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TS E AR B OCIRA R B OCHR
T 70 %% fE  (position-correlation scoring feature,
PCSF) + fthEAFIREFE (pseudo k-tuple nucleotide
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Fig.1 Sigma70 sequence matrix pixel matrix bitmap after
scoring by PSSM
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Table 1 Sigma70 position—specific scoring matrix

(PSSM) for a certain training set

sl §2 eeeeer s80 s81
a 0273018 0273018 ==e=er 0.544 321 0273 018
g -0.497 5 —-1.12553  ceeees -0.33703  -0.41504
c -0.4975 -0.33703 e -0.337 03 -0.061 4
t 0459432  0.624491  -eeeer -0.061 4 0.115 477

B R B~ B th 3 EE g A &
M, SRR, Bl 2
A 1A EENE (AGCTHH—1) (E3b), Hit
FA-EEPKRIBERZ 044 (E3d), Fridnl
DLKE 4 /4380 38 0 7 57 o5 R EEL I Rn A5 81— A8
‘00 MK N8Ry mIE (& 3e), i AR 4
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F—ZEBUE 5 BB AR LRI, AR %
IR RO B P A R 200
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Fig.2 Picture of RGB three—channel schematic diagram
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@ ¢ [T cl cl T [... [ T [ cTG T ©[  ToOl matrix ]
_(Q)J sl s2 s3 $4 | ceeeee s78 s79 s80 s81 sl s2 s3 54 leeeeen s78 | s79 s80 s81
a | (void) (void) (void) (void) | ...... (void) (void) (void) (void) a 0 0 0 (T 0 0 0 0
g G (void)  (void) (void) | ...... (void) = (void) G (void) g 1 0 0 0 e 0 0 1 0
¢ (void) 8 c (void) | ...... (void) C (void) = (void) c 0 1 1 [V — 0 1 0 0
t | (void) (void) (void) T | ssss T (void) (void) T t 0 0 0 | 1 0 0 1
()| 4D To 1D (d) [ Scoring with PSSM (4D) |
sl s2 s3 §4 | s s78 s79 s80 s81 sl s2 s3 s4 ... s78 | s79 s80 s81
-0.497 5 -0.0614 ...... 0.000 00 -0.337 -0.115 §| a 0 0 0 0 e 0 0 0 0
g 05 0 0 0 Joswsss 0 0 -0337 0
c 0 0 losuses 0 0 0
t 0 0 0 -0.06.....0.00000 0 0 -0.1159§

Fig.3 Overview of conversion method for certain Sigma70 sequence
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Fig.4 Handwritten numbers “1 ” from

http://deeplearning.net/data/mnist/
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Fig. 5 Fully connected layer and average pooling layer
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22.1 ROCH
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operating characteristic curve, % FXROC [1£k), #
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HR AR 2 Z [ A RO R . ROC 4w FHTE
TAYRBRY | R 2SS i T DR X
WS4 CEPR ROC S B HEAR B N IELE, HA
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ROC e W DL 3AFE T 24 1E S MEAS B0 X L & A AR
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_ Iy
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Ace TCIBJEAEZ I & — AR L e H Y
S, BRI A T AR .
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FEADFIEF IV UER R Ace v R -
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F150 105 SO A7 9 A8 BP9 . TSR
i B, AR SCHMPT ALY Jr 2K . Sigma J7 51 I 4 1
(Coding) J¥ %1 . Sigma ¥ % #1 4F 4% i (Non-
coding) J¥%1.

3.1 HKEE

RN 25 rp (5 FH ) S 5 SRR 2K -

H(p.q) == p(x)logq(x) (7)

p(x) RREIMEARI A, g(x) R B S>
i, 28 XA ER AR 22 B P EA . 28
SR B PR B IEIMG (UL Sigmod pREAE A I80TE PREL)
(1 6), 7T LI RIS UG MG EA Bl I HAb 2k
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Fig. 6 Cross_Entropy curve
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——: Loss
—: Acc
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Fig.7 Self-consistent verification training curve
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Table 2 Self—consistent verification overall evaluation Parameters

Fl1-core Acc Kappa Hamming Sample distribution
(macro/micro)
Coding 0.969 1/0.984 0.984 0.973 3 0.016 o
i Evenly distributed
Non-coding 0.965 6/0.978 7 0.979 0.963 7 0.021
B8 Ry W Fp M AL AL g ROC £k, M ma2keeds.
BRI AUCHISTE 0.96 DA I, IR T R AT
(@) ROC coding (b) ROC noncoding
1.0 >
/”
//
e
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£ £ 06 e
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% /// mmm : Sigma38 ROC curve (area=0.96) % ,z/ mmm : Sigma38 ROC curve (area=0.97)
&= 02 Jad mm : Sigma38 ROC curve (area=0.99) = 02 JRag e : Sigma38 ROC curve (area=0.96)
’ JRag mmmm : Sigma38 ROC curve (area=1.00) JRag mmm : Sigma38 ROC curve (area=1.00)
JRad mmmm : Coding ROC curve (area=1.00) ’,/ mmmm : Noncoding ROC curve (area=1.00)
” N N N N . 0 N N N N N
0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
False positive rate False positive rate
Fig. 8 Self—consistent verification of two four—category ROC curves
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Ll o W, SXUCPHYIZREY R FE LR . AT LA 2IEf 5

Ll — e MR AR T 1.0, PR REBCIRER] T — 8
' RAREE (0.0006).

Lor 55 999 K MY A 2K K tensor (1) 5 2f 999 WK 1Y

3 g R B A . tensor (0.000 6, grad fn=<

0 - NegBackward>) .

Qe THERFRPER TS RS R RIES R (Y

02 gt ) | With-coding 27K Sigma £ Coding J7 51| (4 4
ot . . - . . W45 (3% 3), With-Noncoding 3 7~ Sigma Fll

0 200 400 600 800 1000

Fig. 9 Independent inspection training curve

Noncoding JFFIHIIRIELE R (R4) .

Table 3 Independent inspection result (With—coding)

Dataset Promoter Acc S, S, AUC
Sigma38 09315 09315 0.998 4 0.986 0
) ) Sigma54 1.0 1.0 0.991 0 0.999 5
With-Coding )
Sigma70 0.997 5 0.997 5 0.984 0 0.999 8
Coding 1.0 1.0 0.988 6 1.0
Table 4 Independent inspection result (With—noncoding)
Dataset Promoter Acc S, S, AUC
Sigma38 09315 09315 1.0 0.991 6
. . Sigma54 1.0 1.0 0.992 1 0.998 9
With-noncoding )
Sigma70 1.0 1.0 0.9819 0.9999
Non-coding 1.0 1.0 0.990 5 1.0

# 3. 417K Sigma38 J¥ AR X T HAh )5 2h 7
PIMER R R AR, XATREEm TG 2809,
FEYNZR Sigma70 2 Sy H B PR 3L

MRz ROC 2k (10, 11), AILA

Sigma38 Sigma54
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o
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o
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/
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'S

/

7/
0.2 /

7/
: ROC curve (area=0.99) 7 : ROC curve (area=1.00)

True positive rate
N\

True positive rate
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e
o

True positive rate

BRI RMFEAA S, MZmRIHA b
W, FIXTHESR UG, Sigma38 4k g2 —2, X
WA Y Ace 25 A AR LN .

02 04 06 08 10 % "02 02 06 08 10
False positive rate False positive rate

Sigma70 Coding
1.0 7 1.0 7
/ P /
7 2
0.8] ) g 0.8 Y
/ 2 /
0.6 7/ £ 0.6] /
7/ g p /s
4 0.4
o4 % g %
/ & /
0.2 / 0.2 /
7 : ROC curve (area=1.00) 7/ : ROC curve (area=1.00)
02 04 06 08 1.0 02 04 06 08 1.0

False positive rate False positive rate

Fig. 10 Independent inspection ROC curve (With—coding)
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Sigma38 Sigma54
1.0 7 1.0 7
// //
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é // 'é //
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7/
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Fig. 11 Independent inspection ROC curve (With-noncoding)

LRSS A RUE (3R 5), YRRt
AMIRIE AT RIS, X F YT CNN /P35
T B R RG BEFI PSSM BEAS B4y (SR PP 81 B AR AIE
(ECR AR REAS Al S 1 2 Hh BTG IA M
FRGXE, PRI 5 2O H A T RARAR B CRA
BARIR 27 ) R Z IR 215326 ds L

BBCEZHHE, WARUBBUZ MR T 16316 A
20%20 (B, T M7 REA PR 25 L% O 5
5), BORERLUHR T b A, IS )
(IRETEE L AT T BFREACES, O RIS
KT

Table 5 Independent inspection overall evaluation parameters

F1-core (macro/micro) Acc Kappa Hamming Sample distribution
Coding 0.983 1/0.991 6 0.991 6 0.9859 0.008 4 o
. Unevenly distributed
Non-coding 0.9851/0.992 6 0.992 7 0.987 2 0.007 3

Coding represents the four classifiers of promoters and coding, Non-coding refers to the four classifiers of promoters and noncoding.

34 TR
NI AT IO, SEAS el s G

EWEIE (F6~8),

Table 6 Ten—fold inspection result (With—coding)

Dataset Promoter Acc S, S, AUC
Sigma38 0.957 8 0.957 8 0.983 0.97
. ) Sigma54 1.0 0.99 0.9759 0.999 6
With-coding )
Sigma70 0.9789 0.9789 0.9722 0.96
Coding 0.957 8 0.957 8 0.983 0.9909
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Table 7 Ten—fold inspection result (With-noncoding)

Dataset Promoter Acc S, S, AUC

Sigma38 1.0 1.0 0.976 3 0.98

) . Sigma54 0.99 0.99 0.979 6 0.99
With-noncoding )

Sigma70 0.95 0.95 0.996 7 0.95

Non-coding 1.0 1.0 0.976 3 0.99

Table 8 Ten—fold inspection overall evaluation parameters

Fl-core Acc Kappa Hamming Sample distribution
(macro/micro)
Coding 0.976 7/0.976 6 0.976 7 0.968 9 0.0233 o
] Evenly distributed
Non-coding 0.9823/0.982 2 0.982 2 0.976 3 0.017 8

2 ROC IR AT -
Jii 8l F Fl Coding X5 81] P4 432 ) ROC il £&
(F112) SHFEXTAZ 107, I H AUCTHIY Bz 1

(Sigma38 ) AUC{H } 0.97, Sigma54 Fll Coding JT
F| i) AUC 214 0.99, Sigma70 4 0.96), 3% & HIf
RUXE T3 85 1 53 SRR AL
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Table 9 Comparison of Acc (Ten—fold inspection)

Sigma38 SigmaS4 Sigma70
PSSM+CNN 0.978 9 0.995 0.964 4
Only PSSM 0.96 0.97 0.74
Single parameter+Doublet 0.86 0.83 0.86
Table 10 Comparison of comprehensive parameters (Ten—fold inspection )
Ace S s, AUC
PSSM+CNN 1.0 1.0 1.0 0.99
PseKNC+PCSF feature +SVM 93.1 92.2 91.2 0.976
Table 11 Comparison of comprehensive parameters (with the newest results)
Acc Sp AUC Published
PSSM+CNN 0.98/0.995 /0.964 0.98/0.98/0.98 0.97/0.99/0.95 None
Feature by Grad-CAM 0.99/0.999/0.979 0.66/0.65/0.78 0.63/1.0/0.84 2020.6
PSSM+CNN 0.979 0.980 4 0.978 8 None
One-hot encoding 0.901 0.903 8 0.9572 2020.12

0.98/0.995/0.964 are parameters of Sigma38., SigmaS54., Sigma70 respectively, 0.979 is the overall evaluation parameter.
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Prediction of E.coli Promoters Based on CNN*

PENG Bao-Cheng”, ZHANG Xiao-Wei”™, LIU Yang”, Fan Guo-Liang""
("School of Physical Science and Technology, Inner Mongolia University, Hohhot 010021, China;
2}Department of Rheumatology, the First Affiliated Hospital, Inner Mongolia Medical University, Hohhot 010050, China)

Abstract Objective The prediction model based on PSSM (position-specific scoring matrix) has achieved
good results, and various optimization methods based on PSSM are also being continuously developed. However,
the accuracy rate is relatively lower. In order to further improve the prediction accuracy rate, this paper does
further research based on the CNN algorithm. Methods In this paper, PSSM is used to process the letter
sequence into a numeric matrix, and through a convolutional neural network (CNN) algorithm for classification.
The 3 promoter sequences of Sigma38, Sigma54 and Sigma70 of E.coli K-12 (Escherichia coli K-12, hereinafter
referred to as Escherichia coli) are used as the positive sets, and the sequences of the Coding and Non-coding
regions of Escherichia coli are the negative set. Results In the prediction of Escherichia coli for the two-
classification for promoters, the accuracy rate reaches 99%, and the success rate of promoter prediction is close to
100%; in the three-classification for Sigma38, Sigma54 and Sigma70 promoters, the prediction accuracy rate is
98%, and for each the prediction accuracy of these sequences can reach 0.98 or more. Finally, we tried 4
classifications of 3 promoters of Sigma38, Sigma54 and Sigma70 with Coding area or Non-coding area sequences
respectively, the accuracy of prediction was 0.98. The prediction accuracy of the ten-fold cross-validation of the
balanced samples of the Sigma promoters can reach more than 0.95, the Hamming distance is 0.016, and the
Kappa coefficient is 0.97. Conclusion Compared with other classification algorithms such as SVM (support
vector machine), the CNN classification algorithm has more advantages, and based on the classification

advantages of CNN, the coding method can also be simplified.
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