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Abstract. Post-translational modification (PTM) is considered a significant bio-
logical process with a tremendous impact on the function of proteins in both
eukaryotes, and prokaryotes cells. Malonylation of lysine is a newly discovered
post-translational modification, which is associated with many diseases, such as
type 2 diabetes and different types of cancer. In addition, compared with the experi-
mental identification of propionylation sites, the calculation method can save time
and reduce cost. In this paper, we combine principal component analysis with
support vector machine (SVM) to propose a new computational model - Mal-prec
(malonylation prediction). Firstly, the one-hot encoding, physicochemical prop-
erties and the composition of k-spacer acid pairs were used to extract sequence
features. Secondly, we preprocess the data, select the best feature subset by prin-
cipal component analysis (PCA), and predict the malonylation sites by SVM. And
then, we do a five-fold cross validation, and the results show that compared with
other methods, Mal-prec can get better prediction performance. In the 10-fold
cross validation of independent data sets, AUC (area under receiver operating
characteristic curve) analysis has reached 96.39%. Mal-pred is used to identify
the malonylation sites in the protein sequence, which is a computationally reliable
method. It is superior to the existing prediction tools that found in the literature
and can be used as a useful tool for identifying and discovering novel malonylation
sites in human proteins.

Keywords: Post translational modification - Malonylation - One-hot encoding -
Principal component analysis - Support vector machine

1 Introduction

Post translational modifications play vital roles not only during biological processes
but in various cell functions. They also work in the regulation of cellular plasticity
and dynamics [1]. What’s more, lysine is one of the most heavily modified residues of
the 20 kinds of natural amino acids in proteins. Lysine is one of the essential amino
acids for human beings and mammals [2]. The body cannot synthesize it by itself, so it
must be supplemented from food. Lysine mainly exists in animal food and beans, but
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lysine content in cereal food is very low. Lysine has positive nutritional significance
in promoting human growth and development, enhancing body immunity, anti-virus,
promoting fat oxidation, relieving anxiety and so on [3, 4]. At the same time, it can
also promote the absorption of some nutrients, and cooperate with some nutrients to
better play the physiological functions of various nutrients [5]. Recent studies have
found multiple types of new protein lysine acylations, which have greatly deepened
our understanding of the post translational modification sites of lysine. The structurally
similarity of the three types of acidic lysine modifications and the potential to regulate
different types of proteins in different pathways are determined since malony1, succiny1
and glutaryl groups have a negatively charged carboxyl group. It is also proved that
malonylation, succinylation, and glutarylation of lysine residues are deeply concerned
with evolution and dynamic under various biological and cellular conditions, including
stress response, genetic mutations and more [4, 6-8].

Because of the great effects of post translational modifications, distinguishing them
from various modifications is quite necessary [9—11]. However, the huge amounts of
features as well as simples make it really hard to distinguish between the modifications
which are post translation or not.

In this paper, we do some efforts to solve the recognition of post translational mod-
ifications. Since our dataset consisted of weak classification features, we did a series of
processing works, and try to improve its effect. What’s more, we used the capsule to
complete the classification. Since the dataset contains a lot of invalid features, various
arrangements and combinations of different features are tried to discover the features
which contribute more. After all, we deleted Interference terms, and the results witness
the improvement of the final effect. We had additionally constructed LSTM classifier
for comparing the predictive performance. Experimental results demonstrate that the
model based on capsule and a series of processing works, which is used by us performs
relatively better.

2 Methods and Materials

We first did some processing works to divide each features apart, and then reassembled
them by the method of combination. After all, we got various new datasets which contains
different features, and whose quantities of the features are diverse too. Then we did the
classification through every single of the reassembled datasets, which aims to find out
which features are beneficial to classification and which hinder the progress. In addition,
we utilized AUC, AC to evaluate the performance of our models and the LSTM model
utilized as a comparison.

2.1 Dataset

We used the database of numerical indices named A Aindex representing various physic-
ochemical and biochemical properties of amino acids [12—14]. The data consists of three
sections: (1) AAindex1 including 566 properties for the amino acid index of 20 numeri-
cal values; (2) AAindex2 containing amino acid mutation matrix, and (3) AAindex3 with
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protein contact potentials. The data could be found at the following URL address https://
www.genome.jp/aaindex/ [15—-18]. In this paper, eight physical and chemical properties
are used, which are hydrophilicity value, mean polarity, isoelectric point, refractivity,
average flexibility indices, average volume of buried residue, transfer free energy to
surface, and consensus normalized hydrophobicity. The length of each peptide is 17, so
the physiochemical properties is 17 * 8-dimensional vector. The physical and chemical
properties are shown in the table below (Table 1).

Table 1. Eight physicochemical properties.

Properties description Reference

Hydrophilicity value Hopp and woods

Mean polarity Radzicka and wolfenden
Isoelectric point Zimmerman et al.
Refractivity Treece et al.

Average flexibility indices Bhaskaran and Ponnuswamy
Average volume of buries residue Chothia

Transfer free energy to surface Bull and Breese

Consensus normalized hydrophobicity Eisenberg

2.2 Reassemble Dataset

We divided each features apart from the dataset, and pair the post translational modifi-
cations with the none translational modifications. Since there are 1735 post translational
modifications and 1735 none translational modifications, we get eight 1735 * 17 datasets
for each single feature, and then reassemble them by the law of combination. At last,
we get 28 different datasets consisted of 2 of the 8 features, 56 new datasets composed
of 3 of the 8 features, 56 different datasets composed of 3 of the 8 features, 70 datasets
made up of 4 of the 8 features, 56 datasets consisted of 5 of the 8 features, 28 datasets
made up of 6 of the 8 features, 8 datasets made up of 7 of the 8 features and a dataset
made up of 8 of the 8 features. In a word, we get various new datasets which contains
different features, and whose quantities of the features are diverse too.

2.3 Classifier Construction

Convolutional neural network is very successful and popular. However, it is not suitable
for all tasks. Due to some defects in the architecture, it cannot complete some tasks
well. CNN extracts features from data and recognizes objects through feature learning.
The bottom layer of the network learns general features. With the deepening of layers,
the extracted features are more complex. Then, the network uses all the features it
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learns to make the final prediction. There is a drawback here: there is no available
spatial information in CNN, and the pooling layer used for connection is actually very
inefficient.

So, we used the capsule to avoid the problem above. The solution of capsule to the
problem is to encode the spatial information and calculate the existence probability of
objects. This can be represented by vector, the modulus of vector represents the proba-
bility of feature existence, and the direction of vector represents the attitude information
of feature.

The working principle of capsule can be summarized into a sentence, that is, all the
important information of the state of the feature in capsule detection will be encapsulated
in the form of vector.

Capsule’s network structure consists of parts named input layer, convolution layer,
main capsule layer and digital capsule layer.

Take one sample from the dataset made up of 8§ of the 8 features as an example. After
the 8 * 17 sample scanned by 128 2 * 5 convolution kernels with 2 steps, we obtains
a4 *9 * 128 feature map. This layer is a common convolutional neural network, and
the next layer uses 8 groups of 2 * 2 * 16 convolution kernel with 2 steps convolution 8
times. Then, each feature map is expanded into one dimension, and the corresponding
positions are combined. A total of 128 8-dimensional vector neurons, namely capsules,
are obtained. Finally, the dynamic routing algorithm is used to get the digital capsule
layer, and the module length of the digital capsule layer vector is the prediction result.

During the dynamic routing algorithm, it has 128 * 2 weights, and every weight is a
16 * 1 vector W;;. And the capsules from the previous layer is u;;. The update formula
is as following:

uji; = Wij % u; + Bj (D)

Then, we used the next formula to complete the vector compression. It is designed to
combine the information of all capsules. Cj; is calculated by B;; with softmax function.

Sj = ZCU * Uj|i ()
i

The module length is compressed to 0—1 by the squashing function, the formula is
as following:

vj = squash(s)) 3)

|Is|> s

T @)
T+ 11512 ™ sl

squash(s) =
And, the dynamic routing forward propagation has completed.
When it comes to loss function, it is constructed by 2 parts: the first part is the
interval loss, and the second part uses the original 8 * 17 data minus the 8 * 17 data of
reconstruction, Then square the result, and ride 0.005 at the same time.



550 B. Chen et al.

2.4 Evaluation of the Predictor

In order to verify the reliability and stability of our model, we used 10-fold cross-
validation to get the result. In this paper, we employ two evaluation indicators to evaluate
the predictive performance of our proposed method, including accuracy (AC) and area
under curve (AUC). Among them, AC reflects the model’s ability to classify positive
samples correctly. AUC is an evaluation index to measure the pros and cons of the binary
classification model, which indicates the probability that the positive cases of prediction
are in front of the negative ones. Their definitions are as follows:

TP +TN

AC =
TP + TN + FP + FN

®)

Where TP is the number correctly divided into positive samples, FP is the number
incorrectly divided into positive samples, FN is the number incorrectly divided into
negative samples, and TN is correctly divided into negative samples.

> rank; — —M*(ZIH)
AUC — i€positive_class (6)
B M %N
Where 3 means add up the serial numbers of the positive samples, rank;

iepositive_class
represents the serial number of the i sample(The probability score is from small to large,

ranking in the rank position), M, N is the number of positive samples and the number of
negative samples.

3 Results and Discussions

3.1 Model Stability Analysis

K-fold cross-validation is widely utilized to compare the performance of different
machine learning models on a specific dataset. The principle of k-fold cross-validation
is to divide the dataset into equal k shares for k trainings and finally take the average of
the K results. So we use 10-fold cross-validation to get the result, which can guarantee
the stabilization of the result.

3.2 Model Performances

To verify the reliability of our proposed method, we constructed LSTM classifiers for
comparison. We utilized 28 different datasets consisted of 2 of the 8 features, 56 new
datasets composed of 3 of the 8 features, 56 different datasets composed of 3 of the 8
features, 70 datasets made up of 4 of the 8 features, 56 datasets consisted of 5 of the 8
features, 28 datasets made up of 6 of the 8 features, 8 datasets made up of 7 of the 8
features and a dataset made up of 8 of the 8 features. What’s more, we also chose 10-fold
cross-validation to evaluate the classifiers we constructed. The results are shown in the
table following (Fig. 1):
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Fig. 1. The result gotten from 2 of the 8 features.
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Fig. 2. The result gotten from the 8 features.

From the result gotten from 28 different datasets consisted of 2 of the 8 features, we
noticed that the 22%¢ combination stands apart, which could mean that the mixture of
4t feature and the 7 feature contributes more to the classification, while the mixture
of the 5™ and 6™ feature behaved relatively not well (Fig. 2).

From the result gotten from the datasets consisted of the 8 features, we can see that
the result of not only AC but AUC rises in general, but fluctuated greatly. We thought
the reason for it belongs to not only the weak classification features but the influence of
interference term.
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The comparation we chose is LSTM. The control flow of LSTM is similar to that of
RNN. They process the data flowing by cells in the process of forward propagation. The
difference is that the structure and operation of cells in LSTM change.

The core of LSTM is cell state and “gate” structure. Cell state is equivalent to the
path of information transmission, so that information can be transmitted in the sequence.
In theory, cell state can transmit the relevant information in the process of sequence
processing all the time.

Therefore, even the information of earlier time step can be carried to the cells of
later time step, which overcomes the influence of short-term memory. We can add and
remove information through the “gate” structure, which will learn what information to
save or forget in the training process.

We choose the best result from the experiment below, and together with the result
from LSTM model, are shown in the table below (Table 2).

Table 2. The performances of each classification model.

Feature number Acc AUC
3 (Istm) 0.5364 0.5530
C3 (capture) 0.61271 0.62117
C$_14 (capture) 0.65318 0.69013

It can be seen that, even without the selections of features, the capture model performs
better than the LSTM model. And when remove some features which obstacle classifica-
tion, an improvement of the effect of the classification has been reflected clearly. Among
the 8 features which are hydrophilicity value, mean polarity, isoelectric point, refractiv-
ity, average flexibility indices, average volume of buried residue, transfer free energy to
surface, and consensus normalized hydrophobicity, the 6 most effective features for clas-
sification are hydrophilicity value, mean polarity, refractivity, average flexibility indices,
transfer free energy to surface, and consensus normalized hydrophobicity.

4 Conclusions

In recent years, studies about post translational modifications have grown more and more
popular. Because of the great effects of post translational modifications, distinguishing
them from various modifications is quite necessary. However, the huge amounts of
features as well as simples make it really hard to distinguish between the modifications
which are post translation or not. What’s more, the features for classification are quite
weak. So we did a dozen of works to improve its precision. We picked up the capsule
as our initial model. The model behaves way better than the LSTM model, which is
already a better model compared to the basic models like RNN. Then, we reassemble
the database by the law of combination. As a result, we get 28 new datasets consisted
of 2 of the 8 features, 56 new datasets composed of 3 of the 8 features, 56 different
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datasets composed of 3 of the 8 features, 70 datasets made up of 4 of the 8 features,
56 datasets consisted of 5 of the 8 features, 28 datasets made up of 6 of the 8 features,
8 datasets made up of 7 of the 8 features and a dataset made up of 8 of the 8 features.
We put these datasets into the model for classification, and compared them among
each other to found the feature combination which has better classification effect. The
combination consists of features named hydrophilicity value, mean polarity, refractivity,
average flexibility indices, transfer free energy to surface, and consensus normalized
hydrophobicity behaved best. What’s more, when it comes to the combinations consisted
of different amount of features, we also picked some better ones, and pointed out the
combinations which behaved bad. Apart from the features themselves, sometimes the
right combination just helps a lot too.
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