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본 강의 자료는 한국생명정보학회가 주관하는 BIML 2026 워크샵을 목적으로 

제작된 것으로 해당 목적 이외의 다른 용도로 사용할 수 없음을 분명하게 알립니다.

이를 다른 사람과 공유하거나 복제, 배포, 전송할 수 없으며 만약 이러한 사항을 위반할 경우 

발생하는 모든 법적 책임은 행위자 본인에게 있음을 알립니다.



KSBi-BIML 2026
Bioinformatics & Machine Learning (BIML) Workshop for Life Scientists

한국생명정보학회가 주최하는 BIML-2026 동계 Bioinformatics &Machine Learning 교육 워크숍에 

여러분을 초대합니다. 

BIML 워크숍은 생명정보학 연구자들이 최신 AI바이오 분야의 인공지능 기반 분석 기술과 바이오 

데이터 분석 기법을 이론과 실습을 통해 체계적으로 배울 수 있는 전문 교육 프로그램입니다. 

2015년에 시작된 BIML 워크숍은 올해로 12년 차를 맞이하며, 국내 생명정보학 분야의 최초이자 최고 

수준의 교육 프로그램으로 자리 잡았습니다. 이번 워크숍은 크게 인공지능바이오(AI바이오) 분야와 

디지털바이오 분야, 두 분야로 구성됩니다. 

AI바이오 분야에서는 생명정보 분석에 폭넓게 응용되고 있는 다양한 인공지능 기반 자료 모델링 

기법을 다룰 예정입니다. 특히, 인공지능 심층학습을 활용한 단백질 구조 예측, 유전체 분석, 신약 

개발에 대한 이론 및 실습 강의가 진행됩니다. 

또한 디지털바이오 분야에서는 단일세포오믹스, 공간오믹스, 멀티오믹스, 메타오믹스에 대한 강의도 

마련되어 있어, 연구자들의 분석 역량 강화에 실질적인 도움을 줄 것으로 기대됩니다. 

또한 2024년부터 추가된 의료정보 자료 분석을 다루는 강의를 올해도 지속해서 운영하고자 합니다. 

이는 최근 의료정보 자료 분석에 관한 연구 수요 증가를 반영한 것으로, 관련 연구를 수행하는 

의과학자 및 의료정보 연구자들에게 유용한 지침을 제공할 것입니다. 

또한, 올해도 생명정보학 기술의 다양화에 발맞춰 온라인 강좌를 대폭 확대했습니다. 올해는 무료 

강좌 10개를 포함한 총 40개 이상의 강좌가 개설되며, 연구 주제에 맞는 강좌 추천과 강연료 할인 

혜택도 제공합니다.

BIML-2026는 국내 주요 연구 중심 대학의 전임 교수 및 각 분야 최고 전문가들의 강의로 구성되어 

있으며, 기초 이론부터 최신 연구 동향까지 아우르는 심도 있는 교육의 장이 될 것으로 확신합니다. 

여러분의 많은 관심과 참여를 기대합니다!

2026년 2월

한국생명정보학회장 류 성 호



강의개요

Synthetic biology and AI

합성생물학은 생물학, 공학, 컴퓨터 과학을 결합하여 효소, 생합성 경로, 또는 전체 생물학적 개체

를 설계하고 구축하는 매우 다학제적인 분야이다. 그 목표는 새로운 생물학적 시스템을 창조하거

나 기존 시스템을 유용한 목적으로 재설계하는 것이며, 이 과정에서 생물학적 도구를 설계할 때 

모듈성, 표준화, 확장성이 중요하게 고려된다.

본 강의에서는 합성생물학의 배경을 먼저 설명하고, 합성생물학이 적용 가능한 다양한 분야 중 바

이오제조와 대사공학을 중심으로 소개하고자 한다. 또한 이 과정에서 AI가 수행하는 핵심적인 역

할을 설명한다. 특히 미생물 대사공학의 목표가 대사 네트워크와 생산 공정 전반을 통합적으로 분

석하고 최적화하여 고수율 ∙ 고생산성 균주를 개발하는 데 있음을 설명한다. 이를 위해 균주 설계

부터 공정 최적화까지 전 과정을 포괄하는 10가지 전략을 체계적으로 소개한다. 더불어 이 과정에

서 유용하게 활용될 수 있는 대사 네트워크 모델(genome-scale metabolic model)에 대해서도 이

론과 실습을 제공한다. 본 강의에서 소개되는 개념과 방법론은 약물 표적 발굴 등 시스템 의학 분

야에도 적용 가능하다.

강의는 다음의 내용을 포함한다:

  ⚫ 합성생물학 기반 바이오제조

  ⚫ 대사공학 전략

  ⚫ 대사 네트워크 모델 (Genome-scale metabolic model)

  ⚫ 합성생물학과 AI 실습

* 참고강의교재: 

  해당 논문은 수업자료를 통해서 공유 예정

* 교육생준비물: 

  노트북 (메모리 8GB 이상, 디스크 여유공간 30GB 이상)

* 강의 난이도: 초급/중급

* 강의: 김현욱 교수 (KAIST 생명화학공학과)
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Lecture 1

Synthetic biology and AI
-합성생물학 기반 바이오제조-

Kim, Hyun Uk

Department of Chemical and Biomolecular Engineering
Graduate School of Engineering Biology

Korea Advanced Institute of Science and Technology (KAIST)

KSBi-BIML 2026

강의계획서

• 학습목표
- 합성생물학은 생물학, 공학, 컴퓨터 과학을 결합하여 효소, 생합성 경로, 
또는 전체 생물학적 개체를 설계하고 구축하는 매우 다학제적인 분야이다. 

- 그 목표는 새로운 생물학적 시스템을 창조하거나 기존 시스템을 유용한 
목적으로 재설계하는 것이며, 이 과정에서 생물학적 도구를 설계할 때 
모듈성, 표준화, 확장성이 중요하게 고려된다.
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강의계획서

• 학습목표
- 본 강의에서는 합성생물학의 배경을 먼저 설명하고, 합성생물학이 적용 
가능한 다양한 분야 중 바이오제조와 대사공학을 중심으로 소개하고자 한다. 

- 또한 이 과정에서 AI가 수행하는 핵심적인 역할을 설명한다. 

- 특히 미생물 대사공학의 목표가 대사 네트워크와 생산 공정 전반을 
통합적으로 분석하고 최적화하여 고수율·고생산성 균주를 개발하는 데 
있음을 설명한다. 이를 위해 균주 설계부터 공정 최적화까지 전 과정을 
포괄하는 10가지 전략을 체계적으로 소개한다. 

- 더불어 이 과정에서 유용하게 활용될 수 있는 대사 네트워크 모델(genome-
scale metabolic model)에 대해서도 이론과 실습을 제공한다. 

- 본 강의에서 소개되는 개념과 방법론은 약물 표적 발굴 등 시스템 의학 
분야에도 적용 가능하다.

Emergence of synthetic biology as a tool for invention
• The integration of next-generation sequencing since 1996 has greatly enhanced the ability
to analyze genomic and gene expression profiles, supported by bioinformatics tools.
Synthetic biology adopts a bottom-up approach, using strategic DNA assembly to regulate
gene expression for optimizing metabolic pathways. The iGEM competition, launched in
2004, has significantly promoted synthetic biology by engaging global participants in
solving challenges and fostering innovation. It leverages the Registry of Standard
Biological Parts, with over 20,000 documented parts, catalyzing the growth of startups and
reinforcing collaboration between academia and industry.
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https://www.asiatoday.co.kr/view.php?key=20231220010012582

강의계획서

• 강의 1: 합성생물학 기반 바이오제조

• 강의 2: 대사공학 전략

• 강의 3: 대사 네트워크 모델 (Genome-scale metabolic model)

• 강의 4: 합성생물학과 AI 실습
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https://www.whitehouse.gov/briefing-room/presidential-actions/2022/09/12/executive-order-on-advancing-biotechnology-and-biomanu
facturing-innovation-for-a-sustainable-safe-and-secure-american-bioeconomy/

https://www.msit.go.kr/bbs/view.do?mId=113&mPid=
238&bbsSeqNo=94&nttSeqNo=3183610

https://www.msit.go.kr/bbs/view.do?mId=113&mPid=238&bbsSeqNo=94&nttSeqNo=3183610
https://www.whitehouse.gov/briefing-room/presidential-actions/2022/09/12/executive-order-on-advancing-biotechnology-and-biomanufacturing-innovation-for-a-sustainable-safe-and-secure-american-bioeconomy/
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Keywords in this class

• Metabolic engineering
- Definition
- History
- Target chemicals with examples

• Sustainability - Sustainable Development Goals (SDGs)

• Synthetic biology
- Definition
- History

https://www.novonordisk.ca/content/dam/nncorp/ca/en/products/Wegovy-product-monograph.pdf?utm_source=chatgpt.com
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Metabolic engineering vs Synthetic biology
• Similarities:

- Both metabolic engineering and synthetic biology involve the modification of
organisms at the genetic level. They often use tools from molecular biology
and biotechnology.

- Both fields aim to solve practical problems, such as producing biofuels,
pharmaceuticals, or environmentally friendly chemicals, using living
organisms.

- Both fields combine biology, engineering, and computational methods to
achieve their goals.

- Both fields contribute significantly to biotechnology, particularly in areas like
biomanufacturing and green chemistry.

Metabolic engineering vs Synthetic biology
• In essence, metabolic engineering can be seen as a specialized subset within
the larger field of synthetic biology, focusing more on optimizing biological
pathways for production purposes, while synthetic biology has a wider scope,
aiming to create new and innovative biological systems.

• Metabolic engineering:
- Metabolic engineering is the practice of optimizing genetic and regulatory
processes within cells to increase the production of specific substances
(e.g., biofuels, pharmaceuticals, or industrial chemicals). It involves the
modification of existing metabolic pathways or the introduction of new ones,
often through genetic engineering, to enhance the efficiency of biochemical
reactions within a living organism.

• Synthetic biology:
- Synthetic biology is a broader, interdisciplinary field that combines biology,
engineering, and computer science to design and construct new biological
entities, such as enzymes, genetic circuits, or even whole organisms. Its
goal is to create new biological systems or redesign existing ones for useful
purposes, often with a focus on modularity, standardization, and scalability
in the creation of biological tools.
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Metabolic engineering vs Synthetic biology
• Differences:

- Scope:
- Metabolic engineering focuses specifically on modifying metabolic pathways
to improve or create specific product outputs within an organism.

- Synthetic biology is broader and encompasses not just metabolic pathways
but also the creation of entirely new biological systems or organisms.

- Approach:
- Metabolic engineering tends to optimize existing pathways, making small,
targeted adjustments.

- Synthetic biology often designs new systems or pathways from scratch,
following engineering principles like modularity and standardization.

- Focus:
- Metabolic engineering is mainly focused on improving yields of specific
chemicals or substances.

- Synthetic biology has a broader aim, which includes building new biological
parts, redesigning organisms, and solving complex problems like
developing biosensors or constructing artificial cells.
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• “Ancient” biotechnology (Pre-1800s): Biotechnology has its roots in ancient civilizations,
where fermentation processes were used for making bread, beer, and wine. These
processes, although not understood in terms of modern science, represented the early
application of biotechnology.

• 19th century: The foundation for modern biotechnology was laid with the discovery of
microorganisms by Louis Pasteur and the development of the germ theory of disease.
This period also saw the development of vaccines and the understanding of fermentation
at a microbial level.

• Early 20th century: Biotechnology advanced with the discovery of enzymes and their
roles in metabolism. This period also saw the development of antibiotics, starting with
penicillin in the 1920s, marking a significant milestone in medical biotechnology.

• 1970s: The advent of recombinant DNA technology marked the beginning of modern
biotechnology. Herbert Boyer and Stanley Cohen’s successful genetic engineering
experiments in 1973 opened the door to the manipulation of DNA and the development
of genetically modified organisms (GMOs).

• 1980s to Present: The field has seen rapid advancements with the development of
polymerase chain reaction (PCR) for amplifying DNA, sequencing of the human genome,
and the emergence of CRISPR-Cas9 as a tool for genome editing. Biotechnology now
spans multiple sectors including healthcare, agriculture, industrial processes, and
environmental remediation.

Brief history of biotechnology

Substrate

To convert biomass feedstock into a valuable bioproduct
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• 10,000-7,000 BC Wine making developed in Eastern Mediterranean.
• 7,000-5,000 BC Beer developed in Egypt and Babylon.

• 5.000 BC Cheese making and some medicinal plants were developed.

• 4,000 BC Vinegar was referenced in old testament.

• 500 AD               Algae was cultivated for food by Aztecs.

• 500 AD Yogurt, sauces and fermented meats were developed.

• 1600 AD The name fermentation was used.  

• 1680 AD Van Leeuwenhoek observed yeast cells in alcohol fermentation.

• 1781 AD Pressed Baker’s yeast produced by Dutch (this was the first improvement process  
in handling  Baker’s yeast).

• 1789 AD Jenner demonstrated vaccination against smallpox infection (First immunization).                         

• 1837 AD Cagniard-Latour, Schwann and Kutzing independently hypothesized that 
yeast is a living  thing. (First knowledge on cell  biology).

• 1847 AD Blondeau studied fermentation of lactic acid, butyric acid, acetic acid and 
urea. He hypothesized that different fermentations carried out by different 
organisms (fungi?). 

• 1857 AD   Pasteur demonstrated that living yeast cells ferment sugar into ethanol and carbon 
dioxide. Pasteur noted cylindrical organisms produce butyric acid only in absence of 
oxygen. (First knowledge on anaerobic fermentation).

• 1859 AD Darwin published the Origin of Species.

• 1877 AD Pasteur noted relationship between microbes / infectious disease. (First knowledge 
on pathogenic organisms).

Osama O. Ibrahim, "The history of biotechnology"

• Early 20th century: The concept of metabolic engineering, though not named as such,
began with efforts to understand and manipulate metabolic pathways for improved
fermentation processes.

• 1990s: The term “metabolic engineering” was officially coined, marking the field’s formal
recognition. This period saw the integration of genetic engineering techniques to modify
microbial metabolism for the production of desired compounds, such as pharmaceuticals,
biofuels, and fine chemicals.

• 2000s to present: Metabolic engineering has evolved with the advent of systems biology,
synthetic biology, and high-throughput genetic engineering techniques. These
advancements have allowed for the precise manipulation of metabolic pathways and the
development of microorganisms and plants with enhanced production capacities for
various compounds. The integration of computational models has further refined the
predictive capabilities in designing and optimizing metabolic pathways.

Brief history of metabolic engineering
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https://www.sciencedirect.com/science/article/pii/S0167779922003420

• 1916 AD Germany produces baker’s yeast grown on molasses as protein supplement. Also, 
produced glycerol by yeast fermentation.

• 1881 AD Koch developed methods for handling microbial cultures (First knowledge on 
microbial technique and maintenance).                  

• 1881 AD First commercial production of lactic acid by anaerobic fermentation.

• 1894 AD Takamine patented a process to isolate diastase enzymes from molds that can 
break down starch. (First knowledge on enzymes it’s applications).

• 1918 AD Great Britain produced acetone and butanol by anaerobic fermentation process.

• 1923 AD Commercial production of citric acid by surface cultures.

• 1929 AD Fleming demonstrated that mold contaminant in a  petri-dish causes bacterial death. 
(Fist discovery of microbial antibiotics)

• 1934 AD Gautheret successfully cultured plant cells. (First knowledge on plant tissue culture).

• 1940 AD Florey and Chain isolated penicillin, elucidated its structure and demonstrated its 
bacterial properties on G(+) bacteria.

• 1940s Waxman discovered streptomycin's. and its properties on G(-) bacteria (first 
microbial screening method for new antibiotics discovery)

Waxman also discovered vitamin B12.

• 1950s The production of Cortisone at the cost of $200/g  (now it’s cost is $16/g). The 
production of polio and peruses vaccines.

• 1960s The production of Xanthus gum. The production of alkine protease for 
detergents industry.

• 1970s The discovery of glucose isomerase and the production of high fructose corn syrup 
(HFCS ) as a sweetener.

Osama O. Ibrahim, "The history of biotechnology"
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Metabolic Engineering

“… directed modification of cellular metabolism and properties through 
the introduction, deletion, and/or modification of metabolic pathways by using 
recombinant DNA and other molecular biological techniques.”

“…considering reactions in their entirety rather than in isolation from one 
another.”

Lee and Papoutsakis. The Challenges and promise of metabolic engineering 
in Metabolic Engineering. Marcel Dekker (1999)
Stephanopoulos et al. The essence of metabolic engineering
in Metabolic engineering – Principles and methodologies. Academic Press (1998)

Jay Bailey (1944-2001)

https://www.science.org/doi/10.1126/science.2047876
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Definitions

• Biotechnology: “… use or development of methods of direct genetic manipulation for a socially desirable 
goal. Such goals might be the production of a particular chemical, but they may also involve the 
production of better plants or seeds, or gene therapy, or the use of specially designed organisms to 
degrade wastes.”

• Bioengineering: “… is a broad title and includes work on medical, bioprocess, agricultural and 
environmental systems; its practitioners include agricultural, electrical, mechanical, industrial, 
environmental and chemical engineers, and others.”

• Biological engineering: “… is similar, but emphasizes applications to plants and animals.”
• Metabolic engineering: “… the design of cells with genetically altered pathways to make small 

molecules that are often novel for that cell.”
• Biochemical engineering: “… usually meant the extension of chemical engineering principles to systems 

using a biological catalyst to bring about desired chemical transformations. It is often subdivided into 
bioreaction engineering and bioseparations, particularly for production of biologics, chemicals, and 
fuels.”

• Biomedical engineering: “… has been considered to be separate from biochemical engineering, 
although the boundary between the two is increasingly vague, particularly in the areas of cell surface 
receptors and animal cell culture. It focuses on the human body with an emphasis on application of 
engineering principles from a variety of disciplines to design medical devices, synthetic organs, novel 
methods for drug delivery and development of diagnostics and instrumentation.”

• Biomolecular engineering: “… defined by the National Institutes of Health as ‘. . . research at the 
interface of biology and chemical engineering and is focused at the molecular level.’”

• Bioprocess engineering: “… includes the work of mechanical, electrical, environmental, and industrial 
engineers to apply the principles of their disciplines to processes based on using living cells or 
subcomponents of such cells.”

From: Shuler & Kargi, 3rd Edition, Draft

Not fully agreeable

Top 10 emerging technologies of 2016

https://www.scientificamerican.com/report/the-top-10-emerging-technologies-of-2016/

‘Systems metabolic engineering’ selected in 2016
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Substrate

Metabolic network

A complex metabolic network is involved to convert biomass feedstock 
into a valuable bioproduct

• Bioengineering
• Biological engineering
• Biomedical engineering

Biotechnology (생명공학, 바이오 제조)

Bioprocess engineering

Metabolic engineering

Biomolecular engineering

Biochemical engineering

When it comes to “chemical production”, I see it as…

“Bioprocess engineering, 
also biochemical 
engineering, is a 
specialization of 
chemical 
engineering or biological 
engineering, It deals with 
the design and 
development of 
equipment and 
processes for the 
manufacturing of 
products such as 
agriculture, food, feed, 
pharmaceuticals, 
nutraceuticals, 
chemicals, and polymers 
and paper from 
biological materials & 
treatment of waste 
water.”
(Wikipedia)

Synthetic biology?
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Wainberg et al. Nature Biotechnology (2018)
https://doi.org/10.1038/nbt.4233

They are mostly omics data!

https://www.sciencedirect.com/science/article/pii/S0167779922003420
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KAIST's 4th Industrial Revolution Research Activities

Core Technology of the 4th IR

Systems biology

Genome

Transcriptome

Proteome

Metabolome

Fluxome

• Large-scale quantitative study of biological systems
• Biological system: Cells (a major target), tissues, body or population
• Computational and/or high-throughput experimental technologies
• Computational modeling for “Emergent properties”

The suffix –ome: a totality (or a whole)
of a target object
(https://en.wikipedia.org/wiki/Omics)
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(https://www.ginkgobioworks.com)  

Dry experiments
§Biological data analysis (e.g., omics)
§Metabolic modeling & simulations
§Designing strategies (e.g., gene targeting)
§Software development

Wet experiments
§Metabolic engineering
§Production of biochemicals
§Bioprocess engineering

Systems metabolic engineering
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https://www.biosustain.dtu.dk/research/research-areas

The Design-Build-Test-Learn (DBTL) 
biological engineering cycle.
In simple terms the DBTL framework aims to 
fulfill particular design criteria for a synthetic 
biology application, which might for example 
be the production of a specific product at an 
optimal titer or the detection of a specific 
clinical biomarker using an engineered gut 
microbiome. The cycle begins with D 
(Design), which defines the desired target 
function/specifications and involves the 
computational design of genetic parts, circuits, 
regulatory and metabolic pathways to whole 
genomes; B (Build) involves the physical 
assembly of those designed genetic 
components; T (Test) involves the prototyping 
and testing of the assembled genetic designs 
in living cells (also called "chasses") at 
different scales, which also includes 
comprehensive analytical measurements 
(‘‘omics’’) of specific cellular components. This 
can also include testing components in cell-
free extract systems; L (Learn) is the 
application of modeling and computational 
learning tools, which uses the data obtained in 
T to inform the design process. Iterations of 
the DBTL cycle results in genetic designs that 
aim to fulfill the design specifications 
established in D. In the figure the DBTL
cycle is depicted around an imagined 
biofactory or biorefinery where many products 
will be produced using more sustainable and 
circular economic processes forming the future 
infrastructure for a global
bioeconomy. (Credit: Christopher Johnson, 
DOE Agile BioFoundry, Golden, CO, USA) Hillson et al. Nature Communications (2019)

https://www.nature.com/articles/s41467-019-10079-2
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https://www.nature.com/articles/s41587-024-02136-z

Transition towards biorefinery

Macro-
algae

Micro-
algae

Cellulosic-
biomass

Biomass
Metabolic 
engineering

Chemicals

Fuels
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Jang et al., Biotechnol. Bioeng. (2012)
https://analyticalsciencejournals.onlinelibrary.wiley.com/doi/10.1002/bit.24599

https://www.nature.com/articles/s41587-024-02136-z
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Choi et al. Nature Microbiology (2023)
https://www.nature.com/articles/s41564-023-01529-1

• Life cycle of plastics is 
now considered 
beyond strain 
development.

• This paper also 
provides a 
comprehensive 
examples of microbial 
production of plastic 
precursors and 
polymers (Table 1).

Biopolymers
Production of polylactic acid homopolymer and P(3-hydroxybutyrate-co-lactate) copolymers by 
metabolically engineered E. coli strains under various conditions

Jung et al. Biotechnol. Bioeng. (2010)
https://analyticalsciencejournals.onlinelibrary.wiley.com/doi/10.1002/bit.22548

Transmission electron micrographs of 
intracellular PLA homopolymer and 
P(3HB-co-LA) copolymer granules

The overall metabolic network shown together with the 
introduced metabolic pathways for the production of PLA 
homopolymer and P(3HB-co-LA) copolymer in E. coli by 
combining enzyme engineering and metabolic engineering 
strategies.
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https://sdgs.un.org/goals

Choi and Lee. Nature Reviews Bioengineering (2013)
https://www.nature.com/articles/s44222-023-00076-y

• Various food and 
cosmetic products 
producible using 
microbes is displayed 
(right).

• This paper also 
provides a 
comprehensive 
examples of food and 
cosmetic compounds 
production using 
microorganisms 
(Table 1).
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Yang et al.
Microbial Biotechnology 
(2017)

https://ami-
journals.onlinelibrary.wil
ey.com/doi/10.1111/1751
-7915.12766

The 2030 Agenda for Sustainable Development, adopted by all United Nations 
Member States in 2015, provides a shared blueprint for peace and prosperity 
for people and the planet, now and into the future. At its heart are the 17 
Sustainable Development Goals (SDGs), which are an urgent call for action by 
all countries - developed and developing - in a global partnership. They 
recognize that ending poverty and other deprivations must go hand-in-hand 
with strategies that improve health and education, reduce inequality, and spur 
economic growth – all while tackling climate change and working to preserve 
our oceans and forests.

https://sdgs.un.org/goals

https://amijournals.onlinelibrary.wiley.com/doi/10.1111/1751-7915.12766
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https://www.nature.com/articles/nrmicro3239

1: RNA Polymerase, 2: Repressor, 3: Promoter, 4: Operator, 5: Lactose, 6: lacZ, 7: lacY, 8: lacA. 

Top: The gene is essentially turned off. There is no allolactose to inhibit the lac repressor, so the 
repressor binds tightly to the operator, which obstructs the RNA polymerase from binding to the 
promoter, resulting in no laczya mRNA transcripts.

Bottom: The gene is turned on. Allolactose inhibits the repressor, allowing the RNA polymerase to 
bind to the promoter and express the genes, resulting in production of LacZYA. Eventually, the 
enzymes will digest all of the lactose, until there is no allolactose that can bind to the repressor. 
The repressor will then bind to the operator, stopping the transcription of the LacZYA genes.

https://en.wikipedia.org/wiki/Lac_operon

The roots of synthetic biology can be traced to the study of the lac operon in E. coli.
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https://www.nature.com/articles/s41467-020-19092-2

https://www.nature.com/articles/nrmicro3239
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https://www.nature.com/articles/s41467-020-19092-2

https://www.nature.com/articles/nrmicro3239
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강의계획서

• 학습목표
- 합성생물학은 생물학, 공학, 컴퓨터 과학을 결합하여 효소, 생합성 경로, 
또는 전체 생물학적 개체를 설계하고 구축하는 매우 다학제적인 분야이다. 

- 그 목표는 새로운 생물학적 시스템을 창조하거나 기존 시스템을 유용한 
목적으로 재설계하는 것이며, 이 과정에서 생물학적 도구를 설계할 때 
모듈성, 표준화, 확장성이 중요하게 고려된다.

Lecture 2

Synthetic biology and AI
-대사공학 전략-

Kim, Hyun Uk

Department of Chemical and Biomolecular Engineering
Graduate School of Engineering Biology

Korea Advanced Institute of Science and Technology (KAIST)

KSBi-BIML 2026
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강의계획서

• 강의 1: 합성생물학 기반 바이오제조

• 강의 2: 대사공학 전략

• 강의 3: 대사 네트워크 모델 (Genome-scale metabolic model)

• 강의 4: 합성생물학과 AI 실습

강의계획서

• 학습목표
- 본 강의에서는 합성생물학의 배경을 먼저 설명하고, 합성생물학이 적용 
가능한 다양한 분야 중 바이오제조와 대사공학을 중심으로 소개하고자 한다. 

- 또한 이 과정에서 AI가 수행하는 핵심적인 역할을 설명한다. 

- 특히 미생물 대사공학의 목표가 대사 네트워크와 생산 공정 전반을 
통합적으로 분석하고 최적화하여 고수율·고생산성 균주를 개발하는 데 
있음을 설명한다. 이를 위해 균주 설계부터 공정 최적화까지 전 과정을 
포괄하는 10가지 전략을 체계적으로 소개한다. 

- 더불어 이 과정에서 유용하게 활용될 수 있는 대사 네트워크 모델(genome-
scale metabolic model)에 대해서도 이론과 실습을 제공한다. 

- 본 강의에서 소개되는 개념과 방법론은 약물 표적 발굴 등 시스템 의학 
분야에도 적용 가능하다.
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Systems metabolic engineering

• Strategy 1: Project design
• Strategy 2: Selection of host strain
• Strategy 3: Metabolic pathway reconstruction
• Strategy 4: Increasing tolerance to product
• Strategy 5: Removing negative regulatory circuits limiting 

overproduction
• Strategy 6: Rerouting fluxes to optimize cofactor and/or precursor 

availability
• Strategy 7: Diagnosing and optimizing metabolic fluxes toward product 

formation
• Strategy 8: Diagnosis and optimization of microbial culture conditions
• Strategy 9: System-wide gene manipulation to further increase 

production
• Strategy 10: Scale-up fermentation of the developed strain and 

diagnosis
ü Interconnected
ü Not always applied sequentially
ü Often iterativeLee & Kim. Nature Biotechnology (2015)

https://www.nature.com/articles/nbt.3365

https://www.sciencedirect.com/science/article/pii/S0167779922003420
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• Selection of a target product based on various technical, economical, legal and
regulatory factors
- Often neglected in the academic sector

• Cost-effective carbon sources
- Biomass readily available and production location?

• Three key performance indices; product concentration (titer), yield, and
productivity
- Bulk chemical vs fine chemical
- Production host?
- Fermentation mode: aerobic versus anaerobic fermentation, batch, fed-
batch or continuous culture?

• Legal and regulatory considerations
- Intellectual property
- Genetically modified organisms (GMOs)
- Generally recognized as safe (GRAS)

Strategy 1: Project design

Lee & Kim. Nature Biotechnology (2015)
https://www.nature.com/articles/nbt.3365
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• E. coli and S. cerevisiae often considered as workhorses due to the availability
of a wide range of genetic engineering tools

• Other microorganisms may be more suitable
- e.g., C. glutamicum due to strong fluxes toward amino acids
- Can a candidate organism utilize the desired carbon feedstock?

• Increasing availability of genetic engineering tools for a novel production host
- e.g., the native succinic acid producer bacterium M. succiniciproducens

• A choice to make
- Developing genetic engineering tools for a novel production host
- Choosing a microorganism that can be more easily engineered

• Other considerations when selecting a host strain
- e.g., carbon substrate utilization range, ease  of fermentation in an

inexpensive medium, ease of scale-up, requirement for anaerobic versus
aerobic conditions, and the suitability of cost-effective  downstream
processes

Strategy 2: Selection of host strain

Strategy 1: Project design
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Strategy 2: Selection of host strain

Corynebacterium glutamicum as a production host

No endotoxin 
production

Genetically 
accessible

Industrial 
workhorse for 
amino acids

Fast growth

Not 
pathogenic

High tolerance 
to aromatics & 

alcoholics

C. glutamicum
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Duigou et al. Nucleic Acids Research (2019)
https://academic.oup.com/nar/article/47/D1/D1229/5128930

Retrobiosynthesis
A systematic design of a biosynthetic pathway 
by using a set of biochemical reaction rules 
that describe chemical transformation patterns between substrate and 
product molecules at an atomic level

• Increasing importance due to the bio-based production of a diverse range of
chemicals and fuels that are either non-natural or inefficiently produced in 
natural hosts

• Often based on intuitive biological knowledge
- Unexpected inhibitory metabolic reactions caused by the promiscuous

activities of introduced enzymes

• Use of genome mining and cheminformatic analyses
- e.g., retrobiosynthesis

• Optimization of initially constructed, heterologous reactions  via gene 
expression optimization and codon optimization

• Increasing availability of the combinatorial assembly of genes, operons and
pathways, thanks to the relatively low cost of DNA synthesis and rapid 
advances in synthetic biology

• Often and still, various combinations of biosynthetic genes need to be tested

Strategy 3: Metabolic pathway reconstruction
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Biosynthetic reactions constructed in E. coli for the in vivo production of 
12 short-chain primary amines (SCPAs)

Kim et al. Nature Communications (2021)
https://www.nature.com/articles/s41467-020-20423-6

• Assimilation of formaldehyde (Yang et al. Metab. Eng., 2019)
• 5-Aminolevulinic acid (Ren et al. ACS Synth. Biol., 2018)
• Pinocembrin (Feher et al. Biotechnol. J., 2014)
• 1,4-butanediol (Yim et al. Nature Chemical Biology, 2011)

Yim et al. Nature Chemical Biology (2011)
https://www.nature.com/articles/nchembio.580
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Strategy 4: Increasing tolerance to product

• Increasing product tolerance usually recommended upon construction of a
base strain that generates a product at a requisite level
- e.g., 50-80% of the level that starts to inhibit cell growth.

• Serial subculturing of cells with increasing concentrations of product or analogs
with or without mutagen treatment, followed by identifying the cells that
outgrow (i.e., grow faster)
- Often repeated for the increased tolerance

• Engineering (often, overexpressing) efflux pumps to improve the product
tolerance as a rational engineering approach

Strategy 4: Increasing tolerance to product
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Lee & Kim. Nature Biotechnology (2015)
https://www.nature.com/articles/nbt.3365

Park et al. Nature Communications (2014)
https://www.nature.com/articles/ncomms5618

• Transcriptional attenuation control and feedback inhibition, especially for amino
acids biosynthesis, as typical examples of negative regulatory circuits

• Gene knockout as an obvious choice to reroute fluxes to increase the level of
cofactors or precursors
- e.g., removing competing pathways
- Gene knockdown using synthetic small regulatory RNAs if target genes are
essential

- Construction of industrial strains via chromosomal integration rather than
plasmid-based system

• In general, cofactor and precursor optimization usually requires more system-
wide approaches than removal of pathway-specific negative regulatory circuits,
because in the former case, global mass, energy and redox balances need to
be considered

Strategy 5: Removing negative regulatory circuits 
limiting overproduction

Strategy 6: Rerouting fluxes to optimize cofactor 
and/or precursor availability
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Strategy 5: Removing negative regulatory circuits 
limiting overproduction

Strategy 6: Rerouting fluxes to optimize cofactor 
and/or precursor availability

Choi et al. Metabolic Engineering (2013)
https://www.sciencedirect.com/science/article/pii/S1096717613000852
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Use of multi-objective optimization for the 
homo-organic acid-producing strains

Kim et al. Metabolic Engineering (2015)
https://www.sciencedirect.com/science/article/pii/S1096717614001621?via%3Dihub

Prediction of gene knockout targets

E. coli Acetic acid Lactic acid

Succinic acid

• Systematic diagnosis and optimization of intermediate strain under conditions
that are as similar as possible to the final industrial fermentation conditions
- Fed-batch fermentations necessary, at least under laboratory-scale

conditions, during strain development
- Diagnosis based on performance indices, such as productivity, yield and

titer
- Additional identification of potential metabolic bottlenecks and byproduct

formation in fed-batch conditions

• Consideration of alternative substrates at this stage in light of the availability of
feedstock and its economics
- For industrial-scale fermentations, medium cost often considered more

important than the nature of culture media being either defined, semi-
defined or complex

- Important to develop an industrial strain capable of efficiently producing a
desired product using impure low-price substrates

Strategy 7: Diagnosing and optimizing metabolic 
fluxes toward product formation

Strategy 8: Diagnosis and optimization of microbial 
culture conditions
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Strategy 7: Diagnosing and optimizing metabolic 
fluxes toward product formation

Strategy 8: Diagnosis and optimization of microbial 
culture conditions

E. coli W3110 at 20% DO (microaerobic)

E. coli W3110 under anaerobic

Homo-acetic acid producing strain
(∆pflB and (∆fumA or ∆mdh))

Homo-lactic acid producing strain
(∆pflB and ∆aceF)

OD600 (○), glucose(●), acetic acid (◆), ethanol (+), formic acid (◇), lactic acid (■), pyruvic acid (▲), succinic acid (x)

Kim et al. Metabolic Engineering (2015)
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Strategy 9: System-wide gene manipulation to 
further increase production

• A final round of engineering to identify potential gene manipulation targets for
further enhanced production capability

• Systems and synthetic biology approaches
- Cultivation profile-based system-wide analyses, high-throughput genome-
scale engineering, omics-based approaches and/or in silico metabolic
simulations (e.g., genome-scale metabolic modeling and simulation)

- Use of an increasing array of high-throughput genome-scale engineering
tools, such as (co-selection) multiplex automated genome engineering,
trackable multiplex recombineering and synthetic small regulatory RNAs

Strategy 9: System-wide gene manipulation to 
further increase production
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Strategy 10: Scale-up fermentation of the developed 
strain and diagnosis

• Validation of the developed microbial strain in a pilot plant-scale or demo plant-
scale fermenter
- Possible presence of discrepancies from one strain (or scale) to another
- Mainly due to different mixing and aeration in laboratory-scale and pilot-
scale fermenters (very difficult to predict)

• Possible reversion of a high-performance strain back to a low-performance
strain through the loss of production capacity and phenotype alteration
- Caused by genetic instability and/or fermentation conditions having different
mass transfer rates of nutrients and oxygen, and substrate and product
concentration profiles in the industrial-sized fermenter

- Possible solutions (but, not guaranteed): permanent chromosomal
manipulation (instead of plasmid-mediated engineering) and gene-level
engineering (e.g., knockout of an entire gene) rather than changes of a few
base pairs (e.g., single-point mutations)

- In industrial fermentation, companies regularly isolate pure colonies of high
performance at the end of the fermentation

• Contamination control in industrial-scale fermentation

Strategy 10: Scale-up fermentation of the developed 
strain and diagnosis
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Lecture 3

Synthetic biology and AI
-대사 네트워크 모델 (Genome-scale metabolic model)-

Kim, Hyun Uk

Department of Chemical and Biomolecular Engineering
Graduate School of Engineering Biology

Korea Advanced Institute of Science and Technology (KAIST)

KSBi-BIML 2026
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강의계획서

• 학습목표
- 본 강의에서는 합성생물학의 배경을 먼저 설명하고, 합성생물학이 적용 
가능한 다양한 분야 중 바이오제조와 대사공학을 중심으로 소개하고자 한다. 

- 또한 이 과정에서 AI가 수행하는 핵심적인 역할을 설명한다. 

- 특히 미생물 대사공학의 목표가 대사 네트워크와 생산 공정 전반을 
통합적으로 분석하고 최적화하여 고수율·고생산성 균주를 개발하는 데 
있음을 설명한다. 이를 위해 균주 설계부터 공정 최적화까지 전 과정을 
포괄하는 10가지 전략을 체계적으로 소개한다. 

- 더불어 이 과정에서 유용하게 활용될 수 있는 대사 네트워크 모델(genome-
scale metabolic model)에 대해서도 이론과 실습을 제공한다. 

- 본 강의에서 소개되는 개념과 방법론은 약물 표적 발굴 등 시스템 의학 
분야에도 적용 가능하다.

강의계획서

• 학습목표
- 합성생물학은 생물학, 공학, 컴퓨터 과학을 결합하여 효소, 생합성 경로, 
또는 전체 생물학적 개체를 설계하고 구축하는 매우 다학제적인 분야이다. 

- 그 목표는 새로운 생물학적 시스템을 창조하거나 기존 시스템을 유용한 
목적으로 재설계하는 것이며, 이 과정에서 생물학적 도구를 설계할 때 
모듈성, 표준화, 확장성이 중요하게 고려된다.
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• Simulation vs computational model

• Genome-scale metabolic models (GEMs)
- Industrial and medical applications
- Reconstruction procedure
- Model repositories
- Systems Biology Markup Language (SBML)
- Boolean logic of gene-protein-reaction (GPR) associations

• Flux balance analysis
- Prediction of metabolic flux distributions under a specific genotypic and

environmental condition
- Linear programming
- Prediction of gene manipulation targets
- Multi-objective optimization

Keywords in this class

강의계획서

• 강의 1: 합성생물학 기반 바이오제조

• 강의 2: 대사공학 전략

• 강의 3: 대사 네트워크 모델 (Genome-scale metabolic model)

• 강의 4: 합성생물학과 AI 실습
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Taken from KEGG (www.genome.jp) 

“Genome-scale” metabolic model

Enzyme

Metabolite

Computational model

• Mass balance of metabolites
• Optimization method:

- Pseudo-steady state assumption
- Constraints & Objective function(s):

Physicochemical properties

M
et
ab
ol
ite
s

Reactions

Simulation

Kim et al. Molecular BioSystems (2008)
https://doi.org/10.1039/B712395G

Model
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Gu et al. Genome Biology (2019)
https://doi.org/10.1186/s13059-019-1730-3

Gu et al. Genome Biology (2019)
https://doi.org/10.1186/s13059-019-1730-3

As of February 2019:
• GEMs have been 

reconstructed for 
6239 organisms

• 5897 bacteria, 127 
archaea & 215 
eukaryotes

• Either manually or 
by using automatic
GEM reconstruction 
tools



- 46 -

Pathway E.C. 
Number Gene name Reaction Enzyme name

Glycolysis/ 
Gluconeogenesis 1.2.1.12 VV11141 OR 

VV13140
G3P + PI + NAD <->  
NADH + 13PDG

glyceraldehyde 3-phosphate 
dehydrogenase 

TCA cycle 1.3.99.1

VV10158 AND 
VV10159 AND 
VV10160 AND 
VV10161

SUCC + FAD -> FUM + 
FADH2 succinate dehydrogenase 

In silico (computational) cell

Databases
Genome annotation data

Literature

Experiments

• Manual reconstruction of a genome-scale metabolic model (GEM) was a very
time-consuming process, as seen in Thiele and Palsson (Nature Protocols,
2010). Much effort was exerted on extensive literature survey and experimental
validation of the model.

• Many reconstruction steps have now been automated (Gu et al. Genome
Biology, 2019). This has now allowed the reconstruction of a large number of
related organisms at the same time. Examples include all the E. coli strains, or
multiple tumor cells.

• Reconstructed GEMs can be found at:
- BiGG Models (http://bigg.ucsd.edu)
- Metabolic Atlas (https://metabolicatlas.org/gems/repository)
- Supplementary Data of individual papers and code repositories

• You don’t need to build a new GEM unless you are working on a model
organism. GEMs for most of the model organisms are now available online.

Reconstruction of a genome-scale metabolic model
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Thiele and Palsson. Nature Protocols (2010)
https://doi.org/10.1038/nprot.2009.203

Reconstruction procedure of a human GEM ‘Recon 1’

Duarte et al. PNAS (2007)
https://doi.org/10.1073/pnas.0610772104
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Monk et al. Nature Biotechnology (2017)
https://doi.org/10.1038/nbt.3956

Growth of reconstruction coverage and content 
in the series of published reconstruction of E. coli metabolism

Thiele and Palsson. Nature Protocols (2010)
https://doi.org/10.1038/nprot.2009.203
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Gu et al. Genome Biology (2019)
https://doi.org/10.1186/s13059-019-1730-3

Model validation
(a) The Colony-live platform was used to 
measure growth capabilities of 3,869 
single-knockout mutant E. coli strains 
on minimal media with 16 different 
carbon sources, forming a total of 62,272 
measured phenotypes. Colony-live 
provides specific values for lag-time (LTG), 
maximum growth rate (MGR), and growth 
saturation point (GSP) for each gene 
knockout and condition.

(b) Subset of knockout data highlighting 
growth rates for gene knockouts in the 
tricarboxylic acid (citric acid) cycle.

(c) The iML1515 reconstruction is 93.4% 
accurate in predicting the effect of gene 
knockouts, an increase in accuracy of 
3.7% over the 89.8% accuracy of the 
iJO1366 E. coli metabolic reconstruction.

Monk et al. Nature Biotechnology (2017)
https://doi.org/10.1038/nbt.3956
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http://bigg.ucsd.edu/models/iML1515

http://bigg.ucsd.edu

Standardized genome-scale metabolic models (GEMs) are available at BiGG Models
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iML1515:
Genome-scale metabolic model of 
E. coli 

Monk et al. Nature Biotechnology (2017)
https://doi.org/10.1038/nbt.3956

Systems Biology Markup Language (SBML) level 3 flux balance constraints 
(SBML3FBC) package as the primary description and exchange format

• Reaction IDs
• Metabolite IDs
• Gene-protein-reaction (GPR) associations
• Enzyme name
• Reaction compartment
• Flux constraints
• Objective function
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Thiele and Palsson. Nature Protocols (2010)
https://doi.org/10.1038/nprot.2009.203
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Flux balance analysis:
simulation of the stoichiometric model 
with optimization technique
(e.g. linear programming)

(Biomass formation equation)!"#$%$&'(((((
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Optimal flux distributions from constraint-based flux analysis

Solution space

Kim et al. Molecular BioSystems (2008)
https://doi.org/10.1039/B712395G
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Almaas et al. Nature (2004)
https://doi.org/10.1038/nature02289

Options for objective function

§ Maximizing cell growth rate

§ Maximizing particular metabolite (biochemical) production rate

§ Minimizing energy consumption

!
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Exchange reactions define medium 
and environment

A

Intracellular

Extracellular

ATP H+

A_e A_e

EX_A_e

Thiele and Palsson. Nature Protocols (2010)
https://doi.org/10.1038/nprot.2009.203

Biomass equation
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Predicting the effects of nutrients
• Modify constraints for exchange reactions.
• Exchange reactions are identified by IDs that have the prefix 'EX_' and the 

suffix '_e’.

• If you want to examine the effects of using succinate instead of glucose as a 
main carbon source, set lower constraint of 'EX_glc__D_e’ as ‘0’, and lower 
constraint of ‘EX_succ_e’ with some negative value (e.g., ‘-10’).
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About Flux balance analysis…

§ No kinetic parameters required

§ Scalable, hence “genome-scale”

§ Agreeable prediction accuracy (e.g. E. coli)

§ Compatible with other computational and experimental approaches

Kim et al. Molecular BioSystems (2008)
https://doi.org/10.1039/B712395G
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Genetic tools

Gene modification strategies for metabolic engineering

Local scope!
Limitations for a dramatic outcome

Edwards et al. Nature Biotechnology (2001)
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Kim et al. Molecular BioSystems (2008)
https://doi.org/10.1039/B712395G

Complex biological network

Local metabolism Whole metabolism Cellular and molecular processes

Regulation, signaling, 
interaction,...

Combinatorial gene 
modification
1000C2 = 499,500
1000C3 = 166,167,000
1000C4 = 41,417,124,750
...

Genome-scale 
metabolic model
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Lewis et al. Nature Reviews Microbiology (2012)
https://www.nature.com/articles/nrmicro2737

GrowthDesired product

Nutrients Byproducts

Oxygen 
conditionH+

H+
H+

H+H+ H+

pH, temp

Factors affecting an organism’s metabolism
Cells do not overproduce what we want!
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Choi et al. Applied and Environmental Microbiology (2010)
https://journals.asm.org/doi/10.1128/aem.00115-10

Flux scanning based on 
enforced objective flux 
(FSEOF)

Burgard et al. Biotechnology and Bioengineering (2003)
https://analyticalsciencejournals.onlinelibrary.wiley.com/doi/10.1002/bit.10803
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https://analyticalsciencejournals.onlinelibrary.wiley.com/doi/abs/10.1002/bit.28114
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295.25 mg/L of pikromycin from the NM1 strain

Cho et al. Biotechnology and Bioengineering (2022)
https://analyticalsciencejournals.onlinelibrary.wiley.com/doi/abs/10.1002/bit.28114

Overexpression of single genes

Downregulation of single genes

Two genes

Three and four genes

Cho et al. Biotechnology and Bioengineering (2022)
https://analyticalsciencejournals.onlinelibrary.wiley.com/doi/abs/10.1002/bit.28114
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Recon 1
(PNAS, 2007)

Recon 2
(Nature Biotechnol, 2013)

Recon 2.1
(arXiv:1311. 5696, 2013)

Recon 2Q
(J Biotechnol, 2014)

Recon 2.2
(Metabolomics, 2016)

History of the development of 
human genome-scale metabolic models

Ryu JY1, Kim HU1 (equal contrib.) & Lee SY. Proc. Natl. Acad. Sci. U. S. A. 114(45), E9740-E9749 (2017)

Recon 2M
(PNAS, 2017)

Recon 3D
(Nature Biotechnol, 2018)

Human1
(Science Signaling, 2020)

Dry experiments
§Biological data analysis (e.g., omics)
§Metabolic modeling & simulations
§Designing strategies (e.g., gene targeting)
§Software development

Wet experiments
§Metabolic engineering
§Production of biochemicals
§Bioprocess engineering

Systems metabolic engineering
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Machine learning-guided evaluation of extraction and simulation methods for
cancer patient-specific metabolic models

Best combination of algorithms?

Lee et al. Computational and Structural Biotechnology Journal (2022)
https://www.sciencedirect.com/science/article/pii/S2001037022002434?via%3Dihub

Human genome-scale metabolic model

Reaction a

Reaction b

Reaction c

Transcript a’

Transcript b’’

Transcript c’

Transcript c’’

Transcriptome data

Low expression

High or moderate expression

Gene-Transcript-Protein-Reaction associations

Platform for the data integration 

Protein 
isoform a’

Protein 
isoform a’’

Reaction a

Gene a

Transcript a’ Transcript a’’

Protein

Gene

Transcript

Reaction

Source code: https://bitbucket.org/kaistmbel/recon-manager
Ryu et al. PNAS (2017)
Lee et al. Computational and Structural Biotechnology Journal (2022)

Platform for the data integration – cell-specific model
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Distribution of mutation-associated metabolites for the 18 cancer types across the
genome-scale human metabolic pathways

Lee et al. Genome Biology (2024)
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-024-03208-8

Patient-specific GEM

Oncometabolite candidates

Lee et al. Genome Biology (2024)
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-024-03208-8
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Wang et al. PNAS (2024)
https://www.pnas.org/doi/full/10.1073/pnas.2102344118

The overall scheme of predicting drug-sensitizing gene targets

Lim et al. PNAS (2025)
https://doi.org/10.1073/pnas.2425384122 a
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강의계획서

• 학습목표
- 합성생물학은 생물학, 공학, 컴퓨터 과학을 결합하여 효소, 생합성 경로, 
또는 전체 생물학적 개체를 설계하고 구축하는 매우 다학제적인 분야이다. 

- 그 목표는 새로운 생물학적 시스템을 창조하거나 기존 시스템을 유용한 
목적으로 재설계하는 것이며, 이 과정에서 생물학적 도구를 설계할 때 
모듈성, 표준화, 확장성이 중요하게 고려된다.

Lecture 4

Synthetic biology and AI
-합성생물학과 AI 실습-

Kim, Hyun Uk

Department of Chemical and Biomolecular Engineering
Graduate School of Engineering Biology

Korea Advanced Institute of Science and Technology (KAIST)

KSBi-BIML 2026
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강의계획서

• 강의 1: 합성생물학 기반 바이오제조

• 강의 2: 대사공학 전략

• 강의 3: 대사 네트워크 모델 (Genome-scale metabolic model)

• 강의 4: 합성생물학과 AI 실습

강의계획서

• 학습목표
- 본 강의에서는 합성생물학의 배경을 먼저 설명하고, 합성생물학이 적용 
가능한 다양한 분야 중 바이오제조와 대사공학을 중심으로 소개하고자 한다. 

- 또한 이 과정에서 AI가 수행하는 핵심적인 역할을 설명한다. 

- 특히 미생물 대사공학의 목표가 대사 네트워크와 생산 공정 전반을 
통합적으로 분석하고 최적화하여 고수율·고생산성 균주를 개발하는 데 
있음을 설명한다. 이를 위해 균주 설계부터 공정 최적화까지 전 과정을 
포괄하는 10가지 전략을 체계적으로 소개한다. 

- 더불어 이 과정에서 유용하게 활용될 수 있는 대사 네트워크 모델(genome-
scale metabolic model)에 대해서도 이론과 실습을 제공한다. 

- 본 강의에서 소개되는 개념과 방법론은 약물 표적 발굴 등 시스템 의학 
분야에도 적용 가능하다.
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Documentation: https://cobrapy.readthedocs.io/en/latest/
Source: https://github.com/opencobra/cobrapy
Home: http://opencobra.github.io/cobrapy/

COBRA: COnstraint-Based Reconstruction and Analysis

• Software programs for genome-scale metabolic models (GEMs)
- COBRApy
- CAMEO (Computer Aided Metabolic Engineering and Optimization)

• Biofoundry
- Automation
- DBTL cycle
- Workflows
- Hardware
- Software
- Global Biofoundry Alliance

• Examples of high-throughput tools and AI tools

Keywords for biofoundry
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Documentation: https://cameo.readthedocs.io/en/latest/
Source: https://github.com/biosustain/cameo
Example sources: https://github.com/biosustain/cameo-notebooks

Package organization and functionality overview

Documentation: https://cobrapy.readthedocs.io/en/latest/
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Choi et al. Applied and Environmental Microbiology (2010)
https://journals.asm.org/doi/10.1128/aem.00115-10

Flux scanning based on 
enforced objective flux 
(FSEOF)

Documentation: https://cameo.readthedocs.io/en/latest/
Source: https://github.com/biosustain/cameo
Example sources: https://github.com/biosustain/cameo-notebooks
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https://doi.org/10.1007/s12257-023-0226-x

https://cameo.readthedocs.io/en/latest/06-predict-gene-modulation
-targets.html#flux-scanning-based-on-enforced-objective-flux
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Lee et al. Biotechnology and Bioprocess Engineering (2023)
https://link.springer.com/article/10.1007/s12257-023-0226-x
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Building a Biofoundry
• Synthetic biology, combining engineering and biology, enables the precise design of
biological systems for applications in medicine, agriculture, and sustainable production.

• Biofoundries, specialized facilities using automation and computational tools, accelerate
the Design-Build-Test-Learn (DBTL) cycle, boosting research speed and reproducibility.
These adaptable, interdisciplinary hubs support innovations like environmental biosensors
and on-demand therapeutic production. The collaborative nature of biofoundries leverages
expertise across biology, engineering, and AI, pushing biotechnological progress and
fostering global scientific advancement in synthetic biology and biomanufacturing.

• Building a biofoundry involves integrating technical expertise and infrastructure to support
advanced synthetic biology research. Key components include:
- Robust infrastructure: Equipped with specialized tools like DNA synthesis machines,
high-throughput screening (HTS) instruments, and automated robotics.

- Expertise: Teams skilled in synthetic biology and data analysis.
- Automated workflows: For precision and efficiency in DNA synthesis and screening.
- Data management: Robust systems for handling and analyzing large data volumes.
- Collaborative networks: Partnerships to share resources, stay updated, and translate
discoveries into practical applications.

The Design-Build-Test-Learn (DBTL) 
biological engineering cycle.
In simple terms the DBTL framework aims to 
fulfill particular design criteria for a synthetic 
biology application, which might for example 
be the production of a specific product at an 
optimal titer or the detection of a specific 
clinical biomarker using an engineered gut 
microbiome. The cycle begins with D 
(Design), which defines the desired target 
function/specifications and involves the 
computational design of genetic parts, circuits, 
regulatory and metabolic pathways to whole 
genomes; B (Build) involves the physical 
assembly of those designed genetic 
components; T (Test) involves the prototyping 
and testing of the assembled genetic designs 
in living cells (also called "chasses") at 
different scales, which also includes 
comprehensive analytical measurements 
(‘‘omics’’) of specific cellular components. This 
can also include testing components in cell-
free extract systems; L (Learn) is the 
application of modeling and computational 
learning tools, which uses the data obtained in 
T to inform the design process. Iterations of 
the DBTL cycle results in genetic designs that 
aim to fulfill the design specifications 
established in D. In the figure the DBTL
cycle is depicted around an imagined 
biofactory or biorefinery where many products 
will be produced using more sustainable and 
circular economic processes forming the future 
infrastructure for a global
bioeconomy. (Credit: Christopher Johnson, 
DOE Agile BioFoundry, Golden, CO, USA) Hillson et al. Nature Communications (2019)

https://www.nature.com/articles/s41467-019-10079-2
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Global Biofoundry Alliance
• The Global Biofoundry Alliance (GBA) is an international network of public and private
biofoundries aimed at promoting synthetic biology through shared expertise and resources.
Established in 2018, it now includes 35 biofoundries worldwide.

• The GBA standardizes data management, quality control, and experimental protocols to
enhance reproducibility and collaboration. It has been pivotal in developing new
technologies, such as COVID-19 diagnostics, and provides educational opportunities. The
GBA recently restructured its working groups to focus on software/data,
workflows/protocols, and sustainability.

Synthetic Biology for Building Biofoundries
• The DBTL (Design-Build-Test-Learn) cycle is used in biofoundries to streamline the
creation and optimization of biological systems:

- Design: Utilizes software like Cello for genetic circuit design, creating blueprints for
synthetic constructs. KEGG and BRENDA databases help in selecting metabolic
pathways and enzymes. For example, EnzymeMiner identifies uncharacterized
enzymes for pathway optimization.

- Build: Uses methods like Gibson Assembly and Golden Gate Assembly for DNA
synthesis. High-throughput platforms automate the creation of extensive DNA
libraries.

- Test: Multi-omics, including next-generation sequencing (NGS) and Nanopore
sequencing, assesses gene expression, metabolite levels, and protein function. For
example, high-throughput screening identifies strains with maximum output.

- Learn: Employs machine learning for refining designs based on test results, allowing
predictive adjustments for improved yields.

• Through these iterative cycles, biofoundries advance synthetic biology, optimizing
processes for drugs, biofuels, and sustainable materials.
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https://www.biofoundries.org
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https://www.gba2024.org



- 81 -

Emergence of synthetic biology as a tool for invention
• The integration of next-generation sequencing since 1996 has greatly enhanced the ability
to analyze genomic and gene expression profiles, supported by bioinformatics tools.
Synthetic biology adopts a bottom-up approach, using strategic DNA assembly to regulate
gene expression for optimizing metabolic pathways. The iGEM competition, launched in
2004, has significantly promoted synthetic biology by engaging global participants in
solving challenges and fostering innovation. It leverages the Registry of Standard
Biological Parts, with over 20,000 documented parts, catalyzing the growth of startups and
reinforcing collaboration between academia and industry.

https://doi.org/10.1007/s12257-024-00121-6
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Considerations required for Biofoundry construction
• Hardware:

- Biofoundries are associated with automation, using robotic systems to advance the
DBTL cycle in synthetic biology. However, fully automated biofoundries with advanced
machinery like robotic arms and automated devices come with high costs and
planning challenges. Semi-automated DBTL strategies offer more cost-effective
flexibility. The limited availability of such equipment highlights the need for continuous
investment and policy support.

- Importantly, data management and analysis must keep pace with hardware to avoid
underutilization, emphasizing that effective workflows and software integration are
crucial for maximizing biofoundry performance.

• Workflows:
- In biofoundry development, two key terms are essential: unit process (the smallest
automated protocol) and workflow (a series of unit processes aimed at a specific
outcome). Workflows, derived from optimized manual protocols, must detail reagent
handling and positioning for automated operations.

- Efficiency can be enhanced through sample consolidation and integrated scheduling
of varied workflows, crucial for high-throughput demands. Advanced scheduling
software supports this integration. Biofoundries reduce waste and errors, addressing
a major issue where over 50% of research remains unpublished, partly due to
preventable flaws.

Acceleration of synthetic biology research using biofoundry

• The Design-Build-Test-Learn (DBTL) cycle in synthetic biology enhances research
reproducibility and efficiency, though the Build and Test phases can be labor-intensive.
Automation has reduced these challenges, exemplified by innovations like robotic
scientists Adam and Eve and biofoundries such as Ginkgo Bioworks and Amyris, which
have significantly boosted throughput and productivity. Lanzatech showcased industrial
breakthroughs using automated systems to produce ethanol and improve yields for
compounds like 1-hexanol. AI integration further optimizes the Design and Learn phases,
reducing costs and narrowing design space for faster market delivery.
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Integrated sequences such as DNA 
synthesis, assembly, transformation, and 
high-throughput screening: 
• Designing genetic sequences
• Building DNA constructs
• Testing their function in microbial hosts
• Analyzing results using automation and 

computational tools

Individual automated tasks within these 
workflows:
• Liquid handling for mixing reagents
• PCR for amplifying DNA
• robotic colony picking
• Automated data recording
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• Recent development of methods for measuring/predicting enzyme kinetics

• DeepEC for predicting EC numbers

• AlphaFold for predicting highly accurate protein structures

Examples of high-throughput tools and AI tools

Considerations required for Biofoundry construction
• Software & AI:

- Developing robust software for biofoundry operations is critical but challenging due to
unique requirements and the need for extensive integration. Current solutions, like
Electronic Laboratory Notebooks, often fall short in handling the complex and large-
scale operations of biofoundries. The ‘rapid prototyping and soft integration’ approach
promotes quick creation and merging of essential functionalities using frameworks
like Python’s Streamlit or R’s Shiny, with IDEs such as Visual Studio Code and
RStudio for cycle management. Effective software must handle high-throughput data,
monitor equipment and materials, and coordinate various automated devices via APIs
like JSON for seamless communication. This enhances operational adaptability and
interoperability, vital for the scalability and efficiency of biofoundry systems.

- Biofoundries streamline the Design-Build-Test-Learn (DBTL) cycle in synthetic biology,
but handling the vast complexity of biological systems requires precise library design
supported by AI. Pre-trained models like ProtBERT and RFdiffusion help in
transforming sequences into biologically relevant vectors and creating targeted
libraries, significantly reducing experimental search space. Self-driving laboratories,
such as the one demonstrated at the University of Wisconsin–Madison for protein
engineering, use AI-guided systems to expedite DBTL cycles, enhancing
thermostability of enzymes faster than traditional methods. Predictive maintenance
using real-time data and machine logs reduces downtime, supporting efficient,
reliable biofoundry operations. Large Language Models (LLMs) also contribute by
assisting in training, optimizing protocols, and gathering preliminary data, integrating
human expertise with advanced automation for enhanced productivity.
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• Unit
- The amount of enzyme that gives a predetermined amount of catalytic

activity under specific conditions.
- 1 unit: 1 𝜇𝜇mol product per minute at a specified pH and temperature with a

substrate concentration much greater than the value of Km.

• Specific activity
- The number of units of activity per amount of total protein.

• Km (mol l-1):
- The substrate concentration value in which the substrate concentration is

reaching halfway of the maximum reaction velocity.
- A low Km indicates a higher affinity for the substrate.

• kcat (s-1): turnover number
- The maximum number of enzymatic reactions catalyzed per second.

• Vmax
- The enzyme’s maximum catalytic rate.

Enzyme kinetics

https://doi.org/10.1126/science.abf8761
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1568 chambers

Enhanced green fluorescent protein (eGFP)

Closed Open

https://www.brenda-enzymes.org

BRENDA is the main collection of enzyme functional data 
available to the scientific community. 
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https://doi.org/10.1038/s41929-022-00798-z

• HT-MEK (High-Throughput Microfluidic Enzyme Kinetics) is a platform capable of
simultaneously expressing, purifying, and characterizing more than 1500 rationally
chosen enzyme mutants in parallel with the depth and precision of traditional site-
directed mutagenesis.

• HT-MEK was applied to PafA (phosphate-irrepressible alkaline phosphatase of
Flavobacterium). PafA and related phosphomonoesterases show the rate enhancements
of up to ~1027-fold, providing a large dynamic range to explore. PafA, a secreted enzyme,
was also considered to be highly stable, potentially allowing deeper analysis of the probe
catalysis without obfuscation from global unfolding.

• To obtain catalytic rate parameters, HT-MEK quantifies (i) the concentration of
immobilized enzyme in each chamber, using an eGFP calibration curve, and (ii) the
amount of product formed as a function of reaction time, using a chamber-specific
product calibration curve. Reaction progress curves are then fit in each chamber to
obtain initial rates (𝑣𝑣𝑖𝑖) for each substrate concentration using a custom image-processing
pipeline, and observed rates (𝑣𝑣𝑖𝑖) are converted to enzyme-normalized rate constants
according to the eGFP intensity in each chamber and calibration curve (Fig. 1, E and F).
This process-repeated on a single device for multiple substrate concentrations, multiple
substrates, and multiple inhibitors-provides the data necessary to obtain Michaelis-
Menten parameters and other kinetic and thermodynamic constants.

• Further information available in the section “HT-MEK device and experimental pipeline”
of the paper.

Overview of HT-MEK and PafA
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• DLKcat is a deep learning approach that uses substrate structures and protein
sequences as inputs, and demonstrated its capability for the large-scale
prediction of 𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐 values for various organisms, as well as for identifying key
amino acid residues that affect these predictions.

• Even for those well-studied organisms, the 𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐 coverage is far from complete.
In a S. cerevisiae ecGEM (don’t worry about this term), only 5% of all
enzymatic reactions have fully matched kcat values in BRENDA.

• The deep learning approach DLKcat was developed by combining a graph
neural network (GNN) for substrates and a convolutional neural network (CNN)
for proteins.

• A comprehensive dataset was generated from the BRENDA and SABIO-RK
databases to train the neural network. Incomplete database entries with
missing information and redundant entries were filtered out to ensure a dataset
of unique entries with substrate name, substrate SMILES information, EC
number, protein sequence, organism name and 𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐 value. The final dataset
contained 16,838 unique entries catalysed by 7,822 unique protein sequences
from 851 organisms and converting 2,672 unique substrates.

Development of DLKcat
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Source code: https://bitbucket.org/kaistsystemsbiology/deepec
https://doi.org/10.1073/pnas.1821905116

DeepEC:
Use of three convolutional neural networks and 
homology analysis 
to predict EC numbers for a protein sequence
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Enzyme Commission (EC) number

A numerical classification scheme 
of enzymes based on relevant 

chemical reaction patterns
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Source code: https://bitbucket.org/kaistsystemsbiology/deepec
Ryu et al. PNAS (2019)

• Lightest
• Most comprehensive
• Most accurate
• Fastest

• A numerical classification scheme of enzymes based on relevant
chemical reaction patterns.

• EC number serves to associate a protein sequence with relevant
chemical reactions. EC number consists of four level numbers, each
number separated by a period (i.e., ‘a.b.c.d’).

• An EC number having all four level numbers for a protein sequence is
the most specific annotation, which allows associating the protein
sequence with specific chemical reaction(s)

Enzyme: Enzyme Commission (EC) number
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