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Harnessing Artificial Intelligence to Enhance Microbial Cell Factories in Microalgae
and Cyanobacteria Part 1: The Potential of Machine Learning
MstSUunUs:auFiwotasudnomwlsvviuBomwluansvvunaidnua:lsenlununise
aaui 1: Angnwuav Machine Learning

Cyanobacteria and microalgae are photosynthetic microorganisms found in aquatic environments. Their ability to capture
carbon dioxide from industrial emissions, assist in wastewater treatment, and produce bio-based substances positions them
as valuable tools for sustainable production and environmental protection.

TwenlunuaiBaua:amsrwvunadnuraunsdgordstluthidolnsi:Ruavla dreanuasatunmisidimsmsuaulasanlsdoinlsoviu
aaanssu Uiuadde ua:waaaisgonwnius:lestrniRlsenlunuafideua:arsivvunaldniiulsaduidiAtyarsumsnanagio
goduna:mssnundoudadou

In recent years, researchers have sought to transform these organisms
into microbial cell factories capable of generating high-value com-
pounds. For instance, in Synechococcus elongatus PCC 7942, scientists
successfully increased the production of 2,3-butanediol — an im-
portant industrial chemical — to 12.6 grams per liter. Meanwhile, in
Nannochloropsis gaditana, modifying a single transcriptional regula-
tor doubled the organism’s lipid yield.

tugrvlATRKULY Un3nenmaasiarmsidswawauunlsenlununfiise
wazaHswuunaldnidnaredu “Tsooudoniw” (Microbial Cell Factory)
awsawaaaisdoniwyaAlgo wu luuuantse Synechococcus elongatus
PCC 7942 Un3dgansatwumswaa 2,3-0onmiulasaa (asntsiu
paaHnssu) [afv 12.6 nSucpaas wa:luaiHsig Nannochloropsis
gaditana wu31msaauUavdAdUAUNISIDASHaWUSASSULWEVAILAED
awrsatwuusuauluuldauaaotnii

Despite these successes, enhancing the cell factory performance of cyanobacteria and microalgae remains challenging due to
limited genetic engineering tools, incomplete knowledge of metabolic regulatory networks, and relatively low production effi-
ciency. This is where machine learning (ML) offers game-changing possibilities. By enabling computers to learn from data and
make predictions, ML can address several bottlenecks, from simple regression analysis to sophisticated deep learning models
and neural network.

Researchers are now applying ML to accelerate improvements in four key areas:

ud:fnenwurkima udmsidlsonlunuaiiSoua:arsiguuaandulsooiuginiw
golAumMeKagUs:ms 16U 1Adpviioduwus3AINSSURGVTTIAQ AW
AgAUIAZDTIBMSAUALLLLINUDABURGVIUaUYSAT La:Us:ansmwniswaangodiog
Machine Learning (ML) unalulagigoslinauwilaasansadeusoindoyaua:
wauunauawsalumsmugssaaaduls awsalniduatausiaummeiuns
wauunua:Us:gndtdlsenlunuafideua:arsisunnaldnldiainkans doudmssiasii
Msnanog (regression) [Ududiviuududoungvlasvuigus:antigy (neural net-
work) ua:n1siseusidodn (deep learning)
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1. Enhancing Genetic Data Analysis

Genomic information on cyanobacteria and microal-
gae is often incomplete. ML aids in identifying critical
genes and regulatory elements:

° In Synechocystis sp. PCC 6803, Support Vector
Machine (SVM) and Lasso algorithms identified seven
key genes involved in salinity, iron, and light stress
responses.

° A machine learning model called mSRFR
(microalgae SMOTE Random Forest Relief) was devel-
oped to detect non-coding RNAs (Ribonucleic Acids)
— essential for gene expression control — in microal-
gae with up to 97% accuracy.

Uoauudoyawusnssuvavlsenluwuaiissua:arsisvunaldnlosdiutkedgoviandivauysad ML awnsagdetumsiiasiRguna:

AISAIUAUNMISILAQVDDN:

° fuuunide Synechocystis sp. PCC 6803 Lin3dslddanasiiu Support Vector Machine la: Lasso tWoAurdulagaiuisa
s:yudAty 7 AOHATUNUINTUNNSADUAUDVCEDAIULASEADINEVUIADU WU ADIWLAL SICLHAN LazLaY

o Unddsldwauunluloa mSRFR (microalgae SMOTE Random Forest Relief) tWas:y RNA Alildgnudasyatduluséu (non-
coding RNA) luaksiguunaidn dotludrudAngiumisaounumisuaavaanuavéu laslulaadiinnuubuggodv 97%

2. Improving Genetic Engineering Tools
ML is advancing the development of genet-
ic modification tools:

° Deep Neural Networks (DNN) have
been used to design and predict
promoter strength in Synechocystis
PCC 6803, resulting in highly effec-
tive synthetic promoters.

2. msWasuiadoviiodaudowusnssuy

msAaudowusanssululsenlununiisgua:

aHswyualangviidosndia ML goawaiun

tndpvliplHatlRTUs:ansnwuIndu

o Deep Neural Network (DNN) Taign
thunidoonuuuLa:mMuIgAILLSVUDY
Wslulad$ (AduAuMSUEQUDDNUYDY
&u) lunumAnSe Synechocystis PCC
6803 MiHawsaaswlusluans
dolAs1:ARDUS:aNEMwWav
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3. Understanding Metabolic Networks

Improving production efficiency requires detailed insight into cellular

metabolism:

° ARCTICA, an integrated platform combining Flux Balance Analy-
sis with ML, was developed to identify key metabolic reactions
in Synechocystis sp. PCC 6803.

L] In Dunaliella, transcriptomic data combined with supervised
machine learning revealed core components of its salt stress
response system.

3. asronudidlulnSovigisunuaadu
IWalHawsalwumswaaaisidavms Un338ciooldnions:usuMSIULNUDA
Sumetutsadagnvando:

° wUUS1aow ARCTICA FotJunmsWauNaIus:H310MS3IAS1:HAS:ULAL
unuaadu (Flux Balance Analysis) AU Machine Learning [dgn
Wauunduiwas:yuansendiAtuRnouAuMISKaaluLUARLEY Syn-
echocystis sp. PCC 6803

° {uaiHsie Dunaliella n1sSiAs1:HUpYansuansulau
(transcriptome) gnUNLGESOUAU Supervised Machine Learning
WWafnunalnnisaauauavtaAUIAL

4. Optimizing Production Processes
ML helps optimize culture conditions and bioprocess parameters:
® A combination of Convolutional Neural Networks (CNN) and Genetic Algo-
rithm increased phycocyanin production by 61.76% and biomass by nearly
90% in Nostoc sp. CCC-403.
® Artificial Neural Networks (ANN) combined with Deep Reinforcement
Learning improved phycocyanin levels in Plectonema sp. UTEX 1541 by
20.1%.
® |n Chlorella, integrating ANN with Genetic Algorithm boosted biomass by
78% and carbon dioxide capture by 77%.
® A Back-Propagation Neural Network predicted optimal conditions for pro-
ducing astaxanthin — a high-value antioxidant — in Haematococcus pluvi-

alis, achieving concentrations of 197.64 mg/L.

4. MSIWUUS:ANSNIWAS:UDUNISHAQ
ML g28Usuania:msidgula:ns:udsunmswaatildnanaagogo:

® msi3 CNN (Convolutional Neural Network) $oUfiu Genetic Algorithm lunistWunis
waalwlalsendu lununitse Nostoc sp. CCC-403 Tauniv 6176% ua:twudiudaldliiau 90%
® n1s(3 Artificial Neural Network wa: Deep Reinforcement Learning awIsaIwuAIIY
wWuduvdvlwlalsentuluwuniise Plectonema sp. UTEX 1541 1A 20.1%
e uaKse Chlorella Un339ld Artificial Neural Network SJUAU Genetic Algorithm LWalWURaWSGoudalaHv 78% UalWuUS:nENIWS
andumsuaulaaonlsdld 77%
® msld Back-propagation Neural Network gogmRuaanid:iku:auiunmswaaaiuisauaamusuiuluaiksig Haematococcus pluvialis
awsawuAMUuduvavuRamusunuldgodv 197.64 Daansucioaas

These advancements illustrate how ML is transforming the development of bio-based industries and supporting sustainable
technologies.
AWAdHIIKAa:ApUlREUANENTWYDY ML lunmsWauunaaaiknssudimw ua:atuayuinalulagigodu




