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[Abstract]

In this paper, we designed a new enzyme function prediction model PSCREM based on a study that compared
and evaluated CNN and LSTM/GRU models, which are the most widely used deep learning models in the field
of predicting functions and structures using protein sequences in 2020, under the same conditions. Sequence evolution
information was used to preserve detailed patterns which would miss in CNN convolution, and the relationship
information between amino acids with functional significance was extracted through overlapping RNNs. It was referenced
to feature map production. The RNN family of algorithms used in small CNN-RNN models are LSTM algorithms
and GRU algorithms, which are usually stacked two to three times over 100 units, but in this paper, small RNNs
consisting of 10 and 20 units are overlapped. The model used the PSSM profile, which is transformed from protein
sequence data. The experiment proved 86.4% the performance for the problem of predicting the main classes of
enzyme number, and it was confirmed that the performance was 84.4% accurate up to the sub-sub classes of enzyme
number. Thus, PSCREM better identifies unique patterns related to protein function through overlapped RNN, and

Overlapped RNN is proposed as a novel methodology for protein function and structure prediction extraction.

» Key words: PSSM, Deep learning, Protein Function Prediction, Feature Engraft Model, Overlapped RNN
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I. Introduction
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Fig. 1. Summary tree about the study using PSSM
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II. BackGround

1. Enzyme in Protein Function Prediction
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III. PSCREM Method
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Fig. 2. The work procedure of the proposed
method for EC number prediction
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3.2 Datasets
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Table 1. Summarized Dataset Informations

Main class Main class Sub-sub
Name Text PSSM class PSSM
Dataset Dataset Dataset
# of sample 70,000 70,000 237,973
Input type Text Ascii PSSM | Ascii PSSM
put typ Sequence
Target class Main Main Sub-sub
# of class 7 7 139
Dataset Balanced Balanced Extreme
type Imbalanced
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3.2.2.1 Main class Dataset
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3.3 Model Structure
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Fig. 4. Proposed model structure including
overlapped RNN
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3.5 Environment
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IV. Result and Analysis

4.1 Result

4.1.1 Model Validation with Text Dataset
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Table 2. Text Dataset Result

Model Stacked LSTM P Model
Lr 0.00001 0.00001 0.00001
ACC 0.8121 0.8324 0.8374
Loss 0.6974 0.5861 0.686
Unit 20, 10 50, 50 20, 10
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50 Unit 23] 2719 Aute] Mg Fe =g YA

. 535t Unit2 AM831S o] Stacked © LSTMO] A}
B} gehert 2.5% o 9k, oA vlw A TP
I 2591 LSTM 504 23] A2 et vlw3lS o
A3t £ OF 0.5% © Aot =0t 224 2AE2
Stacked LSTM 20, 10 2@o] W &AIS0A oF 1%
A& 911 Stacked LSTM 50 23] RdH = 10% O

Bl

4.1.2 Main class Dataset

B 32 Aot 2H9] Main Class PSSM Datasetof] Tf
& 2k W O2E o5 3 4% 4d Anolch Main
Class PSSM Dataset2 & 771A] Main Class2 Labelo]
Elojglon} Z17] 19k 714 ver] Fad 9 cloly Al
o]8 2 MicroZ H7}5HA] &1l Macro precision, recall,
F1-Scorez2 H7}s19it.

Table 3. Main class PSSM Dataset Result

P Model
# of experiment 1 2 3
Loss 0.5121 0.5038 0.5007
ACC 0.8621 0.8641 0.8662
Macro_precision 0.8629 0.8648 0.8663
Macro_recall 0.8624 0.8644 0.8652
Macro_F1 0.8625 0.8646 0.8655

B 30A] # of experiment= A3 XIS, ACCE
Hete s UEpIch oig AN S5ES 0.0000012
8511l kernel_regularizers = L2 0.00001& A-831
2 0 b s Aol Eck

uge 38 wEa § 0 WRge M AEes
86.4% * 0.20]1, £A182 50.5% + 0.70]%lt}. Main
class Text Dataset A9t =2 Axto] v|sf oF 2.7% A=
o RHeHEs} %90 Loss 22 oF 18% BE o okt
Text Dataset®] Stacked LSTM 50, 50 Z 1o} H]w 5FH
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4.1.3 Sub-Sub class Dataset

45 AR o5 A0 i Ak Relo] Aalg U
ERdH Zolc}. # of experiments= A Hag, ACC=
FEE, Lossg &4UES HEHICH

Table 4. Sub-Sub Class Dataset Result

4.1.4 Comparison with Benchmarks

g Eqle that 2t 4-st 1233} Overlapped
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Table 5. Benchmark results for Dataset including

P Model
# of experiment 1 2 3 EC 7
Loss 0.3138 0.3045 0.3258 DeepEC MF-EFP ECPred P Model
ACC 0.8452 0.8486 0.8387 ACC 73.64% 17.4% 82.1% 89.2%
Micro_precision 0.84523 0.84857 0.83873 Macro 0.6473 0.2029 0.6047 0.8914
Micro_recall 0.84523 | 084857 | 0.83873 F1
Micro_F1 0.84523 0.84857 0.83873

Sub-Sub Class PSSM Dataset= 7t 19t 7j¥d
Main Class Datasety} &2] ZF tjjo]g] A|EES 50%*% =H
oAl RPEEste o] Aot £714 Train 70,682,
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0.000012 M thiF dlE wAEtE 25 =94 A
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wP= 15t FIHA == Microz 75t
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Fig. 6. Comparison 4 Tools Graph for Dataset including EC 7
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Table 6. Benchmark results for Dataset not
including EC 7
DeepEC MF-EFP ECPred P Model
ACC 85.91% 20.1% 95.8% 87.8%
MaFﬁ”’ 07840 | 02290 | 07277 | 07568

I 62 EC T2 A% Clolel2 Algstel EC ¥E
gessal 7t Bdo] oj5d Zuolct. DeepECe}
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Fig. 7. Comparison 4 Tools Graph for Dataset not
including EC 7

DeepEC7} 85.91%, MF-EFP7} 20.1%, ECPred”}
95.8%, A|¢t BHlo] 87.8%= &4 7§10] AT Hlo]E]
£ U2+ ECPred?d] A=l 7V =% Ao 2
Ho] Aetert & v =9k} 12U Macro Flog
LENIQS ] ECPred7} 72.7%2 &47two] v|s}o]
T2 A9 g HojRola, 75.6%%1 ISt wElio] A}
Br} UolA on DeepEC7} 78.4%, MF-EFP7} 22.9% 2,
At ORe o AR wElEny oF 2% Wi
DeepEC9] gfo] 47}X] &3t Fo|A 714 Macro F1 g4
7t £t} o] dAlE A¢h Rdo] & HAE £Q0th

I 59} & 62 AR Zodsto] Feheo} 22 F1 g4
2 "4 295 F519S o DeepEC7t 2.3, MF-EFP7}t
4, ECPred7} 2, A9t mdlo] 1.060.2 A9t melo] Hy
297} 7P =9k, B 6to 2 Astrol ufj3 2 Fl A
o] B +HE FotdE W MF-EFPe <97t 4,
DeepEC, ECPred, |9t 2&I0] 2017} 22 @& ZHopc}

4.2 Discussion
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