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Abstract: The prediction of intrinsically disordered proteins is a hot research area
in bio-information. Due to the high cost of experimental methods to evaluate dis-
ordered regions of protein sequences, it is becoming increasingly important to
predict those regions through computational methods. In this paper, we developed
a novel scheme by employing sequence complexity to calculate six features for
each residue of a protein sequence, which includes the Shannon entropy, the topo-
logical entropy, the sample entropy and three amino acid preferences including
Remark 465, Deleage/Roux, and Bfactor(2STD). Particularly, we introduced the
sample entropy for calculating time series complexity by mapping the amino acid
sequence to a time series of 0—9. To our knowledge, the sample entropy has not
been previously used for predicting IDPs and hence is being used for the first time
in our study. In addition, the scheme used a properly sized sliding window in
every protein sequence which greatly improved the prediction performance. Final-
ly, we used seven machine learning algorithms and tested with 10-fold cross-vali-
dation to get the results on the dataset R80 collected by Yang et al. and of the
dataset DIS1556 from the Database of Protein Disorder (DisProt) (https://www.
disprot.org) containing experimentally determined intrinsically disordered pro-
teins (IDPs). The results showed that k-Nearest Neighbor was more appropriate
and an overall prediction accuracy of 92%. Furthermore, our method just used
six features and hence required lower computational complexity.

Keywords: Bioinformatics; intrinsically disordered proteins; machine learning
algorithms; sequences; computational complexity

1 Introduction

Proteins are the material bases of life and the important component of all cells. IDPs are proteins which
have at least a region lacking of well-defined three-dimensional structure in their native state [1,2]. These
regions are popular in nature, which have functional roles in biological processes including transcription
and translation [3]. They are associated with many diseases [4,5], such as genetic diseases, Parkinson’s
disease and cancer. Therefore, predicting IDPs is vital in the structural and functional analysis of proteins.
We also know the disorder prediction has been successfully used to guide laboratory science [6].
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Various methods for predicting IDPs have been proposed in the past few decades. These methods can be
roughly divided into two categories: physicochemical-based and calculation-based. The first category is
about employing the amino acid propensity scales and physicochemical properties of the protein
sequences to predict IDPs, such as GlobPlot [7], IUPred [8], FoldUnfold [9] and IsUnstruct [10]. The
second category is about employing machine learning and deep learning, such as Support Vector
Machines (SVM), K-Nearest Neighbor (KNN), Convolutional Neural Network (CNN) and so on. These
schemes include RONN [11], ESpritz [12], SPOT-Disorder [13], AUCpreD [14] and NetSurfP-2.0 [15].
It’s worth mentioning that Wenliang Zhang et al., who proposed a new method to predict IDPs of
different length disordered regions by using different feature teams in 2018. They used different features
and its window size composing different feature teams and then every feature team could be used to train
a predictor [16]. In 2019, Sarthak Mishra et al. employed a combination of 9890 features to train a
supervised deep learning ensemble model. This system is a noval attempt in IDPs prediction [17]. In
2020, Jack Hanson et al. proposed SPOT-Disorder2 improve SPOT-Disorder [13]. SPOT-Disorder2 used
long short term memory (LS7TM) networks to predict disordered regions and obtained great performance
[18]. However, a large number of features and deep learning models led to high computational
complexity. Due to the high cost of these methods, we choose machine learning algorithm and fewer
feature values to train a classification model and get prediction results. We know that the structure is
determined by the primary sequence. So sequence information might also be important for predicting
disordered regions. It has been demonstrated that disordered regions have lower sequence complexity and
amino acid preferences than ordered [19]. According to these theories, the predictor presented in this
paper computed six features for each residue of a protein sequence, consisting of the Shannon entropy,
topological entropy, sample entropy and three amino acid preferences. However, adjacent residues have
similar properties when forming proteins, and the disordered residues are often adjacent in protein
sequences [20,21]. In order to increase interdependence between adjacent residues in a sequence, we used
a sliding window to continuously intercept the region of window length for the protein sequence. The
specific method is reflected in the following section. At last, using seven machine learning algorithms to
train and test our system with 10-fold cross-validation. The results showed that KNN was more
appropriate to train our scheme. Finally, we compared this scheme with SPOT-Disorder2 which is
available as a web server and as a standalone program at [18]. The results showed that our scheme was
more accurate. We achieved the purpose of improving the accuracy of prediction and reducing the
computational complexity at the same time.

The Fig. 1 shows the flow chart of the proposed IDPs predictor and the following sections explain every step.
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Figure 1: The flow chart of the proposed system
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The experimental steps of this article are as follows:

Step 1: We need to download the latest 1556 intrinsically disordered protein sequences from DisProt
(https://www.disprot.org).

Step 2: The DIS1556 data set includes 846616 amino acid residues. According to the tags in the
database, the amino acids are divided into 680384 ordered and 166232 disordered. Then calculate the
frequency of the use of these two categories of amino acids and correspond 20 amino acids into numbers
0-9 in order to calculate the sample entropy.

Step 3: Using a suitable sliding window, we need to calculate the Shannon entropy, sample entropy,
topological entropy, and three amino acid preferences of the sequence within the window. As the window
slides, a six—dimensional feature vector for each amino acid can be obtained. For the data set, we get a
feature matrix of 846616 x 6.

Step 4: Our system used 10-fold cross-validation. The DIS1556 data set includes 846616 amino acid
residues, 90% of which are randomly used as the train set and the other 10% as the test set. Then, we
need to use different machine learning algorithms to train our system and get results. We can adjust every
parameter of the model by fixing other parameters to get the best parameter combination. Then we need
to calculate four metric: sensitivity (Sens), specificity (Spec), accuracy (ACC) and Matthews correlation
coefficient (MCC).

Step 5: Finally, compare our scheme with the current excellent algorithm SPOT—Disorder2.

2 Features Selection and Preprocessing Procedure of IDPs Prediction

Features selection is an important step in building a predictor [22—26]. We know that disordered regions
have less sequence complexity than ordered. We choose the Shannon entropy, topological entropy, sample
entropy and three amino acid preferences to measure the complexity of a sequence.

Considering a protein sequence {w(j), 1 < j <N} of length N, whichw(j)= {4, C, D, E, F, G, H, [ K, L,
M, N, P Q,R S T V, W, Y}, the Shannon entropy [27] can be expressed as:

20
Hy(w) == _filog; (1)
i=1

where f; for 1 <i <20 can be defined as frequency of each amino acid in the protein sequence. If f; = 0,
let £; log,f; = 0.

The topological entropy [28—3 1] depends on the complexity equation which describes the total number
of different n-length subsequences of w:

pw(n) = [{w(u) : |u] = n}| )
where w(u) is a subsequence of w, |u| expressed the length of w(u). For example, a given sequence w =
AAAFAA, n = 2, the subsequence w(u) of w are {44, AF, FA}, thus P, (n) = 3.

To solve short protein sequences, we map the amino acid sequence to the 0—1 sequence as shown in Tab. 1 as

Thus, the topological entropy can be defined as:
logyp, 2t (n)

Higp() = ———— ®

which n  should be the wunique integer satisfying 2"+n—1<w|<2""'+(n+1)-1  and
wi = (1) w(2" +n—1).
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Table 1: Mapping relationship between amino acid sequence and 0—1 sequence

A R N D C Q E G H S T K M L P I F W Y V
o o0 o o0 o0 o0 o o o o o o o o o o 1 1 1 1

We used a sliding window to compute the average of topological entropy. If the length of window is /,
then the topological entropy of w can be redefined as:
1 N=(@2"4n-1)+1 logzpw?»wan (l’l)

H =
l‘OP(W) N—(2”+n—1)+1 p n

“4)

In this paper, we introduced the sample entropy for the first time, and mapped the amino acid sequence to
the time sequence of 0-9 as shown in Tab. 2 according to the tendency in the ordered and disordered regions.

Table 2: Mapping relationship between amino acid sequence and 0—9 sequence

S E G K P R T H M D Q C€C N F Y I V L W
o o 1 1 2 2 3 3 4 4 5 5 6 6 7 7 8§ 8 9 9

In general, given a time-series data {x(j),1 < j <N} oflength N, which x(j) = {0, 1,2, 3,4,5,6,7, 8, 9}.
We need to construct X,,(1), ..., X,,(N-m+1), where X,,,(i) = {x(i), x(i+1), ..., x(i+m-1)}, 1 <i<N-m+1. Then,
we can define:
A (1), X)) = max  (Ix(i+ k) — x(j + )] )

... m—1

For a given X, (i) and count the number of j (1 <j < N-m+1, j # i), where the distance between X, (i) and
X, (7) is less than or equal to a given integer 7, and record it as B;, then, B;"'(r) and B"'(r) can be defined as:

B:
B"(r)=—"1 6
() = —— ©
1 N—m
B"(r) = —— B 7
1) =5 2 B0 @
Increasing the dimension to m+1 and counting the 4;, then, 4;,”(r) and A™(r) can be defined as:
A,
AMr) = ——1 8
1 N—m
A"(r) = —— A" 9
)= 5 2 A ©)
The sample entropy can be calculated as follows:
"(r
Hiagmp(w) = —In[A ( )] (10)

B (r)
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For a protein sequence {w(j), 1 < j < N} of length N, we need to compute the values of three amino acid
preferences including Remark 465, Deleage/Roux, and Bfactor(2STD) given in the GlobPlot NAR paper [7] :

1 N
M, =—>» w(),p=12,3 11
(W) N; (.p=1.2, (11)
where w”(1) express the sequence after mapping according to the p-th preference as shown in Tab. 3.

Table 3: Mapping relationship of amino acid sequence according to p-th preference

A R N D C Q E G H |
P=1 01739 —0.0537 —0.2141 0.2911 -0.5301 0.3088 0.5214 0.0149 0.1696 —0.2907
P=2 -02750 —0.1790 0.4790 0.4645 —0.1255 —-0.0550 —0.2745 0.6675 0.1350 —0.5150
P =3 -0.1400 0.0633 0.2120 0.3480 —0.4940 0.1680 0.4560 0.1060 —0.0910 —0.4940
L K M F P S T \ Y \Y
1 03379 0.1984 -0.1113 —-0.8434 —0.0558 0.2627 —0.1297 —1.3710 —0.8040 —0.2405
2 —0.4385 —0.0495 —-0.4765 —0.4970 1.1170 0.2965 0.1450 —0.2570 0.0825 —0.7055
3 -0.3890 0.4020 -0.1260 —0.5260 0.1800 0.1260 —0.0390 —0.7260 —0.5060 —0.4630

P
P
P

The preprocessing procedure is a very critical step. Given a protein sequence w of length L, we can
change w into a new sequence of length L + N — 1 by choosing a sliding window of odd length N (N <
L) and add N,y = (N — 1)/2 zeros at each end of the sequence. For each area intercepted by the sliding
window, a 6-dimensional vector V; (1 <7 < L) can be calculated, then assign the V; to the every residue in
the window. As the window slides, accumulate and compute the average of all V; for each residue. By the
way, each residue in the sequence will obtain a 6-dimensional feature vector X; (1 <;j < L):

( AL

. Vi1 <j < No

]+N();

1 J+No

X=q5 2. VeMo+1<j<L-No (12)

i=j+No—N+1

1 L
L+No—j+1 i—j+%1\/+l l

3 The Algorithms in Our Predictor

3.1 Linear Discriminant Analysis
Linear discriminant analysis (LDA) can give a linear hyperplane to make the Rayleigh entropy
maximization:

WIS

J( )_WFW (13)
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where S and Sy can be defined as:

Ni
>3 —m;)" (14)

i=1 j=1

SB = (Wl1 - mz)(ml — mZ)T (15)
== X (16)
N =
Using the Lagrange method:

LW, X)) = WISgW — N(WTSgW — ¢) (17)

It turns out that the best W is:

W = Sg~ ' (my —my) (18)

3.2 Logistic Regression
Logistic regression (LR) using the sigmod function:

8(2) =1 +le_z (19)
We assume the prediction function is:
hole) = £(0") = 20)
0"x = i@ix,- @D
i=0
Cross entropy loss function which must be minimized is given by:
= LS (ogho(s) + (1-y) log(1 — () 22)

i=1

3.3 K-Nearest Neighbor

K-Nearest Neighbor (KNN) is a simple method to achieve classification. In the feature space, if most of
the k nearest samples belongs to a certain category, the sample also belongs to this category. For example,
there are two different types of data: squares and triangles, while the circular is the data to be classified.

If K = 3, the nearest three neighbors are two triangles and one square. Based on the statistical method, it
is determined that the circular data should be classified to triangle class.

If K =5, the nearest five neighbors are two triangles and three squares. So the circular data should be
classified to square.
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3.4 Naive Bayes Model

Naive Bayes model (NBM) is a classification method based on probability theory. Given a training
set, with the assumption of independence between feature conditions, learn the joint probability
distribution from input to output. Based on the learned model, input X to find the output Y that
maximizes the posterior probability.

3.5 Support Vector Machines

For the binary classification problem, Support Vector Machines (SVM) can find a hyperplane that can
split the training sample points into two parts, and ensure that the classification error rate is minimized
(find the optimal hyperplane). The maximum width can be expressed as:

w 1-b6 —-1-b 2

width = (x; —x_) - = - = (23)
i [wll - [Jwl] wll - iwll
The loss function can be defined as:
1
L:§||W||2_Zai[Yi(W'xi+b) — 1] (24)

3.6 Decision Tree and Random Forest

Decision tree (D7) and random forest (RF) represent a mapping relationship between object attributes
and object values. Random forest is a classifier that uses multiple decision trees to train and predict samples.
4 Performance Evaluation

Four metrics are used to evaluate the performance: sensitivity (Sens), specificity (Spec), accuracy (4CC)
and Matthews correlation coefficient (MCC) [32,33].

We use TP (true positive) and TN (true negative) to correspond to the number of correctly predicted
disordered and ordered residues, FP (false positive) and FN (false negative) to indicate the number of
residues misjudged as disordered and ordered. Sens is the ratio of positive samples which are correctly
identified among all positive samples:

Sens = TP/(TP + FN) (25)

Spec is the ratio of negative samples which are correctly identified among all negative samples:

Spec = TN /(TN + FP) (26)
ACC and MCC can be calculated as follows:
1
ACC = 3 (Sens + Spec) 27)

MCC = TP-TN—FP-FN (28)
\/(TP+FP)-(TP+FN)-(IN+FP)-(TN+FN)

5 Results and Discussion

5.1 Sequence Complexity

The Shannon entropy can effectively reflect sequence complexity. It has been verified by experiments
that regions of protein with low complexity tend to be disordered (Fig. 2). So, the disordered region has
more obvious amino acid usage preference, and the sequence of the disordered region is more
conservative [34]. To further analyze the specific differences in amino acid composition between these
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Figure 3: The percent of amino acid in ordered and disordered

two regions, we conducted a detailed analysis by calculating the percentage of 20 amino acids in their
respective regions (Fig. 3). To measure intuitively that amino acids tend to be disordered or ordered, we
introduced AAP [35]:

i P
M@:ﬁ—l (29)
where i represents the i-th amino acid of the 20 amino acids, R represents the disordered or ordered region,
and p' represents the frequency of the i-th amino acid. While 44P > 0, it indicates that the amino acid is

preferred, while 44P = 0, the usage is random, while 44P < 0, it indicates that the amino acid is not
preferred (Fig. 4).
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Figure 4: The AAP of amino acid in ordered and disordered
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Comprehensive analysis of amino acid preference and sequence complexity, we use the sample entropy
to describe sequence complexity firstly. To our knowledge, the sample entropy has not been previously used
for predicting IDPs and hence is being used for the first time in our study. The following figure (Fig. 5) shows
that there is a significant difference between the ordered and disordered regions.

Percent

0
-0.7 -0.6 -05 -04 -0.3 -02 -0.1 0 0.1 02 03 04 05 06 0.7
the sample entropy

Figure 5: The percent of sample entropy in ordered and disordered

5.2 Impact of Input Features and Sliding Window

Firstly, fixing the machine learning algorithm to be LDA, Tab. 4 shows the predictive performance of
different feature inputs on R80. We can find that the ACC and MCC increasing as the feature vector
changes. So, we choose X; as feature vector. In addition, using a sliding window of length 35 can greatly
improve prediction performance.

Table 4: Performance comparison with different feature inputs and sliding window

Input Features Win Sens Spec ACC MCC
M, (w;) NO 0.8632 0.3106 0.5869 0.1190
Ma(wj) 35 0.6859 0.8046 0.7453 0.3530
M;(wj)

Hg(w;) NO 0.8079 0.3249 0.5664 0.0893
M, (w))

Ma(w;) 35 0.7745  0.8372  0.8059  0.4529
M;(wj)

X 35 0.7515 0.8763 0.8139 0.4963

5.3 Impact of Sliding Window

Next, fixing the feature inputs as X; and the machine learning algorithm as LDA, Tab. 5 shows the
prediction performance of different length of sliding window on R80. When the length of the window is
larger than 35, the ACC tend to be stable. When the length is larger than 31, the MCC tends to be stable.
So, we choose the sliding window of length 35 in our system.

5.4 Impact of Machine Learning Algorithm

Then, setting the size of window to be 35, using seven machine learning algorithms described in Section
3 to train our system and get the predictive performance on R80 as Tab. 6. Although we tried a number of
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Table 5: Performance comparison with different feature inputs and sliding window

Input Features Schemes Win Sens Spec ACC MCC
11 0.6455 0.8425 0.7440 0.3725
15 0.7196 0.8172 0.7684 0.3906

19 0.7176 0.8512 0.7844 0.4343
23 0.7070 0.8844 0.7954 0.4792
27 0.7412 0.8664 0.8038 0.4731
31 0.7367 0.8859 0.8113 0.5025
! LDA 35 0.7672 0.8644 0.8158 0.4876
39 0.7440 0.8813 0.8127 0.4995
43 0.7412 0.8820 0.8116 0.4987
47 0.7549 0.8620 0.8085 0.4756
51 0.7608 0.8462 0.8035 0.4562
55 0.7123 0.8813 0.7968 0.4775

Table 6: Performance comparison with different feature inputs and machine learning algorithm

Schemes Sens Spec ACC MCC

LDA 0.7515 0.8763 0.8139 0.4963
LR 0.7196 0.8681 0.7938 0.4609
NB 0.6444 0.9350 0.7897 0.5409
SVM 0.3944 0.9856 0.6900 0.5163
DT 0.7750 0.9767 0.8759 0.7640
RF 0.8167 0.9932 0.9049 0.8604
KNN 0.9361 0.9938 0.9650 0.9357

machine learning algorithms, we found these seven performing well over the prepared data set, and thus
reporting performance of these only.

The result shows that KNN is more appropriate and the overall prediction accuracy reaches 96%.

5.5 Impact of Parameters
Finally, we adjust the parameters of the KNN. Let the NumNeighbors from 1 to 5 as Tab. 7. The result
shows that the prediction performance is the best when the NumNeighbors equal to 1.

5.6 Comparing with SPOT-Disorder2

According to the experiments on R80 data set, we adjusted every parameter of our scheme. Then we use
the DIS1556 data set which contains 846616 amino acid residues to compare our scheme with SPOT-
Disorder2. The prediction results of SPOT-Disorder2 on data set DIS1556 come from their online
predictors (https://sparks-lab.org/server/spot-disorder2/) as the following figure (Fig. 6) shows. The result
in Tab. 8 shows that our scheme gets better ACC and MCC. In addition, the SPOT-Disorder2 used
73 input features including the hidden Markov model (HMM) profile and the position-specific substitution
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Table 7: Performance comparison with different NumNeighbors

NumNeighbors Sens Spec ACC MCC

1 0.9361 0.9938 0.9650 0.9357
2 0.8806 0.9986 0.9396 0.9249
3 0.9083 0.9942 0.9513 0.9207
4 0.8361 0.9983 0.9172 0.8968
5 0.8583 0.9818 0.9251 0.8799

DP00064 |P03607 |#1-64:

SEQ MSGLFHHRTKPREIRAFVMATRL TKKQLAQAIQNTLPNPPRRKRRAKRRAAQVPKP TQAGVSHMAP TAQG THVKLRPPMLRSSMDVTILSHCELSTELAVT
P(D) 999998888888888888888888888888888899999999999999999998888TTT76655544444444444444444321000000000000000
Lab DDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDO00000000000000000
SEQ VTIVVTSELVMPF TVGTWLRGVAQNWSKYAWVAIRYTYLPSCPTTTSGAIHMGFQYDMADTLPVSYNQL SNLKG YV TIGPVWEGQSGLCFVINTKCPDTSR
P(D) 0000000000000000000000000000000000000000000000000000000000000000000000000000000000011111111111111110
Lab 0000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000
SEQ AITIALDTNEVSEKRYPFKTATDYATAVGVNANIGNILVPARLVTAMEGGSSKTAVNTGRLYASYTIRLIEPTAAALNL
P(D) 0000000000000000000000000111110000000000000000000112110000000000000000001235566
Lab 00000000000000000000000000000000000000000000000000000000000000000000000000DDDDD

Figure 6: The prediction result of DP00064 processed by SPOT-Disorder2

Table 8: Performance comparison in DIS1556

Schemes Sens Spec ACC MCC
SPOT-Disorder2 0.8106 0.8642 0.8374 0.6637
KNN 0.8807 0.9742 0.9274 0.8589

matrix (PSSM) for each protein residue. The train set of SPOT-Disorder2 comes from the Protein Data Bank
(PDB) and Database of Protein Disorder (DisProt) including 2615 train proteins. However, our scheme just
used six input features and 1556 proteins. Thus, our scheme required lower computational complexity.

We take the DP00064 from DisProt as an example and get the prediction result as Fig. 7. At the same
time, the standard prediction result are shown as Fig. 8.

1 18 19 35 36 58 59 277 278 279
Figure 7: The prediction result of DP00064 based on our system (B8 dis B ord)

1 64 65 279
Figure 8: The prediction result of DP00064 based on DisPort (B8 dis 4 ord)

6 Conclusion

In this study, we developed an effective scheme to predict the IDPs by employing sequence complexity
and computing the Shannon entropy, topological entropy, sample entropy and three amino acid preferences.
In addition, we used a sliding window to link nearby amino acids and improved the prediction accuracy
greatly. Compared with the other competitive scheme SPOT-Disorder2, our scheme can get better ACC
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and MCC. The result showed that k-Nearest Neighbor was more appropriate and the overall prediction
accuracy arrived to 92%. Furthermore, our method just uses six features and hence requires lower
computational complexity. In the future, we will try to develop a complete software for use and we will
try to explore deep learning algorithms to get better prediction of IDPs [36,37].
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