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Abstract

Biofoundries are emerging as integrated research and manufacturing environments that
combine synthetic biology, laboratory automation, high-throughput experimentation,
robotics, data science and computational modelling. The incorporation of artificial
intelligence (Al) into biofoundries is creating new opportunities to accelerate the design—
build—test—learn (DBTL) cycle and improve the efficiency of biological engineering. Al can
assist with biological sequence design, pathway optimisation, experimental planning,
phenotype prediction, automated data interpretation and iterative optimisation. At the same
time, robotic laboratory systems can execute large numbers of experiments with greater
consistency and reproducibility than conventional manual workflows. This paper examines
the convergence of Al, synthetic biology and automation within modern biofoundries,
focusing on the development of closed-loop systems capable of learning from experimental
results and autonomously proposing subsequent experiments. It analyses the role of machine
learning, laboratory robotics, automated liquid handling, high-throughput screening, digital
twins, multimodal biological datasets and active learning in accelerating biological discovery.
Particular attention is given to applications in biomanufacturing, pharmaceuticals, sustainable
materials, agriculture, food biotechnology and environmental biotechnology. The paper also
examines challenges involving biological complexity, data quality, model uncertainty,
laboratory interoperability, reproducibility, cybersecurity, intellectual property and
responsible innovation. A proposed Al-driven biofoundry architecture integrates
computational design, automated experimentation, real-time analytics and adaptive learning
into a continuous DBTL loop. The paper argues that Al-driven biofoundries could transform
biological research from sequential experimentation into increasingly autonomous, data-
intensive and adaptive engineering processes, while emphasising that human oversight,
biosafety and rigorous experimental validation remain essential.
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1. Introduction

Synthetic biology has transformed biology from primarily an observational science into an
increasingly engineering-oriented discipline.

Researchers can now design and construct biological systems for specific purposes,
including:

e Therapeutic production.

« Sustainable chemicals.

o Alternative proteins.

« Biofuels.

« Biomaterials.

e Agricultural applications.

e Environmental remediation.

However, biological engineering remains highly complex.

A biological design that performs well computationally may behave differently in an
experimental environment because biological systems contain:

« Nonlinear interactions.

o Context dependence.

e Regulatory mechanisms.

o Evolutionary responses.

o Environmental sensitivity.

Consequently, successful synthetic biology depends on repeated experimentation.

The traditional process can be represented as:

Design — Build — Test — Analyse — Redesign

Biofoundries seek to accelerate this process through automation.

The integration of Al introduces another layer:

Design — Build — Test — Learn — Al Prediction — Improved Design

This creates the possibility of increasingly adaptive biological engineering systems.

2. Concept of the Biofoundry

A biofoundry is an integrated platform for high-throughput biological design and
experimentation.

It typically combines:

o Computational design.

o DNA synthesis.

o Laboratory automation.
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e Robotic liquid handling.

e High-throughput screening.

« Data management.

e Analytical instrumentation.

The objective is to increase the speed, scale and reproducibility of biological engineering.

3. From Synthetic Biology to Automated Biology

Early synthetic biology experiments were largely manual.

Researchers designed biological constructs, performed laboratory procedures and analysed
results individually.

Automation changes the scale of experimentation.

Instead of:

One Design — One Experiment
a biofoundry can support:

Hundreds or Thousands of Designs — Automated Experiments — Large Experimental
Dataset
Al can then analyse these datasets to identify patterns and guide subsequent experiments.

4. The Design—Build-Test-Learn Cycle
The DBTL cycle is central to biofoundry operation.

Design
Computational systems propose biological constructs.

Build
Robotic systems assemble biological components.

Test
Automated instruments measure biological performance.

Learn
Al analyses results and proposes improved designs.
The cycle can then be repeated.

5. Al as an Intelligence Layer

Automation alone does not make a biofoundry intelligent.
Robotics provides execution capability.

Al provides decision-making and learning capability.
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The combination creates:

Robotic Execution + Machine Learning + Biological Data — Adaptive Experimentation
6. Al-Based Biological Design

Al can support the design of:

« DNA sequences.

e Genetic circuits.

o Metabolic pathways.

e Proteins.

e Enzymes.

e Microbial strains.

Machine learning models can identify relationships between biological sequence
characteristics and experimental outcomes.

7. Sequence Design

DNA and protein sequences contain enormous combinatorial possibilities.
Al can help prioritise promising candidates.

For example:

Sequence Space — Al Prediction — Candidate Selection — Experimental Validation
This reduces the number of designs that must be experimentally tested.

8. Protein and Enzyme Engineering
Al can predict relationships between:

Sequence — Structure — Function

Potential applications include enzyme optimisation for:

e Industrial catalysis.

« Pharmaceuticals.

e Food production.

o Biomaterials.

e Environmental applications.

Experimental validation remains essential because biological predictions can contain
uncertainty.

9. Metabolic Pathway Optimisation

Microbial cells can be engineered to produce valuable compounds.
However, metabolic pathways involve complex interactions.

Al can help identify:

e Enzyme combinations.
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o Gene expression levels.

o Pathway bottlenecks.

o Metabolic trade-offs.

This can accelerate strain optimisation.

10. Machine Learning for Phenotype Prediction

Phenotypes can depend on multiple factors:

o Genotype.

e Environment.

o Nutrient availability.

o Temperature.

e Growth conditions.

Machine learning can model relationships between these variables and predicted biological
outcomes.

11. High-Throughput Experimentation

Modern biofoundries can perform large experimental campaigns.
Automated systems can manipulate:

e Microplates.

e Reagents.

o DNA constructs.

e Cell cultures.

This allows researchers to explore biological design spaces systematically.

12. Laboratory Robotics

Robotic systems can perform repetitive laboratory operations such as:

e Pipetting.

Liquid transfer.

Sample preparation.

Culture handling.

Assay preparation.

Automation can improve reproducibility by standardising experimental procedures.

13. Automated Liquid Handling

Automated liquid handlers are particularly important in biofoundries.
They can perform thousands of precise liquid-transfer operations.
Benefits include:

« Reduced manual error.

« Higher throughput.

e Reproducible protocols.

AJAMRI Volume 7, Issue 3, May-June 2025 5



http://www.ajamri.com/

@) American Journal of Advanced Multidisciplinary

= Research and Innovation (AJAMRI)
AJAMRI

E-ISSN: XXXX-XXXX e Website: www.ajamri.com e Email: editor@ajamri.com

o Automated experimental scheduling.

14. Robotic Experiment Scheduling

Al can optimise the order in which experiments are performed.
Scheduling may consider:

e Instrument availability.

o Reagent stability.

e Incubation times.

o Experimental priorities.

e Robot capacity.

This converts laboratory operation into a complex optimisation problem.

15. Computer Vision in Biofoundries

Computer vision can analyse biological experiments using images.

Applications include:

e Cell morphology.

e Colony formation.

e Growth patterns.

o Fluorescence.

« Microscopy.

Al can automatically identify phenotypic changes that might be difficult to quantify
manually.

16. Automated Phenotyping
Automated phenotyping converts biological observations into quantitative datasets.
For example:

Cell Image — Computer Vision — Phenotypic Features — Machine Learning
This allows phenotype information to become part of the DBTL learning cycle.

17. Active Learning

Active learning enables an Al system to determine which experiments are most informative.
Rather than randomly testing candidates, the model identifies experiments expected to
provide maximum information.

The process becomes:

Current Data — Model Uncertainty — Experiment Selection — New Data — Model Update

18. Bayesian Optimisation
Bayesian optimisation can be particularly useful when experiments are expensive.
The algorithm balances:

AJAMRI Volume 7, Issue 3, May-June 2025 6



http://www.ajamri.com/

: Research and Innovation (AJAMRI)
AJAMRI

@\) American Journal of Advanced Multidisciplinary
a‘\= ’,-l__-’

E-ISSN: XXXX-XXXX e Website: www.ajamri.com e Email: editor@ajamri.com

o Exploration of unknown regions.

« Exploitation of promising regions.

This can reduce the number of experiments required to identify high-performing biological
designs.

19. Closed-Loop Experimentation
The most advanced biofoundries can create closed-loop experimental systems.
A conceptual workflow is:

Al Design
l
Robotic Construction
!
Automated Testing
!
Data Acquisition
l
Al Analysis
l
Next-Experiment Selection
!

Robotic Execution
The system continuously improves its experimental strategy.

20. Autonomous Science

Al-driven biofoundries represent a broader movement towards autonomous scientific
experimentation.

In this paradigm, Al can:

o Generate hypotheses.

o Select experiments.

e Interpret results.

e Update models.

e Propose subsequent experiments.

Humans remain responsible for defining objectives, validating conclusions and controlling
safety boundaries.

21. Digital Twins for Biological Systems

Digital twins can provide computational representations of biological processes.
A biological digital twin might model:

o Cellular metabolism.
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e Growth dynamics.

e Environmental conditions.

e Production pathways.

Such models can help evaluate potential experiments before laboratory execution.

22. Multimodal Biological Data
Biofoundries generate diverse datasets.
These may include:

o DNA sequences.

e RNA measurements.

« Protein data.

e Metabolomics.

e Microscopy.

e Growth curves.

e Environmental parameters.

Al can integrate these datasets into multimodal models.

23. Data Infrastructure

An Al-driven biofoundry requires robust data infrastructure.
The system must record:

« Experimental protocols.

« Biological constructs.

e Reagent information.

e Instrument measurements.

« Environmental conditions.

o Experimental outcomes.

Metadata is essential for reproducibility.

24. FAIR Data Principles

Biofoundry data should ideally be:

o Findable.

e Accessible.

e Interoperable.

e Reusable.

Standardised data structures make it easier for Al models and laboratory systems to exchange
information.

25. Al-Optimised Biomanufacturing
Biofoundries can accelerate the development of biological production systems.
Applications include:
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o Pharmaceuticals.

o Bio-based chemicals.

e Enzymes.

o Biomaterials.

o Alternative proteins.

Al can optimise strains and production conditions before scaling.

26. Sustainable Manufacturing

Engineered microorganisms can potentially replace conventional chemical production routes.
Al-driven optimisation can improve:

e Yield.

« Productivity.

« Resource efficiency.

o Feedstock utilisation.

This creates opportunities for more sustainable biomanufacturing.

27. Pharmaceutical Discovery

Biofoundries can support pharmaceutical research through:

« Protein engineering.

e Enzyme optimisation.

o Cellular assay development.

« Biological pathway engineering.

Al can prioritise promising candidates for experimental validation.

28. Vaccine and Therapeutic Research

Automated biological experimentation can accelerate the evaluation of candidate molecules
and biological constructs.

However, therapeutic applications require rigorous validation and regulatory oversight.

Al predictions should therefore be treated as hypotheses rather than definitive clinical
evidence.

29. Food Biotechnology

Al-driven biofoundries can support:

e Precision fermentation.

e Alternative proteins.

e Enzyme production.

« Functional ingredients.

The DBTL framework can optimise microorganisms for specific production characteristics.
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30. Agricultural Biotechnology

Potential applications include engineering biological systems for:
o Crop improvement.

e Microbial biostimulants.

« Biological pesticides.

e Soil health.

« Nutrient utilisation.

Al can help explore complex genotype—environment interactions.

31. Environmental Biotechnology

Engineered biological systems may support:

e Waste treatment.

« Pollution remediation.

« Carbon utilisation.

o Biodegradation.

Biofoundries can help identify organisms and biological pathways with desired capabilities.

32. Sustainable Bioeconomy

Al-driven biofoundries could contribute to a circular bioeconomy by converting renewable
biological feedstocks into valuable products.

Potential pathways include:

Biomass — Engineered Microorganism — Biochemical — Product
Al can optimise biological conversion processes.

33. Laboratory Digital Twins

A digital twin can represent not only biology but the laboratory itself.
It can include:

e Robotic equipment.

e Instruments.

e Sample locations.

o Workflow schedules.

o Experimental status.

This enables optimisation of the entire experimental system.

34. Predictive Maintenance

Al can monitor laboratory equipment to predict failures.
Potential targets include:

e Pipetting systems.

e Incubators.
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e Liquid handlers.

o Imaging systems.

e Analytical instruments.

Predictive maintenance reduces experimental interruptions.

35. Quality Control

Automated quality control can identify:

« Contamination.

o Experimental deviations.

o Failed assays.

e Instrument abnormalities.

Al can flag problematic experiments before they enter the learning dataset.

36. Experimental Reproducibility

One major benefit of automation is standardisation.

Robots can execute protocols consistently.

However, reproducibility also depends on:

« Biological variability.

o Reagent quality.

e Instrument calibration.

o Experimental design.

Automation therefore improves reproducibility but does not eliminate biological uncertainty.

37. Model Uncertainty

Al systems can produce highly confident predictions that are experimentally incorrect.
Therefore, biofoundry Al should incorporate:

o Confidence estimates.

e Uncertainty quantification.

« Experimental validation.

e Out-of-distribution detection.

38. Human Oversight

Human scientists remain essential.
They provide:

e Research objectives.

« Biological interpretation.

o Ethical judgement.

o Safety decisions.

o Experimental validation.

The preferred model is therefore:
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Al-Augmented Science
rather than unrestricted autonomous experimentation.

39. Biosafety

Al-driven biological engineering introduces important biosafety considerations.
Biofoundries should implement:

e Access controls.

o Experimental review.

« Containment procedures.

e Monitoring systems.

o Safety protocols.

Automation should strengthen, rather than weaken, biosafety governance.

40. Cybersecurity

Biofoundries are increasingly digital.

Cybersecurity risks include:

o Laboratory system compromise.

o Data theft.

« Manipulation of experimental protocols.

e Al model attacks.

e Unauthorised access.

Security should be integrated into the architecture from the beginning.

41. Intellectual Property

Al-generated biological designs raise questions concerning:

e Ownership.

o Patentability.

« Training data.

« Experimental datasets.

e Model-generated inventions.

Clear governance frameworks will be increasingly important.

42. Interoperability

Biofoundries may contain equipment from many manufacturers.

Without interoperability, laboratory automation can become fragmented.

Open standards and machine-readable protocols can help create integrated workflows.

43. Proposed Al-Driven Biofoundry Framework
A comprehensive architecture can contain nine layers:
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Layer 1 — Biological Knowledge
Genomic, proteomic and biochemical information.

Layer 2 — Al Design
Generation and ranking of candidate biological designs.

Layer 3 — Experimental Planning
Selection and scheduling of experiments.

Layer 4 — Robotic Construction
Automated biological assembly.

Layer 5 — High-Throughput Testing
Automated experimental measurement.

Layer 6 — Data Acquisition
Collection of multimodal experimental data.

Layer 7— Al Learning
Prediction, uncertainty analysis and pattern discovery.

Layer 8 — Decision Optimisation
Selection of the next experimental cycle.

Layer 9 — Human Governance
Safety, validation, ethics and strategic oversight.

44. Integrated DBTL Architecture
The proposed workflow can be represented as:

Biological Objective
l
Al-Based Design

!
Automated Build

l
High-Throughput Testing

!

Multimodal Data Acquisition

!
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Machine Learning

!

Experiment Selection

1
Next DBTL Cycle

with a continuous Human Safety and Validation Layer across the entire system.

45. Research Methodology

Future empirical research can evaluate Al-driven biofoundries using controlled DBTL
experiments.

Independent Variables

e Al model type.

e Automation level.

o Experimental throughput.
e Search strategy.

o Dataset size.

Dependent Variables

« Design success rate.

« Experimental efficiency.

e Number of experiments required.
o Time to optimisation.

e Reproducibility.

e Resource consumption.

46. Performance Metrics

Metric Purpose
DBTL cycle time Measure experimental speed
Experimental throughput Measure automation capacity
Prediction accuracy Evaluate Al performance
Design success rate Measure biological engineering effectiveness
Experiments-to-optimum Evaluate search efficiency
Reproducibility Assess consistency
Resource consumption Evaluate efficiency
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Human intervention rate Measure autonomy
Model uncertainty Evaluate reliability

47. Research Questions
How effectively can Al reduce the number of experiments required for biological

1.

©oN RN

optimisation?

Which machine-learning methods are most suitable for DBTL optimisation?

How can active learning improve experimental efficiency?

How can multimodal biological data improve phenotype prediction?

How should Al uncertainty influence experiment selection?
Can digital twins improve biofoundry planning?
How can robotic laboratories improve reproducibility?

What levels of autonomy are appropriate for biological experimentation?
How can biofoundries integrate heterogeneous laboratory equipment?
10 What governance frameworks are required for Al-driven biological engineering?

48. Future Research Directions
Important research areas include:

Autonomous experimental planning.
Foundation models for biology.
Al-generated biological designs.

Robotic cell engineering.

Multimodal biological models.
Self-optimising fermentation.

Digital twins for biological production.
Al-driven enzyme engineering.
Autonomous microscopy.
Laboratory-scale general-purpose robotics.

49. Strategic Recommendations
Biofoundry developers should:

ok wdE

Build interoperable laboratory infrastructure.
Adopt structured experimental data standards.
Integrate Al with robotic execution.
Implement active-learning strategies.
Quantify model uncertainty.

Maintain human oversight.
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7. Establish robust biosafety controls.

8. Implement cybersecurity by design.

9. Develop reproducible experimental protocols.

10. Evaluate economic and environmental performance alongside scientific performance.

50. Discussion

Al-driven biofoundries represent a significant change in the organisation of biological
research.

Traditional biological research often follows:

Hypothesis — Experiment — Analysis — Publication
Biofoundries introduce a more iterative structure:

Design — Automated Experiment — Data — Al Learning — New Design

The resulting system can explore biological design spaces much more systematically.

The combination of automation and Al is especially powerful because each technology
addresses a limitation of the other.

Robotics provides scale and consistency.

Al provides prediction and optimisation.

Synthetic biology provides an engineering framework.

Together they create the foundation for increasingly adaptive biological experimentation.

51. From Automated Laboratories to Learning Laboratories
The most important conceptual transition is from the automated laboratory to the learning
laboratory.

An automated laboratory executes predefined instructions.

A learning laboratory can:

e Analyse outcomes.

e ldentify uncertainty.

e Select new experiments.

o Update models.

e Improve future experimental decisions.

This represents a fundamental shift in laboratory intelligence.

52. Towards Self-Optimising Biological Systems

The ultimate direction of biofoundry development may be self-optimising biological
engineering platforms.

Such systems could continuously:
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Design — Build — Test — Learn — Redesign
while operating within predefined scientific, safety and ethical constraints.
This could dramatically shorten innovation cycles in biotechnology.

53. Conclusion

Al-driven biofoundries represent a convergence of synthetic biology, artificial intelligence,
laboratory robotics and high-throughput experimentation.

Their significance lies not simply in automating laboratory procedures but in creating
integrated systems that can learn from experimental outcomes and intelligently guide
subsequent biological designs.

Al can contribute to sequence design, metabolic engineering, phenotype prediction,
experiment selection and process optimisation, while robotic systems provide scalable and
reproducible execution.

The strongest future architecture is likely to combine:

Al + Synthetic Biology + Robotics + High-Throughput Experimentation + Multimodal Data
+ Human Governance

Such systems could accelerate innovation in pharmaceuticals, biomanufacturing, food
biotechnology, agriculture, materials and environmental applications.

Nevertheless, biological systems remain inherently complex and uncertain. Al predictions
must therefore be experimentally validated, and increasing automation must be accompanied
by strong biosafety, cybersecurity, ethical and governance frameworks.

The emerging paradigm can be summarised as:

Computational Intelligence + Robotic Experimentation + Biological Engineering — Adaptive
and Accelerated Bioinnovation

Al-driven biofoundries could ultimately transform biotechnology from a largely sequential
experimental discipline into an increasingly automated, predictive, iterative and learning-
oriented science.
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