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Intelligent design of nucleic acid elements in biomanufacturing

WANG Jinsheng!, SUN Zhe!*", ZHANG Xueli'*

1 Tianjin Institute of Industrial Biotechnology, Chinese Academy of Sciences, Tianjin 300308, China
2 National Center of Technology Innovation for Synthetic Biology, Tianjin 300308, China

Abstract: Nucleic acid elements are essential functional sequences that play critical roles in
regulating gene expression, optimizing pathways, and enabling gene editing to enhance the
production of target products in biomanufacturing. Therefore, the design and optimization of
these elements are crucial in constructing efficient cell factories. Artificial intelligence (Al)
provides robust support for biomanufacturing by accurately predicting functional nucleic acid
elements, designing and optimizing sequences with quantified functions, and elucidating the
operating mechanisms of these elements. In recent years, Al has significantly accelerated the
progress in biomanufacturing by reducing experimental workloads through the design and
optimization of promoters, ribosome-binding sites, terminators, and their combinations. Despite
these advancements, the application of Al in biomanufacturing remains limited due to the
complexity of biological systems and the lack of highly quantified training data. This review
summarizes the various nucleic acid elements utilized in biomanufacturing, the tools developed
for predicting and designing these elements based on AI algorithms, and the case studies
showcasing the applications of Al in biomanufacturing. By integrating Al with synthetic
biology and high-throughput techniques, we anticipate the development of more efficient tools
for designing nucleic acid elements and accelerating the application of Al in biomanufacturing.
Keywords: nucleic acid elements; intelligent design; machine learning; synthetic biology;
metabolic engineering
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Figure 1 Diagram of nucleic acid elements used in biomanufacturing. A: The promoter regulates gene transcription.
The main elements of prokaryotic Escherichia coli 6’° promoters include the —10 region, the —35 region, and the
transcription start site. The main elements of eukaryotic promoters include the CAAT box, the GC box, the TATA
box, the initiator element (Inr), and the downstream promoter element. B: The ribosome binding site (RBS)/Kozak
sequence regulates gene translation initiation. C: Enhancers can remotely enhance the transcription of genes. D:
Transcription factors can sense specific ligands and regulate gene expression by altering their affinity for
transcription-binding sites. E: Terminators facilitate the dissociation of RNA polymerase (RNAP) from the template
DNA to terminate gene transcription. F: Riboswitch can sense specific ligands and regulate gene expression. G:
siRNA promotes mRNA degradation and silences target genes. H: miRNA promotes mRNA degradation and silences
target. I: circRNA can translate proteins or bind miRNAs to regulate gene expression. J: sgRNA (in red) binds to the
Cas protein, enabling precise gene editing and regulation.
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Ensemble learning v v
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Recurrent neural networks v v
Transformer v
Multi-Task learning | Task adaptive parameter sharing v
Generative model | Generative adversarial network v
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Figure 2 Summary of artificial intelligence algorithms applied in the prediction and design of DNA nucleic

acid elements.
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Table 1

prediction and design

Introduction to representative artificial intelligence algorithms used in DNA nucleotide component

Nucleic acid Representative Main algorithm or

Applicable species Function References

elements tools architecture of the model
Promoter 70ProPred Support vector machine Sigma-70 Identify sigma70 promoter regions in ~ [37]
promoters in DNA sequences based on sequence
prokaryotes features (single-stranded characteristic
and electron-ion potential values)

Promoter MLDSPP XGBoost Bacteria Using the original downstream [38]
sequence as a control to predict
promoter regions in bacteria helps to
understand gene regulation in
different bacterial systems

Promoter CNNProm Convolutional neural ~ Human, mouse, Classifying eukaryotic and [39]

networks plant (Arabidopsis), prokaryotic promoter and
and two bacteria non-promoter sequences
(Escherichia coli
and Bacillus subtilis)

Promoter Deep_promoter Deep generative model Escherichia coli To study the sequence characteristics [40]
of natural promoters and capture the
interactions between nucleotides to
generate new promoters

Promoter DeepSEED Generative adversarial Escherichia coli,  Generate a complete promoter [41]

networks mammalian cells  containing the seed sequence (such as
a transcription factor binding site)
based on the input seed sequence

RBS RBS calculator Simulated annealing Escherichia coli Predict the translation initiation rate  [42]

algorithm by quantifying the interaction
strength between the 30S ribosomal
subunit complex and the mRNA
molecule

RBS TITER Deep convolutional and HEK293 cell line  Quantitative translation initiation [43]

recurrent neural sequencing (QTI-seq) data will

networks, linear predict translation start sites across

regression models the whole genome and identify Kozak
sequences

RBS SAPIEN Residual neural Escherichia coli Quantitative and predictive [44]

networks relationships between RBS sequences
and translation strength

Terminator ~ Support vector Support vector Escherichia coli Inferring whether the sequence forms [45]

machine model machine, random a hairpin structure, categorizing
context-free grammar, rho-independent transcription
Cocke-younger-kasaami terminators in the E. coli genome

Terminator  XGBoost XGBoost Escherichia coli Classifying terminators of [46]

model Escherichia coli

Enhancer DEEP Support vector 36 different types of DNA regions are classified as [47]

machine, artificial human cell tissues enhancers or non-enhancers
neural network

Enhancer McEnhancer  Interpolation Markov  Fruit flies Predict enhancers and discover [48]

chain, logistic (CRM2893, chromosomal interactions and histone
regression classifier CRM6053, modifications associated with
CRM5481, etc.) enhancers

Transcription BinDNase Logistic regression K562 cell line, Predict the transcription factor and  [49]

factor HepG2 cell line DNA interaction sites of cell line

binding site K562/HepG2 using DNase-seq data

Transcription Chained Clustering algorithm, = Human Classify promoter regions based on  [50]

factor machine ensemble learning the location and strength of

binding site learning (neural networks, transcription factor binding sites, and

models decision trees, and detect target genes of transcription
naive Bayes factors
classification)

Transcription D-AEDNet Encoder-Decoder Human Identifying the locations of [51]

factor structure, convolutional transcription factor DNA-binding

binding site

neural network

sites in DNA sequences through
chromatin immunoprecipitation
sequencing(ChIP-seq)
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IRIERGEEA ZR T, W ChromHMM™! |
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RFECS™! EnhancerFinder®™ 41 MCSE-enhancer™
S5, WROMSIR B ER AT 90%. 2015 4F,
Kleftogiannis 21471 & T #5143 245 % DEEP,
R IR IR 20 R m LB AL, AR5
i N T2 48 % 2 AR T4 5 IR =
AR, R A AR DNA X532 0 3 o
F AR R T, 7E 36 AR A 2 ik B2y
90% Y HERA A, ST T Z R4 4. 2017 4F,
Hafez SEUSHTE T HLHE 7 51 AR AIE 150000 38 5 - 1)
FAE T /R ] REERC Y McEnhancer, HJE U0
R— Ty s donstse+, IFHizr s 5l
ARG SR T FSIARRL, B4 T AT RE S b iR
AEI PR ) Rk 5 2 A5S80S g R i g 2R i A
TN HERR RN 73%-98%, F & BL T 3o FAH
OB Y AR T AR FH AN A 2 B -

B 1 g 1, N TR AW AT LU F
SR IG SR AR AL o B a0 3T 241 5527 S 4
AR AT R REMEGR L 27 I B R HEAP, A Ay
Y TERith e S R ae S i iX I/ SR TIFURYN
T4 2 K38 I o W4T 55 - HEAP BERUAT DL4E
5 DNA J7 91 R W58 A% 46 1 5 o Tt 34 o 5
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2.5 BHREFLEEMUR
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A DL 10 DNA 2 98 3B | B e FH e S5 3 1

http://journals.im.ac.cn/cjben

05T 9% SR VE 55 2 B0 R A U 25 45 6 i i AL B
Jo 55 s R 25 G i SR A0 BRIk Z 4b,
AT L) FH R B I e 5 T 5 53 TR 435 45 A
MO HFEE LR, W2 AR BinDNase
F] | DNase-seq 4 110 21 g 22 K562 il HepG2
th Z AN S5 DNA BYAH BAE 7 5, Bt
I E) Z R g 2 A 3P A k0
REA T8, N TR ReA T IR
I O A 1FE 5 1256 60 UK TIIN BT 45 5 7
R B . 4N Dinakarpandian 2P0 F IS5 1k
X PXR/RXRo #8945 B 5 3 8l F 10 )7 9 64747
57, SRIGE T AR LS | PSR AR R D
3 TR YN R R B 2 I R, AR s
S - 25 400 1 PO A7 B D B X I 3 X dalae
TP5r28, TR 4% S5 R - 0 bR 3 R v 2L A
T0% M HERR B . B S DR RN 25 G A Z A 5
7 e 2 A S DR 0 SRR B R T, S8R
B[] R DNA ffinity AN AT AT 4% % 87
MGE G Z BB 2E Ry, 3 ] RAE— 45 3
i 5 R 2 A e L AH A R )5 g 1

2R ML S AR LT TR MR B
FPRFIEERE , (HJRARAE Y15 25 i A 80 g v
J& . Zhou FFPYTEMFENTE S F 15 DNA W45 5T,
R IRAE LT S R ) [ B AR S DNA
(1) 3D JEARFFIE AT LARGARAFAE 25 [RI A AR 1, fASi7y
PEFAUKIG T 5 AR, R F s s A
T HERALES G A Rese it T k. M
b FHLaR2E , RS TR N CRHRITHRE, BT
LI BPNet® | MAResNet’f1 DeepD2 V45 T H.
TEPE T IRIE 5 2 S i s PR 456 s A T 100
Wit AR H TR, A AR EIR
27 ) SR FH A B SRty AR iAEZE
A DA m R A PERE AN Z AL RE J) . 40 D-AEDNet
T F O e T A 9% T UE W JF (Chromatin
Immunoprecipitation Sequencing, ChIP-seq)%{#&iH
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B SRINTAE AL, SRS R 2% 27~
Gifithe PO RR AL B R, R TIHER
AR T AR R A A R, [RS8
T 1A e IR 18 5 (st R B30 T LA Tt Ao
S TR s ERATE TN 5 2R A A 22 T L, 0.889 IR
RUMERG 5T DeepSNR 250U XL A R
FORMZEIEL T A B TSRO C R s
TV K RN o

3 RNA TH&E R HN 5 &t

Fr T Ei& DNA JTif, B E. sgRNA.
miRNA ., siRNA F circRNA % RNA Jofft H
AHELEWMAEEIRE, MAEDRERETEEN
K AR T N TR BEFEIX 48 RNA JCiEAT4%
i PO RN AR A B T kA T E R (B 3 R
2), 43I T RNA JSTAEA Y HE iz W .
3.1 #ZPEFX

KR IF 0T DL G /N o AR P LA

TR WL B R SR B, HA SRR X
WG SR, Tz N A s e )
i N T BB AR AT LA A0 A2 iE T 56 1
RE L Qe 45 FE o 222 0 245 JRTORL [ 38 - o 228 DO 245 )
(1) Riboflow A LAXT 32 Fh 40 B AZMEIT 04143
2, MEFPRETS 99%%, 14k, Angenent-Mari
SRR Z J2 L . A B 28 ) 4% K it 0
ARG 22 P25 T Aa) R A ABE TRSR F0 23 4N
BEALA L A AT G ; Tt 91 534 M
BETF BRI G, TR B il 2 I 45 1S R [ 3=
B (R*=0.43-0.70) 1 T # Jj = Fl gy Jy 2% 65 7Y
(R*=0.04-0.15), [RIB} 5] AR o] b AR
VIS4Map, ] o FUAZE I 5 1 G 5 H ok
YRR T I SR

N T RE B A A fff REAZME T 2 i B T
o ik — 25 BT BT AR T 5 J Tt A BB AR
FH o QR BE 25 N 25 455 750 T1Snet 7] LA TN AE 4
AN mRNA F A BIRREC R0 5, & LA

Algorithm = ot 7 RNA nucleic acid elements
gy
Y 7
Model classification | Artificial intelligence algorithms | Riboswitches | sgRNA |[miRNA| siRNA | circRNA
Linear regression model v

Traditional machine Support vector machine v v v v

learning models Random forest v v v
Ensemble learning v v

Artificial neural network v v v v v

Convolutional neural network v v v v v

Deep learning models Recurrent neural networks v v v v v

Transformer v v v v v
Graph neural network v v

B 3 RNA #ZERTHEFUNMEITHERNALERESL
Figure 3 Summary of artificial intelligence algorithms applied in the prediction and design of RNA nucleic
acid elements.
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Introduction to representative artificial intelligence algorithms used in RNA nucleotide component

Table 2
prediction and design

Nucleic acid Representative
elements tools

Main algorithm or architecture
of the model

Applicable species
or targets

Function

Riboswitches Riboflow
Riboswitches Deep neural

network model

Riboswitches TISnet

Riboswitches NuSpeak,

STORM
sgRNA autoBioSeqpy
sgRNA Iterative

random forest

model
miRNA TEC-miTarget
miRNA BrumiR
siRNA OptiRNA
siRNA GNN4 siRNA
siRNA BERT-siRNA
circRNA circLGB-

circMRT
circRNA CRIECNN

Convolutional neural networks
and bidirectional recurrent
neural networks

Logistic regression, multilayer

Bacteria

Viral and human

perceptron, convolutional neural transcription

networks, and long short-term
memory networks
Deep neural networks

Convolutional neural networks,
recurrent neural networks,
multilayer perceptron, transfer
learning

Convolutional neural networks,
recurrent neural networks

Random intersection trees

Encoder and convolutional
neural networks

Random forest

Support vector machine,
bayesian sampling

Graph neural networks,
convolutional neural networks,
long short-term memory
networks, and dense neural
networks

BERT, multilayer perceptron,
transfer learning

LightGBM, support vector
machine, random forest,
stochastic gradient descent,
gaussian naive bayes, circLGB,
circMRT

Convolutional neural networks,
bidirectional long short-term
memory networks, and
self-attention mechanism

factors

Arabidopsis,
Nicotiana
benthamiana,
human HEK293FT
cells, yeast, etc.

Human genome and Design and optimization of

Design genetic circuits using [98]
customized riboswitch

aptamers to achieve precise
translational control

To accurately predict the [99]
switching pattern by

predicting the secondary

structure of riboswitches
Predicting translation start  [100]

sites on plant and human cell
mRNA, it is found that
riboswitches can regulate
translation by selecting

different start codons

[101]

viral genomes (such riboswitches

as SARS-CoV-2)

Type I1I secreted
proteins, protein
subcellular
localization, and
CRISPR/Cas9
sgRNA activity
Escherichia coli,
human

Human

Animals, plants

Human

Human

Human genome

siRNA (Jurkat cell

line)
Human

Human

The prediction of type II1
secreted proteins, protein
subcellular localization, and
CRISPR/Cas9 sgRNA
activity

[102]

Explain and predict sgRNA
efficiency and enhance
understanding of the
complex quantum biological
processes involved in the
CRISPR-Cas9 mechanism
Predicting the interaction
between microRNA and its
candidate target sites
Predicting miRNA in
animals and plants from
sRNA-seq data

Predicting the Inhibition
Efficiency of human-derived
cell siRNA

Predicting siRNA-mRNA
silencing efficiency related
to cancer

[103]

[104]

[105]

[106]

[107]

Predict siRNA target gene
knockdown efficiency

[108]

Predict the regulatory
information of circRNA,
including their interactions
with microRNA,
RNA-binding proteins, and
transcriptional regulation
Effectively predicting
circRNA-RBP binding sites
in full-length sequences

[34]

[109]
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T b A 1 5 5 T AN S O A IR 2 AL
SRR AN A IR B S SRR T
FERTTHT AL BT G 1T, Valeri S5O EERY
55 BRI NuSpeak 7] DUTE P UE§% & HAMAC XS (1)
LA PO E NS SRR A A ST
G LML B STORM i — ik
W SCmvERe, JERIHE R 2= S ¥ R AL ]
T F, B AR XT 20 FhOAS [ B 2k R 20 1 - 241 5
B RZELA N 0.50, LG AT
P22 28 RS RUFI J7 v8, RT LS e R A A AR
KB P REFN T HLA], A= Pyl SR A A R
THMIT
3.2 sgRNA

A A N T SR R 1% R R T,
CRISPR/Cas R 4G¢) 1z W T4 T iy 3L A 2H
ZiEU 12 sgRNA J& 5| Cas 8 10 B R4 7
Yl R OCEETIE, Tl sgRNA FEARFIG ) 4
HACRM AN THERE T HAZ, 4 CRISPRscan!"
CRISPcut!"'¥ | DeepCas9variant!''* | CRISep!''®! |
DeepHF!''” | DeepCRISPR!''®I 1 CRISPOR!!
SEHR AT LA T sgRNA A5 B dmB R50R - if
KR T 36 Fhor il T L plas+
SRR JE 27 ) P R ] sgRNA it TH, &
P [Ty A0 AN Gy € BUREAE R AL A 2 2 B R 3R
PR LFI0) Zhang SEUIAE 12 A TFEE 4R
AT 8 Ff sgRNA TR Al I 0 3% Pk Fl] T H.
RINK Z 50 T HAE 4 TR AU B #8 A 4
B TR AR B o PR R I ZRBE B9 AN TA] , &8 73 sgRNA
P B0 T H AT YR RE S, 41 CRISPRpred!'*?!
1 sgRNA Scorer 2.0U 58 FF b etk s BR1F | 1E
A BR A AN 4 75 (0 1 & BR T8 ; DeepGuide!'*1idE F
TR G £, ; CNN_Slayerst!'®!, EuPaGDT!?¢
1 CRISPR-PU2TVA3 5l F T4 i . LA et A
P %

FREFE I 2552 Tl sgRNA S i e ie
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RUFUERRRE . WAEW)F 515025 T H autoBioSeqpy
GRS | A8 A ) 25 4 FRLAIG 24 I 25 43 51)
PR, S 3 Pk G | S LR SO A
1 K-mer fENFIRHE, KBTI TETA
B4R AR B 0 T R 5 (P<0.05),  [AlET &
PR A 0 2 G PR R 45 1R A 79 CNN-biLSTM
BIRIRIM AT, WEMRZ 91.8%"%, WA W
FMEFEAENAL sgRNA IFRER IR T
%, 4N Noshay SEUOVER XK IAAT B AT AT &
5L T A BE ML AR AR I R A, 1)
X RARHE A sgRNA Z5H) th i H IR &,
M= Ju4mid Fa A2 5P PEAS sgRNA 1Y+
FEONEERAE ., TS BE Ry 0.51, HRAE TR
7R FRIESR IR sgRNA 458
AU RGBSR R 1 R AL 2 )
7 AT DA A A BB A P BE , IR X % R T
PR RN A 2 o R Y PR
3.3 miRNA

N TAHEFE miRNA AR5, i & 4
HEAEM, EHEZHH) miRNA, HHl miRNA
L &% miRNA 5 mRNA WM EAERS.
PHDcleav!!®®! | LBSizeCleav!!*!, ReCGBM!3%
DeepMirCut!*! | DiCleave!'*?!fl miRanalyzer!'**!
EHLAR e AL AT AT miRNA SCHFEAR  [H]
FE T UNZRE AR, T Bl 7 ST A H At
FEE W, anfl FREALAR AR BrumiR!®)
F1 Mirnovol 0] DIl sRNA-Seq (4 M sh#)
FAE Y 208 AR A miRNA. BrumiR i b
MLARMIE T, BB B2 N sRNA-seq £4f o & BH
miRNA, [RIB H T H IO 7 % 55 Rl 2L F KR
W), B B H P (L miRDeep2 R 21 £i%,
¢ MiR-PREFeR ¢ 6 1) FIEH 2 &5 (97%) Bk
FUO1 T miRNA BE5 ) RIE LS L 02
ML BREE T AR E MESEE R, T H AR S
T miRNA F3 (5 e MR B AN S8 RE M L 5
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A miRNA WIZ5HFREF B B RER] LA U
PLAS % > BERL WU miRNA A9 fE A6,
LBSizeCleav F| IR/ 2 4544 (14 B 4R A1 e ik
T miRNA ], #tLF PHDcleav, HMfEff%
BEN T 85.1%1%1,

BEE N TR BRI A, ZMEETIRE
> EE R miRNA F T HAg & ik, s
TR TG 225 1) miTAR!, B
F Transformer FIEEFMIZE 24 A TEC-miTarget'*,
FH [ 20 2t 2 RT3 DX 265 2H i ) O B A 2 DX 4 A
B miRAWLO JEFHR A 2K () TargetNet!”
LT R P22 25 () PDMDAL8IZE | 3 s Al
et FHIAN [] P ol 2 0 2% B30 ok Bl L 2 45 X 45 ) AR
TEREAT RN, BEW A AT miRNA FILIEE,
fiftT miRNA 50 A B AR A L .
t TEC-miTarget F|F Transformer Zfitsib B
RNA 741, B 3= 1AL R )2 6 F b 2
o) 2 18 LA i [T 9 RRAE , DT 00 miRNA 5 H:
i BARD S ZIRIAHEAE R ; 7E miRaw 254
B FIHERE N 96.47%, REGEHR 95.85%, Fl
5380 97.40%, T PITA, mirSVR, miRDB,
microT Al Targetscan &5 1. H.[104

BT LU N T e s b, AN T fE
WA DA B IF N T 2 miRNA g 14
WIET L Frm MRS MirTarget & FITEZR
4 miRDB, AJ LU T miRNA #2575l
FIPIRETERE; miRDB 4255 5 M9l 7 000 4>
o7 19 miRNA K 6 B 9 24 350 J7 58 5%
AR, X LB ETE miRNA YD) RE B
FIIGE A E] F 8 M8 miRNA ) & B AR HA
FEE L,
3.4 siRNA

siRNA 3 3% 8 5L K A DRSO A
Fam, WILE &L T ZRlasss I RRDE
X siRNA #7432 . B DT BRI F HEA T %
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T ILGBMSH!" K B AL AR A A S 4 1 T AL A 2
BRI o SRR ) AL LS A Ak 3
B HRE . SEALA] R P FIAZ T BR R AIE 55 5 4R 2L
P& . a0 Ladungal'% 3 3 A8 52 455 ) 2 AL AR Y
OptiRNA, ZBII M 2 200 £~ siRNA ) 572 4>
FRIE(EAEI T 2R T . W] Bt DA K R Je 2540 4
E T, AR TR A e A B A RIOCR /Y
SIRNA, 7EAZ I UE S I h HERR F4A 3] T 92.3%.
FHELZ R, BEATLZ 56 [l e i PRAR AL 5 Tl 58 A A
AT LA siRNA B SCHRFIE . il Klingelhoefer
SENSMUeft FIREHLIZ 48 Ml Bk 0 S siRNA 1)
TRCEAHDCHYRHE , B dE s T 45 i L) UCU
Fil ACGA F3I 524~ 5 siRNA UTEBRACRAH A4
fiE, A5 siRNA /- FR9TTBRALHIR AL T T H.

bR T2 HLER >, Z2RNIRE 2 S Bk
PRI R ) 3 1 O 5t 4 T siRNA AT ER 3K
RN BT, RN TR 8 AE 22 >
ZRAEL MR R TR B RS, AN THE
W 2% 457 BIOPREDsi A 2Tl T 249 4~ siRNA
FITERAL S, 7] s ) FH A2 A A5 1 40 )
RS S oG (hypoxic response element, HRE) .
K417 T A F(Hypoxia-inducible factor 1o, HIF1A)
5 & 32 1K % % 37 25 A (aryl hydrocarbon
receptor nuclear translocator, ARNT)¥J siRNA!'
FHEE T N A2 D28 B0 IR 2 I 2R TER e 52
FeE G5 TR R AE B A B S A T
T2 S 53 (B AH BAE R A et Hafs A
B T T siRNA-mRNA 5 7EF 1 &
225 T H GNN4_siRNA, B 7] A%~ > siRNA
PV RFAE RN I T ) 2E R AR 5 F AT siRNA TR
R BE B YRR, H7E SR MERGE % B0 T
BIOPREDsi!"*!, DSIR!™UHI siRNApred!!*!3314
BlLasei 330, HR IR A5G R 502 73.6%07),
1L P b 28 10 2 35 5 2% B e HL IR TRl
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HT Transformer 4244 1 BERT Bk BEME P
LT UF BB LT IMRIOCR, mAARE
FE 5. dnfh DNA-BERT il Zfk b fl &2 )2
S ES B B A BERT-siRNA T H. 1 T #
2 2 BE A A bt O /I AR St 1) i 22 0K 2 1) T Ak
PR AE, 7EM 7 A3 sSIRNA B4 (0l o i
BP0 F A siRNA JTBRAL A S AL 1 08T 4%
N T BERRIZE siRNA WSS TR 39 Tz i
(LS TR RN I o N &/ T B (1 = B A B
AT A A R TR 5 3 TR
3.5 circRNA

circRNA JE B IWES E I A 25 40 il R 25 5
B RNA SMIEGREfR, A B THmER ™ &, i
DAFEEE 13835 .\mRNA JGY7 Fl RNA 3z
MW [AIBE circRNA 7] DL 1 5 miRNA 8{
AR AH I EE 1455 R R 10 20 A Qg I 45 41580
Hiy, B4 & T 250 circRNA #i 1. H., ]
INFETFHLES 24 ) E R circLGB # circMRT A
PLX 4> circRNA FlI IncRNA, FEHIMl circRNA
5 miRNA. RNA %5468 F U sk KA |
TERPY, A-to-1 RZEAERT . A-to-1 % FE RN
PR AL R EZ D RIE S e m 17
circLGB MZrZ8HERf B, @il 191 DREYIZ:
) circLGB HAZiE TAERE T4 T YA A
#) 0.999, fiF circDeep! il PredcircRNAL'®
ST T B TR B A ) S 0 TR
AR RNA 5328, H g 12 2 AR 28 ) 25 F1 3L
i) 4 56 B 12 M 4500 27 2 R B R AE Y CireDC 7]
PLFRM circRNA, 36 circRNA 5 IncRNA 347
o328, RERVAERR AN R BT 7305 0.861 4 Fl
0.838 1, ff.F WebCircRNA'' CirRNAPLLI'®],

WAL, ZRMREE > B T3 cireRNA
SO SR AMAHEAER, WA T AZE circRNA
1) B 122 1) 5 BN 22 ) 45 4557 DeepCirCodel'®)
T circRNA 5 RNA 255 A BAER 2 H 1k
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451 CRIECNNU®IZE - Hip DeepCirCode
53 Fy ) AL AL AR AR SRS G bl g o7 ) Bk
LR BB R PERE , B PN RNA B 4% |
RIS PO ZRE R ZRR R AR
AR AL A PR BRI AR, U CRIECNN 4
S SR R - N Q1 B 51 Pk v G B IS
EE P, M T K-mer, Doc2Vec, BERT
I EIP SR BURFERY I, Al e KPS
R cireRNA 5 RNA 254 8 IS5 A0 5

FE TN ER 27 i, CRIECNN TEFTA 37 A~ F4K
P LRI, LT CRIP, HCRNet,

PASSION Al iCircRBP-DHN %551 | -2 3245
B TAEHRFAE #h 28 T~ A9 18 FY (area under receiver
operating characteristic curve, AUC)} 0.957 71%,

4 BRITHENEERITELED
3 v By B

N T3 Re B B AT DL 2] AR il i vh o= 4
HLOIRYHEE . IR pHL BRIE . RIEFIESAS
A AR DA S TR AR SR DRI | ARG OB A 1Y
AT BHHARLS AL kT RISE R D5
SRR R, SEMX AR IC A A AR 10010+ 1001
HAT, AN TR RERORTEA: Yl i v i v =
A B+ R IR S5 & A S SR oo,
DB S B s ] s D ) T AR AR AR, $
e HAR 7 b o T TR 0 i) AR A Py
oo R Re ik ik . plass > Jk
DL R 5 A ROR (3R 3)
41 AILEgEMUXBHERNERS
iE

N TR BRI G B 5L TR Y 2R 55 5
FERT IR AN L) BAR =i r= e DAk
(G s AKSEDLAR 1], A 1 3G s Tl 2 A TR
W2 BF ) £ %77 &, Khamwachirapithak 25167
TEPE T R I RE Y £ P A 7 B i S ] ADHL
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Table 3 Representative cases of nucleic acid elements in bio-manufacturing applications

Product Nucleic acid element Dataset size (strain Algorithm Production improvement References

library size)

Ethanol Promoters of the ethanol 216 Linear regression, The ethanol yield at [167]
production rate-limiting generalized linear 40 °C increased by 7.4%
enzyme genes ADH1 and regression, decision tree,

PDC1, the heat and pressure random forest, support
response gene TPSL vector machine, XGBoost

Dodecyl RBSs of the 60 Random forest, The yield of dodecanol  [168]

alcohol sulfotransferase, acyl-CoA polynomial regression, increased by 21% in the
reductase, and acyl-CoA neural regression, and  first training cycle and
synthetase genes tree-based pipeline increased sixfold

optimization tool (0.83 g/L) in the second
training cycle

Coumaric  Promoters and terminators 440 Multiple linear The yield of coumaric [169]

acid of key genes in the regression, support acid increased by 68%
phenylalanine pathway and vector regression, kernel (0.52 g/L)
the tyrosine pathway ridge regression, and

random forest

Carotenoids Key gene promoters in the 163 24 types of machine The optimized strain [170]
methyl erythritol phosphate learning methods produced 3.18 mg/L/ODsoo
pathway of carotenoids, a 4.3-fold

increase over the parent
strain

Limonene RBSs of key gene for the 5184 Support vector machine, Boosted production by [67]
limonene synthesis and the feedforward neural over 60% after screening
mevalonate pathway network only 3% of the library

Terpenoids Promoters of five genes in 243 Random forest The geraniol, humulene [171]
the mevalonate pathway and squalene titers were

increased by 94-fold,
60-fold, and 35-fold,
respectively

Tryptophan Promoters for the tryptophan 7 776 Bayesian ensemble, The tryptophan [172]
production pathway genes bayesian optimization = production increased by
(PCK1, TAL1, TKL1, algorithm 74%

CDC19, PFK1)

Threonine 16 genes related to threonine 385 Deep learning model The L-threonine titer [173]

synthesis (consisting of a batch increased from 2.7 g/L to
normalization layer 8.4 g/L
followed by 2 to 9
feedforward layers)

Violaquinone The promoters of the five 91 Linear regression model High-accuracy Pearson [174]
genes in the biosynthetic correlation coefficients:
pathway of violacein (ViOA, 0.80 for violacein, 0.77 for
VioB, VioE, vioD, vioC) deoxyviolacein, 0.83 for

proviolacein and 0.92 for
prodeoxyviolacein

Carotene, Production pathways of 24 Artificial neural The B-carotene yield [175]

violaxanthin B-carotene and violaxanthin

network, ensemble
learning

increased by 64.4%, and
the violaxanthin yield
increased by 2.42 times

http://journals.im.ac.cn/cjben
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PDCL FI#AE Jy i 2 3k H TPSL AR AL fb #br
FIRA R A sh Al & Rikix 3 MR, #
BT A 216 AN TRUR AL A R R S
FIFS ) FoR R 30 °C 41 F Zm - i E N
WAfES, T 6 File=d Bk, K
XGBoost 7£ #& Y J& 2% F1 1 W AL Hh 85 S RUE A
B, FEER RN il 40 °C BY B LB
HEINT 7.4%. BT AR IS Bh o R A
R, A T8 BeB ARt AT I8 7 S L A 1Y)
B0 R 2 o IR AR Y 77 i . Opgenorth 251168
XA IR . BESLAEE A 05 | BE3E-CoA A K
fitf () RBS Beit T34 60 4B Wk 09 K AT 7 SC
P, FIRBENLARAR . 230 | i [m] ) A
BT E B T HA A= S BR, 7E
551 IR R W R R T 21%, IF
TR 2 A R iR T T 6 £,
K%E T 0.83 g/L.

R T B AR S B 1 F0 RBS B %% s AN BIE
SREE, W] DLR AR AR AS R A% R 14 g 21
AU EEEIERE . B EBRE—FORETHY
PEEm R, LA BGER R AR RN AR R
12 FNES R R 1B 12 - Moreno-Paz ZE1OON K N 2 12
T A R i 2 TR 3 A2 v ) D B B L 4 i AR ) 1)
Ja BT LA A RFATRIL, SRIERENLI
SE T 440 BRI A SR i KO JE 3
LTI 5 SRS A B s X 2 on etk el |
TRE RIS AZE R AR HLAR ARG 4 FRL
a e BRI TN SR, 5 3 B AR AT
PRI A SIRTE BRI BB TR A 7 R
T 68%, XF T 0.52 g/L KF-

42 EYIHIE LB S B R

T ML 2= Bk d, W — 15
REUETE T A S 5 T #P R IS bE H At B vk
U, BT LABESE N 53 A AR 2 A B LA Z R pL AR
o, SRR E R E BRI
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P T4 U Shimazaki 2507008 i %} 24 FhL
EE ST, R O TR R
FHAE DR R SR T tHMGL ERG20,
ERG19 Fll ERG13 45 S SL [H 1) Fe iR 7K -, A7
BT RR IS b 2R TR A TR Y
4.3 15, Kang SF7OAES T Z2 )2 B0 . FEHLARAK
SCRpI) LRI S B SR TS ML a2 S B,
LPE 2 2B AS BB BN 2 047 AT RE
AL G TIPS R Y A B A, R HLAR
>3 19 Al Bl G SN R R A T RO, A B s R
PR LYO4 BTt sl 27 md i 1 8 £ 6 1,
el 1.25 g/Ls

A FE LGS 2= S BIE S A, i3 kE
LR ST D | S AR R Lz
fefig i, X /ANFEARE R R AT, AT
SE DL ARAT R o S IR FE i AR TR S8 . Jervis
GO 12 AR EE R RBS k4l A3
ISP A e FE R GPPS AT LimS, 43 1)l
FE RTINS 0 7 B 5 R U R SRR LAY, K
PR Y AT LR T30 RBS 5470 i %t 17 T Ak e e
B e SRJE R ) 0 5 o BRI R ik 4%
Y mvaS, mvaE . mvaKl1 il IDI 5 [H## RBS
HAFIKCE, JEmix RBS 78 Ak il
TR RIEAT AL, (T EAS 2 3% SCE L RE S
=g 60%LL o AT mEAL, b
MLERM I Z2 DR AR, HA MR, A
Gy 1k WA 510000 o B PR = SE AL A . Mukherjee
LU B R IR IR IR AR S AN SRR 2 T oA
A5 8 R Rk i i 243 S ERIA B bR 2
B SCHE 5 BEALARMA T B, 4 A5 58 G R
) ERG12 J2BR HMGL #1 1DI1 A 5 1
FEDR, iR — 200 FE R SR 3 A R IR o7 31 4 i
Jo RN L AR A P T A T DA S50 ol A R e R A
AR E T 94 1%, 60 f5F1 35 5. M
LbF S d 1) S ALRBENL AR PRV, DL 4 A
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VR HA L) L [ R A R I BT
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