Six encoding feature constructions
One-hot encoding
The amino acids within a small range around the acetylation site are primary sequence features and have proven to be useful information for lysine acetylation sites prediction in previous studies [1]. These features can be used to represent protein sequences. We adopted one-hot encoding scheme to transform protein fragments into numeric vectors. Thus, each of the 21 different amino acids (20 amino acid plus the gap-filling residue “X”) was encoded into a 21-dimensional vector that contained only 0 and 1. We arranged the amino acids in the order of ARNDCQEGHILKMFPSTWYVX. Amino acid A was represented as (1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0), R was represented as (0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0), and so on. Therefore, the dimension of the numeric vector is 21*31.
BLOSUM62 matrix
BLOSUM (Blocks Substitution Ma) matrices have belonged to the most common substitution matrix series for protein homology search and sequence alignments since their publication in 1992 [2]. Essential characters of protein evolution can be learned from analysis of aligned protein sequences [3]. So, BLOSUM62 matrix can be used to encode protein sequences, which contain the evolutionary information of sequences. In this work, we assigned zero the gap-filling residue “X”. Each row of the matrix represents one amino acid, for example, the first row of the matrix represents amino acid A. In this way, the dimension of the numeric vector is 21*31. 
Composition of K-space amino acid pairs (CKSAAP)
The CKSAAP encoding scheme reflects the information of amino acid pairs in small range within the peptides. There are 441 different amino acid pairs for the 21 amino acids. A sliding window with K-space (amino acid pair separated by K amino acid) was used to scan through the fragments and count all amino acid pairs (e.g., AXXV is a two-space amino acid pair and K=2). We defined an amino acid pair as .The frequency  of all possible amino acid pairs is defined as 

where L represents the length of fragments. After calculating the frequency of all possible amino acid pairs, we can get a 441-dimensional vector . In order to get more information about fragment dependency, we took K from 0 to 4 and obtained a 2205-dimensional feature vector.
Information gain (IG)
Shannon Entropy was defined as a unique function that represents the average amount of information for a set of objects according to their probabilities [4]. It can be used to measure the conservation of amino acids in fragments. We used window-wise entropy that is calculated by probability of the individual amino acid to generate one numeric feature [5]. For a given fragment, it can be calculated as 

where represents the probability of an amino acid (20 amino acid plus the gap-filling residue “X”) in the fragment. The probability  is equal to the total number of amino acid  in the fragment divided by the length of the fragment. When the amino acids in the fragment are the same, Shannon entropy takes 0. Relative Entropy is also known as Kullback-Leibler distance and defined as

where , represents the length of the fragment. Information Gain measures the information transformation from the background or random state to the state influenced by the class no matter positive or negative class [5]. It is derived from the following formula

Finally, a fragment can be represented by the IG value.
Physicochemical and biochemical properties
AAindex is a database of numerical indices representing various physicochemical and biochemical properties of amino acids [6]. There are 566 entries in Amino Acid Index Database (http://www.genome.jp/dbget-bin/www_bfind?aaindex). We chose the common 14 physicochemical properties from Amino Acid Index Database and normalized them. The details of the 14 physicochemical properties were Hydrophobicity, Polarity, Polarizability parameter, Transfer energy, Organic solvent/water, Accessible surface area, Net charge, Molecular weight, pK-N, pK-C, Melting point, Optical rotation, Entropy of formation, Heat capacity, and Absolute entropy [6]. For a given fragment, each amino acid can be represented by 14 values. Thus, a fragment is encoded into a 434-dimensional vector.
Position-specific scoring matrix (PSSM)
To get information about the sequential evolution, we can exploit the data of the position-specific scoring matrix. Position-specific scoring matrix (PSSM) is constructed according to the model proposed by Vacic, Iakoucheva and Radivojac [7], PSSM [8]. Let P and N represent the flaking regions of positive and negative sample,  and represent the number of fragments in the positive and negative dataset, respectively.  is the th fragment in the positive dataset,  is the th position in the th fragment. A binary vector  can be obtained for each symbol  from the 21 amino acids

where  can be calculated using the following formula
 
The vector  for negative samples can be formed in the same way. For each set of  and , a p-value was obtained via two-sample t-test [7]. Then, we constructed the following matrix 

In this matrix, L is the length of the fragment. is the p-value of the th amino acid in the th position for a given positive and negative dataset. By calculating the frequency of each amino acid in each position of the fragments in positive dataset, we constructed the following matrix 

where represents the frequency of the th amino acid in the th position. can be constructed in the same way. Finally, we computed the following PSSM matrix

where  can be calculated



If >0, the th amino acid in the th position has a greater probability appearing in the positive fragment. Otherwise, it is more likely to be in the negative fragment.
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