectively.
The feature space and hyperparameter k have the most impact on the results. The k parameter controls the localization and generalization of the k-nn learning method and has an optimal value. To achieve the best k-nn performance, we adapt the k value by the exhaustive search to minimize MAE. Based on analysis when k is greater than 30 and up to 100, the MAE is nearly constant. For these values of k, the MAE just varies minimally in the range of 0.1943 to 0.1948, but the optimal value of k is 69, and we use this value in all different situations.
In addition to the k parameter, the feature selection can improve k‑nn performance. To optimize the feature space, we used the backward elimination algorithm. Backward elimination begins with all features, and in each step, the best performance by eliminating one feature is accepted. These steps continue until all features were eliminated or eliminated any other features make no improvement. we use backward elimination in two conditions based on available features (℘1+2 and ℘1). Based on Fig S3-1 the improvement of MAE is very low (<0.001) and we can assume all introduced features are good. We also check the linear correlation between all pairs of features and all relations are below 0.95 so we cannot eliminate any feature by unsupervised feature selection. Due to low improvement, we ignore the feature selection in the paper.
 [image: ]
[bookmark: _Ref486680280]Fig S3-1. Backward elimination in different conditions. A: All Features included (℘1+2). B: Fitting features excluded (℘1). The red steps are features whose elimination from feature space increases MAE. The 10-fold cross-validation on the k-nn dataset is used.
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