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Identification of protein coding region based on machine learning

BAO Xiaona, HE Lili* , CUI Jingan
(School of Science, Beijing University of Civil Engineering and Architecture, Beijing 102616, China)

Abstract ; In order to identify the coding region of DNA sequence, a combined model of eigenvector and logistic
regression is proposed in this article. Firstly, the DNA sequence is transformed into a feature vector by numerical
processing, and the element features of the feature vector are extracted by combining the k-character relative
frequency technology. Then, the binary classification logistic regression algorithm is used to accurately distinguish
the coding region from the non-coding region. Two benchmark data sets, HMR195 and BG570, were selected for
five-fold cross-validation. The results showed that the average AUC ( Area Under Curve) values were 0.981 3 and
0.987 4 respectively, which are significantly better than the traditional Bayesian discriminant method and
VOSSDFT. In addition, the dimension of the feature vector in this article is very low, which improves the operation
efficiency. Therefore, the combined model in this article can identify protein coding regions more efficiently and
accurately.

Keywords ; Protein coding region; Feature vector; Logistic regression; Machine learning

R BN Gt D AN R SE 1Y, 9 i 2
Sy S 7E D e 81 e g Al 5 1 51 B O (DL 1
1) o Gt B8 RN SR T (Exon) | #5745 5 i 4%
HEL, BEAE D E AR A WO PEIR ; AR R 5 P51 SRR
M S (Intron) o AR —AFEHA 0 AN
T, — B R B B B n+ 1 AT
HWNEFRETREE WM F 22 Y,
W, A R B 0 R U — > B PR
MBS . SN RN &1 XA B T 2R A )
A LN R IR FEINTERE G SR s, W TS 1

DIREMIF It B A — 5 3 B Ve D a7
MHNE TR EAERNE X,

ZAER, EENC LR TN X (A
+) T Z B0 05k, —enT DL gy BT R LX)
B 7k RIS TRV Lo A D 9, BT 4 [ Pk
[ 735 2 LA AT 11 6 R 3030 T2 A s o, KT AR5 A
DNA J7HI AT AR TR, T AR 4l © A 28 90 1 Wy
K F B AN B A A F X 8, BLAST!
MUSCLE"®' & % UL ) He 4 T 5L | 5T 4F Sk A7 % 4n
GeMoMal 7 ) 5 IR 7510 P 6 o 41 HY o FET A IE IR

Y78 B HA.2022-06-09 ; 15 [E H #:2022-10-27. W& B & B H#3:2022-12-15.

[ 48 B & Hhdlk . hitps ; //kns. enki.net/kems/ detail //23.1513.4.20221214.1057.001 . html

EETA . HKARRAEEEGTH (No.11871093) 5 Jb 5 A K 2% AR ZUNEMIT AE 71 #2115 H ( No.X21026) .
« BISEE M BREL < YHIM , WF5E 7 18] . A )5 B . E—mail ; helili@ bucea.edu.cn.

51 AR G, (AR AL HE S BT HLAS - > B 8 B2 i X [

J1EWME B5,2023,21(4) :270-276.

BAO Xiaona, HE Lili, CUI Jingan.Identification of protein coding region based on machine learning[ J |.Chinese Journal of Bioinformatics,

2023,21(4) :270-276.



5 4 1]

FLIGERIE , 45 « B THLAR T B9 HE B2 i X IR0 271

PE 7 2 i A i AELDU P B AR 7 | FE X RICR A A
R TZIEEARN KR, LTI, FZ2R%EK
TP B 2 ) AN HE X AR AR K (5 5 4b
PREGARAEIZ 0 K 1 6 LB E S BB S
5400 T 3E T 6T DNA 2 3 AT R M i 0
VOSSO & —Fh 7z Al A RE S R e
DNA JPHI A6 R 4 A 3 S48 A~ 55 P51 X, [n],
Xo[nl, Xel[n], X, [n] o RZHPRTER? A GREEAL &
B 1R RIBUH 0 2R, Z i aig! " Rt
Tl e 773X, I A% 4 D A 1 e
FRUETF %, B8 DNA B8 RNA ¥ 571 e 5 31 47 8 il 2%
d, 7 #ZR RoR H DNA FHIE R pr A 5 A
AT R %5 A DNA 5 RNA 212047020 3R
TR RN AN SR AL R B P R A SR A

AN FENZ F H0 i 7 1k T kTR AR A R R
(k-mer) "R B E WA MR T, B 2 BN T
Bk A4 BKN1REFIE k-mer 4 BT R,
ML 27 > VAR & J At Sk 2 1 4 DX () L0310 ke
T £ B E ¥, I CNN-MGP'"” | GeneMark
EP+!"°) DBN''77. CNN-MGP''*! J& FH T % 3 5 4
2 DR I F10) 25 AR 25 I 2% | R A% 41 B A [X AR
Pt X EEE . GeneMark EP+1'¢) J& F T B A% 3L A
O A B T H, W 5/ 4% DBN' it £
JZBEIR 252 WA DNA 80047 8 e 4, VR &
15 M LA RIS A B F RN & P2y, REEs
BFZMAN 5N & P2k s b, HR i
W BURBE BRI AUC [EZ1TEM S 80 A 7
T,

DNA JEH

FEPA I X 3 JEA

SE ] DB | SE

SE DR | SEIA

VIR W

LIRS

1 ERAEMIEFERNSFREREE

Fig.1 Schematic diagram of exon intron alternation in eukaryotic coding region

ICCTGTATTGACQT

4-mer: CCTG CTGT TGTA CTAT TATT ATTG TTGA TGAC GACT

B2 kFHEFHELARRN k-mer TEE (k=4)

Fig.2 Schematic diagram of k-mer extraction by k-character

relative frequency technology(k=4)
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Fig.3 Block diagram of the algorithm in this article
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A BCHE 4 T N M Bk hitp ://www. imtech. res. in/
raghava/genebench HfH, FEMERHRAE 14 BEVE I
SMRTECEHAIN G TRE IR 1 s, O 1 ARUEXS
HMEF RN TR A R (KT 20
bp) FMEFFN & TR ANA T 3250,

F1 BEHENIBTFIRNSFHHE
Table 1 Exon and intron distribution table of

benchmark data

L6 ik QLRG| VN N&F
HMR195 195 795 ~56 500 948 1143
BG570 570 398~36 845 2 649 3211
Bt 765 398 ~56 500 3597 4 354
1.2 HENTLE
1.2.1 DNA FFIE (SR

FESEILAN - FI P B F O 43 2 5 T i,
T EEXT DNA P8 EA T BB BT, B DNA ¥
SAL R — N BUE I B R ARSI T —
A2 HY DNA RSN EBUE AL 5k 456 k—mer £
AN K DNA F 8 T A SN T RN A T4 Ak
K —ARHE R A GRRIE ) R B G A

E—NHMNE T ACAGCGACC: 55 1 45 NS5 —
MR A TG, # S RN S — AR,
Fo e 75 1y — B e e & ST 5, Bk,
CACA’ XFRZIERR T, ¢ CAG’ X & KR Q, C AGC’
XN IR S, ¢ GCG’ MR Z IR A, < CGA” X1 &
HIR R, GAC™ XTI Z IR D,  ACC” X b 24 3 i
T, F A5 31— B & 502 7751 20 TQSARDT; 56 2
A k PR AR AR BE b EM 1
5 5 74k B TQSARDT 5646 R REAE o) i, (B k=
2,00 2-mer FAALHE TQ QS SA AR RD DT, H#iE
[ 5 Y 2-mer ﬁi%&*@m’ R <fT() sJ 0s 3/ sa SawsSwo Sor )
= (1,1,1,1,1,1) . £, R TQ RIMEL,

1.2.2  DNA PR E$E B

DNA JPFVFEIESRIOIR T8 2 2 IR 751 k—mer
(FPISFIEEATR . HARR UL, FAE ) & T 2R (R
FFAA Y k-mer F125) J& DNA JF3 (4RAE, B 1.2.1 4
P& BNMTQ QSAE Il H k¥, —BE LR ITF T

k-mer FP2ECA 200 o (HJE, B T HRRE 2R )T 41 Y
HALAE T AW e rh b B B, BAFFEAS R
BN [ — P LR, BT AR R R B k-mer A2
Hori /b 200 XK K29 T S I IAETIS FE
LUZm2 P o], anisl 4, & i 4 S8 85 %1% CCT
CCC ,CCA .CCG, MASCHIALE R P Ja i) F—1 2
B Al 5 Fp Ay h AR L HZER H A 2B Q.
iz P KGR R, /0T 20 Fh, L, B2 IR
J& T REH BRAY R IR RS T 20 Ff, fRZE k—mer 4
BB 2 KRB R A SO Al 7 K
RFEAR TR 4R, R 250 T k=2 Iy 4
Pl 95 BRI ] 5 (9 TC R HFAE

{CPTL CAT
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Fig.4 Schematic diagram of amino acid types

that will appear after P

R2 k=28 HHEREMN 95 MITE
Table 2 When k£ = 2, 95 elements of eigenvector

2-mer FJE VeE|
AH AL AP AQ AR CA CV DI DM DT 10
EK EN ER ES FF FL FS GA GD GE GG GV 12
HI HM HT IF IK IL IN IR IS TY KK KN KR KS 14
LC LD LE LF LK LL LN LR LS LW LY 11
MC MD ME MW NI NM NT 7
PH PL PP PQ PR QK QN QR QS 9
RA RE RD RG RV SA SH SL SP SQ SR SV 12
TH TL TP TQ TR WG 6
VC VD VE VF VK VL VN VR VS VW VY 11
YI YM YT 3
St 95

3P TR AN T BN T AR AR 18]
(KA k=2 M) EASR g # . RURE AP T-250 h
LLNE TGN O,

®3 HEk=2H,BIEFHANSFFIFEDE

Table 3 When k=2, eigenvectors of some exon and intron sequences

2-mer FRHFE

3 K51 s EALRRY 1) A
Bl i AR T 05 SA S0 s PR EA LERNR =S
ACAGCG TQSA 1 1 0 0 0 0 (1,1,1,0,0,0,0)
0 TCAGCG SQSA 0 1 1 0 0 0 (0,1,1,1,0,0,0)

o

TCAGCA SPRA 0 0

(0,0,0,0,1,1,1)
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R (AR |, LLELBH# ( True positive rate ) 1F b A%
2 (Wi ) , Ut BITE 25 Bl BIE A5 18 T iR B R F A
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WP HRE TT 38 H s ROC 4T By X 3 1 A1
FIAUCP ) 4752 = M L3R, AUC BUE @3 1, Ut
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AN T8 E B T A%, FP ( False positive ) S Fiil
R b FHSEBR A N F L, TN ( True negative )
Sk VS B -4 L B 0 ) S5, FN (False negative ) i
TR N RSP A B B, A, o T
G0 45 SR G2 i E M, SR FH Delong A2 5670 %t
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RURECSSN
FE N,

AC= % 8 [ (TPTTFN+TPTTFP+TNTTFP+
TNTJI:IFN) _2] (D

BARS I 25 R i 5 8 6 F3k 4 iR, K5
W k=2 B, 7F HMR195 5l 4E 22 48 [n1 )9 ) AUC F
Brgor 51k 0.981 3, B & T AR g 45 5 .
’l 6,BG570 Bt 15 B 2 LAY 25 5, 2 48 [ml 5 5
BAEFTA kBT HASE
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Fig.5 In HMR195 data set, heatmaps of AUC values of

five algorithms
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BRI LRI, 2 ke BOCHA (RS, 3% 6 ] 0 5307 AR 45 L
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5 A A 5 SR AR

FEALARHK 0.902 9 0.926 6 0.917 3 0.903 2 - 095
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Fig.6 In BG570 data set, heatmaps of AUC values

of five algorithms
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Table 4 K from 1 to 5, mean AC value of 5 algorithms
HAmE k1H st A mYE| REAILARAR AN DL SCRFIA) AL k AR A
1 0.771 0 0.588 9 0.3130 0.599 7 0.680 0
2 0.873 4 0.662 6 0.437 1 0.671 5 0.682 9
HMR195 3 0.817 9 0.633 0 0.522 8 0.706 0 0.532 8
4 0.814 8 0.583 0 0.587 5 0.725 6 0.230 7
5 0.809 9 0.563 4 0.632 2 0.692 6 0.105 6
1 0.792 2 0.664 7 0.327 9 0.697 7 0.774 7
2 0.896 5 0.691 1 0.463 2 0.789 8 0.805 4
BG570 3 0.884 9 0.680 0 0.539 5 0.8313 0.754 9
4 0.873 1 0.661 3 0.594 1 0.848 8 0.633 7
5 0.873 8 0.624 2 0.639 5 0.829 4 0.516 6
1.0t o 1.0r ———
f ,
0.8 1 0.8/
|
l
S 0.6 S 06t
153 =
0.4t =04
0.2 0.2 — BEHLARARAUC
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Fig.7 ROC curves of
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3 SCEmEhR

3.1 BRMHEIEEXILE ST

R T VA SCH A S RIS S
22 ML) VOSSDFT! 2% EIIPDFT'2*-2°) SPDFT:2® * ' FiI
Codel13-Marple' *' #f 47 T %%, VOSSDFT, EIIPDFT
SPDFT 4 & 3 T 5 104 HL i 28 e 9 37 R ( Discrete

x5

5 algorithm models

Fourier Transform, DFT) 3EX /0 EAZ A=Y/ g FFIN &
F10290700 7 Codel3-Marple F&:—Fh3E T F BT Hr
FUNB SR B B . B3R 5, LA HMR195 6], 8
Jri%:(k=2) 1) AUC fH3i5 %] 70.981 3, Lb 42 PUFp 77k
SrlE T 0.418 7.0.470 0.0.385 1.0.263 4;7F BG570
Blla e b AUC T AC B 40178 178 i o) H A% DU A A AL v
i R AB . B 5R L WY AR T A =A% e i 3 T
DFT 97715 F1 Codel3-Marple,,

HERBSHA T ERLLR

Table 5 Comparison of eigenvector method with other methods

Bl s RGEELD AR SCEHH A A VOSSDFT EIPDFT SPDFT Codel3-Marple
HMR195 AUC 0.9813 0.562 6 0.5113 0.596 2 0.717 9
AC 0.873 4 0.104 5 0.057 2 0.130 0 0.250 8
BCST0 AUC 0.987 4 0.5329 0.486 7 0.547 0 0.652 2
AC 0.896 5 0.109 3 0.059 9 0.126 3 0.126 3

3.2 AHHIEEX S
R 56 UE B TR B OROBUE B 0 Ay ERICR K
HMR195 F1 BG570 P 4 B4 & 3115 31 & I Bz 4 |
13 597 NANBEF 4354 DNETL AN, TN
éﬁmﬂrﬁf%ﬂ/\*ﬁ”m PERE, B0 T ARG AU
FE RS DL RGBT )X PO AN X He 4 B O 5 22 i
%) D0 300 0 ) 3 Y R AT He A D 307 ) 9 2 ok

PG AT B —Fp Zooge it ot ik . &I B4R
Ja e AELIRC 3 AR SCRR AT B e O N 245

TP + TN
acc = (2)
TP + FP + TN + FN
TP
S, = (3)
TP + FN
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S = (4)
" TN + FP

F 6 JE R 7 R BT LA M 3, P e R R
ace " AT A1) Rl LE B TR A4 0 1) A Rk
JE S, P R G SRR A T gl e A T Ok A T
[ EL B8 5 RS B S 200 kg T A LS 1 N 4 B L 7
S R el e 17 42 SR E NV € S o |
AR SRR S, o 0.954 1 Lt kT 0T 3 ) )

2 0.787 2, TEIZAT IS R] J5 1, 4H A8 Hi
8.91 s, MM DL i3 H AT 2 27.28 s, PRI, ATy
TEAGE FI T /N 4R PR3 KRB 4 B IR R R B
5, F B A7 s BT DU ik . A scdl &
R L K DU i i ) 0 3k A B3 AR BRER R Intel
(R) Core(TM) i7-8550U CPU@ 1.80 GHz #l 16.0
GB RAM fi%& 4, ffi il Python3.8 4ifE3if5

R6 “HMRBMLILEMERSTER

Table 6 Analysis table of comparison results of two models

PGS ik AUC AC HER % TR e BT E]/ s
HMR195 RGP ZIBHINER 0.720 1 0.626 7 0.815 4 0.771 7 0.851 3 6.94
AR SCEH A A 0.981 3 0.878 4 0.939 2 0.944 2 0.934 9 1.46
BCS70 gy P IPIRS 0.805 4 0.641 5 0.8226 0.795 0 0.845 5 19.89
AR AR 0.987 4 0.898 5 0.949 5 0.957 6 0.942 6 3.58
T L I 80 31 0.796 3 0.528 7 0.795 7 0.787 2 0.829 8 27.18
AR S A R 0.986 8 0.895 4 0.947 9 0.954 1 0.942 8 8.91

4 HRgLIRE

ABFFEAR T — R TRRAE 1] 2 (0 B e 7
2, ZJR A B R A SRR A AT T
SELT R AR A2 K A B AL B B g A X R
WL a7 — DRI A, O TR 5 R
IR A5, I HMR195 1 BG570 WA ELAZ A=)
WHR AR RS B AT E AT TR (W3R S
R 6) , BEW] T ERARUE, A, ik 545 A
TESE ARG ERRCR A SCRIREE T 462 25 A2E
DNA J381 2 A ik, e 52 8434h 2 F,2 381
DM T, e EdE v AR HE hitps : //www. fruitfly.
org/sequence/human — datasets. html R, 24 4%
PrAL I ZRms, 2k 6 440 AMSMEET 6 735 ANNE T
AT TR R ace | S, .S, (AC AUC HY{E 53
4 0.957 7.0.966 6.0.949 0.0.915 5.0.989 4(k=2),
Y RBARE ST, HA BB TAM 7R & K
SRBERE BRAF A PUNRCR . HK, 1.2.2 5 TR AiE m)
T 4R IG AR 78 43 R T T B A A 1R T, BRI T
AR B A AERE . SRTTAS SCR ARG HD 21 F N &5 1
S BAE M RRE R E R Z R AT b &
B IMASE M AF B, T E— 2 5 T R Y 1 R
I H AU S A R AR 22 4
TET A9 P 1) 2 11 5 20 B IX 232, 4 BEUR PR A R 1
ST HNETHGITA,
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