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Simply a paring down, a cleaving to
One object, as the star-gazer who sees

One single comet polished by its fall
Rather than countless, untouched galaxies.

— ELIZABETH JENNINGS
The Diamond Cutter

To the memory of Grandad Tim, my first science teacher.
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Abstract

Scientific discovery is an active process of designing, testing, and improving
theories about the natural world. Automating this process is a grand challenge
for 21st century science. This thesis examines scientific inquiry as it relates
to machine learning, offering contributions to knowledge representations and
reasoning frameworks, demonstrated in systems biology.

Systems biology is an integrationist approach to biological science, mean-
ing organisms are treated as complex systems whose behaviour is dictated
by the interaction of their constituent parts. Eukaryotic organisms are ex-
tremely complex, and research progress in systems biology can be slow. Recent
advances in robotics and artificial intelligence (AI) offer great opportunity
for automating scientific discovery in this field. Using the model organism
Saccharomyces cerevisiae (baker’s yeast), this thesis explores: the philosoph-
ical motivations for automation in biological research; knowledge models and
hypotheses in systems biology; and computational models of metabolism.

The first main contribution is a first-order logic framework for modelling
cellular physiology, which enables abduction of hypotheses for improvement of
knowledge models, using the automated theorem prover (ATP) iProver. The
second contribution is an ontology for describing theory changes and hypotheses
in a semantic and storage-efficient manner. The third main contribution is
an application of graph neural networks (GNNs) to learn knowledge graph
embeddings grounded in empirical data and ontology structures. The final
contribution is an end-to-end demonstration of autonomous hypothesis genera-
tion and experimentation, with hypotheses modelled using ontology terms to
support large language model (LLM) agents and human scientists.

These contributions demonstrate the power of knowledge graphs for autonom-
ous scientific discovery. This thesis also argues that scientific discovery is
better modelled as supervised learning—specifically active learning for Al
scientists—than reinforcement learning; mapping concepts from machine learn-
ing algorithms to the domain produces systems that align with established
scientific values, leading to improved theories.

Keywords

Artificial intelligence, scientific discovery, machine learning, abduction, auto-
mated theorem provers, knowledge modelling, ontologies, systems biology
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Summary

Automation of scientific discovery

e Scientific discovery should be viewed by machine learning researchers as
supervised learning, specifically as an active learning problem — active
learning shares a natural analogy with the scientific method, and is
suitable for the design of robot scientists (closed-loop Al-robotic discovery
systems).

e Reinforcement learning is an unsatisfactory paradigm for scientific discov-
ery, for several reasons: definition of the agent, environment, and reward
gives rise to philosophical challenges; action—feedback time is not short;
and the evaluation of a reward function is not cheap, even if one could
be defined.

e For other aspects of robot scientists, such as laboratory automation,
reinforcement learning algorithms may be useful.

o The process of designing a robot scientist involves mapping the activities
of the scientific method to appropriate agents and coordinating them.

o Logical models and large language models (LLMs) can be combined in an
agentic system to form and refine hypotheses, and to design experiments
for a robot scientist.

e Several automation workflows were developed, and integrated into both
human-driven and fully automated studies.

o Automated experimentation led to discovery of novel biochemical-stressor
interactions in S. cerevisiae.

Knowledge representations

e Representing hypotheses, experiment design, and empirical data using
description logics, enables data to be efficiently reused to assess hypo-
theses, and construct clear, reproducible scientific knowledge. To enable
this, this thesis contributes a novel formulation for describing hypotheses
in description logic.

pel



Xii

e Knowledge graphs in biology, including those community-curated, can be

used as the basis for first-order logic (FOL) theories of metabolism.

o We design an ontology to capture and explain changes in computational

biology models. This ontology can be used as a schema for a model
revision database, stored as a knowledge graph, with each revision an
unambiguous and storage-efficient patch.

Inference methods

Deductive inference on FOL theories of metabolism using an automated
theorem prover (ATP) can: (a) predict growth/no-growth of S. cerevisiae
strains in a minimal growth medium; and (b) predict expression of
metabolic pathways of such strains.

By extending an ATP to include algorithms for inductive inference
through reverse consequence finding, novel hypotheses about the biological
system can be abduced from the logical theory.

We present options for the evaluation of these hypotheses using internal
consistency, external consistency, and predictive accuracy.

Simulation models can be used to instantiate abstract hypotheses about
uncharacterised genes in S. cerevisiae for comparison with empirical data.
This is demonstrated on the previously uncharacterised open reading
frame YGRO67C, which we propose regulates genes related to ethanol
consumption and respiration during the glucose phase of the diauxic shift.

Incorporating measures of internal consistency (semantic loss) into graph
neural network (GNN)-based box embeddings significantly improves
predictive power, demonstrated on a mutant strain fitness prediction
task for S. cerevisiae. Semantic loss also enables the learning of box
embeddings in the absence of a prediction task.

Applying measures of parsimony (regularisation loss) increases the stabil-
ity of training GNN-based box embeddings on knowledge graphs.

Box embeddings learned using a GNN, to convey information from know-
ledge graph neighbours, learn the class hierarchy of the ontologies more
effectively than without the GNN.

Knowledge graph box embedding distance (from one set of embeddings
to another) contains information that could be useful for evaluating
candidate revisions to the graph.
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Chapter 1

Introduction

Scientific discovery is an active process of designing, testing, and improving
theories about the natural world. To design an Al-robotic system that can
automate this process is a grand challenge for 21st-century science.

One of the most important areas of modern science is the study of euk-
aryote! biology. Many advances were made during the 20th century in the
understanding of the fundamental components and processes of eukaryotic
life. In turn, society has greatly benefited from application of this knowledge
to medicine, agriculture, and engineering. However, science remains without
an accurate predictive model of the physiology of one organism, or universal
theories and laws for the behaviour of eukaryotic systems.

Part of the reason why progress in biology is limited by today’s scientific
methods is the diversity and complexity of the systems. Hundreds of research
hours can be spent in the study of one particular gene, yet the limits of human
capability and the economic resource available to the researcher will hamper
progression to a complete understanding of the gene and its roles.

Scientific discovery automation therefore has great potential in biology,
particularly in the systems biology paradigm: an integrationist approach to
biological science, meaning organisms are treated as complex systems whose
behaviour is dictated by the interaction of their constituent parts (Kohl et al.,
2010). Recognising that the complexity must be embraced to explain their
emergent behaviour, biologists have adopted this approach when studying
eukaryotes. Systems biology has always relied on mathematical models to
handle complexity, yet still research progress can be slow. Recent advances
in robotics, and more importantly in artificial intelligence (AI), offer great
opportunity for automating scientific discovery in this field.

Using the model organism Saccharomyces cerevisiae, baker’s yeast, this
thesis explores: the philosophical and practical motivations for automation
in biological research; knowledge models, experimental data, and hypotheses
in systems biology; computational models of metabolism; and design and
engineering principles for robot scientists—closed-loop discovery systems.

L eukaryote—an organism that has a membrane-bound cell nucleus; includes all animals,
plants, and yeasts (e.g. Saccharomyces cerevisiae).

3
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Figure 1.1: A representation of the research cycle in systems biology: (1)
starting from an existing theory, (2) hypotheses are generated and refined,
possibly using (3) simulations. (4) Experiments are designed to test these
hypotheses. (5) These experiments are conducted to reproduce phenomena
of interest, and (6) observations, samples, and measurements are taken. (7)
These empirical data are processed and analysed to reach a model of the
data. A model of theory—the expectation of what will have occurred based
on the current theory—is reached through thought or (3) simulation. The
expectation and observation are compared using (8) hypothesis tests, which
gives information on recommended changes to the (1) theory. The contributions
of the papers in this thesis to each part of this research cycle are summarised
in Table 1.1.

Step (|1 |2 (3|4 |56 |78
Paper IT | x
Paper IIT | x | x | x X
Paper IV | x | x | x| — | —| —| — | —
Paper V | x [ x| x| - | - | - | — | x
Paper VI | x | x | x| x| X | X | X | X

Table 1.1: Contributions of Papers II-VI to the research cycle steps outlined
in Fig. 1.1. ‘x’: a novel contribution was made to this step; ‘~’: this step was
part of the study, but existing methods were used.

The first main contribution is a first-order logic framework for modelling
cellular physiology, which enables abduction of hypotheses for improvement
of knowledge models, coupling a set of predicates and clauses expressing bio-
chemical reaction processes with an efficient automated theorem prover (ATP),
iProver. The second main contribution of this thesis is an ontology for describ-
ing theory changes and hypotheses in a semantic and storage-efficient manner.
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The third main contribution is an application of graph neural networks (GNNs)
to learn knowledge graph embeddings that are grounded both in empirical data
and ontology structures. The fourth main contribution is an application of
modelling techniques to refine a broad hypothesis about an uncharacterised
gene in yeast, leading to better understanding of the gene’s function. And
the final main contribution is an end-to-end demonstration of autonomous
hypothesis generation and experimentation, with particular treatment of the
modelling of hypotheses using existing and new ontology terms, so that the
knowledge graphs can be exploited and improved by LLM agents and human
scientists.

The contributions of this thesis serve to demonstrate the power of knowledge
graphs as a basis for autonomous scientific discovery. Their structure can
inform algorithmic hypothesis generation, interface with robotic systems for
laboratory experiments, enable fast deduction and theory repair, and relate
to the metadata of science. We also claim that scientific discovery should be
viewed as a supervised learning problem rather than reinforcement learning,
and in the case of Al scientists, one of active learning. By mapping concepts
from machine learning algorithms to the domain, systems are obtained that
align with established scientific values, which leads to improved theories.

This thesis examines the nature of scientific inquiry as it relates to machine
learning, offering contributions to knowledge representations and reasoning
frameworks, as well as demonstrations of their application in the field of systems
biology.

Structure of the thesis

Chapter 2 introduces the automation of scientific discovery, first by taking
a look at science itself, and then moving into more detail of its automation.
Chapter 3 introduces the domain of yeast systems biology, and the modelling
frameworks used by the community and in this thesis. Chapter 4 provides an
introduction to some techniques and tools used in this thesis, particularly those
that are not explained in detail in the appended papers.

I recommend that the book chapter ‘Al-Robotic Systems for Scientific
Discovery’ (Paper I, Gower et al., 2026) be read alongside the introductory
chapters (Chapters 2-4), as it contains further discussion on many of the points
raised in the introductory chapters, and serves as an introduction to topics,
ideas, and design methodologies presented in the remainder of the thesis.
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Chapter 2

The Automation of
Scientific Discovery

Scientific discovery is the generation of new knowledge through organised
enquiry. The methods used to generate scientific knowledge, and the ways
that knowledge is stored and communicated, vary widely across domains.
However there are common values and tools that have enabled philosophers
to characterise scientific enquiry to a certain degree (Schindler, 2022). These
general principles of method are grounded in either general ideas of truth and
rationality, specific scientific ideas, or common sense (Gauch, 2003).

Scientific knowledge has an implicit connection to the activities and context
from which that knowledge was derived. In other words, it is not possible
to separate the knowledge that is gained through scientific enquiry from the
presuppositions and tools used to arrive at those conclusions.

So, science can refer to an activity—scientific method—and also information—
scientific knowledge. Both method and knowledge are inextricable; science is a
cycle of hypothesis, experimentation, and reflection.

How does science advance?

Consequently, scientific advances are both theoretical and methodological. Ad-
vancements in science are often thought of as knowledge, but there are inevitable
reliances on and advances in technology, experimentation, and inference as well.
In most cases, the knowledge would not be meaningful without grounding in a
relevant framework.

Scientific knowledge advances through the formation of hypotheses about a
particular domain, which are then tested empirically, either through controlled
experimentation or observation.

Scientific method advances through, amongst other mechanisms, the creation
and adoption of new technologies, developments in problem-solving techniques,
and in the creation of new representations.

7
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Hypotheses vary greatly in impact. Many hypotheses are incremental,
offering small changes within an existing model or inference framework. Occa-
sionally, hypotheses change the way scientists look at a particular problem, by
introducing a new formulation or representation of the problem, or some insight
that is incompatible with models that have come before. And sometimes,
entirely new problems are identified—historically these have often come from
new technologies that led to observations not possible before. An example
being one famous problem in biology from the past few decades: the prediction
of protein structure from gene sequence. This problem form became apparent
after technology enabled three-dimensional imaging of proteins (late 1950s),
and genome sequencing (1970s) (Fersht, 2008).

Kuhn (1970) crystallised this non-monotonic aspect of scientific progress.

For Kuhn, scientific advance is characterised by periods of “normal science”—where

advances are made through problem-solving—and occasional periods of revolu-
tionary science: paradigm shifts that change the rules and parameters of the
problems being solved, leading to a new period of normal science. Kuhn argues
that these paradigm shifts are akin to revolutions, in that they are precipitated
by an accumulation of anomalies—disagreements between theory and empirical
evidence—and ultimately lead to a situation where

“an existing paradigm has ceased to function adequately in the
exploration of an aspect of nature to which that paradigm itself
had previously led the way.”

So science progresses both incrementally, and occasionally with large, disruptive
change.

There is an interrelation between technology, experimentation, inference,
and knowledge. New technologies enable the design of new instruments, new
knowledge can be used to design new technologies, and so on. In the latter half
of the 20th century, information technologies have revolutionised scientific infer-
ence, not least in enabling simulation of complex phenomena (Hey & Trefethen,
2020). And in the 21st century, this information technology has continued to
rapidly develop, and has led to an increase in automation technologies and big
data in science (Hajkowicz et al., 2023; Van Noorden & Perkel, 2023). Over
the past few decades, there has been growing evidence that for the first time
in human history scientific advance is driven not only by humans, but also by
machines (Musslick et al., 2025; OECD, 2023).

Motivation and history of the automation
of science

There are many motivations for the automation of science. Some are extrinsic:
science needs automation to increase the pace of discovery, to address problems
that are otherwise inaccessible, and to overcome economic constraints. Others
are intrinsic: automation of science is a worthy pursuit on its own merit, as it
leads to greater understanding of the nature of science itself.
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Early attempts to automate scientific discovery were motivated by a desire
to understand the nature of human problem solving, and to challenge prevailing
philosophical ideas about creativity in science. For a long time, philosophers of
science, including Karl Popper, did not believe that it was worth attempting
to reproduce scientific thought, in particular the generation of hypotheses, in a
logical computer (Giza, 2022). It was in the 1960s, with projects like DEND-
RAL and MetaDENRAL-—systems for the elucidation of chemical structures
using mass spectra, and the first computer programs to apply heuristic search
to generate scientific hypotheses (Buchanan & Feigenbaum, 1981)—that an
engineered system was demonstrated capable of creative problem solving in
science.

Work in the decades following these pioneering projects centred around the
induction of empirical laws from data, an archetypal example being BACON, a
program that finds laws governing a specified set of dependent and independent
variables, using empirical data, which rediscovered versions of Kepler’s third
law and the ideal gas law, amongst others (Langley, 1979; Langley & Zytkow,
1989).

Later work has been aimed at developing closed-loop discovery systems—
machines that can make scientific discoveries independently of human inter-
action. This is the concept of the robot scientist, first introduced by King
et al. (2009) with Adam, a robot that discovered new scientific knowledge in
yeast functional genomics. Later robot scientists include Eve, which discovered
new drug candidates for tropical diseases (Williams et al., 2015), Robot Chem-
ist (Burger et al., 2020), and work by Angello et al. (2022) to develop a
closed-loop automated discovery system for organic chemistry. The cycles
of experimentation that are executed by robot scientists vary depending on
the domain, but have a core similarity. The general structure of these cycles
is to form hypotheses, perform deductive simulations using a computational
model to obtain predicted behaviour, and test these predictions by performing
experiments and collecting data. With each cycle the robot scientist seeks to
improve the quality of its predictions by forming better hypotheses. This is
a supervised learning problem, specifically a type of active learning. Robot
scientists are discussed in greater detail in Paper 1.

One natural extrinsic motivation for the automation of science is that sci-
entists should use all available tools to increase the quality of their observations,
experiments, and inference, as in doing so they come closer to the phenomena
they are seeking to understand. Technological development is a key driver of
scientific discovery, and the strengths of machines and computers can be used
to augment human scientists. Just as scientists have adopted computers and
lab machinery, so will they adopt automated systems to improve their research,
focusing on the advantages that machines have over humans. Machines do
not tire, and can perform repeated tasks with high precision and consistency.
Computers can reason at scales well beyond human minds, and can recall facts
with perfect accuracy. They can verify logical arguments at high throughput,
and autonomous research platforms can use software and hardware version
control, logs, and audits to improve replicability and reproducibility. The
complex technical challenges of modern science require robot scientists for
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all their superhuman qualities mentioned above. With the right knowledge
models and inference tools, closed-loop automated scientists have the potential
to produce high-quality research.

Automation technologies also allow scientific research that otherwise would
not be possible. DENDRAL arose from the joint motivations of a computer
scientist, Ed Feigenbaum, wanting to build systems that could perform empirical
induction and a biochemist, Joshua Lederburg, working on developing a system
to identify chemical compounds on Mars (Lindsay et al., 1993). It was desirable
for such a system to operate independently of human control, due to long
radio signal delays. Ultimately, DENDRAL never flew on the Viking missions,
but the resultant system and its successor MetaDENRAL would have been
quite capable of conducting independent scientific research in an environment
hostile to human life. Closer to home, automation technologies can limit human
exposure to hazardous materials and pathogens. Better in silico models and
digital twins can eliminate the need for some experiments, and allow for others
that might never have been deemed safe or ethical had they been conducted
on real subjects.

Other motivations are economic. Human society faces many severe chal-
lenges—ecological, environmental, medical, and social—that require better
scientific understanding to shape decision-making and engineering. The demand
for science greatly outstrips supply. Human scientists are an expensive and
scarce resource. In many industries, pressures on human resource and a
desire to increase efficiency, along with key technological innovations, have
led to a growing adoption of automation over the past two centuries. First
with the steam engine, then electrical power, and latterly with information
technologies (Karabegovié¢ et al., 2020). Economists now refer to a fourth
industrial revolution of autonomous systems, termed “Industry 4.0”, driven by
big data, analytics, cloud services and the internet of things (Frank et al., 2019),
and accelerated by Al (Piccialli et al., 2025). Closed-loop robot scientists can
drastically reduce human bottlenecks in science, while reducing the unit cost
for research. Viewing science through an economic lens, opportunities emerge
to meet the ever-growing technological demand for more and better science
through automation. Other potential economic benefits of robot scientists
include:

e fairer distribution of research, through reduced unit cost and better
access through cloud labs and shared infrastructure;
o more resource-efficient experimentation due to the high-precision of
experimental hardware, measurement devices, and statistical techniques
(for example, the microchemostats for the robot scientist, Genesis, are
several orders of magnitude smaller than a typical bench chemostat);
o more efficient re-use of scientific data, through high-quality logs, meta-
data, and machine-readable knowledge bases; and
e better working hours and conditions for human scientists.
Risks to these benefits being realised are clear, given that today’s economic sys-
tems heavily favour actors with high starting capital, and incentivise monopoly
over collaboration, profit-seeking over fairness, and exploitation over equity.
However, science is fundamentally different to commercial industries, so there
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is an opportunity for “Science 4.0” to strike its own path.

And there is an intrinsic motivation to the automation of science, in that it
will help us understand the nature of science. Within any given scientific domain,
the construction of a robot scientist is an engineering process that requires the
specification of the elements of scientific method in that domain, the elicitation
of system requirements, and the design and construction of subsystems. On a
higher level, this process also requires the concrete specification, in machine-
interpretable terms, of what constitutes scientific discovery in that domain —
the machine needs to know it when it sees it. The process of building a robot
scientist leads to insight into the discovery problems of that domain.

The following section presents some ideas relevant to the engineering of robot
scientists. This concept is further discussed in Paper I, and in Paper VI.

Engineering robot scientists

To achieve the goal of closed-loop scientific discovery, robot scientists need
subsystems that are capable of undertaking the different tasks in science. Seifrid
et al. (2022) categorise the activities that are to be automated as either being
cognitive processes or motor function. I would add a third category of sensing
(or perception). Broadly speaking, cognitive processes require software, motor
function and sensing require hardware (robotics and sensors).

While this distinction is a helpful abstract tool, a slightly different approach
has been taken when designing robot scientists in the past, one that has been
most informative for the projects in this thesis (in particular Paper VI).
Namely to identify subtasks in the overall research cycle, and design subsys-
tems to perform them, together with a coordination system. These subtasks
may require a combination of cognition, motor control, and sensing, so this
distinction is often a more natural engineering choice.

When engineering these systems it is important to consider each as part of
the whole, as each will depend on those systems that it relies upon, and those
that rely on it. The interfaces between systems are points of friction, that can
provide starting points for engineering. For example, when designing the robot
scientist in Paper VI, the capabilities of the robotic experimental platforms
influenced the form of hypotheses and the experimental design programs.

To expand on the statements made in Chapter 1, and the research cycle
shown in Fig. 1.1, the subtasks of any scientific method can be coarsely
grouped into the following categories: hypothesis generation, experimental
design, experimentation, empirical data analysis and processing, hypothesis
testing, knowledge modelling and management, supervision and coordination,
communication, and other auxiliary and supporting tasks. Robot scientists will
need subsystems for each of these, and hereafter is provided a short introduction
to each subtask and some of the considerations taken at each stage.
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Hypothesis generation

Central to any scientific method is the formation of hypotheses about the
domain of study. Given a theory, a hypothesis! is a set of statements that
extend the theory to provide an explanation or prediction for a phenomenon (or
a group of phenomena). From a hypothesis, its consequences are deduced using
the theory context for the hypothesis. These consequences are then empirically
tested. This is the hypothetico-deductive method of science, explored further
in Paper V.

Hypotheses must be formed so as to be compatible with the existing theory
and inference techniques. For example, a hypothesis of a new biochemical
reaction could be introduced as a new row in the stoichiometric matrix of the
current theory (See Section 3.4). The hypothesis together with the theory is
used to draw predictions about what the resultant behaviour of the system will
be.

Hypotheses are changes to the theory of a phenomenon, and as a result
to record a hypothesis we need to make reference to the original theory. In
Paper II we designed an ontology for recording changes to genome-scale
metabolic models (GEMs).

The specificity of hypotheses Thompson and Skau (2023) state that for a
hypothesis to be specific, it must be narrow, in the sense that the hypothesis
applies to a smaller subset of phenomena than a broader hypothesis.

This can be demonstrated through an example, taking a hypothesis auto-
matically generated by the robot scientist in Paper VI. The following are
four hypotheses, where each becomes a narrower statement, applying to an
increasingly restricted set of phenomena. At each stage of narrowing, the
restricted parts of the hypothesis statement are underlined.

H1 “Yeast growth differs in some conditions compared to others.”

H2 “Yeast growth differs in chemical supplementation with differing intracel-

lular amino acid concentration compared to chemical supplementation
with normal intracellular amino acid concentration.”

H3 “Yeast growth is decreased in caffeine supplementation with raised in-
tracellular arginine concentration compared to caffeine supplementation
with normal intracellular arginine concentration.”

H4a “AUC for OD600 of 20h yeast culture is decreased in 5mM caffeine
supplementation with 5mM arginine supplementation compared to 5mM
caffeine supplementation with no arginine supplementation.”

This example raises a few interesting points. Firstly, by restricting the scope,
the hypotheses get more and more specific. At each stage, the replacements

IThe word hypothesis comes originally from Greek, the prefix hypo- meaning “under”, and
thesis meaning “a proposition”. The meaning being that a hypothesis is a foundation for a
subsequent argument (Harper, n.d.).
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correspond to subclasses or sub-relations of the concepts in the broader hypo-
thesis that preceded. When designing the hypothesis ontology for Paper VI
we used the hierarchies in the domain ontologies to reason about hypotheses.

Secondly, note that hypothesis H4a is not strictly a more specific formula-
tion of H3, because the concept of “intracellular arginine concentration” was
replaced with “arginine supplementation”. The reason changes like this were
made to hypotheses in Paper VI is to reach a hypothesis that we could directly
test in an experiment. But this is no longer a subclass or an equivalence of H3.
An auxiliary hypothesis is actually needed to close the logic:

H4b “5mM arginine supplementation into yeast culture results in raised intra-
cellular arginine concentration compared to no arginine supplementation.”

Given these two statements, H4 = H4a A H4b is now a more specific version
of H3.

Thirdly, these different levels of abstraction work for different types of
learning. Higher abstractions work well for qualitative learning; H2 was
more or less the form of hypothesis that was used to constrain the hypothesis
generation in Paper VI, and all hypotheses in that work are more specific
versions of H2.

Experimental design

To design an experiment that provides relevant data to evaluate a hypothesis
requires knowledge of what the expected measurable indicators of the system
behaviour are. These measurable indicators can inform the transformation of a
hypothesis into something testable, as above from H3 to H4.

In biology, the observable characteristics of a system are called its phenotype.
Components of phenotype in yeast include: the rate of growth, the state of gene
expression (transcriptome), the chemicals present (metabolome), or the shape
of the cells (morphology). Phenotype is measured using various instruments to
augment or replace human perception, for example by using a mass spectrometer
to characterise the metabolome.

Experiment design also takes into account which experimental interventions
are achievable with the available equipment and resources. For example, the
original version of the hypothesis H3 in Paper VI was the inverse: that a
reduced intracellular concentration of arginine would lead to increased resistance
to caffeine. The experimental agents had no direct way of introducing a higher
intracellular concentration of arginine. Our robot was given the experimental
restriction to only design experiments where the intervention was an increase
in amino acid concentration, as this was something we could achieve through
supplementation. This is an example of where the restrictions for experimental
design led to a change in the original hypotheses, again showing the influence
that experimental setups have on hypothesis formation.

Going from a hypothesis to an experimental design is rarely straightforward
and requires creativity. In closed-loop discovery systems, this is an ideal applic-
ation of LLMs, as they have the flexibility to generate alternative formulations
of a hypothesis. We found in Paper VI that they are able to work within
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laboratory constraints when provided with suitable prompts, and could produce
outputs that we could symbolically verify before executing an experiment.

Experimentation

Human scientists conduct experiments with physical skill and the use of equip-
ment. The skill of experimental scientists is in the manipulation of physical
samples or systems, in the translation of an experimental plan to reality, and
in responding to the unexpected or undefined variables that come up.

For robot scientists, robotics can be used to replace physical manipulation,
and software to replace the coordination and analysis. Coordination software
can be programmed to deal with certain types of problems or events during the
experimentation, by responding dynamically. However, from our experience
these software programs are not nearly as flexible or smart as human scientists
in dealing with the unexpected. On the other hand, with robots it is possible to
have much closer monitoring of an experiment, with every action automatically
recorded in logs. In theory this makes experiments more repeatable, but this
information is currently under-used.

Laboratory automation systems often take a modular approach, where
different “work stations” are designed for different tasks. This is the approach
taken for Adam (King et al., 2009) and Eve (Williams et al., 2015) which used
robot arms and rails to move samples between work stations, and for the Robot
Chemist (Burger et al., 2020), which used a commercially available mobile
robot. This modular approach can be scaled up to an industrial level, in cloud
labs. Taking inspiration from cloud computing, the idea is to centralise and
share lab equipment, where researchers can “order” experiments remotely that
are then executed autonomously, with data sent back to the researcher (Arnold,
2022).

Empirical data processing and analysis

Data collected during the experiment need analysing to identify if the experi-
ment went as planned, and then to evaluate the hypotheses. The first step of
evaluating if the experiment went as planned involves answering the question:
did we actually achieve our desired intervention? For example, H4b was a
necessary component of testing hypothesis H4, and in Paper VI we used
intracellular metabolomics to confirm that supplementation of arginine actually
led to increased intracellular concentration.

We also used an automated metabolomics processing pipeline (Brunnsaker
et al., 2023; Reder et al., 2024) and wrote programs for the analysis of the
growth profile data. Automating data analysis is a relatively mature aspect of
robot scientists in most domains, so the focus in engineering a robot scientist
often lies in connecting the empirical data back to the original hypotheses.
This requires choosing appropriate statistical tests, and ensuring that data are
presented in a suitable way for the test.
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Supervision and coordination

Supervision involves setting the direction for a scientific study, providing
guidance on decisions, setting priority, and identifying risks.

Coordination, or orchestration, is about managing the different agents
involved in a scientific study and making sure they are doing the right things
at the right times, resolving conflicts through scheduling or dynamic problem
solving. For robot scientists, this is done by software. Eve (Williams et al.,
2015), for example, uses bespoke software for the automation of experiments,
which has plugins for the software and firmware required to communicate with
the different instruments and its robotic arms, as well as a database. Scripts can
be written for an experiment, including dynamic response to the experiment.
The software needs to know the capabilities of each robot at its disposal and
the experimental plan. Ideally, the systems should have some quality checks
that they can use, to check that the experiment is running according to plan,
or that maintenance might be required.

So coordination is largely for the purpose of collaboration between the
different agents toward a shared goal. But there are also antagonistic aspects
to coordination. That agents can be challenged, and held to account. It could
even be the case that different agents might be directly competing with one
another for resource or attention.

Humans can take initiative to self-supervise and jointly coordinate. The
same is not true in general for machines, so the explicit design of supervision
and coordination systems is especially important for robot scientists.

Communication

Of course, many of the activities listed here require communication between
different agents, human or machine. Here, communication is taken to be with
external parties, through publication of data and results, and receiving feedback,
new theories, and new techniques. Communication design for robot scientists
is not explicitly explored in this thesis, although it bears relevance to all the
included papers.

Knowledge modelling and management

The knowledge and data used by scientists are recorded, both for the internal
processes of the research group, and for communication with external parties.
These could include data from experiments, intermediary results, protocols,
theories, models, and hypotheses.

There are various definitions for theory and model. For the purposes of this
section, a theory is defined as a set of general axioms and laws that apply to
a specific set of phenomena that occur in the world, and a model is defined
as a specific interpretation of axioms and laws that makes them true, and
that represents concepts in the world. Models exist “between theory and the
world” (Winther, 2015). For example there is a theory which explains in general
terms that a reaction will occur in the presence of necessary substrates and
conditions generating products. And a model of this theory might be a set of
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specific reactions that occur during respiration in S. cerevisiae, with symbols
that correspond to chemical species, enzymes, masses, and temperatures.

For a robot scientist, theories and models must be recorded in machine-
interpretable formats. Theories and models can be recorded at different levels of
specificity, with models inheriting properties while becoming more specific. This
is related to the specificity of hypotheses described in Section 2.3.1. Ontologies
are excellent technologies for capturing these types of propagation in scientific
knowledge. Propagation can naturally be captured using class and property
hierarchies.

Auxiliary and supporting activities

Aside from the core subtasks of the scientific method above, there are inevitably
other activities that scientists undertake during the course of the scientific
method. Drawing a clean distinction between scientific and non-scientific activ-
ities is not straightforward, but considered for the purposes of this discussion
are those tasks that directly support or enable the core tasks above.

Examples of these activities in biology are: cleaning of equipment or lab
spaces; restocking and resupplying consumables; transfer of equipment, samples,
or files; or curating and managing software and data storage.

Quite often, as was the case with Adam (King et al., 2009), Eve (Williams
et al., 2015), and with the work in this thesis, most notably in Paper VI,
these tasks have been carried out by humans and not been automated. There
can be several reasons for this, but usually it comes down to either limited
return for a substantial investment (the activity is trivial for a human, but
expensive to design a computer—robotic system for), or that it is of limited
philosophical value to the research project (automating hypothesis design is
a more interesting and valuable research contribution than automating the
cleaning of a work surface).

There is in principle nothing stopping these activities being automated, and
to scale up robot scientists this will be important. With scale, the returns may
be worth the investment, and certainly it becomes a more interesting research
question than for a small laboratory.



Chapter 3

Mathematical Models of
Yeast Physiology

Systems Biology

Systems biology is an approach to studying biological systems that aims to
understand how the behaviour of the system arises from the interaction of
its constituent parts (Kohl et al., 2010). Systems biology, and its link to
complex systems, is described in detail in Section 4 of the appended book
chapter (Paper I), where we also outline why systems biology is a good
domain in which to automate scientific discovery. Partly this is because of the
inherent complexity of the systems involved, which limits the progress that
can be made with non-automated scientific methods. Robot scientists can
manage complexity more precisely and at larger scales than humans, both in
experimentation and in analysis.

A core concept in systems biology is the connection of genotype—the DNA
sequence information of an organism—to phenotype—the observed character-
istics of the organism. The reasoning behind treating DNA sequence informa-
tion as the source for phenotypical observations comes from two hypotheses,
proposed by Crick (1958) as the “Sequence Hypothesis”, and the so-called
“Central Dogma” of molecular biology, that the primary form of information
transfer within cells is as follows: DNA is transcribed to RNA which is in turn
translated to proteins. Specifically, the “Central Dogma” stated that informa-
tion passes from nucleic acids to proteins, but is not transferred from proteins
to nucleic acids. Later, Crick (1970) clarified this hypothesis stating that this
hypothesis was intended to apply to the general case for living organisms, and
that though cases of information transfer from proteins to nucleic acids were
theoretically possible there was no evidence for these interactions at the time.

Developments in molecular biology since the 1970s have demonstrated nu-
merous potential violations of this mechanistic view of information transfer
between molecules in biological systems. Some examples are: reverse tran-
scription, from RNA to DNA (Baltimore, 1970; Temin & Mizutani, 1970); and
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post-translational protein modification, for example through phosphorylation
(Krebs & Graves, 2000). Opinion is divided on whether these truly represent
violations of the original hypothesis. On the one hand, examples such as those
raised above challenge this hypothesis. However one could argue that even in
these cases, the original source of the sequence information remains the DNA.
Regardless, either interpretation justifies structuring enquiry around the
genotype—phenotype relationship. Systems biology enables a nuanced approach
allowing for feedback loops and incorporating additional classes of molecules,
such as sugars and lipids, into a complex system of signalling, gene regulation,
and metabolism. Each of these concepts is discussed in more detail below.

Eukaryote cellular metabolism

Metabolism refers to the consumption, transformation, and production of
chemical compounds, by an organism, through various biochemical reactions.
Metabolism has three main purposes: to make energy available, to make
building blocks for structures, and to eliminate waste.

A metabolic pathway is a set of reactions, usually a sequence or a cycle.
Pathways are a useful modelling tool, as they allow grouping together reactions
that facilitate particular functions subordinate to the purposes listed above.
They are a good subject for study, being often small enough to be tractable
for detailed methods and analysis. However, to form a good model of most
phenomena, it is often necessary to consider superpathways (collections of
pathways) and the metabolism of the whole cell or organism.

Biochemical reactions come in various types. Many require catalysis! by
enzymes, formed of proteins. The set of feasible reactions in a particular
organism is therefore largely determined by its genome, which encodes for all
proteins the organism can produce. Many reactions are feasible in multiple
different organisms, though the specific gene for the reaction may differ as
there are often several different enzymes that can catalyse the same reaction
(isoenzymes). Pathways are often partially or entirely evolutionarily conserved
across organisms.

In systems biology, knowledge about metabolism is drawn from various
sources and compiled in metabolic network models (MNMs), which are digital
representations of pathways, superpathways, and catalysis. Metabolic network
models are covered in more detail in Section 3.3.1, and in Paper III.

Gene regulation in eukaryotes

Genes are segments of DNA?, and the process of synthesising functional
products (e.g. proteins) from the DNA is referred to as gene expression.
The state of gene expression in a cell controls which processes occur within the
cell. A significant part of this control is through the expression of metabolic
genes, those which encode proteins that form enzymes. Eukaryotes regulate

! catalysis—reactions are catalysed by a molecule when it accelerates the reaction without
being itself consumed.
2Specifically, genes are segments of DNA that are transcribed into RNA.
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genes and their activity in response to environmental stimuli and also within
the organism. This is achieved by eukaryotic cells at several levels.

1. Transcription is controlled by limiting the amount of messenger RNA
(mRNA) that is produced from a given gene.

2. Post-transcription there are events that regulate the translation of RNA
into proteins.

3. Post-translation there are mechanisms which modify proteins, which can
affect their activity.

Gene regulatory pathways govern the production of proteins through con-
trolling gene expression (Ma et al., 2016). An example of a mechanism of
gene regulation specific to eukaryotes is physically restricting access to DNA
promoters® through the structure of chromatin. DNA is wound tightly on
nucleosomes that form the chromatin fibre, and modifications to the chromatin
structure can regulate gene expression (Klemm et al., 2019).

Transcription factors are proteins that recognise and bind to a segment of
DNA adjacent to the genes they regulate. There are a variety of processes
through which transcription factors regulate genes, but essentially they control
the rates of transcription. Messenger RNA (mRNA) transcription most often
cannot occur without the help of transcription factors. As the ground state
for transcription is restrictive, positive regulation is the predominant form of
control. Transcription factors are themselves regulated, resulting in a complex
interaction network (Alberts, 2017). Paper V explores the hypothesis that the
gene being studied is a transcription factor that regulates respiratory pathways
in S. cerevisiae.

Cell signalling

Cells interact with each other and the environment by sending and receiving
signals. These signals can also be sent internally. This process of cell signalling
is enabled by the binding of small molecules known as ligands to an effector
molecule, frequently a protein. The binding of the ligand to a particular site
on the effector causes a change which allows the effector to perform a function.
This could be up- or down-regulating (increasing or decreasing expression of)
a particular gene product, or modifying an enzyme complex to increase or
decrease its activity. Signalling, like gene regulation, is a complex mode of
control in eukaryotes, with many interacting signalling molecules and other
systems such as metabolism and gene expression.

As a result, though many individual signalling interactions such as the
binding of adrenaline to adrenoreceptors are well-studied (Rasmussen et al.,
2007, 2011), cell signalling networks are in general poorly understood in most
eukaryotes. Yet they can provide promising explanations for phenomena such
as ageing (Greer & Brunet, 2008), and effective therapeutic options for diseases,
for example leukaemia (Weisberg et al., 2005).

3DNA promoter—a binding site in the genome where RNA transcription begins.
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Saccharomyces cerevisiae: the model organism
for eukaryote biology

Eukaryote cellular physiologies are extremely complex systems. Gene regulation
and enzymatic catalysis are but two of many processes that enable information
propagation and feedback, both within cells and across cell boundaries; and
the entities and processes involved occur across a huge range of timescales and
length scales.

As discussed in Chapter 2, when studying systems directly is impractical
or infeasible, models should be used. This is often the case with eukaryotes.
For example, there are many experiments that would be undesirable or im-
moral to conduct using human subjects, and in wvitro* experiments often
do not recreate the complexity of the object systems. By using the yeast
Saccharomyces cerevisiae as a model organism, the aim is to understand pro-
cesses relevant to other eukaryotes through yeast. These could be evolutionarily
conserved functions, or by transplanting genes of interest.

S. cerevisiae is the model organism for the eukaryotic cell, for a number
of reasons. Firstly, there are tools available for easy genetic manipulation
of yeast (and fewer ethical and legal issues in doing so than with higher
eukaryotes). Cultivation cost is relatively low, in terms of the key resources:
money, time, space and human resource. And S. cerevisiae’s was the first
eukaryotic genome to be fully sequenced (Goffeau et al., 1996). There is
also a wealth of experience and knowledge on S. cerevisiae, much of it stored
in community-curated knowledge graphs that can be used as a rich prior for
discovery. Yeast is also heavily used for bioengineering purposes, where genotype
and conditions are manipulated to efficiently produce a desired product, for
example a pharmaceutical. A history of the development of yeast research is
covered in Oliver (2022).

Community knowledge and models in systems
biology

Scientific knowledge can be stored and communicated in different forms. The
types of knowledge models used will depend on (1) the type of data and
knowledge being represented, (2) the technologies used to collect, store, and
communicate data, and (3) the inference techniques that will be applied to the
data. For example, metabolic reaction data are statements about a process
that involves inputs and output and relative quantities. The natural way to
represent a chemical reaction is to use a mathematical formula, for instance as
demonstrated in Paper III:

EC 1.1.1.44

D-gluconate 6-P + NADP ribulose 5-P + CO2 + NADPH

4in vitro—experiments performed with biological material, but outside of the biological

context; from the Latin for in glass.
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If using paper and pen to take notes on a particular reaction, this representation
is quite natural and sufficient. To encode this reaction into a computer, there
are many options. For example, each reaction could be stored in an array, such
as:

['D-gluconate 6-P','1','NADP','1','<->' 'EC 1.1.1.44",
'ribulose 5-P','1','C02','1','NADPH','1"']

This form is easily read by a computer, and would allow for the construction
of, for example, a differential equations model using a simple program.

Frequently, it is not known in advance which inference techniques will be
applied to a particular knowledge base, so preserving as much information
as possible in the knowledge base is preferable. A highly suitable scheme for
knowledge modelling that allows detailed recording of knowledge is a graph
model. Graph databases encode information using nodes (entities and literals)
and edges (relations and properties). Facts are statements about a relation
between two entities, or a literal property of an entity, and are recorded with
an edge between two nodes. Many scientific databases use a graph model,
including those most useful in systems biology. Graph databases are often
constructed using ontologies—formal definitions for a domain of the terms used
to define its entities, relations, and properties—as graph schemata.

The largest and most prominent organised effort for constructing and main-
taining ontologies in biology is the Open Biological and Biomedical Ontologies
(OBO; Jackson et al., 2021). Community standards organisations, such as
OBO and COMBINE (the COmputational Modeling in Blology NEtwork;
COMBINE, n.d.) organise efforts to develop and maintain data ontologies and
data standards. In systems biology, ontologies used include the following.

Systems Biology Ontology (SBO) Arising from a desire for better soft-
ware infrastructure for computational models, SBO describes the compu-
tational modeling domain for systems biology. SBO entities are split into
eight subclasses of ‘systems biology representation’, defined as a “repres-
entation of an entity used in a systems biology knowledge reconstruction,
such as a model, pathway, network.”

These direct subclasses are: ‘mathematical expression’, ‘metadata rep-
resentation’, ‘modelling framework’, ‘occurring entity representation’,
‘participant’, ‘participant role’, ‘physical entity representation’, and ‘sys-
tems description parameter’.

SBO has its origins in the systems biology markup language (SBML),
which was developed as a common syntax for computational models. In
addition to the common syntax of SBML, SBO allows for a common
understanding of the semantics of the components of computational
systems biology models (Engel et al., 2025).

Relation Ontology (RO) Curated by OBO Foundry as a way to ensure that
entities between different OBO ontologies, such as GO and APO, are able

to be connected in a standardised and logically consistent way (Mungall
et al., 2020).
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Gene Ontology (GO) A massive project, GO is for describing the functions
of genes, and has almost 40,000 terms split over three main sub-domains:

molecular function describes the interaction at a molecular level. For
example, a gene product could be a “catalyst”.

cellular component captures where in the cell the function takes place.

biological process describes which higher-level functions the gene products
are a part of. An example might be “DNA repair”.

There are approaching 10m GO annotations, that is relations between
specific genes and terms in GO. These relations are specified using RO,
and primarily curated by the members of the GO Consortium, which
includes many of the actors and research groups responsible for curating
the other ontologies and databases mentioned here (Ashburner et al.,
2000; The Gene Ontology Consortium, 2026).

Ascomycete Phenotype Ontology (APO) Used to define terms about
phenotypes (observable characteristics) of ascomycete fungi, of which
S. cerevisiae is one. As discussed in Paper VI, APO is designed for re-
cording hypotheses about genotype—phenotype relations, and was created
for the Saccharomyces Genome Database (SGD) (Engel et al., 2025).

Chemical Entities of Biological Interest (ChEBI) ChEBI refers to both
the database of chemical entities, and the ontology that is used by the
database. The ChEBI ontology contains terms for defining chemicals

according to their biological roles, chemical roles, and chemical structure
(Malik et al., 2026).

3.3.1 Genome-scale metabolic models

Metabolic network models (MNMs) are computational models of the metabolism
of a particular organism. For S. cerevisiae, the first MNM was created in 1995,
and was a model of the central carbon metabolism (van Gulik & Heijnen, 1995).
Genome-scale metabolic models (GEMs) are MNMs that aim to cover the
whole of an organism rather than a specific sub-component or system. GEMs
are recorded and communicated using SBML, and are used as the basis for
creating simulation models according to one of the mathematical frameworks
described in Section 3.4. GEMs can be manually curated, or learned from
data, and in the case of S. cerevisiae the research community and industry are
invested in developing and maintaining GEMs.

The very first GEM for S. cerevisiae, iFF708, was presented in 2003; the
significance of the number 708 was the number of genes that were included in
the GEM, along with 825 metabolites, and 1145 reactions. iFF708 modelled two
cellular compartments—the cytoplasm and the mitochondria—and included
transport reactions between compartments and the extracellular space.

In the decades since iFF708, many GEMs have been released, gradually
increasing the coverage of the models. A history of this development, along
with key statistics about the models, is shown in the timeline in Fig. 3.1. A
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Figure 3.1: Timeline of Saccharomyces cerevisiae genome-scale metabolic model
(GEM) development up to 2019. Developments since then are coordinated
through the YeastGEM project with more frequent releases and version control
(Zhang et al., 2024). The development of these GEMs since 2003 is covered in
detail in Chen et al. (2022).

significant landmark was reached in 2008 with the release of Yeast 1.0, the first
S. cerevisiae GEM arrived at through community consensus. This consensus-
driven approach to GEM development continues to this day with yeast-GEM,
the latest version of which being Yeast9 (Zhang et al., 2024). Yeast-GEM was
used for modelling in Paper III and Paper V. In Paper II we introduced
an ontology for describing changes to GEMs semantically.

Modelling Frameworks

Models of yeast vary from deterministic and high-resolution to descriptive or
pedagogical. As discussed in Paper I, there are various desirable qualities
of scientific models, including: predictive power; parsimony; explanatory use-
fulness; consistency across contexts; and consistency with different scientific
models. For most models of S. cerevisiae it is desirable to be able to exploit
the models to make predictions about real-world behaviour of the system, and
some of the mathematical frameworks commonly used are discussed briefly
below.

All of these models can be constructed from a common knowledge graph, and
most of them directly from a GEM. This means that by choosing a knowledge
graph structure, as done in the papers in this thesis, the knowledge can be
abstracted away from the inference. Not only does this allow tools like RIMBO
to record semantically meaningful changes to the model, but also the inference
framework most suited to the problem can be chosen.
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Differential equations models

One common technique is to model the abundances of genes, proteins and
chemical species using systems of coupled ordinary differential equations (ODESs)
with time as the dynamic variable. These models have been successfully
employed to model various biological processes including: central carbon
metabolism; batch fermentative growth; and toxicity responses. The differential
equations are often based around reaction kinetics paradigms.

A great challenge with these models is parametrisation; the models can have
tens of thousands of parameters, only a fraction of which have experimentally
obtained values, which are often condition specific. Machine learning techniques
have recently been employed to predict these parameter values (Li et al., 2022;
Maeda et al., 2022).

Another challenge is that timescales and length scales across the differ-
ent systems involved vary across at least five orders of magnitude, from the
molecular scale (1 x 10719 m) to the cellular scale (1 x 107> m) (Castiglione
et al., 2014; Southern et al., 2008). ODE models based on Michaelis-Menten
kinetics do not explicitly model the length dimension, but the timescale of
reaction kinetics can vary over orders of magnitude depending on the reaction
(Resat et al., 2009), and is vastly quicker than the timescale of gene expression
(Carthew, 2021).

A third challenge is that biological processes are stochastic, so deterministic
differential equations models will likely be unable to capture a great deal
of behaviour. For certain classes of molecules the assumption of continuous
concentrations may not be valid due to the low count of molecules and their
compartmentalisation (Resat et al., 2009).

Constraint-based modelling

Another popular modelling framework is a constrained optimisation method,
where the objective function is defined as a real-valued function representing
a biologically realistic quantity. Examples of commonly used objectives are
growth maximisation or minimisation of uptake of a particular carbon source
(Garcia Sanchez & Torres Séez, 2014; Orth et al., 2010). Other knowledge
about the cell is encoded via constraints on this optimisation. The fundamental
constraints are the rates of flux through chemical reactions in the cell. A
common approach is to assume the system is in a steady state and the sum
of the fluxes for any given chemical species is zero, hence the technique is
known as flux balance analysis (FBA). A more detailed explanation of the
mathematics of FBA is provided in Section 2.5 of Paper III.

Various extensions and modifications to FBA have been proposed that
relax or work around this assumption, for example: dynamic flux balance ana-
lysis (dFBA) which couples FBA solutions with ordinary differential equations
(Mahadevan et al., 2002); flux variability analysis (FVA) which characterises
the space of fluxes that give rise to an optimal solution (Mahadevan & Schilling,
2003); and two techniques, regulatory on/off minimisation (ROOM, Shlomi
et al., 2005) and minimisation of metabolic adjustment (MOMA, Segre et al.,
2002) which seek to find a likely flux distribution—in comparison to a reference
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distribution—after a genotypic change. Some techniques extend FBA to more
nuanced constraints, for example through the inclusion of setting reaction flux
constraints through abundance of relevant enzymes (enzyme-constrained flux
balance analysis, ecFBA, Sanchez et al., 2017).

Logical models

Formal mathematical logic has also been used to model different parts of cellular
biology. A common form of logic modelling is propositional logic (Boolean)
models of gene regulation and signalling. First-order logic models of metabolism

have also been developed previously. For more detail see the introduction to
Paper III.

Hybrid models

Some approaches seek to extend FBA models yet further by integrating them
with separate models for other cellular processes, for example genetic regulation
and signalling processes. These hybrid models employ different mathematical
formalisms for different cellular processes and rely on bespoke techniques at
the boundary between models to integrate them together. One example of a
hybrid model is presented in Osterberg et al. (2020), which combined enzyme
constrained FBA with a Boolean signalling model to predict non-trivial yeast
phenotypes. A review of hybrid modelling approaches in systems biology was
conducted by Cruz and Kemp (2021), showing a diverse approach to modelling,
including combinations of modelling techniques listed here, amongst others,
applied to a variety of biological applications.
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Chapter 4

Techniques

Logic

Logics are mathematical languages that relate premises and conclusions and
enable formal reasoning (Ben-Ari, 2012). There are various logics that can
be used for reasoning in science, and this section presents a brief overview of
propositional logic, the concept of satisfiability, normal forms, and first-order
logic.

Propositional logic

The elementary form of logic is propositional logic, which deals in assigning
truth value to statements about a world (propositions). An example of a
proposition would be:

“Uppsala is the capital city of Sweden.”

In the world we live in, this proposition would be assigned the truth value
‘false’. But it is possible to consider a world where this statement would be
assigned the truth value ‘true’. Indeed if we consider the world as it was in the
14th Century then this proposition would be assigned ‘true’.

Propositions are atoms; they can be used to build complex formulas us-
ing Boolean operators such as negation (NOT, —), conjunction (AND, A), and
disjunction (OR, V).

Satisfiability

An interpretation for a formula is a function that assigns truth values to each
atom that appears in the formula. A formula is considered unsatisfiable if it is
false in all interpretations. If there is at least one interpretation for which the
formula is true, then it is satisfiable. The notion of satisfiability can be extended
to a set of formulas naturally, by requiring that there exists an interpretation
under which each formula in the set is true.

27
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Normal forms

For any given logical formula there are many possible ways to express an
equivalent formula. An example is the following tautology, one of De Morgan’s
laws:

—(AV B) < (-A) A (—B) (4.1)
A way to express logical formulae that has advantages for automated theorem
proving is conjunctive normal form (CNF). To be in CNF, a formula is written
as a conjunction of disjunctions of literals (atoms or negated atoms); the
right hand side of (4.1) is in CNF. It is possible to express every formula in
propositional logic in CNF.

A different notation for CNF is clausal normal form. Instead of using the
symbols for disjunction and conjunction to construct the formula, we appeal
to the structure of the normal form, expressing a formula as a set of sets of
literals. For example, the right hand side of (4.1) in clausal normal form as
{{—A},{-B}}. A theory is a set of closed formulae (formulae with no free
variables). Clausal normal form is an efficient representation of logical theories
that is often used in automated theorem proving.

First-order logic

First-order logic (FOL) extends propositional logic to allow for relations between
variables. Relations are represented using predicate symbols, and quantifiers
such as for all (V) and there exists (3) are introduced to allow for formulae that
express general statements about relations. Instead of atoms being propositional
statements, atoms in FOL are a predicate symbol with a list of arguments.
These arguments are either constants or variables in the domain of the relation
the predicate symbol denotes. For example, FOL allows for a statement such
as:

“A dog is happy if it has a bone.”

This could be expressed with the following logical formula, containing new
predicates dog\1, bone\1, has\2, and happy\1:

VxVy(dog(x) A bone(y) A has(x,y) — happy(x))

The atoms in this formula are dog(x), bone(y), has(x,y), and happy(x).

FOL has many desirable properties for automated reasoning. It is an
expressive language and can therefore be used to represent a wide variety
of concepts and theories. However, the fact that it is not as expressive as
higher-order logics means it is semi-decidable, meaning that there is an efficient
procedure for checking if a formula is in a theory (but no such method for
checking that a formula is not in a theory).

As stated earlier, it is possible to express every formula in propositional
logic in CNF. The same is not true in FOL, however, Skolem’s theorem states
that for any closed formula ¢ there exists a formula ¢’ such that ¢ is satisfiable
if and only if ¢’ is satisfiable (Ben-Ari, 2012). A useful consequence of this
is that any theory can be mapped to one in CNF or clausal normal form to
assess satisfiability.
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Reasoning

Reasoning on logical theories can be broken down into a few main categories.
Deductive reasoning derives conclusions from premises and laws; for example,
this includes querying a graph database, or determining whether a first-order
logic theory entails a conjecture. Inductive reasoning and abductive reasoning
seek to provide explanations for facts by generating either laws (induction) or
facts (abduction); for these, statistical inference is needed. For a more detailed
explanation of the types of reasoning, see Paper I, Section 2.1.

Description logic and ontologies

An introduction to description logic and ontologies is provided in Section 2 of
Paper IV.

Automated theorem provers

Automated theorem provers (ATPs) are software that can perform reasoning
tasks on logical theories. A common task for ATPs is deciding whether a
conjecture, C, is entailed by a given theory 7" and optional hypotheses H. In
particular in science, the conjecture usually takes the form of some statement
rooted in empirical data, and the question is whether the theory, perhaps
together with a hypothesis, entails the data. ATPs most often take inputs in
the form of FOL theories, and these are commonly written in clausal normal
form. Formally, the problem posed to the ATP is:

?
TNHE=C.

Conjectures are often posed in negated form and then submitted to a SAT
solver, an algorithm to decide satisfiability. In which case the proof takes the
form of a refutation of the negated form that shows the unsatisfiability of
T ANHA-C. Or a demonstration of the satisfiability of T' A H A =C' which
shows that C is not entailed by T' A H under any interpretation. Constructing
such arguments for FOL theories requires heuristic search, and the design and
implementation of algorithms for this task is the core activity in developing
ATPs for FOL (Korovin, 2008).

ATPs are primarily applied to mathematical reasoning tasks (Urban &
Vyskodil, 2013). But they have also been used in engineering applications
including software verification (Georgiou et al., 2022) and hardware verification
(Goel & Ray, 2022; Khasidashvili et al., 2015). More detail on how ATPs are
applied to the systems biology models in this thesis is provided in Paper III.

Artificial neural networks

Artificial neural networks are learned nonlinear models, composed of layers
of processing units (neurons), where the input to each neuron is a linear
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combination of the output from the previous layer. Nonlinearity is introduced
by calculating a nonlinear activation on each neuron, commonly the rectified
linear unit (ReLU) (Bengio et al., 2015).

Graph neural networks GNNs are a type of neural network, where the
architecture of the network is designed according to the graph structure. Further
introduction to graph neural networks is provided in Section 2 of Paper IV.

(Large) language models

Language models are designed to perform tasks where the data are encoded in
language. Though many mathematical formalisms have been used to construct
language models, including first-order logic, the most prevalent language models
today are based on neural networks. These models owe much of their power to
the massive scale of the networks used, hence the name large language models
(LLMs).

Techniques for language models emerged from the field of natural language
processing (NLP). In the definition of this field, and the techniques thereof,
is the concept of natural language, which is commonly defined as a synonym
for human language (Chowdhary, 2020). Most definitions of natural language
exclude programming languages. Yet LLMs have demonstrated a high capability
to perform tasks with these languages, and in Paper VI we demonstrate that
LLMs can be used to work with computer languages (such as Prolog, JSON,
Python, etc.) in a scientific context.



Chapter 5

Summary of Papers

Paper I (Gower et al., 2026) considers the design of robot scientists, systems
that combine artificial intelligence with robotics to automate scientific discovery.
It connects machine learning concepts to ideas from the philosophy of science to
argue that scientific discovery should be viewed as an active learning problem.

Paper IT (Kronstrom et al., 2023) expands on the concept of scientific
discovery as theory choice. In this paper RIMBO, an ontology for representing
theory changes in systems biology, is presented. RIMBO is tested on com-
munity curated knowledge models for Saccharomyces cerevisiae, genome-scale
metabolic models (GEMs), and shows that it can capture model changes at
scale and precision.

Paper III (an extension of Gower et al., 2023) builds methods for logical
inference from these community knowledge models. A first-order logic model
of S. cerevisiae metabolism is paired with an automated theorem prover to
simulate growth and pathway configuration, and hypothesise corrections to
the model to fix broken pathways. We propose a method for evaluation of
predictions using an alternate quantitative model, to guide simulations and
abductions.

Paper IV (Kronstrom et al., 2026) proposes a new method to learn embed-
dings of ontology concepts that couples graph neural networks with semantic
loss functions to penalise embeddings that violate ontology constraints. This
method is applied to a curated knowledge graph that draws from community
databases, and evaluated by predicting gene interaction effects in S. cerevisiae.

Paper V (Bjurstrom et al., 2026) employs simulation methods to refine a
hypothesis about the function of a S. cerevisiae gene whose biological function
is currently unknown, YGR067C. Predictions of phenotype are made, and
compared against empirical data. To obtain high-quality empirical data from a
dynamic cultivation, we design and employ automated experimental protocols.

Paper VI (Brunnsaker et al., 2025) is where we combine many of the other
ideas in this thesis and build a system for automated discovery. A system
of software agents is designed, combining symbolic reasoning and LLMs, and
integrated with laboratory experimental agents. A new ontology for recording
generalised hypotheses in systems biology is designed, and its implementation
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allows for efficient data reuse, evaluation of hypotheses, and contributions to
scientific knowledge.
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Paper I: The Use Of AI-Robotic Systems For
Scientific Discovery

Note to reader As mentioned in Chapter 1, this book chapter is a useful
partial introduction to the contents of this thesis, and is recommended to be
read first as it provides context to other matters discussed in the introductory
chapters and in the appended papers.

Problem

Scientific discovery is a process of developing theories and models about phe-
nomena. The automation of science requires the design of systems that can do
this independently of human researchers. If an automated discovery system is to
make any meaningful progress in a given domain, then it must have capability
to perform empirical experiments, in addition to scientific reasoning capabilities.
This is the main idea behind robot scientists—systems that combine artificial
intelligence (AI) and robotics to develop and test hypotheses.

By nature, the development of robot scientists is a cross-disciplinary endeav-
our. Domain experts can encode background knowledge for the machine, and
inform the design of experimental robotics. Mechanical and electrical engineers
can design robotic systems for experimentation. And the AI systems for a
robot scientist can be developed by software engineers and machine learning
researchers. However, many machine learning researchers do not have a back-
ground in the natural sciences, and subsequently may lack an understanding of
how best to design software systems that perform well for scientific discovery.

Approach and Results

This book chapter aims to provide machine learning researchers with an intro-
duction to the research problem of the automation of scientific discovery. We
address considerations for the design of robot scientists. We begin by examining
the scientific method using concepts and models from the philosophy of science.
We define the concept of a scientific model and its use by robot scientists. We
present three components of the scientific method—logical inference, statistical
inference, and parsimony—and how they are applied to the development of
scientific models. We finish the opening section by presenting a set of scientific
values for examining the quality of a given model which enables comparison
between competing models, the central aspect of scientific method that allows
for progress.

Section 3 of this book chapter analyses scientific discovery from the per-
spective of the three main machine learning paradigms: supervised learning,
unsupervised learning, and reinforcement learning, see Fig. 5.1. We discuss
how aspects of machine learning algorithms could be mapped to aspects of
the scientific method. We conclude that scientific discovery should be viewed
as a supervised learning problem, with input-output pairs for training data
coming either from controlled experiments or from observational studies. We
discuss further that semi-supervised learning—where unsupervised learning
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is integrated into a supervised learning approach (not shown in Fig. 5.1)—is
also a very useful paradigm to adopt, as it can allow for increased performance
when labelled data are sparsely available, as is often the case in science.

Machine Supervised | Unsupervised | Reinforcement
Learning Learning | Learning | Learning
| |
data | data | .
. context N (X) | R (X) | R environment
—> h —> h | —> h | h
learn (model) learn  (model) | learn  (model) | Jearn (model)
deduce deduce | | deduce | deduce
| |
) performance predictions | intrinsic 1 reward )
signal output signal (X,9) , signal representation | signal actions
A R B
T—infer—;—, tinfe | infe | infer-
labelled ! ! ot
information aveled | response l
data A
source X | |
(X,9) | | observe— env.

Figure 5.1: Flowcharts representing high level processes for: generic machine
learning; supervised learning; unsupervised learning; and reinforcement learning.
Unitalicised text represents inputs and outputs; italicised labels for connectors
represent processes. In Paper I, we analyse scientific discovery from the
perspective of each paradigm, concluding that supervised learning is the most
useful.

Section 4 is primarily an introduction to the domain of systems biology,
covered in Chapter 3 of this thesis. We also cover two examples of robot
scientists being applied in systems biology: ADAM (King et al., 2009) and
Eve (Williams et al., 2015). Section 5 is a case study using the example of the
robot scientist Genesis and LGEM™, covered in Chapter 3 of this thesis and in
appended Paper III respectively.

Author contributions

The conceptualisation of the project was done by Ross D. King, and Alexander
H. Gower. Content included in this chapter was informed by discussions
between A.H.G. and each of the co-authors (Konstantin Korovin, Daniel
Brunnséker, Filip Kronstrom, Gabriel K. Reder, Ronald S. Reiserer and John
P. Wikswo). The manuscript was written by A.H.G. and edited by A.H.G.,
D.B., K.K., and R.D.K. The project was supervised by R.D.K., and Ievgeniia
A. Tiukova. The funding for the project was acquired by R.D.K.
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Paper II: RIMBO — An Ontology for Model Re-
vision Databases

Problem

Knowledge in science, and particular in systems biology, is often stored as
machine-readable files that allow for computational modelling of the phenomena
under study. Genome-scale metabolic models (GEMs), covered in Chapter 3,
are the primary models used in systems biology. When improvements are
made to these computational models through scientific enquiry, this results in
changes to the content of these files. Commonly, a copy is made of the model
and changes are incorporated into this copy. However as these models grow in
size, complexity, and number this presents challenges.

Changes to models are often bundled together to resolve the problem of
multiple large files. However, this breaks the relationship between a single
hypothesis and a change to the model. This makes reasoning about changes
to models quite difficult, especially for large-scale computational reasoners.
Versioning software, such as Git, is used to maintain some community models,
e.g. Yeast-GEM Zhang et al., 2024. While effective for combining changes from
many sources, these tools do not explicitly connect reasons for changes to the
changes themselves in a reliably queryable manner.

A semantic database for model revisions is desirable to address these
challenges, and in order to use the models to guide experimental design in
closed-loop systems.

Approach and Contributions

We present here an ontology, RIMBO, for capturing and explaining changes
to computational biology models, specifically genome-scale metabolic models
(GEMs) written in RDF/XML. RIMBO introduces ontology terms, and links
with existing ontologies, to enable individual model changes to be linked
semantically to the reasons for the change and the details of the change to
the model. RIMBO provides traceable model improvement history that can
be reasoned about and queried, for example using the graph query language,
SPARQL. RIMBO combines classes and relations from existing ontologies with
new classes and relations. We demonstrate modelling example revisions to
yeast-GEM (v8).

Author contributions

The conceptualisation of the project was done by Ross D. King, Filip Kronstrom,
and Alexander H. Gower. The ontology was designed and curated by
F.K. Code to implement RIMBO was also developed and tested by F.K. The
experiments to demonstrate revisions on the yeast-GEM were designed and
executed by A.H.G. and F.K. The scalability experiments were designed and
executed by F.K. The data were prepared and curated by F.K. and A.H.G.
Figures were designed and prepared by F.K. The manuscript was written by
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F.K. The project was supervised by R.D.K., and levgeniia A. Tiukova. The
funding for the project was acquired by R.D.K.
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Paper III: LGEM™: Automated Improvement of
Metabolic Network Models and Model-Driven
Experimental Design through Abduction!

Problem

Knowledge about yeast is highly structured due to community efforts to stand-
ardise, retain and distribute it. This is covered in more detail in Chapter 3.
The models that are stored in these databases are therefore improved upon
incrementally. Incremental improvements to these models are generally made
through careful study of a particular entity, pathway or process in the organism.
Making improvements to these models is a time-consuming process, primarily
because of the human resource required to hypothesise and design experiments,
as well as analyse results. Hypothesis generation is particularly time consuming,
especially in systems biology, because of the complexity of the organisms and
models.

With this paper we aimed to provide a framework for improvement of models
of yeast metabolism that would reduce the time required of human scientists
in the discovery process, and increase the quality of the hypotheses generated.
We sought to design an inference framework for genome-scale models, retaining
their logical structure, that would allow for deduction of conclusions from
theories and hypotheses, as well as abduction of hypotheses to explain gaps in
the theories.

Approach and Contributions

The main contributions of LGEM™ as presented in this paper are: (1) a
compartmentalised first-order logic (FOL) model of yeast metabolism; (2) a
set of algorithms for the extraction and analysis of metabolic pathways from
simulations; (3) a two-stage method for the abduction of novel hypotheses
on improved models; (4) scalable methods for evaluating these models and
hypotheses; (5) an algorithm to integrate FBA with abductive reasoning. We
use an ATP and express knowledge encoded in GEMs as FOL axioms, retaining
the semantics of the original models (which are encoded in XML files following
the SBML standard, see Section 3.3). The form of the axioms is informed
by knowledge about general processes such as biochemical reactions, enzyme
formation and catalysis.

We tested this framework using several community models (GEMs) on
two separate tasks. Firstly, we performed a genome-scale single-gene deletant
viability screen. To evaluate this we used experimental data from previously
published research as ground truth data for the predictive task. Secondly, we
used the ATP to generate reaction pathway configurations for a defined growth
medium. We compared these extracted pathways against two sources: ground

IThis manuscript is an extension of a peer-reviewed paper published in the proceedings of
the 26th International Conference on Discovery Science (Gower et al., 2023, listed as a under
“Other Publications”).
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Figure 5.2: Glycolysis pathway

truth data from the literature; and also simulation results from a different
deductive approach, FBA (see Section 3.4), but using the same GEM as a
background knowledge source.

The single gene deletion prediction showed an F1 score of between 0.237
and 0.342 depending on the background model, which was better than prior
qualitative methods. However, an FBA deletion method achieved a higher
F1 score, and we conclude that the strictness of the logical model, the lack
of quantitative modelling of metabolic reactions, and the lack of axioms for
regulatory and signalling effects can explain the relatively low predictive power
of the model on this task. For the more specific task of predicting pathways, the
model showed good correspondence with the literature, as shown in Fig. 5.2.

Errors in the model are an opportunity for the abduction of hypotheses.
We designed an abductive process for improvement of the models, the overall
flow of which, including the initial construction of the model from a GEM, is
shown in Fig. 5.3. Using the pathways predicted by the model, we present
a model-driven experimental design strategy, and demonstrate this with a
differential expression study, using the Apfk2 mutant strain.

The programs used for these experiments were implemented primarily in
Bash, Python, and Perl, and iProver (Korovin, 2008), the ATP that was used.
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Figure 5.3: Processes in LGEM™. (A) defining the logical theory, including
abduction of missing compounds to enable viability of base strain; (B) single-
gene essentiality prediction; (C) abduction of hypotheses from ngG errors; (D)
using FBA to assess viability of each hypothesis; and (E) repeating single-gene
deletion to assess viability of each hypothesis.
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We containerised the project using Docker to improve replicability, and also
to enable users to reuse the base functions for their own purposes; although
we used GEMs constructed for S. cerevisiae in this study, this approach could
easily be adapted for other organisms given that it is built on the SBML
standard. This will also help us to scale this software and integrate it with our
robot scientist, Genesis.

Author contributions

The conceptualisation of the project was done by Ross D. King, Konstantin
Korovin, and Alexander H. Gower. The logical predicate and clause structure
were designed by K.K. and A.H.G. Code to generate logical theory structures
from GEMs was developed and tested by A.H.G. Extensions to the ATP
iProver to incorporate abduction were developed by K.K. The experiments
were designed by R.D.K| Tevgeniia A. Tiukova, K.K., and A.H.G., and executed
by A.H.G. The microarray expression data analysis was conducted by Erik Y.
Bjurstrom, Praphapan Lasin, and A.H.G. The data were prepared and curated
by A.H.G. Figures were designed and prepared by A.H.G. The manuscript
was written by A.H.G. and K.K, and edited by E.Y.B, Daniel Brunnséaker, and
R.D.K. The project was supervised by R.D.K., K.K., and I.A.T. The funding
for the project was acquired by R.D.K.
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Paper IV: Graph Neural Network based hierarchy-
aware Box Embeddings of Knowledge Graphs

Problem

Knowledge graphs (KGs) in biology are often enriched with ontological infor-
mation. In other words, the schema for the KG is an ontology, which describes
the semantics of the domain: the types of entities (classes) involved and the
relations between them. The information encoded in these ontologies is an
instantiation of part of the domain knowledge, usually curated by experts, and
as such contains valuable information that is useful for machine learning on the
graph. Many of these ontologies have, in particular, a hierarchical structure
for classes using the ‘subClassO0f’ relation, as organising concepts in this way
does not require expertise in logic or ontology engineering.

A type of machine learning that is highly useful when working with KGs
is representation learning. There are many programs that do accept graphs
as inputs, but many more that don’t. Representation learning enables the
transformation of KGs into a form that works as an input to a program class
that does not accept the KG itself as an input, while encoding useful aspects
of the data from the original KG. A form of representation learning that
has proven useful for downstream tasks, such as link prediction and property
prediction, is embedding KGs into an n-dimensional vector space.

Many KG embedding (KGE) methods are trained primarily on observed
triples, using the relational structure of the graph as the main learning sig-
nal. When the knowledge graph is built based on ontologies that have rich
data about the hierarchy and relations between different entities, we want to
capture this ontological information in the embedding. To be able to use this
ontological information as a learning signal, the extent to which the current
model represents the ontology can be calculated using specialised loss functions,
so-called semantic losses.

This paper addresses three main research problems.

1. Can GNN based box embeddings learn useful representations of biological
knowledge graphs?

2. Can semantic losses be used to train GNN box embeddings in the absence
of additional loss terms (e.g. prediction loss)?

3. Can we rank revisions to knowledge graphs based on how much they shift
embeddings?

Approach and Contributions

The novel approach of this paper is a method to learn hierarchy-aware box
embeddings using GNNs together with semantic losses. The semantic loss is
introduced via terms in the optimisation loss. We show that semantic loss
can be used on its own to generate KG embeddings adhering to subsumptions
defined in ontologies. But more importantly, when semantic losses are used
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together with a task-specific prediction loss this leads to improved performance
on a biologically relevant prediction task compared to training on the prediction
loss alone.

We train concept embeddings as axis-aligned hyperrectangles, or “boxes”,
defined as the Cartesian product of closed intervals,

n

=1

where z; and Z; correspond to the lower and upper coordinate along dimen-
sion i. We encode boxes with a latent variable vector, § = (07,07)"_,, using
the MinDeltaBoxTensors constructor introduced by Chheda et al. (2021),
where the upper and lower box coordinates are defined by z; = 67 and
Z; = z; + softplus(6%). Knowledge graphs are specified in description logic,
only using TBox statements by rewriting class assertions, C(a), as {a} C C
and role assertions, 7(a,b), as {a} C Ir.{b}. Having the database facts in the
same form as terminological statements from the ontologies allows using the
same parameterisation form for all concepts, including the singleton concepts,
{a}, {b}, etc.

To reach these embeddings, we train the latent variables using a GNN with
the architecture derived from the knowledge graph. The network is trained to
minimize a loss function that includes semantic losses calculated on each layer.

Below are the descriptions of each semantic loss.

L: positive semantic loss A loss function that rewards full class inclusion,
and is applied to subclass axioms in the ontology.

L-: negative semantic loss A loss function that penalizes partial class in-
clusion, and is applied to disjointness axioms in the ontology.

Two versions of each loss were tested: one based on the distance between two
boxes; the other based on the overlap of boxes. Detail of their calculation is
provided in Section 2 of Paper IV.

S. cerevisiae gene knowledge graph. In the case of the knowledge graph
describing S. cerevisiae genes, built from community databases, the GNN
embeddings are used as the input layer of a fully connected neural network to
predict digenic deletion fitness (how well strains with two deleted genes grow).
The prediction loss is included in the loss function, with ground truth data
from Costanzo et al. (2016). The networks are simultaneously trained using
the ADAM optimizer to minimize:

L= Luse(y,§) + a(Le + BLD) + Mw|.

10-fold cross-validation on the prediction task shows that the model trained
with semantic losses is significantly better than that without, and that these
approaches both outperform previous embedding methods for the same task.
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Learning in the absence of a prediction task. We trained embeddings
on the same KG as the digenic fitness task, with some modifications. Negative
examples for the negative semantic loss, £, are taken from disjointness axioms
from two sources. Firstly, between the three subclasses in the molecular function
domain, and between each of these classes and the subclasses of the other two
(see Section 4 of Paper IV for details). Secondly, for randomly drawn pairs to
distinguish between individual classes in the graph.

Again, the network is trained using the ADAM optimizer, this time minim-
ising the loss function:

L= Le + BLE + AsRoman + A|w]?,

where Rgman is a regularisation loss which penalises small boxes. The resultant
box embeddings, both before and after the GNN, are shown in Fig. 5.4.

Using box embedding distance to evaluate graph revisions. The box
embeddings we trained proved useful for a prediction task in systems biology,
and captured structure from the ontologies underlying the knowledge graph.
By both measures, predictive accuracy and internal consistency (Paper I), the
embeddings are a good model of the system of study. This led us to consider
using the embeddings to assess hypotheses, and in particular the changes to
embeddings that result from a modification to the knowledge graph.

We designed a prototype algorithm for this purpose, that calculates both
changes to the semantic losses of the embeddings, and the overall shift in box
embeddings themselves, for candidate revisions. We tested this algorithm by
training box embeddings on a subset of the overall graph (Using a 70:30 training
and test split on graph facts, stratified by relation type), and comparing the
distances between true additions and random additions. Random additions were
chosen as a cheap proxy in the absence of negative examples (known false facts).
Results are shown in Fig. 5.5. Certainly this technique needs refinement, but the
initial results from this test are promising, showing significant differences overall
between true and random edges. Whether any information can be gained from
the absolute change in box embedding distance is unclear, but these preliminary
results indicate such measures could be used to rank hypotheses in a robot
scientist.

Knowledge graphs are the preferred data structure for systems biology, and
many other scientific domains. This work extends inference techniques for
knowledge graphs, particularly those with rich ontology structure and onward
quantitative prediction tasks. We demonstrated these techniques on hypothesis
generation and evaluation tasks. We show that neurosymbolic techniques like
this offer a promising direction for scalable and verifiable automated hypothesis
generation and evaluation in systems biology.

Notes

This manuscript is an extension of a previously published conference paper
(Kronstrom et al., 2025). The new contributions from this extension were: the
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class) were significantly different to the ranks of the test edges (p <0.05, two-
sided Mann—Whitney U test). Embeddings were learned with inclusion losses.

semantic losses and additional regularisation losses; new training algorithms to
embed these losses in the GNN training and ontology preprocessing algorithms;
the training example in the absence of a prediction task; and the method for
ranking additional links, and its evaluation.

Author contributions

The conceptualisation of the project was done by Filip Kronstrom, Ross D.
King, Daniel Brunnsaker, and Alexander H. Gower. F.K. designed the
knowledge graph. F.K. and A.H.G. designed the machine learning models
and the algorithms for embedding distance. D.B. performed and analysed the
biological experiment. The project was supervised by R.D.K., and Ievgeniia A.
Tiukova and the funding for the project was acquired by R.D.K.
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Paper V: Investigating uncharacterised genes in
Saccharomyces cerevisiae using Robot Scientists

Problem

In biology, we are often faced with the problem of having a rough hypothesis
that cannot be immediately tested. This is a very common state for a scientist
to be in, and the next step in forming a testable hypothesis is to refine the
rough hypothesis. Box et al. (2005) state that given any hypothesis, we
necessarily deduct consequences from it to compare against the natural world.
These deductions are done using the best available theory of the phenomenon,
optionally together with any contextual empirical data that doesn’t corrupt
the hypothesis test. For example, it is common to constrain simulations in
systems biology with empirical data from related experiments, in order to focus
the uncertainty in the simulation around the hypothesis.

In this study, we begin from just such a rough hypothesis. We investigate
the role of YGR067C, an uncharacterised gene in S. cerevisiae, that is, a gene
whose biological function is unknown. What was known about YGR067C' at the
outset of the study was that its gene product, a protein, contained a zinc finger
motif similar to another protein, Adrlp. This protein had been characterised
as a respiratory transcription factor. In other words it exerted control over
genes important for yeast respiratory function, and was particularly active
during the diauxic shift in S. cerevisiae?. Based on this structural similarity,
and previous data from a diauxic shift study (Brunnséker et al., 2023), we
hypothesised that the gene product of YGR067C also acted as a transcription
factor regulating respiratory genes during the diauxic shift.

The best available theory we have of yeast physiology, as discussed in
Chapter 3, is encoded in a community model, in this case the consensus
genome-scale metabolic model (GEM) Yeast9 (Zhang et al., 2024). As its
function is unknown, YGR067C is not included in any of the mathematical
models of yeast. So, the steps we took in Paper III and Paper IV to make
predictions based on disruption to genes in the computational model were not
an option. We first needed to encode the hypothesis, and once in the model,
we could simulate its effect.

Because the diauxic shift is a dynamical phenomenon in yeast, we worked
with batch cultivations, which are very sensitive to minor fluctuations in
initial conditions and experimental execution. This can complicate statistical
inference, so to obtain empirical data to test our predictions we needed to be
very precise during experimentation.
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Approach and Contributions

The overall approach we took in this study is summarised in Fig. 5.6. The
specifics of the regulation effect of YGR067C was not known, and as discussed
in Section 3.1.2, there are many different ways genes can be regulated. We
tested and compared three different methods of deductive inference from our
hypothesis. The first technique was to directly assume a disruption in the
respiratory pathways. The second method was to use LGEM™, the logical
inference framework developed in Paper III. And the third was using a
flux balance analysis (FBA) model. For predictions using LGEM™ and FBA
simulations, we introduced the effect of the hypothesis by disrupting pathways
associated with respiration.

To produce high-quality, consistent data to evaluate these predictions, there
were two difficulties to address. Firstly, the most useful empirical data modes
were transcriptomics and metabolomics, measurements of gene expression
and compound presence respectively; both are subject to problems of noise.
Secondly, the diauxic shift can be difficult to reproduce experimentally, and
we needed a reliable and reproducible experimental protocol for doing so. To
address both of these difficulties, we designed and executed the experiments
using the automated laboratory cell, Eve (Williams et al., 2015).

We found that our predictions partially agreed with the experimental data,
in particular that there were changes in gene expression in respiratory pathways
during the glucose phase. The accuracy of the predictions using the LGEM™
and FBA models was quite low, indicating that the models and the hypothesis
instantiation algorithm did not capture the subtleties of the regulation effects.
Our results suggest that YGR067C is more active during the fermentative
glucose phase of growth in the diauxic shift, and we were able to conclude that
a more specific formulation of the hypothesis—“ YGR067C induces ethanol
consuming respiratory pathways prior to the diauxic shift”—was consistent
with the evidence. This study highlights the need for better ways of translating
abstract hypotheses into computational models in systems biology.

Author contributions

Conceptualisation and design of study: Erik Y. Bjurstrom, Ievgeniia A. Tiukova,
and Ross D. King. Hypothesis instantiation and simulation: Alexander H.
Gower. Cultivation experiment: E.Y.B., A.H.G., and Praphapan Lasin.
Multiomics extraction: P.L. and E.Y.B. LC/MS processing: Otto 1. Savolainen.

Data analysis: E.Y.B. and A.H.G. Writing: E.Y.B., A.H.G., O.I.S, LA.T.,
and R.D.K. All authors read and approved the final manuscript.

2The diauxic shift is a metabolic rewiring event in S. cerevisiae, where the organism
switches from glucose fermentation to ethanol respiration.
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Paper VI: Agentic AI Integrated with Scientific
Knowledge: Laboratory Validation in Systems
Biology

Problem

The automation of scientific discovery requires Al-robotic systems that can be
directed to complex research tasks, execute experiments, collect and analyse
data, and design and test hypotheses.

Many applications of Al or robotics in science are for specific parts of
a research cycle. In biology labs, for example, robotic liquid handlers are
commonly used. The different data modes and fundamental capabilities, as
well as different brands, models, and ages of these subsystems, cause a lot of
work at the interfaces. Considering the inputs and outputs of these subsystems,
we might need to do quite a lot of work to translate between systems. For
example in LGEM™ (Paper III), the ATP identifies a model for satisfiability
of the negated conjecture, which constitutes a broad hypothesis— “in a AMETS
mutant, a lack of methionine production in the cytoplasm leads to an absence of
cell growth.” This is not actionable, so in order to design an experiment to test
this we would have to analyse the hypothesis in the context of our laboratory
and come up with some ideas for experiments. And even if we then had an
idea for an experiment, we would have to translate this into an actionable
experimental plan before being able to actually execute it, either manually or
with robots.

To automate the discovery process from end-to-end, we need to design ways
for the subsystems to communicate with one another. In this work, we seek
to build a robot scientist that integrates ideas of “agentic AI” systems with
structured scientific knowledge: community databases, logic programs, and a
hypothesis knowledge graph. The idea was to use the strengths of the respective
technologies in the design of the different agents. The central research problems
were:

1. How do we formalise hypotheses in such a way that they are
e as far as possible unambiguous,
o verifiable with the empirical data we were to collect, and
e richly defined and grounded in community ontologies.
2. From this hypothesis, how do we generate experimental plans with as
little human intervention as possible?
3. How do we execute these plans using automated laboratory systems?
4. How can we ensure the interoperability of the different systems, both
internally and with community knowledge?
5. How can we coordinate this system end-to-end?

Approach and contributions

The approach we took was to use the properties of each technology to inform
the system design. Starting with the least flexible, the laboratory hardware, we
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defined the classes of experiments we could perform, from which we specified
the form of the hypotheses for generation. Hypotheses were of the form

+amino acid accumulation — phenotype,

where phenotype was a logic program, learned through inductive logic pro-
gramming (ILP). The forms of the possible logic programs were also specified
during the ILP training based on the types of experiments we could perform.
If future configurations of experimental hardware and protocols would enable
different types of experiments, these structures for hypothesis learning could
be altered accordingly.

Designing the agents and workflow

We considered the relative strengths and weaknesses of the different tools at our
disposal. For the cognitive tasks, including hypothesis generation, knowledge
management, and experiment planning, we would use logic programming,
ontologies, and LLMs.

Logic programming is directly interpretable, has a high degree of specificity,
and is traceable and transparent. However, it is also rigid, constrained to the
formalisms it is provided.

LLMs on the other hand are flexible, plastic, and able to adapt across
domains using the fluid nature of language. They are also quick to iterate and
prototype with, and many have been trained on formal computer languages,
so they can work with these as well as natural language. This lends them
well to being used at the interface of systems, as they can take any serialised
input, and are also reasonably good at formatting outputs according to request.
Among their weaknesses are “hallucinations”—outputs that have no basis in
training data—that they are opaque and non-interrogable, verbose, and data-
and energy-intensive to train. Additionally, the training data set and regime is
often unknown, particularly when working with commercial LLMs.

Ontologies allow for precise definitions of terms, and ensure that data have
specific meaning. This allows direct integration with community databases,
and rich representations. We can also query databases built using ontologies
semantically. However, ontologies require engineering and take time to develop,
and there are many design choices to be made; designing ontologies in an
extensible way takes time and expert knowledge.

Considering the technologies in this way allowed us to identify whether
their weaknesses would cause a problem or not. For example, in the context of
selecting scientific experiments, “hallucination” perhaps is not a problem in
and of itself. Say, for example, that the model “hallucinates” a fact that is not
present in the database, and uses this as the basis for onward reasoning and
generates a hypothesis. This doesn’t present a particular problem in terms of
testing the hypothesis in biology, as our oracle will always be the empirical
data.

We used LLMs to bridge the gaps between these different structured data,
taking advantage of their inherent flexibility and adaptability to different
problems. LLM agents were used, for example, to take a draft experimental
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plan in English (itself the output of another LLM agent) (more or less what one
might provide to a human scientist to perform the experiment) and transform
it to machine instructions for the automated laboratory cell. We found after
testing that segmenting tasks to different agents resulted in more reliable
performance.

The experimental plans were executed by the automated laboratory cell, and
an automated mass spectrometry workflow was used. Human intervention in the
research cycle was limited to supervisory tasks (setting objectives, evaluating
safety) and menial laboratory tasks (transferring cultivation plates between
work stations, filling up stocks and consumables).

Graph database for hypotheses and data

We designed an ontology to record hypotheses about yeast phenotype semantic-
ally, and to link hypotheses with the experiments designed to test them and
the resulting empirical data. Using this ontology we created a graph database.
The database was designed with the particular aim of data reuse—answering
questions with the database is preferable to conducting new experiments. As
a starting point for the ontology design, we observed that the ontology used
to record many of the facts in community knowledge graphs, the Ascomycete
Phenotype Ontology (APO), was insufficient to record hypotheses of this type,
and so it was necessary to create a hypothesis ontology that could go beyond
genotype — phenotype hypotheses, of the sort explored in Paper III and
Paper V, and modelled in the graph database in Paper IV.

We present a draft ontology for hypotheses, which has at its core the concept
of organism states, that are observed at a particular time. A hypothesis is then
that one state ‘implies’ another, a generalisation of the statements allowed by
APOQO. These states are concepts that are a combination of different observables
and genotypes, shown in Fig. 5.8B. Much of the meaning in the hypothesis is
contained in the ‘implies’ relation. In the paper, we discuss this in more detail,
but the specific definition of what this term means and, more importantly, how
to evaluate its truth will vary depending on the domain. In the case of these
hypotheses and experiments, ‘state 1 implies state 2’ is taken to mean that if
state 1 is observed, then at some later time state 2 is observed (as shown in
Fig. 5.8A).

This ontology allowed for statements representing the hypotheses, and also
then (when combined with statements encoding the empirical data) allowed
connecting hypotheses with the data from experiments. This enabled the reuse
of data to partially assess a new hypothesis about proline and formic acid
resistance.

Results

Our system was able to identify novel phenotype-phenotype interactions in
Saccharomyces cerevisiae, including a partial rescue of growth under formic-
acid stress by the amino acid aminoadipate. We were able to reuse data from
previous experiments to partially answer a hypothesis, using the semantic
database. The LLM-agents proved valuable in providing interface between
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query is executed to return the data, else if no, the full automated experimental
generation procedure is followed.
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the hypothesis generation steps, and the experimental hardware. We found
that a combination of LLMs and symbolic verification was able to generate
machine instructions for the experimental robotics, automating a previously
high-friction point in the systems biology research process. This work shows the
value of designing robot scientists according to a multi-agent framework, and
the possibility of retaining the benefits of structured, ontology-based knowledge
stores for scientific discovery.
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