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Harnessing Artificial Intelligence to Optimize Microbial Cell Factories in Microalgae and Cya-
nobacteria Part 2: Challenges and Future Directions for Machine Learning
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1. Data Limitations

One of the foremost obstacles is the lack of high-quality,
standardized datasets for training machine learning mod-
els. Available data on cyanobacteria and microalgae is
often fragmented. High dimensionality — involving thou-
sands of variables but few samples — further complicates
the efforts.

Potential solutions include:

° Using automated tools for high-throughput experi-
mentation
° Integrating traditional methods for data dimen-

sionality reduction
° Establishing data collection standards

° Generating synthetic datasets using tools like Gen-
erative Adversarial Networks (GANs)
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° mistddanasiutWaasvdoyalfisy LU Generative Adversarial Networks (GANs)

2. Expanding Genetic Engineering Tools 2. msw"cuu1m‘s%ofiaw"usjn:nssutﬁulﬁu

In cyanobacteria, there remains a need for developing drsulsanlununilsy nasc‘laoﬁmszu1ln§'aoGalvVas:qua:
tools to identify and design gene expression control ele- DINUUUDVAUSNDUAIUAUMISLAOVDDNUDVEU LEU enhancers
ments, such as enhancers and terminators, which remain ua: terminators godolilasumsinuisgotwgows dHSU
underexplored. In microalgae, genetic engineering is aHs1guuaLan msdacdawusnssugorildennniitulsenlu
even more challenging. ML could improve the efficiency wuANLsy ML 9193828USUUSVUS:aNSNIWUDVINS:UdUMS homolo-
of homologous recombination, a key mechanism for gous recombination dotdunalndArulunisdadaduluaiHsie

gene editing in algae.




3. Discovering New Genes for Metabolic Control
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Researchers are increasingly interested in using ML to uncover small proteins that play pivotal roles in metabolism but often
escape detection in traditional genome analyses. In microalgae, transcription factors are critical regulators of multiple genes.
ML techniques can predict new transcription factors and their corresponding DNA binding sites.

3. msAumdulniitionduauLuNUDEBY

Un3d8aulofold ML tWaAurlUsGuuuialdn (Small Pro-

teins) BounuindAtylunIsAUALLIULNUDATL udungn
uavinulums3tasiiSlubwuudoldy tuaiksisuunatdn

UddumisnaasKa (Transcription Factors) DunuindAedlu

MSAUALMISLAQVDDNUDVEUKAEA CDWSDURAU ML
awsagdelunsrueldodemsaaasHauazcusuoAsu
iU DNA

4. Optimizing Proteins for Host Cellular Environ-
ments

Cyanobacteria and microalgae possess unique intra-
cellular environments, including continuous oxygen
production and high oxidative stress. ML can help de-

sign enzymes that perform well under these conditions.

Additionally, ML can improve enzyme specificity to-

ward particular substrates — for instance, enabling the
development of enzymes with high specificity for DHA

(docosahexaenoic acid) while minimizing activity to-
ward DPA (docosapentaenoic acid).
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5. Improving Co-culture Systems and Heterotrophic
Fermentation

Cultivating cyanobacteria and microalgae alongside
other microorganisms — co-culture systems - is a
promising strategy for efficiently converting carbon
dioxide into valuable products. ML can help monitor
different species in mixed cultures. In addition, het-
erotrophic fermentation — a process where organ-
isms utilize organic carbon sources instead of photo-
synthesis for growth and energy production — faces
challenges from raw material variability and com-
plexity. ML can assist in optimizing fermentation pa-
rameters to maximize yields.
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Conclusion

Integrating ML with synthetic biology to enhance mi-
crobial cell factories in cyanobacteria and microalgae
represents a powerful pathway toward both scientific
breakthroughs and environmental sustainability. As Al
capabilities continue to evolve, the prospects for trans-
forming these photosynthetic microorganisms into effi-
cient, scalable producers of high-value compounds —
while mitigating carbon emissions — are becoming in-
creasingly tangible.
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