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The method of 100-kernel weight related genes mining in
maize mixed with genetic algorithm and XGboost

YANG Shuai'?, GUO Maozu'?, ZHAO Lingling’, LI Yang'”

(1. School of Electrical and Information Engineering, Beijing University of Civil Engineering and Architecture, Beijing 100044,
China; 2. Beijing Key Laboratory of Intelligent Processing for Building Big Data, Beijing 100044, China; 3. School of Computer Sci-
ence and Technology, Harbin Institute of Technology, Harbin 150001, China)

Abstract: The RNA-Seq-based transcriptome sequencing data has a high feature dimension that requires a lot of com-
puting resources when using traditional methods to find phenotype related genes. Moreover, the range of candidate
genes obtained by difference analysis is large, and further screening depends on existing a prior knowledge. A transcrip-
tome analysis method combining genetic algorithm and XGBoost, GA-XGBoost, was proposed to narrow the range of
candidate genes for subsequent analysis by incorporating machine learning algorithm. A comparative experiment and
subsequent analysis of the gene-100-kernel weight trait association on a set of high-quality maize datasets showed that,
compared with training the XGBoost model directly with whole genes and differentially expressed genes, the candidate
gene training XGBoost model obtained by the proposed method had the minimum MSE in predicting the 100-kernel
weight of maize. Compared with 1542 differentially expressed genes in the results of differential expression analysis, the
range of candidate genes was reduced to 48 by the GA-XGBoost method, which was reduced by 31 times, indicating
that the proposed method could effectively improve the ability and efficiency of transcriptome data analysis.

Keywords: genetic algorithm; eXtreme gradient boosting; machine learning; maize; transcriptome analysis; 100-kernel
weight; gene ontology; kyoto encyclopedia of genes and genomes
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BeA, HoAtw F R R BE BRI T i, WSk Tk
VAR 1 BR 19 2 15 9] 52 AL ( support vector machine
recursive feature elimination, SVM-RFE )™ & ik,
SVM BRI 5 o B 14 B [8) B2 4 BE AT O (N3 + Nin+
Nnmn) F1O (mn?) Z [0], Horbr, N A58 8 i 52 455 o] 12
B, mok s A ) 5 1 4E BE, n ol Y 2R AR A
K5 396 I HRFAE T % (recursive feature elimination,
RFE) B Bt g 2835 AC A9 IR BON KR IE £0m, B URHE
HEF B I ] 228 B2 D5 O (m?), R I, SVM-RFE [ fiz
KEFIAI S A2 EE R O (m'n?) o Y42 HUfse ik S R B, B
NS DRESCHE 1) 4k BEAEAE 7, GA-XGBoost 57k
(4 B} 18] &2 2% BE A T SVM-RFE, Jf H GA-XG-
Boost 7F 4= Ja J2 [T 14 R 1IF 35 45 B8 18 2% 18 L A ] 1)
VEFK R, X /& SVM-RFE TGS

3 LBERE AT

B 5 R FH AR B B /=1 ot 12 19 K e s AL
ECHE RO N A R R o I g s A T
¥ G, b K B73 RefGen_v4 5% 3L R 4] 47
THREA o 3 R B 2R 3k 7K F-, 15 FPKM {iE, X
[f] — S B0 254 F W B B A 5, FPKM IRIT A #&
B M
3.1 ERRESW

it H RNA-Seq £i#li4E, i 55 H LN
X, FEREIE] 539 31 ANFEERH, Hop Rk g Aa N
0 (3 A BUA 419 24 4>, WRAEREAR 4415
B, LT R 4919 Deseq2 X A IE R M 5L H
HITE R R BN . KRR P {E (P-adjusted,
padj)/hT 0.1 BIE LU, HILEC| > O, oA il 2]
934 AN LRI Rk B, (AR 0 P S 2.2%,
860 N FER IR T, HE 0 JEH %Y 2.1%, It
11 1794 DS TE WAL FEAC ] 22 R 3% 385 4ILFC| > 1
B, ek 2] 843 AN Ik L, Ik 0 LA
B 2.0%, 699 A~HEF KA T, Ik 0 3 F B
1 1.7%, 1t 154 2 S FEAE P FEAS 8] 22 5+ 3%
ik 225 RBFEFPEIARGEE IR 1, MA K (M-
versus-A plot, MA plot) ILI& 5,

3.2 ETF GA-XGBoost IR EEXEEHIZTE
3N BRI R, 5 1 A AR AR FP-
KM J PR R AR R, 56 2 A R & 22 R 4t

PR FPKOM A ¥, (] e 190 20 349 0 P s o 7 o
W AR A i 0 B, T 4 0l A R 9 A 48 R X G-
Boost £5 5 B 2 Fe {1t . 5 3 4280 B A [ E —
2 XGBoost A (K8 S5, SR 5 Bz B R 45 4 st
L o 0, A 4R AL DX FPKIM A 4 48 [ o 4 7 45 FiF
HEHE . FERTF AL IE FREZ G, DOZFRE 5
1 A i A SRRV 25 XGBoost A5 Y 38 1o 4% 48 2
BB PR B . K] 6 T SRR S R 3E
FESE OC T it R R AR B G &, P B il
FR AL L EARR AL, YRR AR RE A
IS N BE P M . B 6 AT ISR A AR 40 FE ik
RZIEF RIS

R1 ERRIEHSWER (padj <0.1, 41924 7~3E 0 EF)

Table 1 Differential expression analysis results (padj <0.1, 419 24
non-zero genes)

#Z53KIE  Log2FoldChange 2% 5%3Kik ZREIR
FL RS (LFC) HHEHE NS E%
A LEC >0 934 2.2
IR LFC>1 843 2.0
TRFEA LFC<0 860 2.1
TEFEA LEC<1 699 1.7
6 -
4
o2t
i:£
ok
&0
Ey
=
74 1
1e—01 le+01 1e+03 1e+05
LR FE IR
B 5 E£RRZEEEH MAE
Fig.5 MA-plot of DEGs
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Fig. 6 Change of fitness in GA-XGBoost
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B OB R & ¥ W <176 +

RARBIEIRME 2 frm . K2 5, stk
1% -XGBoost I 143 [l U 154 5 7 fir A &4 4 1
A /N7 IR 2, UG IOR T RE A f A AU

it %

F2 3#FHEKN MSE
Table 2 MSE of three methods

Xt 3 F 3814 5 15 - X GBoost 15 B 1 5 f 4~ 14
PEAT A B e L A o T AR I 2k
XGBoost F 7 I3 i (A1 R E I LS R, 2
Je MR A R Hp A R i R, AR S SR A
ENEEYEGRER /S TS FNGE S w7375 SIS I I EVN
(b) s T AN [F) E 2R W 45 1 T & 23 XGBoost

Jrik

SE 0 o O MR B A b kB T

ARIE PRI 25 T3 X GBoostiR 1l
Z5F IR TS XGBoost R HY
GA-XGBoosti i T4 15 XGBoost15i A

TE B 2V A B, AR BR O RRAE 4 B, B A
ID. Frdehefit vh HAT AR PR Zm00001d040166
(Entrez Gene ID: 103651 852) #1 Zm00001d041800
(Entrez Gene ID: 103650619) %%,

9.183
7.689
3.752

Zm00001d040166
Zm00001d034662
Zm00001d012814
Zm00001d043015
Zm00001d043509
Zm00001d007484
Zm00001d024497
Zm00001d053563
Zm00001d044606

2 7m00001d028159

Zm00001d050833

5 Zm00001d027966
Zm00001d036994
Zm00001d001123

Novel00472
Zm00001d010368
Zm00001d036238
Zm00001d004966
Zm00001d050694
Zm00001d014863

Zm00001d041800
Zm00001d011679
Novel01634
Novel01684
7Zm00001d048266
Novel02328
Zm00001d022510
Novel03855
Zm00001d020763

8 7Zm00001d014446
Zm00001d043947
2 7m00001d052587
Zm00001d042217
Zm00001d038651
Zm00001d050833
Zm00001d038799
Zm00001d020646
Zm00001d024262
Zm00001d010001
Zm00001d008041

Fig. 7 Part of important features in XGBoost model

18
10

oo}

N ‘
<

W

W

~

e 3
s 3
e 3
—
e 2
o 2
e 2
—

I—

1 1 1 1

29

(=]
W

10 15 20 25
EEPEAS) (F score)
(a) #£F weight FEAFHEF

137.400 391

89.141 479 5
71.035 827 6
55.179176 3
36.8192749

26.397 1977

26.128 486 6
22.511 087 605
r— 10217 277 5
[r—6.244 209 3
r—]5.513 824 5
r==11.521 553 050 000 001
fe===10.934 711 5
=== 10.934 665 7
===9.035 065 981 267 563
==8.608 046 53
==7.272 592 54
==6.948 677 06
==06.514 186 86
[==5.847 972 87

I

1 1 1 1

|

=]

TEMAFS (F score)
(b) 2T gain FHEHER

7 XGBoost =2 1 E 4 B E4F1E

20 40 60 80 100 120

140



* 177 -

T, & AlG 8L 5 5 XGBoost Y 3 K FORL EE A G 3 P 2 48

I T G A ME B2 e AT 22 R 3Rk
PTG, BT 25 S B AR iR AR Tk
H xR A9 7 20, il 1d GA-XGBoost 592 i 4 J5
P BEEE HERR T R 1 JC OGS I, HAT Y [ B /)N
A, BRAE KR4 = SR H AR R e, 383
A T X oKk A R E MR, 2803 GA-XGBoost
i 128 J7 ) 235 SR AR A8 A% 48 T 1 1R e o 35 PR 4 R/
25, Ho, 28 5 3R E A 2 148 0 padj <
0.1, [LFC| > 1.

*3 BEEEHELER

Table 3 Comparison of the candidate genes number

WiRiS st i PR B
L il 1542
GA-XGBoost 48

33 BZEERERDEEER

X} T A 35 5L R 4E , #F NCBI(https:/www.ncbi.
nlm.nih.gov/) [ ¥ gene %04 7 48 R L KE A,
2 Je MR PE A 3L K Y Gene Symbol 7 David ( https:/
david.ncifcrf.gov/home.jsp ) W 3l 4t 47 3 R A {4
( gene ontology, GO) {F B A U &R SE I 5L N AH A
Bl 445 (kyoto encyclopedia of genes and genomes,

KEGG ) i [ 73 H7 o

Xof A 34 5 DR 1) 6 PR AR T R 4 R R, FEAE
Yy A, B A0 R AR R R A (GO:
0045454 ) | 5 [E#32 (GO:0055085 ) | 4 ifd BE 15 1fii
(GO:0042545) . SR A it A i 72 ( GO:0045490)
WK AL AP HHE R (GO:0005975 ) | #5552 Al
DNA i# (GO:0006351, GO:0006355) . 4 J& &5+
Ml 1 ( GO:0010038 ) 45 i & 5 78 21 Ml 41 43 Jy 1fil, &=
B K N 5 I ( GO:0005789 ) | 2 I i 43 ( GO:
0016021 ) . 40 M9 5 ( GO:0005886 ) . 4 ffl B ( GO:
0005618 ) . A 4% ( GO:0005634 ) %5 4H 435 1653 T
Ite i, T2 K A JF il 1 14 ( GO:0016491) |
7K Sk B 3G PR (GO:0016788) | HL T4 8 34 : (GO:
0009055) . £ 1 ot — At §d s il 1 M ( GO:0015035)
TR F S PE (GO:0030599) | K A% 44 Bk ik il 1% 1
(GO0:0045330) . & [ T ¥ 24 FR P 3% 1 ( GO:
0004713) . =B IR H 455 (GO:0005524) |
Wi RS W5 M (GO:0004134) | iR AKAL A W45 4
(G0:0030246) . & [ 22 Z R/ 75 2 I % i 1 1
(GO:0004674) . DNA 454 (GO:0003677) . ATP fif§
(GO:0016887) % T fE . H KM I AR B AF
BN 4~6 FiR

x4 REEEGO ER-£WiTE
Table 4 GO of the candidate genes-biological process

A=Wy id e
HLHID BEPH U FEH 24 R =
GO ID GO {EF
Zm00001d044606 Grx_S16-Glutaredoxin Subgroup Ii LOC100193989 0045454 Cell Redox Homeostasis
Zm00001d011679  High Affinity Nitrate Transporter 2.5  LOC103636218 0055085 Transmembrane Transport
0042545 Cell Wall Modification
Zm00001d043509 Pectinesterase LOC100381490
0045490 Pectin Catabolic Process
Zm00001d022510 — LOC100194185 0005975  Carbohydrate Metabolic Process
0006351 Transcription, DNA-templated
Zm00001d014863 — LOC100280442 Regulation of Transcription,
0006355
DNA-templated
Zm00001d027966 — LOC100304379 0010038 Response to Metal Ion
x5 RIEEE GO ERE-MEES
Table 5 GO of the candidate genes-cellular component
g2 Ui
HLHID H A 2 IR -
GO ID GO 1%
0005789  Endoplasmic Reticulum Membrane
Zm00001d010368 Derlinl-1 LOC100037763
0016021 Integral Component of Membrane
Zm00001d044606 Grx_S16-Glutaredoxin Subgroup II LOC100193989 0005623 Obsolete Cell
) o 0005886 Plasma Membrane
Zm00001d011679  High-Affinity Nitrate Transporter 2.3  LOC103636218
0016021 Integral Component of Membrane
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gRs
HEHID BEPBERA LR # R ALY
GO ID GO R
Zm00001d043947 Lipid Phosphate Phosphatase 2 LOC103651387 0016021 Integral Component of Membrane
Zm00001d043509 Pectinesterase LOC100381490 0005618 Cell Wall
Zm00001d012814 — LOC100274283 0016021 Integral Component of Membrane
Zm00001d014863 — LOC100280442 0005634 Nucleus
Zm00001d027966 — LOC100304379 0016021 Integral Component of Membrane
Zm00001d053563 — LOC100383387 0016021 Integral Component of Membrane
Zm00001d024497 — LOC100501068 0016021 Integral Component of Membrane
x6 MRIEEE GO ERE-4FIhae
Table 6 GO of the candidate genes-molecular function
HFHID SLA 156 EH FE 2R éjqij]ﬁ%ﬂ
GO1ID GO &
Zm00001d003086 Aldo-Keto Reductase/ Oxidoreductase LOC100282766 0016491 Oxidoreductase Activity
Zm00001d036238 Alpha-L-Fucosidase 2 LOC100193659 0016788 Hydrolase Activity, Acting on Ester Bonds
0009055 Electron Transfer Activity

Zm00001d044606  Grx_S16-Glutaredoxin Subgroup i  LOC100193989
0015035 Protein-Disulfide Reductase Activity

0030599 Pectinesterase Activity
Zm00001d043509 Pectinesterase LOC100381490 o

0045330 Aspartyl Esterase Activity

Putative Protein Kinase 0004713 Protein Tyrosine Kinase Activity
Zm00001d050833 LOC100193882 o
Superfamily Protein 0005524 ATP Binding

Zm00001d022510 — LOC100194185 0004134 4-Alpha-Glucanotransferase Activity
Zm00001d038651 Jacalin-Related Lectin 3 LOC100272821 0030246 Carbohydrate Binding

0004674  Protein Serine/Threonine Kinase Activity
Zm00001d034662 — LOC100279389

0005524 ATP Binding
Zm00001d014863 — LOC100280442 0003677 DNA Binding

0005524 ATP Binding
Zm00001d024497 — LOC100501068

0016887 ATPase

KEGG i 7 BT 4 R o, s S £ 52 M AR T i A0 S5 1k MR (R 5 e 255
H5THNBREMPREA ML, ARG HER ik,
AR AR L AR 0 A G L SO TEARAE BN 7 fs
*®7 BEERKEGG BHSH
Table 7 KEGG pathway of the candidate genes

JEHID FEH L] SN # PR KEGGit #
Zm00001d010368 Derlinl-1 LOC100037763  Protein Processing In Endoplasmic Reticulum
Zm00001d011679  High-Affinity Nitrate Transporter 2.3 ~ LOC103636218 Nitrogen Metabolism

Histidine Metabolism
Zm00001d050694 Serine Decarboxylase 1 LOC103653609 Metabolic Pathways

Biosynthesis of Secondary Metabolites

Pentose and Glucuronate Interconversions
Zm00001d043509 Pectinesterase LOC100381490
Metabolic Pathways

BTB/POZ Domain and Ankyrin
Zm00001d004966 o ) LOC103647110 Plant Hormone Signal Transduction
Repeat-Containing Protein NHS.1
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