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Comparative Study of Four Machine Learning Algorithms for Soybean Protein
Localization Predicting
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Abstract: In order to explore an effective method for predicting the subcellular localization of soybean protein with different
degrees of deletion, and improve the prediction ability of soybean protein subcellular localization, this study took 10 000
soybean protein sequence data with known subcellular localization positions as the research object, and carried out 5% , 10% ,
15% , 20% and 30% sequences missing at random. Four machine learning methods, namely SVM algorithm, Naive Bayes
algorithm, Random Forest algorithm and Decision Tree algorithm, were used to predict the subcellular position of the missing
sequence. Correlation analysis was performed between the original position and the predicted position, and the accuracy and
performance of different algorithms were compared and analyzed. The results showed that the prediction accuracy of Random
Forest algorithm was the highest, the running speed of Naive Bayes algorithm was the fastest, and the running memory of
Naive Bayes algorithm was the smallest. When the running time and running memory factors were not considered, and the
prediction accuracy was high, the prediction effect of the random forest algorithm was better than the other three algorithms. In
the same situation, if the running memory requirements are high, the Naive Bayes algorithm may be preferred. The results
show the applicability of different machine learning methods under the prediction requirements of different degrees of
missingness, and can be applied to the localization prediction of soybean protein data.

Keywords: Support Vector Machines algorithm; Naive Bayesian algorithm; Decision Tree algorithm; Random Forest
algorithm; soybean protein; completely random missing; sequence position prediction
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Table 1 The correlation coefficient results of different algorithms
720 o Bk L SCERE IR AL AR VL4 ) BEHLARAR
Subcellular location Deletion ratio SVM Naive Bayes Decision tree Random forest
5% 0.8226 0.3649 0.4280 0.7246
10% 0.8023 0.3583 0.3799 0.7206
el
15% 0.7892 0.4159 0.4472 0.7003
Global
20% 0.7695 0.3881 0.3914 0.6596
30% 0.7715 0.3909 0.4019 0.7011
5% 0.7648 0.4443 0.4845 0.6100
o 10% 0.7388 0.4276 0.4192 0.7107
PRI )
. 15% 0.6932 0.4486 0.3968 0.6675
Golgi apparatus
20% 0.7101 0.4619 0.3733 0.6849
30% 0.7061 0.4187 0.3956 0. 6580
5% 0.6164 0.4729 0.3758 0.4237
10% 0.4738 0.3438 0.3287 0.4478
FURER A7)
. 15% 0.4474 0.4187 0.4061 0.4482
Peroxidase
20% 0.4141 0.3992 0.2944 0.4497
30% 0.4314 0.4826 0.4113 0.4237
5% 0.5656 0.2633 0.3809 0.4042
10% 0.5830 0.2699 0.15%4 0.5929
B ’
. . 15% 0.5715 0.3110 0.0745 0.5080
Endoplasmic reticulum
20% 0.5414 0.2489 0.2857 0.5031
30% 0.5341 0.2893 0.0229 0.5028
5% 0.8081 0.7546 0.6351 0.7498
iR 10% 0.7861 0.7030 0.6580 0.8237
15% 0.7806 0.7181 0.6537 0.8035
Cell wall
20% 0.8163 0.7284 0.6443 0.7921
30% 0.7858 0.7676 0.5320 0.7788
5% 0.2313 0.1930 0.2005 0.2653
10% 0.3078 0.2405 0.1534 0.2669
NI ’
15% 0.2561 0.2297 0.1765 0.2112
Cell membrane
20% 0.2285 0.2272 0.1102 0.1835
30% 0.2990 0.2124 0. 1494 0.1734
5% 0.3760 0.3144 0.2837 0.3431
10% 0.2865 0.2365 0.3115 0.2542
1 ’
15% 0.2962 0.3060 0.2466 0.2966
Cytoplasm
20% 0.3310 0.2270 0.1029 0.2479
30% 0.2342 0.2383 0. 1457 0.2117
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Subcellular location Deletion ratio Support Vector Machines Naive Bayes Decision Tree Random Forest
5% 0.2845 0.2686 0.2102 0.2369
10% 0.3987 0.1937 0.1220 0.2680
ZeRr ik )
. . 15% 0.3674 0.2855 0. 1608 0.2888
Mitochondria
20% 0.3560 0.2749 0.1168 0.2235
30% 0.2942 0.3633 0. 1069 0.2470
5% 0.3264 0.2563 0.2111 0.2482
10% 0.2836 0.3040 0. 1442 0.2434
i1k )
15% 0.3235 0.2182 0.1020 0.2586
Chloroplast
20% 0.3025 0.2612 0.1310 0.2485
30% 0.2778 0.2353 0. 1040 0.2680
5% 0.3053 0.2653 0.1823 0. 1986
— 10% 0.3860 0.2484 0.1351 0.2453
15% 0.2904 0.2454 0.2168 0.2654
Vacuole
20% 0.3242 0.2325 0.1992 0.3251
30% 0.3065 0.2517 0.1349 0.1526
5% 0.4530 0.1592 0.2265 0.2106
10% 0.3877 0.1208 0. 1608 0.2435
IS
. 15% 0.3099 0. 1855 0.1259 0.2142
Plastid
20% 0.2735 0.2190 0. 1546 0.2174
30% 0.2363 0.2661 0.1072 0.2337
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Fig.3 The accuracy comparison of different algorithms in predicting protein sequences of each subcellular location

2.3 FREEEMERERTLE

H1E 4 Fis 1 7 22 55K 00 88 A S B0 7 s 1) 4
J b ANER DU B3 A Ao i) i PR, R R e S A
BE B SRR L SVM B9k A8 47 i ) o
1. HE S PR, N T BEHLERARE L 5
WAFRCK , B BLS S B3E N, o5 A7 % 4 B AT 5

450
400

BT
Running time/s

0 A0k

O05% [A10%

———r V%Y

SVM S0k NP SER S5 o5 T AT AR OB, e 2 R
SR AT ot HZ A A AR SR DU 5k 7 4 R
LA G D BAOKRE, BRANR Um0 5k
S B BRI AR IR, oA 3 bR A 1 i ] A
BT NFFAR IR RIE T RS, nl ULBRAG AR 20 B 1Y
P [E] 1 PN A7 4 JEE 7 AR B O W S S

15% B 20% [ 30%

N
AN

SCRFREAL
SVM

A

Naive Bayes

B

Decision tree

BEBLER AR

Random forest

iR

Predicition algorithm

B4 4 MBNEXER—IETIREAR R GRK X T E 3t

Fig.4 The time comparison of four prediction algorithms in the same running environment and different missing rate



334 PERSE : DURHILA o7 ~) AL IO R S 8 5 (S0 FEBIE S 343

. 6000000
=
o § 200000 O5% @10% K 15% 5 20% B 30%
= § 4000000 L
E —
g =
iy & 3000000 =
£ 2000000 =
= —
1000000 | =i
NEEZN=: WAN=" =
SRR AR DUnt 5 PR FEHLER AR
SVM Naive Bayes Decision tree Random forest
fiREER7S

Predicition algorithm

BS 4 MBNEEER—ETRERRGREERTHNEILL

Fig.5 The memory comparison of four prediction algorithms in the same running

environment with different missing rate

w
.
=+
o3

UM AN R A R DS by €1 s N B A 1)
R TRV AR T AL 5 > Bk R AT o,
W R B T 2 5000 P 4 o B B s
J7 I B R AE AR I

FIHALAS 27 2] J7 12 %0 26 1 o 250408 36 4 F0 ) i)
T AR S 2 R) R DG X RS 2 DT I B Bk Y
RESZ MK, 70 J8 M $i0s 22 33U 1 =2 18] A A DG 1k
BERHT, 2 532 W) B35 Y000 40 4 A0 2, A1 O 2 R 4
ORI HEA T 38 B 9 A0 2 D 22 DL i 3 B 3k 1
— RS MITER BRE k (x,,y,) R
S AU TR S0 (1%) S, AN TR] 8 A% bR Bk 23 52 il 2 1 o
SV 240 B A7 T PR M Bl ATL AR A X R
O B AT e T %) o A P 2 v (R S B g P O
AN 38, o A D R AE T B AL AR AR A T B ()
FIPAE o7 Le AR T oAty 30K VIR, R e e %
BEAL AR TIN50 B AT B FH MR R s IR 55 A%, 5
1 [7] Bsf oA AR 9 AT 153, TR T 51 A CPU
HARTHEIEFI R

AR, X REAE 4 BURS 2 1 5 90 AR A T A e
T B S X T (%) 45 SR 77 A — 2 s ), A B
FEE ] T —Fh S T #E B A9 Top-n-gram J5 ik, il o
F B BT S Top-n-gram X (4 A0 X7 8 15 B,
P REJFA T Top-n-gram [YRFIE ) 5, H b 445
TR B R R AR A SR B X TR
[F) A 2 1 BT s , >R 2 R Rl 5 1 7 K JL A A
RIGE G AR T RE A5 21 18 35 1Y M RE , (H 4n 2R B T
PAEIE R, 5 L 2 15 H i, R o UG5
Ml AU (9 58 BRI TR >0 Y R AT T Ak P
ik — 5B ST .

4 Hig

ARWFFELL 1 3 2% R L4 E BORUE AT A F 5 X
2,8 5 F PR 8 o R ik S B I i R
B e B B R , P o xof e T HLAs o )
(SR AL ANER DL 7 BRSO  BEALAR AR 4
TRV BAR 5 ZR BOHERA P AT BT LEVERR R XS 4 FhaA
LTI UL AR A5 1B s AT i 8] s A7 N A Y
DRI, o 0 £ o 0 P SR A e O I DL T, BE AL AR
WAL R R E . B AR, I 2R X 3
LB AT I TR FIE 4T A A7 A BRI, A a4 A
KU MERE . AU AT 4 FRPLE 2 > 50k,
X R G 5T 81 ) T L 5 i AR X HC A AR )
(R F 5 S N B A 275 MR SR S, i
FEEN AT HA A AR 1 8 1 Jo i o7 000 7F 5 4 4k
TSHERN, HA—EHE R

S 3k

[1] EISENHABER F, BORK P. Wanted: Subcellular localization of
proteins based on sequence[ J]. Trends in Cell Biology, 1998, 8
(4):169-170.

[2] CHOU K C. Some remarks on predicting multi-label attributes in
molecular Biosystems [ J]. Molecular BioSystems,2013,9 (6)
1092-1100.

[3] LUNNE J. Compartmentation in plant metabolism[ J]. Journal of
Experimental Botany,2007,58(1) :3547.

[4] ENRICO M, MAESHIMA M, EKKEHARD N H. Vacuolar
transporters and their essential role in plant metabolism [ J ].
Journal of Experimental Botany, 2007, 58(1) : 83-102.

[5] B, EE=x, Bz, & KEHgEEaREERET
B FRBEMRLT]. EWE S Ay R ,2010,37(9)
988-995. (BAI H, WANG X Y, CAO Y H, et al. Expression of



344 N 33

chloroplast proteins in rice during growth and development [ J]. AR EREN R[], KEFRE, 2018, 37(3) : 30-35.
Progress in Biochemistry and Biophysics, 2010, 37 (9 ). (TANG Y, ZHENG P, WANG J B, et al. Application of soybean
988-995. ) genome-wide selection by comparing Bayesian B and other methods

(6] ®Xun, A58, £k, 5. Lobiiksr 20MmEEAHCHE H BT [J]. Soybean Science, 2018, 37(3) : 30-35. )

SYHEE(T]. AEFEE4R, 2018, 70(4): 424432, (ZHAO L, [13] LIU B, WU H, CHOU K C. Pse-in-One 2.0: An improved
ZHOU Q X, WANG S, et al. Research progress of mitochondrial package of web servers for generating various modes of pseudo
fission and fusion-related proteins[ J]. Acta Physiologica Sinica, components of DNA, RNA, and protein sequences| J]. Natural
2018,70(4) ; 424432, ) Science, 2017, 9(4) ; 6791.

[7] CHOU K C, CAL Y D. Using function domain composition and [14] Z=p%, BT HARZ IR 30Z & FE TN ZE 08 [ D]. B
support vector machines for prediction of protein subcellular Wi, 2 7 0 95 K %%, 2015. (LI S. Empirical analysis of
location[ J]. Journal of Biological Chemistry, 2002, 277 (48) . microseismic hazard prediction in coal mine based on data mining
45765-45769. [D]. Kunming: Yunnan Normal University, 2015. )

[8] GALAR M, FERNaNDEZ A, BARRENECHEA E, et al. An [15] ZRmi, XUEH. FEYE A 540 0 E A AR G FT AR [ 1] Al
overview of ensemble methods for binary classifiers in multi-class YiRleEF 4R, 2021, 39(1): 93-101. (WEI L, LIU J L. An
problems: Experimental study on one-vs-one and one-vs-all overview of studies related to the subcellular localization of plant
schemes[ J]. Pattern Recognition, 2011, 44(8) . 1761-1776. proteins[ J]. Chinese Journal of Plant Science, 2021, 39 (1)

[9] MURAKAMI Y, MIZUGUCHI K. Applying the Naive Bayes 93-101. )
classifier with kernel density estimation to the prediction of protein- [16] BBl W1 AP 50 4 (AN 22 00 i 30y SCAS 43 288 5 3 vl ok
protein interaction sites [ J ]. Bioinformatics, 2010, 26 (15) . FE[D]. W/REE . ZRIbMlK2#4,2018. (CHEN K. Improvement
1841-1848. of Naive Bayesian text classification algorithm for imbalanced data

[10] MABUNI D. A new direct node data splitting technique in decision sets[ D]. Harbin: Northeast Forestry University, 2018. )
tree induction[ J]. International Journal of Innovative Technology [17] T&H, XU, KAk, 5. FTZRpLE ] kI K
and Exploring Engineering, 2020, 9(7). GRS B LR ()], RERkE, 2021, 40(1) : 122-

[11] MENGTING N, YANJUAN L, CHUNYU W, et al. RFAmyloid: 129. (YUH L, LIU Y F, ZHANG J C, et al. A comparative
A web server for predicting amyloid proteins [ J ]. International study of filling in the soybean genome deletion based on multiple
Journal of Molecular Sciences, 2018, 19(7) . 2071. machine learning methods[ J]. Soybean Science, 2021, 40(1) .

[12] Rk, HtE, Exil, 4. XL Bayesian B %2Ry ki K& 122-129.)

(RERZYERMAN OSID F R =it %I

(CRERE) T 2019 4E 8 A 1 HEIEFINA OSID(Open Science Identity) JFRRHEFRRIT . Hd i 1E
SCEE LU R 2 —HER AL (OSID #% ) |, e FifE R gt — A5V SR AT f e 2 RS 6, [
PR — RSB MR 55, $ THE SCRIRMITIA o

B AT LU R e SR OSID 8, fEFHL EWFE SR BT & A 21, vl LUR 2108 SO A A
SEYA, T AR SR E HEA T — 0 — B R TEAE B BT S 1) 45 . X SETREA B T B8 TR A T %
FFEH SE PR B -5 S B A

PR 0] LU i % J 1 OSID f 3 I8 SCAS It &, A A E AR 5t il B LR 7 R A
TETEAL G EVR H AR 7S 1 BN 158 B, LA S e o Jo SR 50 R, 3 s SC A8k 5 X, [W]i, Jdi i OSID ~F
B RAAEE AR REIIA BT B e SO AR B MR 2, 58 AT S B8 o AN, M35 3d l DAAE 7 A J8l K A
DL A BT IS AT | IR RBAE SR S RHERE S, 9 R A B IR 7, 3 o 5 B IR &R o



