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A Brief Review for Identifying Prokaryotic Promoters Based on
Computational Biology

SU Wei', SUN Zijie', YUE Peng’, and LIN Hao"
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Abstract As a key region of deoxyribonucleic acid (DNA), prokaryotic promoter contains the conserved
sequence required for specific binding of ribonucleic acid (RNA) polymerase and transcription initiation, and plays
an important role in transcription regulation. However, due to the limitations of experimental methods that are long
experimental period and high cost, the identification of prokaryotic promoter sequences remains a major challenge.
With the development of computer technology, dozens of prokaryotic promoter identification methods based on
computational biology have emerged, which show a high degree of diversity in terms of data quality, dataset size,
extracted features, feature selection techniques, classification algorithms and evaluation strategies. Thus, there is an
urgent need to systematically compare and summarize these methods so asto improve and further develop
prokaryotic promoter recognition techniques.
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B, BRI HIWE 31 B R AR R (670, 654,
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Weak).
Wt Jim Ak DAL 2L I A 2K DL R TSN K R
xR AZ R Bl T 77 kA SR BR T A 1 )

Benchmark dataset size  Sequence Classification Evaluation
Tools Feature extraction/ selection AUC
(promoter) similarity algorithm strategy
o The empirical probability
1.TLS-NNPP 771 (E.coli) / o . ANN Independent test /
distribution of TSS-TLS distance
2.SIDD! 500 (E.coli) / SIDD FLD Independent test /
o A domain theory for promoters/ 10-fold cross-
3.FS_LSSVM 53 (E.coli) / T LSSVM o /
C4.5 decision tree validation
) 1044 (E.coli) Modified
4.Free energy / Free energy . . Independent test /
879 (B.subtilis) scoring function
difference
.y 1145 (E.coli) 615 (B.subtilis) between the Training and
5.PromPredict / GC content; Average free energy o /
82 (M.tuberculosis) average free validation
energy
6.SIDD-ANN! 1648 (E.coli) / SIDD profile data ANN Independent test /
7.PePPER'” L.lactis / PWM HMM / /
. 6 3570 (S.coelicolor) AT-rich element and G-quadruplex motif-
8.G4PromFinder"” / . / Independent test /
2117 (P.aeruginosa) based algorithm
9.LN-QSAR!"” 135 (M.bovis) / Pseudo-folding 2D lattice graph LDA Independent test /
10.Ensemble- k-mer with location with respect to the TSS/ 10-fold cross-
450 (E.coli 670) / . . Ensemble-SVM L /
SvM!™ Symmetric uncertainty validation
LTSS 450 (E.coli 670)
) 205 (B.subtilis) / Information Content; PWM Ensemble-SVM Independent test /
PREDICT"”
26 (C.trachomatis)
5-fold cross-
12.TSS-SLP®" 669 (E.coli 570) / Dinucleotide Frequency Features SLP validation; /
Independent test
- ) . . 10-fold cross-
13.PCSF 683 (E.coli 670) / Conversation of sequence segments; PCSF  Score function L /
validation
0.847
2 270 (B.subtilis 643) . 10-fold cross-
14.IPMD" / PCSF; ID Modified MD o (B.subtilis)
741 (E.coli 670) validation
0.920 (E.coli)
5-fold cross-
15.70ProPred™ 741 (E.coli 670) / PSTNPss; PseEIIP SVM validation; 0.990
Jackknife test
270 (B.subtilis) 10-fold 0-98%
 subtilis -fold cross-
16.iProEP™" ( <80% PseKNC; PCSF/ mRMR; IFS SVM o (B.subtilis)
741 (E.coli) validation
0.976 (E.coli)
25 Entropy-based conservative characteristics; . 10-fold cross-
17.IPWM"™ 683 (E.coli 670) Score function o /
Improved PWM validation
(2,3,10)-fold cross-
18.BacPP™ 1034 (E.coli) / Binary digits ANN validation; /
Independent test
o . . 10-fold cross-
19.vw Z-curve™" 1401 (E.coli) 660 (B.subtilis) / variable-window Z-curve/ IFS PLS L /
validation
e ) o (2,3,10)-fold cross-
20.Stability 1035 (E.coli) / DNA duplex stability ANN o /
validation
21.iPro54- .
) 161 (prokaryotic 654) <75% PseKNC/ F-score; IFS SVM Jackknife test /
PseKNC™”
P Baseing: RF 10-fold cross-
.Promote agging; ;
. 161 (prokaryotic 654) <75% Motif profile-based ANF/ MRMD SEme validation; /
Predictor™” SVM

Independent test
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Benchmark dataset size ~ Sequence . . Classification Evaluation
Tools . Feature extraction/ selection X AUC
(promoter) similarity algorithm strategy
23.meta- . <45% sequence-based features; structure-based .
dictior®” 579 (E.coli 670) <45% features Meta-predictor Independent test 0.850
pre
3597 (E.coli) 127797 (Nostoc) PWM: Physicochemical ies/
> ; sicochemical properties
24.bTSSfinder™ 351 (Synechocystis) / Y L prop ANN Independent test /
1471 (Seel 1us) Mahalanobis distance
\elongatus
25.iPro70- 5-fold cross-
741 (E.coli 670) / PseZNC/ F-score; IFS SVM o 0.909
33
PseZNC™! validation
Nucleotide Statistics; k-mer; g-gapped k-mer;
26.iPromoter- . Approximate signal pattern count; Position Ensemble 10-fold cross-
B4l 741 (E.coli 670) / . o . o 0.932
FSEn specific occurences; Distribution of learning validation
nucleotides/ Feature subspace
27.iPro70- . k-mer; g-gapped k-mer; Pattern finding; 10-fold cross-
- 741 (E.coli 670) / o . LR o 0.959
FMWin"” Positioning distance count/ Adaboost validation
28 CNNProm®™ 839 (E.coli 670) / one-hot CNN 5-fold cross- /
746 (B.subtilis) validation
29.IBBP"" 1888 (E.coli 670) / Image-based and evolutionary approach SVM Independent test /
5-fold cross-
sy 170 (P. aeruginosa and P. L
30.SAPPHIRE tida 70) one-hot ANN validation; /
utida ¢
P Independent test
5-fold cross-
31.iPromoter-2L"" 2860 (E.coli) <80% Multi-window-based PseKNC RF validation; /
Jackknife test
32.iP 1 Smoothing Cutting Wind lgorithm; k- SYM: 5-fold
.iPromoter- moothing Cutting Window algorithm; k- -fold cross-
0 2860 (E.coli) <80% € & & Ensemble o /
20.2.0% mer; PseKNC ) validation
learning
5-fold cross-
Bi-profile bayes; KNN; k-mer; alidation;
33.MULTiPly“! 2860 (E.coli) <80% profite bay § SVM Vel ) /
DAC/ F-score Jackknife test;
Independent test
5-fold cross-
34.pcPromoter- o
2860 (E.coli) <80% one-hot CNN validation; 0.957
CNN™!
Independent test
. 5-fold cross-
35.iPromoter- . o one-hot; k-mer; Structural L
) 2860 (E.coli) <80% ) CNN validation; /
BnCNN™ properties
Independent test
5-fold cross-
’ CKSNAP; PCPseDNC; PSTNPss; DNA Ensemble
36.SELECTOR™Y 2860 (E.coli) <80% . validation; 0.984
strand learning
Independent test
37.iPSW(2L)- 5-fold cross-
( “) 3382 (E.coli) <85% NCP; ANF SVM o 0.905
PseKNC™! validation
Combination of Conti 5-fold -
38.deepPromoter’*” 3382 (E.coli) <85% Onmuons CNN oCcross 0.885
FastText N-Grams/ MRMD validation
39.iPSW(PseDNC- 5-fold cross-
¢ 3382 (E.coli) <85% one-hot; PseDNC CNN 0.925

DL)*"

validation

PWM: position weight matrix; SIDD: stress-induced DNA duplex destabilization; PCSF: position-correlation scoring function; ID: increment of diversity;
PSTNPss: position-specific trinucleotide propensity based on single-strand; PseEIIP: electron-ion interaction pseudo-potentials of trinucleotide; PseKNC: pseudo
k-tuple nucleotide composition; ANF: accumulated nucleotide frequency; PseZNC: pseudo multi-window Z-curve nucleotide composition; KNN: k-nearest
neighbors; DAC: dinucleotide-based auto-covariance; PCPseDNC: parallel correlation pseudo dinucleotide composition; NCP: nucleotide chemical property;
PseDNC: pseudo dinucleotide composition; mRMR: minimum redundancy maximum relevance; IFS: incremental feature selection; MRMD: maximum-
relevance-maximum-distance; ANN: artificial neural network; SVM: support vector machine; FLD: fisher linear discriminant; SLP: single-layer perceptron;
LSSVM: least square support vector machine; MD: mahalanobis discriminant; PLS: partial least squares; HMM: hidden markov models; RF: random forest; LR:

logistic regression; CNN: convolution neural network; LDA: linear discriminant analysis.
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Chemical property Class Nucleotides
. Purine A, G
Ring Structure o
Pyrimidine CT
. Amino A, C
Functional Group
Keto G, T
Strong CG
Hydrogen Bond
Weak A, T
Ni = (x1,i,2i) 3)

X, X, w2 70 RN AR G5 K (ring structure),
Ty 68 44 7 (function group), LA M & ## (hydrogen
bond), l:
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A, SR oRTEIE 7R AL B IR T T 2
q, FEFRTET 57 5 Pk @ AR SE j AL B 5
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41 RNITRFRAEX
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R FKIED TR BRI YN 2R B 18], JLFAS
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TN x Ay, HEEEN:
I(x,y) = H p(x,y)log p(x.))

@)Y
K, p() RAMEZE L R A
B RAH M
maxD(S,c) D= |S|XZ€;I(JC, ;) (10)
K, c N E; S ONRHIET4.
BN TUREENZR IR N
minR(S) R:L2 Z I(xi:x)) (11)
x,-vx_,*ES
5 Ja FPEEARHE N (12) Ars:
max¢(D,R) ¢=D-R (12)

mRMR 24 JIT A7 REAE 1) d KA 5% B /N TU AR AT
SR MKINHER (BB IR 2
42 BRAMEXRKES

Y PIANRRAE i PO, B AT TR B () TR A
ReZ N, SCHR [54] B T PR B R B 1 e KA R
B N B B (max-relevance-max-distance, MRMD)
IR R e SRR VA

MRMD 3£ P> 77 T R AEHE P B & 1) %
fEF55S BRI G M 2) FRIE TR M TR
FE o R RREMHR REOCR BT EA I, 2 Fhih gy
BRECRT R IIREE . RRIMH R REGE R, FHES
HARSE A (B ARG My s R E R BB, RPAIE
TEEBTURFBAR: AHICHE 5 BE B 2 AR B R-AE B
N AWRE 4. Bk, MRMD 4 s RHAE
TEIURERNG, 5 BRI MR
4.3 F-score

F-score & — 3 T filter (RHIEILEETTIE, XF
B MRAEHAT EENEAT 7, R RE IR

Fo =

)

(V- x,-)z +(x7 - fc,»)z

A R y KPR

i N S E TN R F Y E S IR
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WA k SR AIER | MR EE

F-score 18 ¥ 5 1 8 R L FE 5 R AH 45 6 R
JE B UARFIE T4
4.4 BEFFEIREF

4 & KF{E & #¥ (incremental feature selection,
IFS) J5i%3d T e R RHIE T4 . TG
SRR 4 3 L VT 40 B e BRI AR ORI B RR A1
T, BRI, BE D TERAZER
L NI AR HE 25 SR 5 B R R AE 74
5 PEFE

1065 IE IR B R DS B 25 (R A R A1
EREFIVZALRE ST, SR E 2 ) Tk C &) iz M
T EZE 81, KREALLT 4 2K,
51 HEFEEN

2 %5 17 & AL (support vector machine, SVM)™!
ST B A 21 7 O AR AT —on R, R
22 ) SR AR I SIS P TS A5 PR 28 1T 1) R e K o

X T ENERT 2 s L, AR — o KT T g
FEMNGFEA W50 2K T T 2R AN ] 43 B 15
T B A R BURH AR AR AN 0] 43 B A B 21 5 = 24 1)
FROEZS 8], A REAAE i 4E 25 (A 2 e W] 40
5.2 ML

2L 2% (neural networks, NN) 27 3] J& — Fi i
E{PREst /N L E ESY 31N S B NAn o= & A Ri B Sl =
KANTHEBERPEKE, NTHERMZ% (artificial
neural network, ANN) JZHAEFHHZNZL (convolutional
neural network, CNN) C\ACABF 50 AE W15 B 5 1) @
[ E BTV

B ANN S5 EFERANZ . B8 A
Z, FERSRETIENER, RERM LK. @
b MERZE R, B IR A TG A E, Y
HoaRZ/NT— & BE I, BT 125,

CNN H A 7E1R 22 #F 78 U A IS T BRI R
or, wEE N BB, BRES S, 2
REZ MR EFEZ —. CNN#ET HIAE.
LGRRE. BomwRE. WE . SEEEMRHEA
Fo 55 SR 25 AN R B & CNN SR R 8
PERABUE L, (F13 M %5 TR I HRRAIC B4
IR, BN H G XU
53 &ERF3]

££ 2% 2] (ensemble learning, EL) il i #4 2 -
GG 2N AR TS . ETNEAL S 30
THTTER, SR IR 2 S, dnBE L

XM (random forest, RF).

RF & — 5 T PR JE IO R il 2] 7 ik, fE Uk
B INGRS AR I T RENUB IR £E . X T HE ik
FRREANEE B, BENLIE RS SB EEE i —
MTEE, AR TP IEE D RIUEEH TR
7y o RF 8 — D REM A=A — D K8 R,
B HRERERA . SRR AL,
RF B AR SR, H B REEE AR r)
AL PRAIR o
5.4  ZMFIA ST

ZethH 53T (linear discriminant analysis, LDA)
FE 53 2R )@ b e W2 B OCHR [56] #R I, JRAR
N “Fisher #7377 o

LDA fJ#% 0 B AEHE X fiT e 1 S I G h
RSB — K HE b, 1SR — KA v R
FEIT, AFIEAEARATREIL B S e A ORI,
BHARRIE—EHL b, WTARE S SR E A
W7 H )
6 HEETTEM

Gt o Areh, SR A K 4 B A8 X
UE TP Iz S T IR 7 KA ERE . AR
BN, SRR R o I 2R AT
MR . ST B T RS 5B RIIZE, L
St PP R I e . AR SR AR S B IR A
K #1858 IR N By iz, HBEAR AR &
SHRHEE, & MEARRERT LMERIISES 5K
BNk, WERNRES SEATE . Tk
AR50 1 K s K—1 AN THREBEINZR, FR
—r RN, EE KR, ®EIRE K XS R
A K #2358 Xk KEREE BRI TR —4
B, e S S S A AR ) T R

Ak, ZAk A TAERHIE I 26 (receiver operating
characteristic curve, ROC) T [ A1 AUC 18t 7] DA )z
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