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Metabolic Engineering:
The Big Picture

For any molecule made by any organism

in Nature, there exist some DNA
instructions for how to make it

Hypothetically, you can try to install those
Instructions in a microbe and engineer it into

a biomolecule factory.
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Popular microorganisms have many

genetic tools available _
Many other microbes

Baker’s yeast out there!

kMethanotroph:
bacteria that
consume methane



Methanotroph metabolic engineering:
convert methane into useful biomolecules

Useful biomolecules
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