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Abstract 

 

Optimisation of product titre or yield in a bioprocess is crucial for the economic 

and technical success of its operation. This optimisation problem is usually a 

challenge, as it involves several factors or variables. For example, in a bioprocess, 

medium components are important factors in the final titre, and the concentrations of 

each component need to be manipulated to achieve optimal conditions. Here, we 

present an active learning/Bayesian optimisation framework to enhance surfactin 

titres by adjusting medium component concentrations. Surfactin, produced by 

bacteria of the genus Bacillus, is a promising biosurfactant due to its physical and 

chemical properties. However, reported laboratory titres are typically low because of 

its complex molecular assembly pathway. We used active learning to refine the culture 

medium composition through iterative experimentation, enhancing Surfactin C levels 

in Bacillus subtilis DSM 3256. Growth curves and other central metabolites were 

measured as part of the experimental loop. The final medium mixture resulted in 

approximately a 1.6-fold increase after three rounds, compared to the M9 medium 

standard. Reanalysis of the optimisation data reveals trade-offs when comparing the 

production of lipopeptides, such as Surfactin D and Iturin A, with the maximum OD in 

the growth curve data. Organic acids in the supernatant positively correlate with 

Surfactin C levels, suggesting an impact on central carbon metabolism. For some 

metabolites, including certain amino acids and sugars, the change in their abundance 

around the optimal surfactin C mix is not uniform, indicating an "anisotropy" in how 

metabolism reacts to shifts in carbon and nitrogen levels. Thus, our framework 

addresses the challenges of data handling and analysis, offering several visual tools, 

data analysis techniques, and analytical methods (using mass spectrometry), which 

promised to be a contribution to Design, Build, Test & Learn cycles. 

After addressing the challenge of modifying the concentrations of two 

components in the culture medium, we scaled up our approach to optimise surfactin 

production by modifying all seven components of the M9 medium, transforming it into 

a multidimensional optimisation protocol. However, performing the mixing and 

medium preparation became technically challenging. 
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Thus, this experiment was made possible through a high degree of automation, 

both computationally and experimentally. Two pipelines were built: the first one 

addresses the initial sampling and first robotic experiment in a Bayesian optimisation 

loop, while the second one execute data analysis following data acquisition from the 

mass spectrometer and can couple with the concentration mixing protocol in the 

Opentrons OT-2 robot for subsequent iterations. The Opentrons scripts were able to 

calculate and transfer the correct volumes of each component based on the stock 

concentration and desired concentration in the wells, generating robot-ready 

instructions to perform the mixing. Similar protocols were employed for quenching 

and sample preparation, enabling a full experimental cycle in 2-3 days.  

In the experimental design part, we opted for an off-line approach, whereby 

sufficient samples—specifically 42 combinations with four replicates each, plus 

quality control and biological controls—were obtained from a single space-filling 

design to cover the full seven-factor space. The results indicate that combinations 

close to the M9 reference composition are the highest producers of surfactin C, 

confirming the optimal carbon and nitrogen conditions from the previous 2D iterative 

experiment. We then generated a high-quality surrogate model of production outputs, 

including lipopeptide production and biomass, measured as OD. This model serves as 

a realistic benchmark for testing single-objective and multi-objective lipopeptide 

production optimisation using Bayesian optimisation. From the single objective 

optimisation, results showed that the optimal number of initial samples and batch size 

can be adjusted to achieve the maximum Surfactin C yield in fewer iterations. 

However, the greater number of factors and the observed variance in the 

measurements mean the iterations cannot be reduced further, with approximately 10 

iterations required using our current experimental setup of seven initial samples and 

seven combinations per batch (with 4 replicates). In the case of multi-objective 

optimisation, A Bayesian optimisation framework was able to identify the Pareto Front 

between lipopeptide production and biomass in the 7-dimensional factor space, with 

batch sizes and number of iterations comparable to those obtained from microplate 

experiments. This thesis tested that Bayesian optimisation is a feasible option for 

optimisation of secondary metabolites such as lipopeptides and that this approach 

can integrate with automation for high-throughput microbial metabolism studies. 
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Lay Summary 

 

Bacteria is a source of relevant chemicals for modern society, as well as a 

promised system for sustainable (bio)chemical production of complex molecules, 

that often have large carbon footprints. A bacterial genus commonly employed in 

bioprocess is Bacillus. This genus has demonstrated being a source of many 

chemicals of relevance, as well as a chassis for bioproduction of custom molecules. 

In this project, we focus on increasing the production of a natural product called 

Surfactin, made by Bacillus. Surfactin is a biosurfactant, a type of molecule that has 

various uses in cleaning, oil recovery, and other industries due to its special properties. 

However, getting bacteria to produce high amounts of Surfactin is difficult because 

the synthesis process inside the bacterium is quite complex. 

To solve this, we used machine learning and experimental design to adjust the 

ingredients in the bacterium’s growth medium. By carefully changing the amounts of 

certain components, we were able to increase Surfactin production by about 1.6 times 

compared to standard methods. In addition to boosting Surfactin levels, we also 

learned more about how the bacterium’s metabolism changes when conditions like 

carbon and nitrogen levels are adjusted. We found that certain substances, such as 

organic acids, were linked to higher Surfactin production. Understanding these 

relationships helps us fine-tune the production process. 

Then, with the goal of changing every component in the growth medium, we 

used robots to prepare the growth medium and computer programs to analyse the 

results, helping us decide how to improve the process further. 

Overall, this project shows how combining automation, machine learning, and 

fast experimentation can make bioprocesses more efficient. This is especially useful 

for producing valuable and renewable products like Surfactin and could lead to more 

sustainable (bio-)chemical production in the future. 
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1. Introduction 

1.1. Brief introduction to bioprocesses 

Bioprocess engineering is a discipline that integrates biology, chemistry and 

engineering to optimise the use of living cells or their components to produce valuable 

substances (O’Brien & Hu, 2020). This approach is pivotal across various industries, 

from pharmaceuticals to food and biofuels, by turning raw biological materials into 

useful products under controlled and optimized conditions (Koutinas et al., 2012). 

In the pharmaceutical sector, bioprocesses enable the production of critical 

biopharmaceuticals, including vaccines and monoclonal antibodies, through 

techniques involving the cultivation of cells, extraction, and purification processes 

(Jozala et al., 2016; Szkodny & Lee, 2022). For example, during World War II, 

bioprocess engineering facilitated the scaled-up production of penicillin, transforming 

it from a laboratory-scale promise to a mass-produced antibiotic (Rokem et al., 2007; 

Wang et al., 2014; Bandyopadhyay et al., 2017). 

The food and beverage industry also benefits significantly from bioprocesses. 

Yeast and bacteria have been used from ancient times in the fermentation of products 

like beer, wine, and cheese (Maicas, 2020; Siddiqui et al., 2023), where modern 

bioprocess engineering have helped to optimise production and final quality in terms 

of flavour, texture and other organoleptic properties (Bibra et al., 2021). Two 

interesting examples are the production of plant-based proteins and alternative meat 

products. These innovations leverage bioprocessing techniques, such as precision 

fermentation and cell culture, to create sustainable and environmentally friendly 

alternatives to traditional animal-based products (Post et al., 2020; Rubio et al., 2020; 

Chen et al., 2022). 

Furthermore, in the energy sector, bioprocess engineering contributes to 

sustainable practices by facilitating the production of biofuels such as bioethanol 

from agricultural feedstocks (Melendez et al., 2022; Periyasamy et al., 2023). This 

application fits into the global concept of biomanufacturing, where renewable sources 

are harnessed to produce bulk chemicals such as bioplastics (Rosenboom et al., 2022; 
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de Souza & Gupta, 2024) and bio solvents (Li et al., 2016), or fine chemicals such as 

taxol (DeJong et al., 2006; Xie et al., 2024) or artemisinin (Paddon et al., 2013), using 

biosynthesis or biological transformations. 

Bioprocess engineering involves two main development phases: upstream and 

downstream processing. Upstream processes focus on the preparation and 

cultivation of microbial or cell cultures to optimize their growth and productivity 

(Matanguihan & Wu, 2022). Downstream processing, meanwhile, involves the recovery 

and purification of bioproducts from the culture medium, which is essential for 

achieving high purity and quality in the final product (Baumann & Hubbuch, 2017; 

Cramer & Holstein, 2011). 

On upstream development, advancements in genetic engineering, process 

analytics, and the integration of new bioreactor technologies, have made culturing of 

microbes a reliable and efficient process (Boodhoo et al., 2022). Moreover, several 

efforts are focused on testing growth conditions and process parameters in smaller 

system in comparison to larger cultures, which are more expensive to test 

(Lattermann & Büchs, 2015). These scale-down approaches benefit of lower cost and 

higher throughput for parameter optimisation, given valuable physical and 

biochemical information for scaling-up development (Delvigne et al., 2017). Thus, 

several platforms going from nanolitres, such as microfluidic devices (Funke et al., 

2010; Brás & Fernandes, 2024), to plate experiments in microliters (Auld et al., 2004), 

offers a comprehensive solution for screening and optimizing microbial cultures 

(Figure 1.1). 
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Figure 1.1. Development in upstream processing from the nanolitre to thousands of litres. 

Different platforms are used to grow microorganisms on scale. Each of them offers 

advantages and disadvantages, where the cost per sample goes down with the size, but the 

physical environment might be less representative for bulk process development. 

Typical measure of performance in bioprocess development are titres, rates 

and yield (TRY). Titres correspond to the concentration of desired compound in the 

final solution (Konzock & Nielsen, 2024), which can be reported as relative 

abundances, concentration on molar units or g/L. Rates refer to the speed at which 

the bioprocess produces the desired product, often measured as volumetric 

productivity (g/L/h), while yield indicates the efficiency of the conversion process, 

representing the amount of desired product generated per unit of substrate consumed 

(Konzock & Nielsen, 2024). Optimisation techniques are key to increasing these 

numbers, by overcoming trade-off in bioprocess conditions, and therefore expanding 

profit margins at operation (Banerjee & Mukhopadhyay, 2023). These are focused on 

manipulating medium components or abiotic components, such as temperature and 

agitation, via a proper experimental design, so that the organism can grow optimally 

and/or synthesise more of the desired compound (Mandenius & Brundin, 2008; 

Mondal et al., 2023; Zhou et al., 2023). Optimisation can also be performed at the 

molecular level, by engineering pathways for enhanced production and coupling 

pathways to growth for laboratory evolution of process strains (Jones & Koffas, 2016; 

Cheng et al., 2023). Finding optimal conditions can later inform intensification of the 

bioprocess, where production is taken to bigger scales and with more resources, such 

that cultures cycles are faster and robust, i.e., consistent production over time and cell 

generations (Boodhoo et al., 2022; Olsson et al., 2022) 

The project uses surfactin production in Bacillus as the bioprocess to analyse 

and optimise titres by changing culture medium composition. 

1.2. Surfactin production by bacteria 

1.2.1. Surfactants and biosurfactants.  

Surfactants are molecules capable of altering the surface tension of interfaces 

(Cullum, 1994). A common system is the water-air interface, where surfactants added 
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to the water decrease its surface tension (Cullum, 1994). Due to this effect, they are a 

fundamental resource in modern industry, including wetting agents, emulsifiers and 

adjuvants, as well as in the home as detergents and cleaners (Shaban et al., 2020).  

These molecules are generally amphiphilic, exhibiting a hydrophilic "head" and 

a hydrophobic "tail" (Myers, 2020). The resulting polarity induces the surfactant 

molecules to organize in a way that the hydrophilic heads are oriented towards the 

water, while the hydrophobic tails are directed away from it, leading to the formation 

of layered structures at interfaces, and altering water’s cohesive forces (Myers, 2020). 

If the concentration of surfactant molecules in solution exceeds a certain threshold 

known as the critical micelle concentration (CMC), micelle structures can form 

(Perinelli et al., 2020). In micelles, the surfactant molecules arrange themselves in 

spherical structures with the hydrophobic tails pointed inward, away from the water, 

and the hydrophilic heads pointed outward. This arrangement minimizes the 

unfavourable interactions between the hydrophobic tails and the aqueous 

environment, thereby stabilizing the structure of the micelles in solution (Perumal et 

al., 2022). Micelles are important in various applications, including in detergents for 

breaking down oils and in drug delivery systems for encapsulating hydrophobic drug 

molecules (Perumal et al., 2022).  

Most of the daily-used surfactants are derived from the petroleum or vegetable 

oil industry (Bhadani et al., 2020). The chemical synthesis process of these molecules 

involves a pipeline where the hydrophilic head is added to a long carbon chain with a 

terminal reactive group, as in the case of sodium lauryl ether sulphate (Zumpano et 

al., 2024). On the renewable side, agricultural feedstocks can be transformed via a 

chemical process into fatty acids and other biomolecules, that can be further used as 

reagents for surfactant manufacturing (Bhadani et al., 2020). 

Oil-derived surfactants are a constant environmental problem and their 

corresponding long-term impact on the environment is still being investigated 

(Johnson et al., 2021). Alternatives have been proposed to replace oil-based 

surfactants, where these options need to fulfil several criteria to be used in high-duty 

applications expected for industrial use. Thus, an effort has been made to produce 

biosurfactants, which are environmentally friendly, safe for human health, and 
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biodegradable (Nikolova & Gutierrez, 2021; Markande et al., 2021; Eras-Muñoz et al., 

2022). Biosurfactants, or bio-based surfactants, are defined as surface-active 

compounds produced by living organisms, such as bacteria, fungi, and plants (Henkel 

et al., 2017). When microorganisms are only considered as producers, i.e., microbial 

surfactants, these molecules alone encompass a wide range of chemical classes, 

including lipopeptides, glycolipids, phospholipids, polymeric surfactants, among 

others (Jahan et al., 2020; Twigg et al., 2021; Vieira et al., 2021) and are synthesized 

by strains from different phyla (Soberón-Chávez & Maier, 2011; Kumari et al., 2023).  

Industrial production and demand for surfactants are increasing year after year, 

with a valuation of USD ~43.5 billion in 2022 (MarketsAndMarkets, 2024), with an 

expected biosurfactant market growth from approximately USD 1.2 billion to USD 2.3 

billion by 2028 (MarketsAndMarkets, 2024). Thus, to keep the pace with demand, there 

is increasing pressure to optimize titres for biosurfactant biorefineries, finding stable 

microbial surfactants for high-duty applications and overcoming the natural trade-offs 

between higher production and cell density due to biosurfactant-induced foaming and 

membrane disruption (Kanwal et al., 2023). 

1.2.2. Surfactin characterisation and properties.  

Surfactin is a promising biosurfactant for various applications, and its 

biosynthesis has been thoroughly studied, making it a well-known representative of 

microbial biosurfactants (Arima et al., 1968; Théatre et al., 2021). Originally isolated 

from a Bacillus sp. culture (Arima et al., 1968), researchers later realized it can be 

produced by several other species of the genus Bacillus (Steinke et al., 2021). It 

currently has a wide range of applications in industry, agriculture, and medicine, 

including uses as emulsifiers, dispersants, and biocontrol agents (Ongena and 

Jacques, 2008; Jacques et al., 2011; Zhen et al., 2023).  

In nature, surfactin secretion provides bacteria with additional capabilities that 

aid in survival or feeding exploration. It is known that in situ surfactin production 

facilitates cell motility and colonization (Raaijmakers et al., 2010), with cells 

swimming along on waves of surfactin searching for better feeding conditions 

(Angelini et al., 2009). When interacting with other bacteria, surfactin production is 

induced as a spatially distributed antibiotic, disrupting the membranes of nearby cells 
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(Stein, 2005; Hoefler et al., 2012; Luzzatto-Knaan et al., 2019). Interestingly, it has also 

been proposed that membrane depolarization mediated by surfactin presence 

provides a mechanism of cell survival under conditions of oxygen depletion (Arjes et 

al., 2020).  

1.2.3. Biosynthesis and regulation 

On the chemical side, surfactin is classified as a lipopeptide, possessing a 

hydrophilic amino acid ring “head” and a hydrophobic fatty acid “tail”. Surfactin 

biosynthesis is carried out by a non-ribosomal peptide synthetase (NRPS) system 

(Koglin et al., 2008; Süssmuth & Mainz, 2017; Théatre et al., 2021). NRPSs are gene 

clusters that encode mega enzymes which produce molecules in tandem, like an 

assembly line. These enzymes possess multiple domains, catalysing different 

biosynthetic reactions in coordinated action (Weissman, 2015). Each module 

comprises a condensation, adenylation, and a thiolation domain, catalysing the 

integration of an amino acid, with rules for amino acid insertion determined based on 

enzyme motifs (Süssmuth & Mainz, 2017). This module structure is not fixed, as 

additional reaction domains can be present, such as epimerization domains (Miller & 

Gulick, 2016), which is observed in the final surfactin molecule by the presence of the 

two stereoisomers of the amino acid Leucine. In the surfactin gene cluster, 3 

biosynthetic genes encode for megaenzymes containing seven modules in total, each 

of them facilitating the incorporation of a single amino acid, and thus synthesising the 

final heptameric amino acid ring (Théatre et al., 2021). Surfactin C, comprising an n-

carbon fatty acid and a ring composition of L-Glu1-L-Leu2-D-Leu3-L-Val4-L-Asp5-D-

Leu6-L-Leu7 (Figure 1.2), is one of the most well-known variants and therefore a 

representative of the family (Théatre et al., 2021).   

Due to its combinatorial assembly mechanism, there is not a single, defined 

biosynthetic pathway leading to surfactin production. Instead, multiple pathways 

supply the required molecular precursors in the cytoplasm for assembly. These 

precursors include the branched-chain fatty acids and amino acids that form the final 

molecule (Hu et al., 2019; Xia and Wen, 2022). This flexibility in assembly implies that 

variants of surfactin can be produced, especially if a precursor undergoes slight 

modifications or if there is an error in the amino acid assembly. This results in a family 
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of related molecules, known plurally as the surfactin family or surfactin-like molecules 

(Ongena and Jacques, 2008).  

 

Figure 1.2. Chemical structure of Surfactin C and other lipopeptides found in Bacillus. The 

amino acid residues are coloured for easy visualisation. L-Glutamate is in orange, L-Leucine 

in green, D-Leucine in purple, L-Valine in dark red and L-Aspartate in blue. The ester bond links 

the fatty acid to the ring.  

From a regulatory perspective, several genetic systems influence the regulation 

of the surfactin biosynthetic gene cluster. A notably significant one is quorum sensing, 

primarily via the ComQXPA system (Qiao et al., 2024), the competence system in 

Bacillus. Within this system, the NRPS cluster promoter gene, Psrf, is stringently 

regulated within a specific subpopulation (López and Kolter, 2010; Kalamara et al., 

2018; Rahman et al., 2021). Specifically, there is a cascade of responses based on 

environmental conditions, such as nutrient availability. The competence system, 

including the genes ComA-P, ComS and ComK, senses the presence of ComX in the 

extracellular medium due to cell density (Comella & Grossman, 2005). ComA has been 

demonstrated to positively regulate the surfactin cluster, triggering the production as 

response to increasing neighbour population (Nakano et al., 1991).  One of the 

mentioned genes, ComK, is also induced by AbrB, which is in turn repressed by Spo0A. 

The gene Spo0A controls several genetic programs in Bacillus towards sporulation 

(López et al. 2009; López and Kolter, 2010). Indeed, it has been recognised that 

sporulation and competence are alternative responses when cells are in starvation or 

general environment perturbation (Schultz et al., 2009).  

In addition to sporulation-competence processes, other genes either activates 

or represses the surfactin cluster expression (SubtiWiki) (Elfmann, 2024), including 
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PerR, which is an iron uptake repressor (activation) (Hayashi et al., 2005), PhoP, a two-

component systems involved in adaption to manganese concentration (activation) 

(Salzberg et al., 2015), Abh, that is related to biofilm formation and secondary 

metabolite production (repression) (Chumsakul et al., 2011), CodY, which senses and 

regulates metabolic states and it is one of the genes responsible for catabolic control 

(repression) (Serror & Sonenshein, 1996), and Spx, involved in stress response 

(repression) (Nakano, 2003).  

Additionally, surfactin itself is considered a quorum molecule, causing 

important metabolic shifts to other Bacillus strains (Wen et al., 2021)     

1.3. Design of experiments in bioprocesses. 

Bioprocess optimisation is performed by tweaking parameters or inputs and 

quantify the influence of them in the output, which is commonly a titre and yield. An 

experimental scheme which is commonly used to test these inputs is one-factor-at-a-

time (OFAT) experiments. As the name indicates, the experiments are recording by 

keeping all factor fixed, except for one that it is varied. This procedure is repeated until 

every factor has been tested (Czitrom, 1999). Although this method is still popular in 

the literature, it has been described as inadequate to optimise bioprocesses (Toms et 

al., 2017). It possesses clear disadvantages, such that no interactions between 

factors/inputs can be resolved (Czitrom, 1999) and the chosen level for the fixed 

factors may be not an appropriate one for a realistic bioprocess operation (Toms et 

al., 2017). OFAT may have a use in determining the range of factors affecting culture 

growth, since above a value of specific component, prominent cell death might be 

observed and that determines the maximum value of the range. Examples of One-

factor-at-a-time (OFAT) experiments in bioprocesses, often in comparison with other 

experimental designs, include enzymes and valuable amino acids (Abdel-Rahman et 

al., 2020; Bhaturiwala et al., 2022; Nor et al., 2017). 

Therefore, better experimental designs are needed that can be sample-efficient, 

while obtaining detailed information about factors’ influence. Thus, classical design 

of experiments (DoE) has been extensively used for optimisation of bioprocesses, and 

specifically in biosurfactant production (Mandenius & Brundin, 2008; Bertrand et al., 
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2018; Kasemiire et al., 2021). Although experimental designs are abundant in the 

literature for different process objectives, a few of them are often selected by their 

generality and modelling complexity. These are factorial designs, response surface 

methodology using central composite design (CCD) and screening designs such as 

Plackett-Burman (Balakrishnan et al., 2022). 

1.3.1. Common design of experiments approaches in bioprocesses  

Factorial design involves testing 2 or more levels for each factor to manipulate 

and measure the output for each combination of these levels (Lawson, 2015). In the 

simpler case, a minimum value and a maximum value per factor is taking into 

consideration (2 levels), so the number of combinations and required experimental 

samples is 2k, where k is the number of factors (Lawson, 2015). Outputs of full 

factorial designs and their variation, using 2k experiments, can be modelled using a 

linear model over the factors, now variables in the model, and their interactions, 

represented as product of the variables (Kaltenbach, 2021a). When a lower level of 

detail is required, it is possible to halve a full factorial design into a fractional factorial 

design, which requires less experiments, but the interactions are confused with other 

terms in the model, changing the interpretation of the coefficient in the linear model 

related to variable importance (Kaltenbach, 2021b). Factorial designs have been 

successfully employed to understand bioprocess parameters, both at medium 

composition and process operation (Mandenius & Brundin, 2008. There are reported 

uses in biosurfactant production, including analysing the effect on medium 

components in surfactin yield (Fonseca et al., 2007; Zouari et al., 2014). 

Response surface methodology (RSM) aims to model surfaces of outputs as 

approximations for a true output (Breig & Luti, 2021). The most popular design to 

perform RSM is central composite design (CCD). CCD can obtain extra information 

about the measured output, since more points are added in the area between the min-

max range of the factors, in comparison to a factorial design. These points allow for 

higher flexibility modelling, with quadratic models being commonly employed to 

predict the output over the design space (Lawson, 2015). A CCD can be split into cube 

points, which reassembles a factorial design and star points, which correspond to a 

radially shape set points inside the cube domain (Figure 1.3). CCD satisfy a series of 
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desirable statistical properties, such as being rotatable (all points are at the same 

distance of the centre) when proper samples are selected (Lawson, 2015). CCD have 

a profound influence in engineering science, and it is a popular choice in bioprocess 

modelling, e.g., in the optimisation of bioethanol production (Pereira et al., 2021).  

 

Figure 1.3. Central composite design in 2D and 3D design spaces. Central composite 

design can be decomposed into cube points that are 2-level factorial designs over the 

design space, and star points that add the flexibility to fit higher-order models to the 

data. 

Finally screening designs are alternative design that tries to obtain information 

about which factors have influence in the output using a minimum number of designs. 

Like fractional factorial designs, interactions are lost in the modelling and only 

contribution of single factors can be quantified.  Such designs, such, as Plackett-

Burman have been for determination of important components in defined and rich 

culture medium (Srinivas et al., 1994; Nanthakumar et al., 2013) and for selection of 

process parameters (Agarabi et al., 2015). List of design of experiment approaches 

and literature examples in bioprocesses can be consulted in (Kasemiire et al., 2021; 

Mandenius & Brundin, 2008) and for biosurfactant in (Bertrand et al., 2018). 

1.4. Modelling beyond polynomial models 

Polynomial models are a powerful family of models that can be used to 

understand several quantitative biological processes. However, they have some 

limitations. While polynomial models can capture nonlinearity, they assume a specific 
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form of nonlinearity, which may not align with the true nature of the biological output 

to model (Mead, 1971).  Thus, machine learning models have been employed as 

flexible models that can approximate outputs coming from different biological data 

structures. 

Machine learning algorithms deal with the problem of analysing data, which is 

the input of the algorithm, and predict a property or number when new inputs are 

presented (Murphy, 2012). A dataset is normally written as: 

 

with xi an input point (with arbitrary number of dimensions), corresponding to a 

dependent variable and yi the values or labels to predict. Thus, the goal of machine 

learning is to find a good predictor for yi, i.e, a model f(x) that can “learn” to accurately 

estimate the values of yi,, given the input data xi  and can predict unseen data with 

similar properties to the input (Ben-David & Shalev-Shwartz, 2014).  

A machine learning model can be parametric, containing parameters similar to 

the coefficients in polynomial regression. Tweaking these parameters by following a 

statistical criterion generates the predictor and the relationship between the 

parameters is the base of the model structure (James et al., 2023). On the other hand, 

there are non-parametric models, which use the data to infer the appropriate structure 

for model. In both cases, training is the process by which the parameters or the 

structure of a model are determined as optimal given a train dataset and constitutes 

the learning part (Ben-David & Shalev-Shwartz, 2014). 

Although these algorithms tackle a diversity of prediction tasks, two main 

classes are important for their discussion: classification and regression. 

Classification deals with assigning input to discrete outputs or category, known as 

labels. Thus, the goal of a classification algorithm is to predict which category or class 

an input belongs to, based on the features of that input (James et al., 2023. For 

example, in a medical diagnosis system, a classification algorithm might be used to 

determine whether a patient has a particular disease (e.g., "disease" or "no disease") 

based on symptoms and medical test results (Ahsan et al., 2022). 
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In contrast, regression is concerned with predicting continuous numerical 

values. Instead of assigning inputs to discrete categories, regression algorithms 

predict a value that can take any number within a range (Gelman et al., 2020). For 

instance, in a house pricing model, regression could be used to predict the price of a 

house based on features like square footage, number of bedrooms, and location. 

Both classification and regression are supervised learning tasks, meaning they 

require a labelled dataset where the correct output (label or value) is known for each 

input (Hastie et al., 2009a). The algorithm learns from this data to make predictions 

on new, unseen data. While classification and regression are distinct in their goals, 

they often share similar underlying techniques and models, such as decision trees, 

neural networks, and support vector machines, which can be adapted to either type of 

task depending on the nature of the problem at hand (Hastie et al., 2009a). In contrast, 

unsupervised algorithms try to uncover patterns in the input data without predicting a 

label (Hastie et al., 2009b). These techniques often embed a dataset into a lower-

dimensional representation, expecting to find distinctive patters and/or use distance-

based techniques to analyse similarity between points (Izenman, 2008a, 2008b).  

When talking about the best predictor for a given dataset, accuracy is 

important, but it is not everything to consider. Certain models can adjust to any 

dataset, but they lack predictive power for unseen data, and therefore there are not 

generalisable. This situation is called overfitting (James et al., 2023). Similarly, a 

model could be too “stiff” and do not represent the variation observed in the dataset, 

resulting in underfitting (Hastie et al., 2009a). Therefore, there is a trade-off, often 

called in the literature bias–variance trade-off, that guides the selection of the model, 

improving accuracy but choosing an appropriate complexity or number of parameters 

in the model (Briscoe & Feldman, 2011; Belkin et al., 2019; Doroudi, 2020; Fong & 

Holmes, 2020). 

For this work, we will focus solely on regression, since we are looking to predict 

quantitative data obtained by metabolomics or optical density measurements. We will 

dive first into Gaussian processes, which are core to the modelling part of the thesis 

and then consider other machine learning approaches for titre modelling.  
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1.4.1. Gaussian processes regression 

A Gaussian process is a stochastic process such that any finite collection of 

random variables, indexed by a continuous variable, should follow a multivariate 

Gaussian distribution (Rasmussen & Williams, 2006). In a more intuitive sense, these 

random variables can be seen as values of functions or infinite length vector over a 

continuous domain. Thus, Gaussian processes (GPs) are defined as a probability 

distribution over functions. This means that when we "draw" a sample from a 

Gaussian process, the outcome is not a single number or vector, but rather an entire 

function defined over the specified domain (Rasmussen & Williams, 2006) (Figure 

1.4).  

 

Figure 1.4. An example of a Gaussian process defined in a unidimensional domain 

(x). The Gaussian process was defined with a mean of 0 and the covariance function 

is the exponential kernel, also called the radial basis function. The colour curves are 

draws from this process. 

This might initially suggest that working with such a model would be 

computationally impossible, given the infinite number of values involved. However, the 

Gaussian nature of the process is particularly powerful because it allows us to 

compute the distributions of interest exactly, using finite means (Rasmussen & 

Williams, 2006). Specifically, when we are concerned with the function values at a 

finite number of points, the joint distribution of these values is a multivariate Gaussian, 

characterized by a mean vector m(x) and a covariance function or kernel k(x,x’) 

(Rasmussen & Williams, 2006) and it is normally written as (Equation 1): 
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For Gaussian process regression (GPR), a GP is conditioned on observed data 

points, so we update our prior beliefs about the underlying function to form a posterior 

distribution that reflects both the observed data, and our assumptions encoded in the 

kernel function (Rasmussen & Williams, 2006). This posterior distribution is still a 

Gaussian process, but it is now centred around the observed data points, with 

uncertainty quantification that accounts for how far other points are from the 

observed data and how much the kernel function suggests they should be correlated 

(Rasmussen & Williams, 2006; Murphy, 2012) (Figure 1.5). 

Mathematically, given a set of observed input-output pairs D, 

  

and a Gaussian process prior with mean 0, it is possible to analytically obtain the mean 

prediction and variance predictions (Equation 2 & 3) when modelling the data using a 

GPR: 

 

 

Figure 1.5. Gaussian process regression on a 1D dataset with 4 points. The dataset 

points are shown in red. The blue line indicates the mean prediction, the grey area 

represents a 95% confidence interval based on uncertainty prediction. The dashed 

lines show three samples of the conditioned process. 
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The covariance function, or kernel, indicated in the GP formulas as k(x,x’) (x and 

x’ are two different points), plays a crucial role in Gaussian process regression. It 

captures the degree of similarity or correlation between those points (Duvenaud, 

2014). The choice of this kernel function determines the characteristics of the 

functions that the Gaussian process models—such as smoothness, periodicity, and 

amplitude. Common kernels include the squared exponential or the Radial Basis 

Function (RBF) kernel, and the Matérn kernel, which allows to control model 

smoothness.  

The squared exponential or the Radial Basis Function (RBF) kernel (Equation 4) 

is inspired by the normal distribution and can fit general datasets as a smooth 

approximation (Duvenaud, 2014). This kernel was used for the simulation in Figure 

1.5. 

 

The more complex Matérn kernel (Equation 5) can deal with rougher 

approximations, with the presence of a shape or smoothness parameter v a 

modulator of the “roughness” of the output to estimate (Stein, 2012; Matern, 2013) 

(Figure 1.6). 
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Figure 1.6. Gaussian process draws with a Matern kernel as covariance function. The 

Gaussian process was defined with a mean of 0 and the covariance function is the 

Matern kernel, with shape parameter v = 0.5. The colour curves are draws from this 

process. 

An important parameter of kernels used in GPR is the lengthscale, which adjust 

the “granularity” of the model, i.e., smaller lengthscales means that the model is very 

fine-grained with many features in small zones compared to the domain, while larger 

lengthscales means that the model gets smoother with patterns comparable with the 

domain size. Very small lenghtscales can induce overfitting, while big ones can 

underfit the data. To choose reasonable lenghtscales, one can use a marginal 

likelihood approach to “condense” model complexity or by using a cross-validation 

method (Rasmussen & Williams, 2006) 

Other kernels such as the rational quadratic kernel and the linear kernel can be 

seen as versions to perform Bayesian polynomial regression. Periodic function can be 

modelled better using a periodic kernel, involving the exponential sine function. 

Indeed, it is indicated in Rasmussen & Williams, 2006, that sophisticated kernels can 

“absorb” the details of diverse classes of data and developing new kernels for GPR is 

key for the expressivity of these models. 

This ability to model uncertainty is one of the strengths of Gaussian process 

regression. In particular, the posterior variance allows us to identify regions of the 

input space where the model is uncertain and could benefit from additional data, a 

property that is exploited in strategies such as active learning and Bayesian 

optimization (Shahriari et al., 2016; Snoek et al., 2012). Another important property is 

that is non-parametric in the sense of the model (except for the kernel parameter), 

because the structure of model is inferred from the observed points (following the 

kernel information) (Murphy, 2012). 

In practice, the computational demands of Gaussian processes can be 

significant, particularly as the size of the dataset grows. The computation of the 

covariance matrix, which involves an operation on the order of O(n3) for n data points, 

can become a bottleneck (Rasmussen & Williams, 2006). However, data sets with 

dimensions not exceeding the thousands, which are typically seen in physical 
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experiments, GPR models can be computed in reasonable time in home computers 

(Rasmussen & Williams, 2006). Additionally, various global (such as sparse 

approaches) and local approximation methods have been developed to make 

Gaussian processes more scalable (Liu et al., 2020). These methods allow the use of 

Gaussian processes in large-scale applications while retaining much of the model's 

inherent flexibility and uncertainty quantification capabilities. 

1.4.1.1 Heteroskedastic Gaussian process regression 

Gaussian process regression can be adapted to heteroskedastic noise in 

experimental outputs (Goldberg et al., 1997). Heteroskedasticity means that observed 

variance varies depending on the inputs, and it is a common feature observed in 

biological data (Cleasby & Nakagawa, 2011). To achieve the goal of modelling 

heteroskedastic data using GPs, two Gaussian processes can be used, one for the 

mean and for the variance, generating a hierarchical model. The prior of both GPs can 

be handled jointly and a posterior for the variance or noise can be sampled using 

Monte Carlo techniques (Goldberg et al., 1997; Balandat et al., 2020). 

1.4.2. Other machine learning algorithms and cross-validation 

1.4.2.1. Supervised algorithms 

Supervised learning algorithms form the backbone of machine learning, 

wherein models are trained on labelled data to make predictions or classifications. 

Linear regression, one of the simplest and most well-known supervised learning 

algorithms, aims to model the relationship between a dependent variable (vector) y 

and one or more independent variables X as a matrix, by fitting a linear equation to the 

observed data (Christensen, 2020). The fundamental equation for simple linear 

regression (Equation 6), where there is only one independent variable, can be 

expressed as: 

 

Here, y represents the dependent variable, β is the coefficient vector for the 

independent variable (matrix) X, and epsilon is the error term, which accounts for the 

deviation of the observed data from the predicted line.  



18 
 

While linear regression provides an easy-to-interpret model for understanding 

linear relationships, it is not always adequate for capturing complex, non-linear 

patterns in the data. To address this limitation, more sophisticated supervised 

learning algorithms are employed. We will examine a specific model that will be used 

in Chapter 4: random forest.  A random forest is a model that builds multiple decision 

trees and aggregates their predictions to improve the accuracy and robustness of the 

model (Breiman, 2001; Hastie et al., 2009). The prediction for a new instance in a 

random forest for regression (Equation 7) is given by: 

 

where is the prediction of the t-th decision tree, and T is the total number of trees in 

the forest (Hastie et al., 2009). The prediction given by each decision tree, h(x) 

(Equation 8) can be derived from the tree structure (Hastie et al., 2009): 

 

The performance of a random forest is influenced by various hyperparameters, 

which are parameters not learned from the data but set before the learning process 

begins. Key hyperparameters in random forests include the number of trees T, the 

maximum depth of each tree, the minimum number of samples required to split a 

node, and the number of features considered for splitting at each node. The process 

of selecting the optimal values for these hyperparameters, known as hyperparameter 

tuning, is paramount for enhancing the model's performance and ensuring it 

generalizes well to unseen data (Bernard et al., 2009; Probst et al., 2019). 

Hyperparameter tuning is often performed using techniques like grid search, 

where a predefined set of hyperparameters is exhaustively searched, or random 

search, where hyperparameters are randomly sampled from a distribution. More 

advanced methods, such as Bayesian optimisation, can also be employed to explore 

the hyperparameter space more efficiently by modelling the relationship between 

hyperparameters and model performance (Yang & Shami, 2020). 
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Linear regression and random forests are just two examples of the variety of 

machine learning, that also includes kernel methods such as support vector machines, 

gradient boosting, logistic regression, among others (Ray, 2019). Each of them has a 

specific internal structure that accommodates to certain characteristics of the dataset 

to model. Small neural networks provide a link between classical machine learning 

algorithms, which usually consist of a small or medium of parameters, and large 

parametric models involving neural networks with multiples layers and the field of 

deep learning (Goodfellow et al., 2016). 

1.4.2.2. Cross-validation 

Cross-validation is a statistical method used to estimate the generalizability of 

a predictive model (James et al., 2023). It serves to mitigate the risk of overfitting, 

ensuring that the model performs well not just on the data it was trained on, but also 

on new data. This technique is particularly important in scenarios where the goal is to 

make the most out of limited data samples. 

The crux of cross-validation involves partitioning the available data into 

subsets, performing the analysis on one subset (known as the training set), and 

validating the analysis on the other subset (referred to as the testing set) (James et 

al., 2023). To reduce variability, multiple rounds of cross-validation are performed 

using different partitions, and the validation results are averaged over the rounds 

(James et al., 2023). 

One of the most common methods of cross-validation is k-fold cross-validation 

(Figure 1.7). In k-fold cross-validation, the original sample is randomly partitioned into 

k equal sized subsamples. Of the k subsamples, a single subsample is retained as the 

validation data for testing the model, and the remaining k-1 subsamples are used as 

training data. The cross-validation process is then repeated k times, with each of the 

k subsamples used exactly once as the validation data. The k results from the folds 

can then be averaged to produce a single estimation (Refaeilzadeh et al., 2009). 
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Figure 1.7. A visualisation of k-fold cross-validation. Suppose that you have 50 

samples in your dataset and 5-fold cross-validation is required. The dataset is 

partitioned into 5 subsets and in the first instance, the model is trained using 4 out of 

these 5 subsets and tested on the remaining subset. This protocol is repeated, until 

all subsets have been used as the test set once, and the accuracies can be 

summarised in terms of mean accuracy and corresponding variance. 

The advantage of k-fold cross-validation is that all observations are used for 

both training and validation, and each observation is used for validation exactly once. 

Variants of cross-validation, such as stratified and leave-one-out cross-validation, are 

used to address specific problems of model sensitivity and data variability. Stratified 

cross-validation is often used to ensure that each fold of the dataset contains roughly 

the same proportion of samples of each target class as the complete set 

(Refaeilzadeh et al., 2009). In contrast, leave-one-out cross-validation (LOOCV) is a 

special case of cross-validation where the number of folds equals the number of 

instances in the dataset, which means that each fold contains only one instance. This 

method, while expensive in terms of computation, is very useful when the dataset is 

limited in size (Refaeilzadeh et al., 2009). 

1.4.2.3. Unsupervised algorithms 

Unsupervised algorithms are designed to analyse input data that lacks 

predefined labels or target outcomes. These algorithms explore the underlying 
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structure of the data without any prior knowledge of the categories or values they 

might contain (Hastie et al., 2009). A key subset of unsupervised learning techniques 

is dimensionality reduction, which seeks to reduce the number of variables under 

consideration by creating a lower-dimensional representation of the data (Hastie et 

al., 2009). 

Dimensionality reduction techniques, such as Principal Component Analysis 

(PCA) and t-Distributed Stochastic Neighbour Embedding (t-SNE), serve multiple 

purposes. They can simplify data for easier visualization, enhance computational 

efficiency, and help eliminate noise by focusing on the most informative aspects of 

the data (Hastie et al., 2009). These techniques act like compression algorithms, 

condensing the data into a more compact form that retains the essential patterns and 

relationships.  

1.4.2.3.1. Principal component analysis (PCA) 

Principal Component Analysis (PCA) is a powerful statistical technique used in 

data analysis and machine learning for dimensionality reduction. By reducing the 

number of variables while retaining as much linear information as possible, PCA 

simplifies the complexity of the data, making it easier to analyse and interpret without 

significant loss of information (Hotelling, 1933; Jolliffe, 2002; Izenman, 2008). 

The core idea behind PCA is to transform the original data into a new 

coordinate system. These new coordinates, called principal components, are 

orthogonal, meaning they are uncorrelated with each other. Essentially, PCA identifies 

the directions or components in which the variation in the data is maximized 

(Deisenroth et al., 2020). 

PCA begins by standardizing the data, a crucial step since PCA is sensitive to 

the scale of the variables (Härdle & Simar, 2019). After standardization, the next step 

is to compute the covariance matrix, which captures the relationships (covariances) 

between pairs of variables in the data. For a dataset matrix X with n observations and 

p variables, the covariance matrix C is calculated as (Deisenroth et al., 2020) (Equation 

9): 
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The covariance matrix C is a p x p symmetric matrix, where each element Cij represents 

the covariance between the i-th and j-th variables. 

The key to PCA is solving the eigenvalue problem for the covariance matrix. 

This involves finding the eigenvalues λ and the corresponding eigenvectors v that 

satisfy the equation C v = λ v (Ben-David & Shalev-Shwartz, 2014; Deisenroth et al., 

2020). The eigenvectors represent the directions of the principal components, while 

the eigenvalues indicate the amount of variance explained by each principal 

component (Johnson & Wichern, 2007). The eigenvectors and their corresponding 

eigenvalues are then sorted in descending order of the eigenvalues. The eigenvector 

associated with the largest eigenvalue becomes the first principal component, the one 

associated with the second largest eigenvalue becomes the second principal 

component, and so forth (Ben-David & Shalev-Shwartz, 2014; Wang, 2012). 

Once the principal components are identified, the original standardized data is 

projected onto the new coordinate system defined by these components (Figure 1.8). 

The resulting data matrix, often referred to as the scores or principal components 

matrix, is obtained by multiplying the standardized data matrix by the matrix of 

eigenvectors V (Deisenroth et al., 2020): Z=X V, where Z represents the data in the 

reduced dimensional space, and V is the matrix of eigenvectors. 
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Figure 1.8. PCA rotates a dataset when performed in 2 dimensions. The red and green 

vectors indicate the (orthogonal) directions of biggest variance in the dataset. These 

vectors are obtained from the eigenvectors of the covariance matrix. Then, the points 

are projected into these vectors to effectively rotate the data such that new axes are 

the principal components. 

An important aspect of PCA is determining how much of the total variance in 

the data is captured by each principal component. The variance explained by each 

principal component is calculated as the ratio of its corresponding eigenvalue to the 

sum of all eigenvalues. (Johnson & Wichern, 2007). Thus, the cumulative variance 

explained by the first few principal components is often used to decide how many 

components to retain.  

PCA is widely used in various applications. In data visualization, PCA can 

reduce the dimensionality of data to two or three principal components, allowing for 

easy visualization of complex datasets and revealing underlying patterns or clusters, 

by generating uncorrelated features (Deisenroth et al., 2020). In noise reduction, PCA 

can help by retaining only the principal components that explain most of the variance, 

effectively filtering out noise (though some experimentally relevant information might 

be lost in the process) (Ben-David & Shalev-Shwartz, 2014). It is also used in feature 

extraction, where the most important features from the data are extracted and used 

in subsequent analysis or machine learning models (Katsaggelos et al., 2016). 

However, PCA is not without limitations. It assumes that the expected relationships 

between variables are linear, which may not hold for the dataset in mind, and that 
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would mean that no significant patterns would manifest in the reduction (Lever et al., 

2017). Additionally, the principal components are linear combinations of the original 

variables, which can make them difficult to interpret. This problem may be alleviated 

by employing a biplot visualisation.  

1.4.2.3.2. PCA and biplots 

Related to the problem of interpreting the components, a biplot is a graphical 

representation that simultaneously displays the information from both observations 

and variables of a multivariate dataset in a single plot by combining scatter plot with 

vector representations, thereby providing a comprehensive view of the structure within 

the data (Gower et al., 2011) (Figure 1.9). 

The biplot was first introduced by Gabriel in 1971, and its development was 

primarily associated with principal component analysis (PCA) (Gabriel, 1971). 

However, it can also be used in the context of other multivariate techniques, such as 

multidimensional scaling, correspondence analysis or canonical variate analysis.  

To construct a biplot, the multivariate data is first subjected to dimensionality 

reduction, usually through PCA. As described before, PCA transforms the original data 

into a set of orthogonal components (principal components) that capture the 

maximum variance within the data and are linear combinations of the original variable. 

The first two or three components are usually selected as the axes for the biplot, as 

they typically account for most of the variance, and because of the natural limitations 

of visualisation in higher dimensions (Deisenroth et al., 2020). 

In a biplot, the observations are represented as points, and the variables are 

depicted as vectors (arrows). The position of a point along the axes reflects its values 

with respect to the selected principal components, indicating the similarities or 

dissimilarities between observations. Points that are closer to each other represent 

observations with similar patterns across the variables, while those further apart are 

dissimilar (Gower et al., 2011). 

The vectors, also known as loadings, representing the variables are essential 

for interpreting the biplot. The direction of a loading indicates the orientation of a 

variable in the principal component space, and the length of the loading reflects the 
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magnitude of the variable's contribution to the principal components (Gower et al., 

2011). Variables that have loadings pointing in the same direction are positively 

correlated, while those pointing in opposite directions are negatively correlated. The 

angle between two vectors gives an indication of the correlation between the variables 

they represent; smaller angles suggest stronger correlations (Greenacre, 2010; Gower 

et al., 2011). 

The projections of the points onto the loadings provide insight into the 

relationship between observations and variables. An observation that projects 

strongly onto a particular vector suggests that the corresponding variable has a 

significant influence on that observation (Greenacre, 2010; Gower et al., 2011). 

Similarly, the proximity of an observation to the origin in the biplot indicates that it has 

average or typical values for the variables under consideration. 

Interpretation of a biplot requires caution, particularly when the explained 

variance by the chosen principal components is not high. In such cases, the projection 

might distort the true relationships, and important information might be lost 

(Greenacre, 2010). However, when the first few principal components capture a 

substantial amount of the variance, the biplot serves as a powerful tool for visualizing 

the relationship between components and original variables in a more comprehensible 

form. 
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Figure 1.9. PCA biplot on the Iris dataset. After taking the first two components in the PCA of 

the iris dataset, these components can be interpreted as linear combinations of the original 

variables (sepal length, sepal width, petal width and petal length). The last three of these 

variables has loadings pointing in almost the same direction, meaning that they are correlated 

and are important contribution to the first principal component. On the other side, sepal width 

is the major (linear) contribution to the second component and could be attributed as the 

differentiating variable that separates the setosa species form the other iris species. 

1.5. Bayesian optimisation: an adaptive experimental design for 

optimisation 

Bayesian optimisation (BO) is a method for searching for the global maximum 

(or minimum) value of an unknown, black-box function, when no gradient information 

is known a priori (Močkus, 1975; Shahriari et al., 2015; Garnett, 2023). It is a sequential 

experimental design that begins with an initial set of points in a design space, and then 

iteratively selects the next point in this space that is most likely to maximise the 

function based on a surrogate model (Snoek et al., 2012; Shahriari et al., 2015; Frazier, 

2018; Wang et al., 2022) (Figure 1.10). The surrogate model is updated at each 

iteration using the data collected from the previous points and mimics the true 

function based on the available data (Shahriari et al., 2015). Bayesian optimisation has 

been utilised in a variety of applications including robotics and is currently a popular 

method for optimising machine learning algorithms (Wang et al., 2022; Bai et al., 

2023). There are several software packages that implement Bayesian optimisation, 
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including BayesOpt (Martinez-Cantin, 2014), Bayesian-Optimisation (Nogueira, 2014), 

GPyOpt (GPyOpt, 2016), and Botorch (Balandat et al., 2019), among others. 

 

Figure 1.10.  A diagram of a typical Bayesian optimisation loop. There are 4 main steps in 

Bayesian optimisation: generate an initial sampling/combinations of factors, measuring these 

samples, model the output data using a probabilistic surrogate, and use the mean and 

uncertainty prediction from this model to generate new samples/factor combinations to test 

in the next iteration. The cycle stops until no further improvement is achieved (criterion can 

be specified). 

1.5.1. Initial sampling 

Examining the different parts of the Bayesian optimisation loop, the method 

starts with an initial sampling of the factors/inputs of the experiments. A natural 

choice would be performing a random sampling in the design space. However, random 

sampling has a particular drawback that the samples are not “equidistributed” in 

multidimensional space, but rather it exhibits clumps and zones with low number of 

samples (Jäckel, 2002). Therefore, space-filling designs are considered, as they can 

ameliorate these both problems. Inside the category of space-filling designs, Sobol 

sequences are particularly popular. Sobol sequences are a type of quasi-random 

sequence used in the field of numerical integration and experimental design (Sobol’, 

1967). Unlike purely random sampling methods, Sobol sequences ensure that the 

sample points are more evenly distributed across the entire experimental space 

(Jäckel, 2002). It achieves this property by ensuring low discrepancy, where the 

discrepancy is a measure that basically quantifies if the number of points in an 

arbitrary set, which can be a volume defined in the design space, differ to the measure 

of a set. When this number is small, one can say the number of points is approximately 
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proportional to the volume measure and equidistribution is ensured (Keng & Yuan, 

1981; Jäckel, 2002). 

Apart from these sequences, there are others space-filling design such as Latin 

Hypercube design (LHD) that can provide homogeneous sampling on the design 

(McKay et al., 1979). The LHD has an analogy to the problem of positioning rooks in a 

chess board without any of them threatening another. If you have n rooks in a chess 

board, a configuration of the rooks where none of the attacking paths intersect each 

other effectively distributes the rooks in an even way in the board (Santner et al., 2018). 

This idea can be generalised by partitioning the design space in a grid with size 

depending on the number of samples to draw and finding this optimal configuration, 

which correspond to find a Latin square. This can be done by well-known algorithms 

(Santner et al., 2018). Since the design space is continuous, the samples can be 

defined in the centre of the selected “cubes” in the (multi-dimensional) grid or in a 

random position in the “cubes”. Both Sobol and LHD sampling have been successfully 

used in initial sampling for Bayesian optimisation protocols (Bossek et al., 2020) 

(Figure 1.11). 

 

Figure 1.11. A comparison between random sampling, Sobol sampling and Latin hypercube 

sampling in a 2D design space. 40 samples were draws from these sampling algorithms. 

Random sampling tends to generate clumps and zones of the design space with low number 

of samples, while Sobol sampling and Latin hypercube sampling cover the space more 

homogenously. 
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1.5.2. Probabilistic surrogate modelling 

Then after measuring the outputs for this initial set of points, a surrogate model 

is employed to generate prediction over the whole design space based on the 

measured points.  For this surrogate, any probabilistic model can be used, being 

Gaussian process regression one of the standard choices (and it also the overall 

choice in the project) (Brochu et al., 2010; Snoek et al., 2012; Shahriari et al., 2016; 

Frazier, 2018), but Bayesian ensemble models and Bayesian neural networks have 

been also extensively in the literature. These models can fit the data and provide a 

mean prediction for the values of the outputs in observed. Additionally, it considers a 

model of noise, which can be defined explicitly in the model or can be inferred from 

replicate data (Balandat et al., 2019). Both the mean prediction and uncertainty 

prediction coming from the noise model are important to understand how much 

information is obtained from the design space, and to determine which points are 

promising to test further. 

1.5.3. Acquisition functions 

To formalise this idea, an acquisition function can be calculated using these 

prediction terms. The acquisition function is a mathematical formula that balances 

exploration, represented by the mean prediction of the model in the domain space, 

and exploitation, given by the uncertainty prediction of the model (Snoek et al., 2012; 

Frazier, 2018). The mean prediction provides promising points to test later, since it 

would be expected that points with high function value (in case of maximisation) 

might be closer to previous high value points. However, it might happen that maximum 

of the function is not located nearby of any of the previous tested points. This 

information is given by the variance prediction, since it will be higher in under sampled 

zones of the design space (Frazier, 2018).  

1.5.3.1 Upper confidence bound. 

The simplest acquisition is Upper Confidence Bound (Equation 10), which is 

simple a linear combination of the mean prediction and the variance prediction (Snoek 

et al., 2012; Garnett, 2023): 



30 
 

 

where: 

• μ(x) is the predicted mean at point x, 

• σ(x) is the predicted standard deviation at point x, 

•  β is a parameter that controls the balance between exploration and 

exploitation. 

In this formula, β determines how much importance is placed on exploration. A 

higher β favours exploration by placing more weight on the uncertainty σ(x), while a 

lower β favours exploitation by focusing more on the predicted mean μ(x). 

1.5.3.2. Probability of Improvement (PI) 

The Probability of Improvement (PI) acquisition function (Equation 11) focuses 

on the probability that a given point x will improve upon the best observed value ybest 

= f(x+) so far. This function is particularly useful when the primary objective is to simply 

increase the likelihood of finding better points rather than balancing the trade-off 

between exploration and exploitation explicitly (Kushner, 1964; Shahriari et al., 2016; 

Garnett, 2023). 

The PI is defined as: 

 

Where μ(x) is the predicted mean at point, σ(x) is the predicted standard deviation at 

point x, f(x+) is the best observed value so far, Φ (⋅) is the cumulative distribution 

function (CDF) of the standard normal distribution, and ξ is a small positive constant 

that adds exploration by making the function less greedy. 

The PI acquisition function tends to favour exploitation, especially when ξ is 

small, as it emphasizes points with a high probability of exceeding f(x+). However, by 

tuning ξ, the balance can be adjusted to introduce more exploration. 

1.5.3.3. Expected Improvement (EI) 



31 
 

A modified version of the PI acquisition function is the Expected Improvement 

(EI) acquisition function (Equation 12 & 13), one of the most used in practice. It not 

only considers the probability of improvement but also the expected magnitude of that 

improvement.  

The EI is defined (in the case of a Gaussian process regression surrogate) as 

(Snoek et al., 2012; Garnett, 2023): 

 

 

using the same definitions as in the PI acquisition function. ϕ (⋅), which did not appear 

in the PI function, is the probability density function (PDF) of the standard normal 

distribution. 

The first term of the EI formula represents the improvement over the best 

observed f(x+) scaled by the probability that the improvement occurs, while the second 

term accounts for the variability around the predicted mean. Similar to PI, this 

acquisition function is flexible and can be tuned to encourage more exploration or 

exploitation by adjusting the ξ parameter. 

1.5.3.4. Thompson Sampling 

Thompson Sampling is a different approach compared to the previous 

acquisition functions, since it does not consider a mathematical formula dependent 

of the mean and variance prediction. Rather, it involves drawing a sample from the 

posterior distribution over the objective function and selecting the next point that 

maximizes this sampled function (Thompson, 1933; Russo et al., 2018). 

Thompson Sampling naturally balances exploration and exploitation by 

selecting different functions from the posterior distribution in each iteration. The 

inherent randomness ensures that the algorithm explores different areas of the design 

space, and it has proven particularly effective when performing Bayesian optimisation 

for a large number of factors/dimensions (Pleiss et al., 2020). 
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1.5.3.5. Comparison and Application 

Each of these acquisition functions has its own strengths and is suitable for 

different scenarios: 

• UCB is simple and intuitive, providing a clear trade-off between exploration and 

exploitation. It's particularly useful when there's a need for a transparent and 

interpretable method. 

• PI is straightforward and easy to compute, focusing on maximizing the 

probability of improvement, which can be useful in scenarios where 

exploitation is highly desirable. 

• EI provides a more nuanced approach by considering the magnitude of 

potential improvements, making it effective in balancing exploration and 

exploitation. 

• Thompson Sampling offers a probabilistic method that can explore the design 

space efficiently, particularly in complex or high-dimensional problems. 

Choosing the right acquisition function often depends on the specific problem 

and how explicitly the balance between exploration and exploitation must be 

controlled. Experimentation and cross-validation can help determine which 

acquisition function works best for a given scenario (Snoek et al., 2012). Nevertheless, 

the reviewed acquisition functions have theoretical guarantees, in terms that the 

global optimum can be approximated within a margin of error (also known as “regret”) 

in a finite number of iterations (Auer et al., 2002; Bull, 2011; Agrawal & Goyal, 2012; 

Russo & Roy, 2016). This list of functions is by no means exhaustive, with more option 

in the literature, such as Knowledge Gradient (Frazier et al., 2008), the recent log 

Expected Improvement (Daulton et al., 2024), and neural acquisition function (Volpp 

et al., 2019), being an active line of research in Bayesian optimisation (Wang et al., 

2022). 

1.5.3.6. Optimisation of the continuous acquisition function 

After defining an acquisition function, the next sample or recommended 

sample to test in the next iteration can be found by maximising this function using 
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standard continuous methods, since it is continually defined over the design space. A 

typical approach is to choose quasi-Newton methods such L-BFGS-B (Nocedal & 

Wright, 2006; Balandat et al., 2020) or evolutionary algorithms such as NSGA-II 

(Cowen-Rivers et al., 2022), but other algorithms have been used specially in high-

dimensional, rugged cases (Wilson et al., 2018; Daulton et al., 2024; Song et al., 2024). 

The recommendation for the next sample in the loop is therefore the point where the 

acquisition function is maximised. 

Bayesian optimisation routines can be tested in silico before implementing 

them in an experimental setting, to guarantee a minimum performance based on the 

chosen hyperparameters in the loop. For this purpose, several functions are used as 

benchmarks for testing new BO approaches. These functions differ in the number of 

input dimensions and the complexity of their landscape, i.e., some of them present a 

clear maximum (or minimum point) with a small number of local maxima (or minima), 

while others exhibit a very rugged landscape with many critical points, making them a 

challenge for optimisation. The Branin function (number of dimensions, d=2) and 

Hartmann function (number of dimensions, d=6) are common synthetic functions 

employed for optimisation benchmarks, since they possess several global maxima 

(minima) in different zones of the space (Dixon & Szegö, 1975). As an example of a 

rugged counterpart, the Ackley function is useful to test the robustness of the 

algorithm in terms of avoiding getting stuck in a local minimum for several iterations 

(Ackley, 1987; Bäck, 1996) (Figure 1.12). 
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Figure 1.12. Branin function and Ackley function in a 2d space as contour plots. The 

values of the function can be read from the colour of the level lines, and the global 

minima is depicted with a red point. 

1.5.4. Stopping of a Bayesian optimisation loop. 

Stopping a Bayesian optimisation loop relies on a criterion, that will depend on 

how much effort the experimenter is willing to put to improve the optimal point on 

subsequent iterations. If the optimum is known beforehand, such as the case of the 

previously shown benchmark function, one can calculate the regret, which is the best 

value observed at an iteration subtracted by the optimal value (Wilson, 2024). Then, a 

threshold is defined to stop the loop if the regret gets below a certain value.  

If the optimal value is not known, it is possible to define a similar threshold, but 

in this case, it must be calculated over the difference between best values at 

contiguous iterations. Indeed, it could be any measure that indicates the amount of 

effort needed for running more interactions versus the observed recent gains (Wilson, 

2024). Eventually, one can restrict the number of iterations based if the design space 

has been adequately sampled. 

1.5.5 Batch Bayesian optimisation.  

This method of maximising the acquisition function works if only one sample 

is tested per iteration. However, in many applications, we would like to recommend 

several new points, so we can get more information of the black-box function on an 

iteration and thus, obtain better recommendations in the next one. Considering this, 

we would like this batches of recommendations to be as informative as possible. In 
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this regard, recommended batch should try the mimic the sequential (one-by-one) 

recommendation policy in terms of gained information (Gonzalez et al., 2016). One of 

the first approaches to achieve this was to find the maximum and then penalise the 

acquisition function in that area, such that maximising again would yield a different 

point, and the process of penalising is repeated until the batch is formed (Gonzalez et 

al., 2016). Subsequent approaches employed different ways to attack the problem of 

obtaining optimal batches from optimizing joint acquisition functions that consider all 

points in the batch simultaneously (Balandat et al., 2020) to using methods that 

diversify the selected points based on uncertainty or mutual information criteria (Nava 

et al., 2022). These approaches generate intractable integrals that must be 

approximated using, e.g., Monte Carlo approaches (Balandat et al., 2020). 

1.5.6 Uses of Bayesian optimisation routines in biology. 

 In recent years, there has been a development of active learning/Bayesian 

optimisation protocols for chemistry and materials science, leading the way in 

integrating advanced artificial intelligence techniques, such as large language models, 

into automated pipelines (Griffiths et al., 2020; Eyke et al., 2020; Eyke et al., 2021; Wang 

et al., 2021; Griffiths et al., 2022; Hickman et al., 2022; Jorayev et al., 2022; Wang et 

al., 2022; Kumar et al., 2023; Basha et al., 2023; Ranković et al., 2024). However, the 

utilization of active learning for experimental design in quantitative biology 

experiments is still emerging. An early instance involves the suggestion to employ BO 

for synthetic gene design (González et al., 2015). Subsequently, BO has been applied 

to automate large-scale optimization of tryptophan production via metabolic 

engineering (Radivojević et al., 2020; Zhang et al., 2020) and for the high throughput 

in silico design of synthetic circuits (Merzebacher et al., 2023). In cell-free systems, 

BO has been utilized to enhance green fluorescent protein (GFP) production by 

simultaneously optimizing chemical components in the system (Borkowski et al., 

2020). Recently, a code-friendly framework has been introduced for the general 

optimization of genetic and metabolic networks, demonstrating improvement in 

various cell-free systems' titre and increased productivity and efficiency of a synthetic 

carbon fixation cycle (Pandi et al., 2022). Particularly, for media optimisation, 

enhancing production using active learning in mammalian cells has been reported in 
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the last couple of years (Cosenza et al., 2022; Cosenza et al., 2023; Hashizume et al., 

2023). 

1.6. Metabolomics 

For several biotechnological solutions, it is necessary to know the range of 

molecules present in an organism or, more generally, in a relevant biological sample. 

Thus, it is natural to ask if there is a general method to capture this catalogue of 

molecules comprehensively. The field addressing this problem is called 

metabolomics and is defined as the large-scale study of small molecules, with a mass 

range of 50–1500 Da (mass range might vary in the literature) (Hollywood et al., 2006; 

Kuehnbaum & Britz-McKibbin, 2013; Wishart, 2013), commonly known as metabolites, 

within organisms or other samples of biological origin (Johnson et al., 2016; Liu & 

Locasale, 2017). The outcome of detecting and measuring these molecules, known 

as the metabolome (Wishart, 2019), is an instantaneous picture of the metabolism 

present in a bio sample. It has been used successfully as both a milestone for basic 

physiological studies (Wishart, 2019) and as a decision-making tool for biotechnology 

and bioengineering, including agricultural, ecological and medical (German et al., 

2005; Danzi et al., 2023) applications, among others. It is said that together with 

proteomics, metabolomics applied to organisms provides the closest biological 

information to the actual phenotype (Guijas et al., 2018), and therefore provides a 

window to probe and analyse biochemical processes at a molecular scale. 

The impact of the field can be equated with its technological development, 

where the overcoming of experimental, computational and statistical hurdles has 

been a central part over the last decades (Miggiels et al., 2019; Ebbels et al., 2023). 

This improvement allowed to identify and quantify a vast range of molecules in 

complex samples coming from different bio-sources and material substrates. 

However, metabolomics still faces the challenge of a “dark matter” of molecules that 

cannot detected or identified due to the explicit selection of a specific analytical 

chemistry approach to measure the metabolome (da Silva et al., 2015). Thus, a single 

metabolomics protocol can only reveal a small portion of the total molecules present. 

This fundamental limitation has been a driver of metabolomics advances, and it is 
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expected that the field will keep evolving towards higher coverage, higher resolutions, 

higher sensitivities and consistent analysis pipelines (Ghafari & Sleno, 2024). 

Metabolomics is often subdivided into two approaches. The first one is called 

targeted metabolomics. It is based in the principle that the sample is analysed by 

extracting information about a specific list of compounds (Roberts et al., 2012; 

Costanzo et al., 2022). Thus, a list of masses or chemical shifts is defined to build a 

database of metabolites to search. In contrast, the second approach, non-targeted or 

untargeted metabolomics, does not presuppose any list of metabolites to search and 

aims to span the largest number of them (Gertsman & Barshop, 2018). However, that 

also means, that most detected molecules will not match any entry on available 

compound libraries, hindering further annotation (Gertsman & Barshop, 2018). Thus, 

in comparison, a targeted approached is preferred when there exists a specific 

hypothesis about biochemical processes and metabolites involved and the goal is to 

quantify these metabolites of interest (Zhou & Yin, 2016). On the other side, an 

untargeted approach has a discovery component, where the focus is in obtaining 

information of possible unreported molecules and mechanisms, as in the case with 

biomarkers (Ribbenstedt et al., 2018), or to provide a global perspective of the 

metabolome in the experimental context (Sévin et al., 2015).  

1.6.1. Technological foundations 

Regarding analytic techniques, the investigation of the metabolome can be 

performed by various techniques, being mass spectrometry (MS) and nuclear 

magnetic resonance (NMR) the main ones in terms of use in academia and industry 

(Azad & Shulaev, 2019). Each of these techniques works by a specific physical 

principle and as technology has specific advantages and drawbacks moulding the 

current metabolomics research. 

1.6.1.1. Mass spectrometry 

Mass spectrometry (MS) is based in the drift and/or control of ion trajectories 

by electric or magnetic forces, which it is dependent of the ion’s mass-to-charge ratio 

(m/z) (Glish & Vachet, 2003). The resulting manipulated ion stream is measured by a 

detector, and the data is used to determine the molecular composition of the sample, 
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providing information on the mass of the molecules present and further properties if 

this mass can be matched with a MS compound library (Milman & Zhurkovich, 2016). 

Mass spectrometry has some advantages including its ability to detect a wide 

range of molecules with high sensitivity and specificity (Silberring & Smoluch, 2019). 

Additionally, the technique allows for the analysis of small sample quantities, in the 

micro to nanoliter order (Ho et al., 2003), and can process multiple samples in shorter 

times, enabling high-throughput analysis (Dueñas et al., 2023; Williams et al., 2024). 

This makes mass spectrometry an invaluable tool not only in metabolomics, but also 

in fields such as proteomics, and drug discovery, where rapid and accurate analysis 

of complex mixtures is essential (Sinha & Mann, 2020; Babele & Yadav, 2023; Williams 

et al., 2024). In addition, mass spectrometry equipment can be combined in tandem 

(MS/MS) providing fragmentation fingerprints of metabolites that can be used later 

for enhanced identification (Heiles, 2021; Neagu et al., 2022; Thomas et al., 2022). 

1.6.1.2. Chromatography 

Independent of the technology used for molecule detection, samples can be 

split into its components before entering the machine inlet, a method called 

chromatography. Chromatography is a fundamental technique in analytical chemistry 

for separating and analysing mixtures of chemical substances (Miller, 2009). It 

operates on the principle that different compounds will exhibit varied affinities for a 

stationary phase when carried by a mobile phase across it (Miller, 2009). The 

properties affecting this affinity could include molecular weight, polarity, or solubility 

(Pitt, 2009).  Components that have a lower affinity for the stationary phase move 

more quickly, thus separating from those that interact more strongly and travel slowly 

(Miller, 2009). The stationary phase can be a solid, or a liquid supported on a solid, and 

the mobile phase might be a liquid or a gas (Poole, 2003). 

This method has several applications, including the purification of chemicals 

and the analysis of complex biological samples (Ovbude et al., 2024). It is also 

essential in industries such as pharmaceuticals for the quality control of products 

(D’Atri et al., 2019).   Depending on the mobile phase employed, chromatography can 

be subclassified into gas chromatography (GC), liquid chromatography (LC), or thin-

layer chromatography (TLC), each suited to specific types of samples and analytical 
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needs (Poole, 2003). A relevant method for metabolomics is modern high-

performance liquid chromatography (HPLC) systems can separate complex samples 

in shorter times by working with high pressures (Ovbude et al., 2024).  

1.6.1.3 Flow injection mass spectrometry 

Flow injection mass spectrometry (also known as direct injection or direct 

infusion), as the name suggests, is a method where the sample is directly injected to 

the mass spectrometer without a chromatographic separation (Kirwan et al., 2014). 

The rationale behind this approach is that sample processing can be done very fast, 

and therefore it can allow measurement of hundreds of samples in a few hours. The 

drawback is that without separation, molecules can interact and therefore matrix 

effect are observed, affecting the acquisition signal-to-noise ratio. One of the most 

common matrix effects is ion suppression. Ion suppression is a phenomenon where 

ionization of a molecule is not achieved completely due to competence with other 

chemical species or analytes (Annesley, 2003; Volmer & Jessome, 2006) and can lead 

to reduced detection. 

Flow injection can work even if the case of supernatant is directly injected 

without prior extraction, where masses can be more easily detected if they are in range 

far from typical small central metabolites. (Ciasca et al., 2020; Fuhrer et al., 2011; 

Kaiser et al., 2018; Nanita & Kaldon, 2016; Sarvin et al., 2020; Vaidyanathan et al., 

2002).  

1.6.2. Application of metabolomics 

In human health, metabolomics has become integral to disease diagnosis and 

treatment. By analysing metabolic profiles, researchers can identify biomarkers 

(Zhang et al., 2015; Qiu et al., 2023;) for diseases like cancer (Danzi et al., 2023; Wang 

et al., 2023), diabetes (Jin & Ma, 2021), and neurodegenerative disorders (Shao & Le, 

2019; Gonzalez-Riano et al., 2021), enabling early detection and personalized medicine 

(Jacob et al., 2019; Castelli et al., 2022). For instance, lipidomics, a branch of 

metabolomics dealing with lipid detection, has revealed specific signatures 

associated with psoriasis, offering potential targets for new therapies (Zeng et al., 

2017; Liu et al., 2023). On the treatment side, metabolomics is a powerful tool to 
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explore new drugs in terms of molecular diversity and mechanisms of degradation by 

patient’s metabolism (pharmacokinetics) (Pang & Hu, 2023).  

In agriculture, metabolomics is applied to improve crop resilience, quality, and 

yield (Razzaq et al., 2019; Benkeblia, 2022). By studying plant metabolic responses to 

environmental stresses, such as drought or pathogen attacks, researchers can breed 

or engineer crops with enhanced resistance (Villate et al., 2021). Furthermore, 

metabolomics is used to monitor later effects of genetic modifications in plants, 

ensuring that these changes do not inadvertently produce harmful metabolites 

(Rischer & Oksman-Caldentey, 2006; Ricroch et al., 2011). 

The food industry utilizes metabolomics to ensure food quality, safety, and 

authenticity. By analysing the metabolite profiles of food products, companies and 

laboratories can detect adulteration, monitor freshness, and assess nutritional 

content (García-Pérez et al., 2024). Additionally, nutritional metabolomics explores the 

relationship between diet and health, identifying biomarkers that reflect dietary intake 

and nutritional status (O’Gorman & Brennan, 2017; Kortesniemi et al., 2023). This 

information may guide dietary recommendations and interventions aimed at 

preventing diet-related diseases. 

In synthetic biology, metabolomics is essential for optimising and/or 

identifying targets in metabolic pathway engineering (Dromms & Styczynski, 2012; 

Costello & Martin, 2018; Khanijou et al., 2022; Cortada-Garcia et al., 2023). This 

application is crucial for producing biofuels, pharmaceuticals, and other valuable 

chemicals sustainably (Babele & Young, 2020; Ellis & Goodacre, 2012; Hill et al., 2015; 

Hollywood et al., 2018; Muhamadali et al., 2023). By understanding the metabolic 

networks within these organisms, researchers can enhance production efficiency and 

minimize unwanted by-products, making the production processes more sustainable 

and cost-effective, as in the case of natural products coming from secondary 

metabolites (Nguyen et al., 2012). 

Environmental sciences also benefit from metabolomics, which is used to 

monitor the impact of pollutants on ecosystems (Miller, 2007; Deng et al., 2019; 

Kovacevic & Simpson, 2020; Dumas et al., 2022). By analysing the metabolic 

responses of organisms to environmental stressors, scientists can assess ecosystem 
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health and develop strategies for environmental conservation (Waller et al., 2023; 

Brown et al., 2024; Song et al., 2024). This application is particularly important in the 

context of climate change, where metabolomics can help understand how organisms 

adapt to changing environmental conditions, informing conservation efforts (Romero 

et al., 2021). 

Additional applications can be found in other areas such as aging research 

(Panyard et al., 2022), and the range of uses expand every year, making metabolomics 

a versatile tool for investigating general biochemical questions. 

1.6.3 Integration with other omics 

Integrating metabolomics with other omics techniques such as genomics and 

transcriptomics can offer additional insights into biological systems, enhancing our 

understanding of metabolic regulation at a molecular level (Chen et al., 2023). Recent 

advances in high-throughput technologies have facilitated this integration by allowing 

for comprehensive profiling of multiple biological layers—each capturing a unique 

aspect of cellular function and thus, providing a holistic view of an organism’s 

biological status (Bersanelli et al., 2016). 

For instance, when metabolomics is combined with genomics, researchers can 

observe how genetic variations influence metabolic pathways directly. Such studies 

often employ methods like QTL-based integration where quantitative trait loci 

identified in genome-wide association studies are used to correlate genetic variations 

with observed metabolic profiles (Adamski, 2012). Another example could be linking 

secondary metabolites with its respective genetic units, biosynthetic gene clusters 

(Leão et al., 2022; Schorn et al., 2021). This provides an expanded view of how the 

involved biosynthetic genes are relevant for the chemistry observed and can inform 

biosynthesis strategies and engineering in the future (Hooft et al., 2020). 

Moreover, incorporating transcriptomics allows scientists to connect gene 

expression levels with metabolic changes, offering insights into how genes are 

regulated and expressed in different conditions (Patt et al., 2019). This is crucial for 

identifying key regulatory genes that impact metabolic functions in tissues, potentially 

highlighting new therapeutic targets or biomarkers for diseases (Maan et al., 2023). In 
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metabolic engineering, metabolic and transcriptomics are a useful combination to 

constrain genome-scale metabolic models and obtain a broader picture of distribution 

of fluxes at the organism or community level (Sen & Orešič, 2023; Zampieri et al., 

2023).  

The integration typically involves sophisticated data analysis techniques to 

handle the massive and heterogeneous data sets, such as network inference or high 

dimensional statistical methods for data fusion (Subramanian et al., 2020), which help 

in identifying correlation structures and causal relationships between different 

biological layers.  

1.6.4. Historical context 

Advances in analytical chemistry equipment were responsible for the 

development of metabolomics as field. In that sense, around the mid-twentieth 

century, scientists started thinking about the utility of high-throughput molecule 

detection.  Williams, in the late 1940s, discussed that it would be possible to obtain a 

“metabolic profile” from biological fluids and proposed how to use this information for 

biomedical purposes (Gates & Sweeley, 1978). Decades later, improvement in mass 

spectrometry and nuclear magnetic resonance made the possible detection of 

molecule en masse with enough sensitivity and accuracy to yield significate biological 

information.  Thus, reports as earlier as 1970s, include metabolic profile measurement 

using gas chromatography mass spectrometry in clinically relevant samples such as 

human urine and tissue extracts (Horning & Horning, 1971; van der Greef & Smilde, 

2005; Griffiths & Wang, 2009) and NMR for analysis of unmodified biological samples 

(Hoult et al., 1974). Continuous analytical improvement followed, with major 

breakthroughs in the 90s thanks to better processing algorithms, increase in 

computational power and availability of bigger compound libraries (Kell & Oliver, 

2016). 

1.7. Mass spectrometry basics 

A mass spectrometer is an analytical instrument used to determine masses of 

molecules present in a sample (Gross, 2017). It is widely employed in various scientific 

fields, including chemistry, physics, biology, and environmental science (Dettmer et 
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al., 2007). Understanding the fundamental components and operation of a mass 

spectrometer is crucial for comprehending its applications and interpreting the data it 

generates. 

1.7.1 Main concept 

The primary concept of mass spectrometry involves ionising chemical 

compounds to generate charged molecules or molecule fragments and measuring 

their mass-to-charge ratios (m/z). This discrimination is achieved by subjecting these 

ions to electric and/or magnetic fields, which direct them through a flight path or 

trajectory in the spectrometer (Silberring & Smoluch, 2019).  

1.7.2. The instrument 

At its core, a mass spectrometer consists of four main components: an ion 

source, a mass analyser, a detector, and a data analysis system (Gross, 2017) (Figure 

1.13). A brief description of each of these components is presented: 

 

Figure 1.13. A diagram of a generic mass spectrometer that employs a magnetic sector 

analyser. The molecules are ionised at the ion source, then the ions are focused into a magnet 

that separate the trajectories of different ions and create an ion traversal profile dependent 

on the mass-to-charge ratio. A detector waits at the end to collect the ions and transform the 

signal into a current that can be analysed by the electronic system in the machine. Open-

source image from Wikimedia Commons. 
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1.7.2.1 Ion Source 

The ion source is responsible for converting the sample molecules into ions, 

i.e., electrically charged chemical species. Ionization is necessary to enable the 

subsequent separation, detection, and analysis of these ions in the mass 

spectrometer. Commonly used ionization techniques include electrospray ionization 

(ESI), electron impact ionization (EI), matrix-assisted laser desorption/ionization 

(MALDI), and atmospheric pressure chemical ionization (APCI) (Bhardwaj & Hanley, 

2014). The choice of the ion source plays a critical role in determining the ionisation 

efficiency and selectivity of the instrument (Gross, 2017). 

In our laboratory, electrospray ionisation is the main method used for the 

available triple quadrupole mass spectrometer. ESI is based on applying high voltage 

between a dispenser or nozzle and a machine inlet (Konermann et al., 2013). Then, the 

sample undergoes a complex ionization dynamic in a vacuum, where the sample 

volume forms in first instance an electrostatic cone (Taylor cone), and a droplet is 

released (Wilm & Mann, 1994). Then, this droplet splits into sub droplets due to 

superficial electric charges and continue splitting on the way to the inlet, until the small 

size of these nanodroplets cause the rapid evaporation of the surrounding solvent and 

the entering of the sole ions in the inlet (Banerjee & Mazumdar, 2012; Konermann et 

al., 2013) (Figure 1.14).  

 

Figure 1.14. Diagram of an electrospray. The voltage applied between the nozzle and the inlet 

induce several physical phenomena. First, a cone of charged solvent, called the Taylor cone, 

is formed by an equilibrium between the solvent superficial tension and the involved 

electrostatic force. The equilibrium breaks at the tip where charged droplets are generated. 
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These charged droplets keep splitting on the way to the inlet, ending in nanodroplets where 

ionisation of sample components is approximately complete. Open-source image from 

Wikimedia Commons. 

Electron ionisation, as the name indicates, use an energetic electron beam to 

expel electrons from the sample’s molecules by collision and generating the ions 

(Gross, 2017). However, this method can be too energetic, and fragmentation can 

occur before entering the mass spectrometer (Siuzdak, 2004). MALDI uses a laser to 

generate an ion cloud from a sample’s material (El-Aneed et al., 2009) and has been 

successfully employed for spatial metabolomics, i.e, metabolite identification over a 

spatial section, such as a tissue preparation (Aichler & Walch, 2015; Li et al., 2022). 

APCI employs a different method since it uses chemical reactions in a gas phase to 

obtain the ions (Rebane et al., 2016), and it is used as a soft ionisation method for 

sensitive molecules, without requiring vacuum conditions such as the EI case (Rebane 

et al., 2016). 

1.7.2.2 Mass Analyser 

The mass analyser separates ions based on their mass-to-charge ratio (m/z). 

Various types of mass analysers are used in mass spectrometers, each employing 

different principles to achieve ion discrimination. Some commonly used include 

quadrupole (Paul, 1990), time-of-flight (TOF) (Price, 1993; Boesl, 2017), magnetic 

sector (Chen et al., 2015), and ion trap (Stafford, 2002) analysers. Each of them has 

its advantages and limitations in terms of mass resolution, mass accuracy, sensitivity, 

and scan speed. Quadrupole systems utilise a set of rods to generate electric fields 

and filter ions based on radiofrequency (Leary & Schmidt, 1996). Time-of-flight 

analysers push the ions into a tube via a pulser and measure the time they take to 

reach the detector, which is proportional to the m/z ratio (Boesl, 2017). Magnetic 

sectors were primarily used in the first spectrometers and employed a magnetic field 

to deflect ions into trajectories. Then, the longitudinal position on the arrival to the 

detector would determine the m/z ratio (Nier, 1991). Finally, ion trap analysers keep 

the ions in confined space by carefully manipulating magnetic or electrostatic fields 

in a geometric fashion (Stafford, 2002). By manipulating this field, ions can be pulsed 

out to keep a group of ions with specific mass. Several high-resolution analysers, 
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going to the scale of 1 ppm, have been derived from ion traps, including magnetic 

traps such as Fourier Transform ion cyclotron resonance (FT-ICR) MS (Comisarow & 

Marshall, 1974) and electrostatic traps such as the Orbitrap (Hu et al., 2005; Makarov 

et al., 2006; Zubarev & Makarov, 2013). Development of analysers is a continuous 

process, powered by sophisticated ion optics and materials simulations, where 

manufacturing companies patent new designs every year, in a race to increase 

resolution and sensitivity (Li et al., 2021; Kuster et al., 2024).  

1.7.2.3 Detector 

The detector in a mass spectrometer measures the abundance of ions passing 

through the mass analyser. Different types of detectors can be used, such as electron 

multipliers, photomultiplier tubes, or solid-state detectors (Koppenaal et al., 2005; 

John Roboz, 2016). The choice of detector depends on the specific requirements of 

the experiment, such as sensitivity, dynamic range, and response time (Koppenaal et 

al., 2005). A detector basically transforms a signal triggered by an ion-related event, 

such as resonance frequency in quadrupole or arrival in time-of-flight into an 

analogous electrical signal, which can be further processed by the machine 

electronics (Li et al., 2021). 

1.7.2.4 Data Analysis System 

The data analysis system is responsible for processing and interpreting the 

signals generated by the detector. Modern mass spectrometers are equipped with 

sophisticated (and often proprietary) data acquisition software that allows for real-

time data analysis, peak integration, deconvolution, and identification of mass 

spectra. Raw data can be also pre-processed by using open-source software options 

(Röst et al., 2016). Data analysis may also involve comparing experimental spectra 

with reference databases to identify unknown compounds, as it will be described later. 

1.7.2.5. How a sample is processed 

In summary, the path of a sample in a mass spectrometer involves a series of 

steps. First, the sample is introduced into the instrument, either directly or via a 

separation technique such as liquid chromatography or gas chromatography. The 

sample molecules are then ionized in the ion source, generating ions with different 
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masses and charges. These ions are accelerated and directed into the mass analyser, 

where they are separated based on their mass-to-charge ratios. The separated ions 

are then detected, and their abundance is recorded by the detector. Finally, the data 

analysis system processes the recorded signals and generates mass spectra, which 

provide information about the composition and structure of the sample. 

1.7.3. Historical notes 

The history of the mass spectrometer has its beginning in JJ Thomson’s work, 

who demonstrated how particles can be deflected by magnetic fields and was able to 

determine the existence of electrons and isotopes, work that granted him a Nobel 

Prize (Gross, 2017). The first-called mass spectrometer was developed around the 

start of the 20th century, thanks to the work of Aston and Dempster in more 

sophisticated magnetic sector analysers for isotope measurements (Sutton, 2022). 

The current mass spectrometer market involves a handful of analytical chemistry 

companies, together with small developers at startups or academic lab, where new 

ion optics design and analysers can be tested.  

1.8. Functioning of a triple quadrupole mass spectrometer 

A quadrupole, as the name suggests, is composed of 4 parallel rods. These 

rods are connected to an alternate current circuit and a direct current circuit and can 

generate strong electric fields (March, 2009). This field is controlled by the (radio-) 

frequency (RF) potential and the polarities of the rods (March, 2009). When the 

molecules pass through the rods, and a specific RF frequency is set up, only molecules 

with a specific mass will be retained in oscillatory motion inside the volume of the 

quadrupole, while other molecules will be expelled out (Miller & Denton, 1986). 

A triple quadrupole mass spectrometer (QqQ-MS) (Yost & Enke, 1978; Yost, 

2022) operates by utilizing a sequence of three quadrupoles aligned in series (Figure 

1.15). The first quadrupole acts as a mass filter, allowing only ions of a specific mass-

to-charge ratio to pass through based on the user’s selection (Dass, 2007). 

Subsequently, these selected ions enter the second quadrupole, which as a collision 

chamber, where they undergo collision-induced dissociation. In this chamber, neutral 

gas molecules collide with the ions, causing them to fragment into smaller ions (Dass, 
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2007). The third quadrupole then functions as another mass filter, selecting one or 

more of the resulting fragment ions for final detection (Dass, 2007). Therefore, it can 

be considered as a tandem mass spectrometer. 

.  

Figure  1.15. Components of a triple quadrupole mass spectrometer. The metabolite in the 

sample is ionised and focused into the first quadrupole, where a filtering is performed. The 

second quadrupole is configured as a collision cell, where the molecules are fragmented due 

to impact with inert gas molecules. The third quadrupole is similar in operation to the first one 

and provides another filter step. Finally, the ions arrived at the detector so that the masses’ 

signals can be processed. Icons provided by Fredrik Edfors/Noun Icons Project. 

Triple quadrupole machines can use their quadrupole sections independently 

to perform versatile mass analysis, and indeed they might have different resolutions. 

The most common mode to perform quantification is called selected reaction 

monitoring (SRM). In SRM, a specific mass is selected by the user and filtered in the 

first quadrupole. This mass is called the precursor mass. Then this mass undergoes 

fragmentation, and another mass is selected for filtering in the third quadrupole. 

These are fragment or product masses, normally calls as transitions. Together, the 

precursor and fragment mass can determine a chemical species that is unique to a 

specific structure, allowing distinction even between chemical isomers in some cases. 

The fragment mass depends on the collision energy, measured in eV, and can be 

retrieved experimentally or by databases, reports or simulations. If several 

metabolites are being tracked, with its given precursor and fragment masses, it can 

be called multiple reaction monitoring (MRM), although SRM and MRM are often 

interchangeable. In this mode, the dwell time variable is important, because it will 
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define the number of points/ion events acquired over time for each 

precursor/fragment mass (Thomas et al., 2022). These can also be defined as the 

number of defined transitions over the total time window for acquisition, called the 

cycle time (Thomas et al., 2022).  

Triple quadrupole mass spectrometers can perform other kinds of chemical 

analysis, apart from SRM/MRM, due to flexible configuration of the quadrupoles. In 

the above paragraph, it was discussed how the fragment mass can be achieved 

experimentally. This can be done by only filtering a precursor mass in the first scan 

and perform a full scan over a m/z window in the third quadrupole (product ion scan). 

Thus, the masses of all fragments can be detected for that specific ions and collision 

energy optimisation can be employed to get useful fragment information and 

quantification for SRM.  

Similarly, it can be inverted to find possible precursors for a fixed fragment 

(precursor ion scan). Full scans can be also independently performed by each 

quadrupole filter. This allows tracking of neutral losses in the fragmentation part, by 

defining a specific difference mass in the last filter (neutral loss scan). Finally, any 

quadrupole can be used a single analyser, which can be used for mass measurement 

of pure compounds or as overview of the masses that are present in the sample.  

1.9. Mass spectrometry-based metabolomics sample preparation  

Sample preparation for mass spectrometry-based metabolomics involves a 

series of time-sensitive procedures aimed at ensuring accurate detection and 

quantification of metabolites. The process begins with the collection of biological 

samples, such as blood, urine, tissue extracts, or cell cultures, which dictates the 

subsequent preparation methods required. 

Following collection, rapid cooling or treatment with cold solvents, a process 

known as quenching, is implemented to halt metabolic activity and preserve the 

metabolic state at the time of collection (de Koning & van Dam, 1992; Faijes et al., 

2007; Teng et al., 2009). Metabolites are then extracted using appropriate solvents, 

the choice of which, like water, methanol, or chloroform, depends on the polarity of the 

target metabolites (William Allwood et al., 2013; Ser et al., 2015). This extraction might 
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involve phase separation to partition metabolites into aqueous and organic layers 

(William Allwood et al., 2013). In gas chromatography MS, derivatization of 

metabolites is often necessary to enhance their stability, volatility, or detectability 

(Moros et al., 2017).  

When needed, a cleanup stage can be useful for removing proteins, and other 

contaminants that could interfere with the analysis. Techniques such as solid-phase 

extraction or filtration are commonly employed (Vuckovic, 2020). Finally, the extracts 

may be kept in cold storage, or dried and then reconstituted in a suitable solvent that 

is compatible with the mass spectrometry system (William Allwood et al., 2013; 

Vuckovic, 2020). For the cell cultures, there may be cases where the intracellular and 

extracellular metabolome wants to be studied separately and cells are separated from 

the spent medium by centrifugation right after the quenching (William Allwood et al., 

2013; Mohd Kamal et al., 2022).  Each step in the preparation process must be 

carefully optimised to minimise the loss of metabolites, either by the rapid turnover of 

biomolecules in physiologically adverse conditions (León et al., 2013; Lu et al., 2017; 

Mohd Kamal et al., 2022), or by disrupting cellular membranes and “leaking” these 

intracellular metabolites to the medium (Siegel et al., 2014; Lu et al., 2017). 

1.10. Mass spectrometry-based metabolomics data analysis 

Managing and interpreting metabolomics data, especially when consider a 

huge number of samples. is a challenging task that requires a systematic approach. 

The process of metabolomics data analysis involves several key steps, each of which 

is critical for deriving a feature matrix, which is a representation of the abundances of 

putative metabolites detected in the samples that can be used for downstream 

statistical analysis (Cambiaghi et al., 2017). The steps described the path for a typical 

untargeted metabolomics, but some of these tasks are also performed in targeted 

metabolomics. 

1.10.1. Filtering 

The first step in metabolomics data analysis is filtering, which involves cleaning 

the dataset to remove noise and irrelevant data points. This is crucial because raw 

metabolomics data typically contain many signals, including background noise, 
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contaminants, and artifacts, which do not correspond to true metabolites (Schiffman 

et al., 2019). Common filtering techniques include setting thresholds based on signal 

intensity or frequency of detection across samples (Schiffman et al., 2019). In the case 

of multiple reaction monitoring, filtering is only necessary if the peak is deemed noisy 

for a specific precursor/fragment.  

1.10.2. Peak/Feature Detection 

The next step, which is important in both untargeted and targeted 

metabolomics, is peak or feature detection. In this part, the software or the user 

identifies significant peaks in the chromatograms or spectra, corresponding to 

potential metabolites. Advanced algorithms are often employed to distinguish peaks 

from noise and to handle overlapping peaks. This step also includes deconvolution 

(for untargeted metabolomics), which separates co-eluting compounds that might 

appear as a single peak (Lu et al., 2008) and baseline correction, where an offset signal 

is subtracted from the retrieved peaks (Sun & Xia, 2024). The outcome is a list of peaks 

with their corresponding retention times, mass-to-charge ratios (m/z), and intensities. 

In MRM, the number of acquired points forming the peak is given by the dwell time 

(Thomas et al., 2022). 

1.10.3. Alignment 

Alignment is the process of matching features across different samples to 

account for variations in retention times or m/z values that may arise due to technical 

variations in the analytical platform. Without proper alignment, the same metabolite 

could be recorded with slightly different retention times or m/z values across different 

samples, leading to erroneous conclusions. Advanced computational algorithm, such 

as warping methods, are used to correct for these discrepancies and ensure that the 

same metabolite is consistently identified across all samples (Bloemberg et al., 2013). 

In MRM, alignment is not of vital importance, since a proper peak assignation can be 

achieved using the precursor/fragment mass definition. 

1.10.4. Area under the curve, normalisation and batch correction  

Abundance for each peak can be obtained by integrating the area under the 

curve using numerical methods, such as the trapezoidal rule (Sun & Xia, 2024). Then, 
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normalization is a critical step that adjusts the data to account for differences in 

sample concentration, instrumental variation, or batch effects (De Livera et al., 2012; 

Wu & Li, 2016). Various normalization techniques can be applied depending on the 

specific dataset and experimental design. These include methods such as total ion 

current (TIC) normalization, probabilistic quotient normalization (PQN) performed 

using quality control (QC) samples (Dieterle et al., 2006), and internal standard 

normalization (De Livera et al., 2012; Wu & Li, 2016). Additionally, if batch effects are 

not corrected completely, there are specific batch correction procedures that can 

systematically correct intra- and/or inter-batch drifts using QC sample data (Han & Li, 

2022).  Intra-batch drifts are result of decreasing sensitivity across the sample order 

due to accumulation of dirt g, i.e., solids or non-ionised molecules that stick to the inlet 

or inside the mass spectrometer, while inter-batch drifts arise when samples are not 

measured concurrently, but rather in different times (Han & Li, 2022).  Randomising 

the sample order is a simple but important consideration to alleviate intra-batch 

effects (Souza & Patti, 2021) (Figure 1.16).  

 

Figure 1.16. A typical sample order for a set of samples in a metabolomics experiment. The 

sequence begins with HPLC-grade water blanks, shown in blue. Next, solvent blanks are used, 

consisting of the solvent employed for extraction. A quality control sample is then measured, 

followed by a set of experimental samples. This process is repeated, with a quality control 

sample interspersed after every number of samples, six in this case. The run concludes with 

solvent blanks and HPLC-water blanks. Randomisation of experimental samples is essential 

to guarantee robustness of results, and decoupling any effect related to the treatments. 

1.10.5. Metabolite annotation 

The final challenging steps in untargeted metabolomics data analysis is 

metabolite annotation. This step involves comparing the spectral data (retention time, 

m/z, and fragmentation patterns) to reference databases or libraries. However, due to 

the vast diversity of metabolites and the limitations of current databases, not all 

features can be confidently assigned to a chemical species in untargeted 

metabolomics (Gertsman & Barshop, 2018). Techniques such as tandem mass 

spectrometry (MS/MS), isotope labelling, and high-resolution mass spectrometry 
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(HRMS) are often employed to improve the accuracy of identification (Qiu et al., 2023). 

Proper annotation is crucial for linking the observed features to biological pathways 

and interpreting the biological significance of the results (de Jonge et al., 2022). It is 

an intensively researched topic, where many directions have been explored for 

improvements, and has a strong connection with the development of new statistical 

and deep learning methods (Zhou et al., 2022). 

1.10.6. Common statistical analyses in metabolomics 

After retrieving the feature matrix, there are several options to analyse this 

multivariate data. The most common approaches involve dimensionality reduction 

algorithms (PCA, PLS-DA), pathway enrichment analysis, clustering, and machine 

learning approaches. 

Dimensionality reduction techniques like PCA are essential for simplifying 

complex datasets. This algorithm allows for the visualization of patterns in 

metabolomics sample data and can help with potential identification of outliers that 

may not be apparent in the full-dimensional space (Worley & Powers, 2013). PCA is 

particularly useful in metabolomics exploratory data analysis, where the goal is to 

uncover the underlying metabolic relationships of the samples without any prior 

assumptions (Worley & Powers, 2013). 

PLS-DA, on the other hand, is a supervised method that combines features of 

both PCA and linear regression (Ruiz-Perez et al., 2020). It is particularly valuable when 

the objective is not only to reduce dimensionality but also to maximize the separation 

between predefined groups or classes within the data (Ruiz-Perez et al., 2020). By 

incorporating information about the class labels, PLS-DA ensures that the resulting 

components are not only informative about the data's variability but also about the 

differences between groups (Gromski et al., 2015). This makes PLS-DA especially 

useful in classification tasks, such as distinguishing between healthy and diseased 

states in metabolic data (Gromski et al., 2015; Kalivodová et al., 2015). 

Pathway enrichment analysis is another option that it is used to interpret the 

features in a biological context. This method involves mapping the features to known 

biological pathways and identifying which pathways are overrepresented in the 
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dataset (Lu et al., 2023). Pathway enrichment analysis is a powerful tool for generating 

hypotheses about the biological processes that may be driving the observed 

metabolic patterns, but consideration should be taken to avoid biases in algorithm 

parameter selection and experimental procedures (Wieder et al., 2021). It also allows 

researchers to move beyond statistical correlations and begin to explore potential 

mechanisms of action, which is particularly important in combination with other omics 

such as genomics and proteomics (Paczkowska et al., 2020). 

Clustering techniques such as hierarchical clustering or k-means can be 

employed to group similar observations based on their feature profiles (Heinemann, 

2019). Clustering is useful for identifying subgroups or patterns within the data that 

may not correspond to predefined classes (Heinemann, 2019). For example, it can 

reveal subpopulations with similar metabolic profiles correlating with specific dietary 

intake patterns (O’Sullivan et al., 2011).  

Finally, classical machine learning algorithms like support vector machines 

(SVM), random forests, or even deep neural networks can be applied for predictive 

modelling and classification. These models can be trained on the reduced and 

enriched data to develop predictive tools for applications such as disease diagnosis, 

prognosis, or treatment response prediction (Pomyen et al., 2020; Sen et al., 2021; 

Galal et al., 2022; Zhang et al., 2023). 

1.10.7. Technical concepts to consider when acquiring metabolomics data. 

The acquisition of data can have different approaches, depending on if the 

focus resides in a single analyte or a set of them. Thus, mass chromatograms can be 

divided into Extracted Ion Chromatogram (XIC) and Total Ion Chromatogram (TIC). 

Each of them serves distinct analytical purposes that must be considered in 

downstream analysis. 

1. Extracted Ion Chromatogram (XIC) (Figure 1.17): This method is utilized to 

isolate and monitor specific ions, or a group of ions associated with a particular 

metabolite or a class of metabolites. XIC facilitates the detailed examination of 

targeted compounds within a complex matrix, enabling precise quantification 

and temporal monitoring across the chromatographic process. XIC are 
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normally labelled based on precursor and fragment masses (Smoluch & 

Piechura, 2019). 

 

Figure 1.17. Example of an extracted ion chromatogram. The peak is narrow, since only one 

ion (precursor/product mass) is being tracked over the acquisition time. Credits CWenger at 

English Wikipedia. 

2. Total Ion Chromatogram (TIC) (Figure 1.17): This technique aggregates the 

intensities of all ions detected by the mass spectrometer throughout the 

chromatographic separation. The TIC produces a composite profile that 

reflects the overall chemical composition of the sample at successive time 

intervals, providing a comprehensive snapshot of the metabolic diversity 

present (Smoluch & Piechura, 2019).  

 

Figure 1.18. Example of a total ion chromatogram. The observed intensities are a sum of 

intensities coming from multiple ion signals.  Credits CWenger at English Wikipedia 
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1.11. Probing bacterial biochemistry through mass spectrometry-based 

metabolomics 

Bacterial metabolomics, defined as the comprehensive study of metabolites within 

bacterial systems, has become an import tool in physiological, ecological and 

biotechnological research. This subfield focuses on the detailed analysis of metabolic 

processes within bacteria, both at the intracellular and extracellular level, providing 

insights into their physiological states and interactions with their environment (Tang, 

2011; van der Velden & Jansen, 2023). 

Bacterial metabolomics has been instrumental in identifying which specific 

compounds or families of compounds are produced within complex microbial 

communities (Kellogg & Kang, 2020; Thukral et al., 2023; Bhattacharjya et al., 2024). 

This is particularly relevant in the study of natural environments where diverse 

microbial species coexist and interact. The chemical interactions between bacteria 

and organisms from other kingdoms—such as plants, fungi, and animals—are of great 

interest, as these interactions often involve the exchange of signalling molecules and 

metabolites that can influence community structure and function (Kellogg & Kang, 

2020). Understanding these interactions through metabolomics can reveal novel 

biochemical pathways and potential biotechnological applications. 

Another of the most significant applications of microbial metabolomics is in the 

discovery of novel bioactive compounds, particularly secondary metabolites. These 

compounds, often produced by bacteria in response to environmental stress or 

interspecies competition, have considerable potential as pharmaceuticals, 

agrochemicals, and industrial enzymes (Demarque et al., 2020; Sieniawska & 

Georgiev, 2022). However, the re-discovery of known compounds has been a 

persistent challenge in natural product research (Deutsch et al., 2022). Metabolomics 

offers a solution by enabling the rapid identification and characterisation of novel 

metabolites, thus streamlining the discovery process and reducing redundancy in 

compound identification (Deutsch et al., 2022). 

Another specific research challenge addressed in this context is the optimisation of 

microbial metabolite production within a model organism. This involves systematic 
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testing of various culture conditions to determine their effects on the production of 

specific metabolites (Tanaka et al., 2024). Existing literature underscores the value of 

integrating multiple metabolic measurements to dynamically capture the network of 

biochemical reactions within microbial cells. This information is vital for the fine-tune 

of conditions for industrial metabolite production (Vavricka et al., 2020; Tanaka et al., 

2024). 

Finally, metabolomics can be applied to answer basic biochemical questions in 

bacteria. For example, E. coli serves as an ideal model for studying microbial 

biochemistry, due to its well-characterised physiology and gene function information. 

Metabolomics in E. coli has derived into insights related to metabolism stability, 

response to internal and external signals, and determine molecular response to stress 

(Carvalho et al., 2019; Lempp et al., 2019; Radoš et al., 2022). Physiological discoveries 

can be also found in metabolomics approaches for the Gram-positive model Bacillus 

subtilis, including metabolome change for different subpopulations and sporulation 

(Huang et al., 2024; Meyer et al., 2013) and conditions for using Bacillus for biological 

control (Horak et al., 2019). 

1.12. Metabolomics profiling for strain optimisation 

Since metabolomics allows for comprehensive analysis of cellular metabolites, it 

provides insights into metabolic states and bottlenecks that can guide strain 

engineering efforts. The typical workflow involves pathway analysis to determine 

affected metabolic pathways in an experimental design and identification of targets 

based on rate-limiting steps or bottlenecks. Thus, high-throughput metabolomics 

methods can accelerate strain selection and improvement, as well as provide targets 

for future metabolic engineering (Hou et al., 2012; Iman et al., 2022; Khanijou et al., 

2022; Cortada-Garcia et al., 2023) 

1.13. Hypothesis and aims. 

This thesis focuses in understanding how iterative experimentation frameworks, 

specifically Bayesian optimisation, can be coupled with targeted metabolomics for 

sample-efficient optimisation of culture medium composition in a complex 

bioprocess, as it is surfactin production. To reach a working platform for Bayesian 
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optimisation of surfactin production in Bacillus, several technical developments were 

proposed, from reducing time in mass spectrometry data acquisition using flow 

injection to the integration of robotic platforms for sample manipulation. 

1.13.1. Hypothesis 

The main hypothesis of the thesis is: 

Bayesian optimisation is an effective method to optimise titre of surfactin in Bacillus 

subtilis by manipulating culture medium composition. 

1.13.2. Aims 

There are 4 aims that are considered in order to assess the rejection of the proposed 

hypothesis:   

- Develop and validate a Bayesian optimisation framework for optimisation of 

surfactin titres In Bacillus by manipulating culture medium composition. 

- Develop a flow injection-mass spectrometry protocol for rapid relative quantification 

of surfactin variants in complex biological samples.  

- Automate and streamline experimental procedures using robotic platforms for large 

sample handling in iterative experiments. 

- Demonstrate the applicability of the developed platform for bioprocess optimisation 

via optimisation of several components in culture medium. 
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2. Optimisation of surfactin yield in Bacillus using active 

learning and high-throughput mass spectrometry 

Work conducted by Ricardo Valencia Albornoz1, Diego Oyarzún1,2 & Karl Burgess1*  

1 Institute of Quantitative Biology, Biochemistry & Biotechnology, School of Biological 

Sciences, University of Edinburgh, King’s Buildings, Edinburgh, United Kingdom 

2 School of Informatics, University of Edinburgh, Edinburgh, EH8 9AB, United Kingdom 

Ricardo Valencia Albornoz (thesis author) performed the conceptualisation and 

testing of the experiments, and the development and testing of the algorithm/pipeline 

for the optimisation of culture medium. DO and KB provided guidance on methodology 

development.  

Graphical Summary 

 

Outline 

Optimisation of a product titre or yield in a bioprocess is crucial for the 

economic and technical success of its operation.  This problem is usually complex, 

since several factors or variables are involved in the outcome, where some of them 

can be modified by the experimenter, while others are not controllable. In a bioprocess, 

medium components are important factors in the final yield and each of the 

component concentrations can be adjusted to get optimal conditions.  Here we 

present an active learning/Bayesian optimisation framework to enhance surfactin 

titres by changing medium component concentrations. Surfactin, produced by 
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Bacillus, is a promising biosurfactant, because of its chemical properties. Reported 

laboratory titres are typically low, due to its complex molecule assembly pathway. 

Thus, we used active learning to refine the culture medium composition through 

iterative experimentation, which enhanced surfactin C levels in Bacillus subtilis DSM 

3256.  Growth curves and other central metabolites were measured as part of the 

experimental loop. 

The final medium mixture led to ~1.6-fold increase after three rounds, 

compared to the M9 medium standard. Reanalysis of the optimisation data reveals 

trade-offs when comparing the production of other lipopeptides, Surfactin D and Iturin 

A, with the maximum OD in the growth curve data. Organic acids in the supernatant 

positively correlate with surfactin C levels, suggesting an impact on central carbon 

metabolism. For some metabolites, including certain amino acids and sugars, the 

change in their abundance around the optimal surfactin C mix is not uniform, 

indicating an "anisotropy" in how metabolism reacts to shifts in carbon and nitrogen 

levels. Our framework addresses the challenges of data handling and analysis, 

offering several visual tools, data analysis techniques, and analytical methods (using 

mass spectrometry), promising to be valuable components of the Design, Build, Test 

& Learn cycle of synthetic biology. 

2.1. Introduction 

Surfactin is a family of lipopeptides produced by strains of the genus Bacillus. 

They are promising candidates to replace oil-based surfactants in intensive industrial 

activities, due to its temperature resistance. These molecules show prominent 

tensioactive properties and are considered high value chemicals. 

2.1.1. Surfactin metabolism in detail.  

Surfactin variants are synthetised by non-ribosomal peptide synthetases 

system (NRPS). NRPS are responsible for the production of very important 

compounds for modern society, such as antibiotics, and the surfactin cluster may be 

consider a prototype of this kind of biosynthetic gene clusters (BGC). Specifically for 

this molecule, the corresponding NRPS draws molecules from different pathways, 

assembling them in sequence (Figure 2.1). First, the branched fatty acid in the 
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surfactin molecule originates from malonyl-CoA and pyruvate in central metabolism, 

after several steps of elongation (Xia and Wen, 2022). Indeed, leucine and valine are 

also considered as intermediates in the pyruvate pathway, enabling the synthesis of 

several CoA variants (Coutte et al., 2015; Xia and Wen, 2022). The origin of glutamate 

for the lipopeptide is intrinsically related to nitrogen assimilation (Gunka & 

Commichau, 2012) and aspartate comes from the central carbon metabolite via the 

oxaloacetate pathway (Park & Lee, 2010). These substrates are available in the 

cytoplasm, where the NRPS can take the necessary building for the final surfactin 

variant (Théatre et al., 2021). Thus, optimisation of NRPS pathways is not trivial, as 

several metabolic fluxes need to be modified to increase the final titre. 

 

Figure 2.1.  Metabolic pathways converging into Surfactin synthesis. Adapted from 

Hu et al., 2019; Xia & Wen, 2022. 

2.1.2. Attempts to increase and quantify surfactin production.  

Production of surfactin in liquid medium demonstrates high variability and low 

titres (Hu et al., 2019; Xia and Wen, 2022). Scale also needs to be considered as 

working volume can affect drastically surfactin output (Alonso & Martin, 2016). Due to 

these challenges, several strategies to increase surfactin production has been 

proposed, including genetic engineering and optimization of fermentation conditions, 

among others (Hu et al., 2019; Xia and Wen, 2022).  
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An example of the genetic engineering approach is the overexpression of the 

exporter gene swrC (synonym: yerP), which has been reported to result in a 1.2–15.6-

fold increase in surfactin production (Hu et al., 2019). Additionally, focus has been 

given to replacing the promoter Psrf by a highly expressible promoter, resulting in titres 

between 0.04-1.5 g/L (Hu et al., 2019). In terms of metabolic engineering, a 

comprehensive rewiring of Bacillus metabolism was carried out to generate a 

surfactin hyperproducer by extensively knocking out pathways and overexpressed 

genes unrelated to the main amino acid and fatty acid pathways (Wu et al., 2019). 

Regarding culture medium optimisation, several studies have employed 

statistical design approaches to maximize surfactin titres by altering the 

concentrations of the medium components (Bertrand et al., 2018; Czinkóczky et al., 

2023). Components include pure compounds such as glucose and more complex 

substrates from industrial waste (Fonseca et al., 2007; Mohanty et al., 2021). 

Additional work has been made to study the influence of specific carbon sources and 

metal ions in surfactin production (Bartal et al., 2018). Here, it was determined that 

fructose and xylose were the carbon sources with most impact in the distribution of 

surfactin variants produced. Metals ions as well can stimulate the synthesis of 

additional variants, such as methyl sterified surfactin forms (Bartal et al., 2018). 

Before this publication, Wei et al. 2004 also analysed the effects of iron ions in 

production, reaching 3 g/L by supplementing the medium with 4 mM of Fe+2. Thus, 

iron and manganese ions has been identified as the main metal stimulators of 

surfactin production. In an industrial setting, a patent was filled regarding long 

fermentation of B. subtilis for surfactin production (Yoneda et al., 2006). This patent 

shows that concentration between 8 and 50 g/L can be achieved using soybean flour 

as feedstock.   

On the metabolomics side, a few reports of metabolic studies on surfactin 

production in B. subtilis are present in the literature (Valdés-Velasco et al., 2022), and 

it has also been investigated in B. velezensis (Wang et al., 2018) and in the case of 

other lipopeptides (Sánchez-Lozano et al., 2023; Yang et al., 2023).  

In terms of quantification of surfactin, a few colorimetric methods have been 

developed for surfactin and general (anionic) lipopeptide quantification (Zhu et al., 
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2014; Yang et al., 2015; Ong and Wu, 2018; Heuson et al., 2019; Kubicki et al., 2020), 

with diverse accuracy across them. Most of the methodologies use a system 

composed of a reporter and a complementary cationic detergent. The reporter is 

added first, then the cationic detergent is added to form a complex with the reporter, 

but surfactin competes with this interaction due to its negative charge, therefore 

releasing the reporter in the medium in a proportional concentration to the surfactin 

concentration.  

2.1.3. Active learning methods for optimisation of titres 

There are a few reports in the literature utilising active learning or Bayesian 

optimisation techniques specifically for bioprocess optimisation. Active learning has 

been employed in the optimisation of culture medium for mammalian cell growth, 

specifically HeLa-S3 cells (Hashizume et al., 2023). Interestingly, this work utilises a 

decision tree as a surrogate model and considers two different experimental setups: 

a normal mode where the cells are grown for the usual cultivation period of 168 hours 

and a time-saving mode where the culture time is shortened to 96 hours, allowing 

faster iterations. Concentrations of 29 compounds in the composition were varied, 

and the biomass was measured as absorbance at 450nm. They compared the 

performance of the active learning on the proposed modes, establishing that in the 

normal mode, the loop can find a better medium (~1.5 fold) than the reference (EMEM 

medium) after four rounds (Hashizume et al., 2023). More advanced Bayesian 

optimisation pipelines, such as multi-objective and multi-fidelity optimisation, have 

been used for the optimisation of desired properties in cell-based meat production. 

Meat production by cell growth in reactors, also known as cellular agriculture, depends 

strongly on the medium combination and the corresponding passage number. In 

addition, other objectives need to be optimised simultaneously apart from cell density, 

such as economic cost. (Cosenza et al., 2023) found a low-cost, high-growth medium 

by using an active learning approach with a Gaussian process regression surrogate 

and an acquisition function related to expected hypervolume proposals. In the case of 

a multi-fidelity approach, the cell counts information obtained in Passage 1 can be 

seen as cheaper but less reliable data to model the effect of medium concentrations 
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before testing recommended iterations in high-fidelity Passage 2 cells (Cosenza et al., 

2022). 

2.1.4. Aims and objectives 

The chapter consider the following aims: 

- Validate a Bayesian optimisation framework for optimisation of surfactin titres in 

Bacillus by manipulating culture medium composition. 

- Develop a flow injection-mass spectrometry protocol for rapid relative quantification 

of surfactin variants in complex biological samples derived from cultures.  

The specific objectives outlined for this chapter are: 

- Determine the range of the components’ concentrations to test 

- Test the Bayesian optimisation in silico using the Branin function. 

- Determine the optimal carbon and nitrogen concentration in medium for maximum 

Surfactin titre. 

- Analyse trade-offs and links between surfactin production, biomass and other 

metabolites 

2.2. Materials and Methods 

2.2.1. Strains and media employed. 

Bacillus subtilis DSM 3256, a Bacillus strain known for producing surfactin, was 

obtained from the Deutsche Sammlung von Mikroorganismen und Zellkulturen 

(DSMZ) repository. According to DSMZ, this strain has been classified as a surfactin 

producer (DSMZ, 2024). Further investigation into related strains confirmed that the 

genome of Bacillus subtilis ATCC 21332, a synonym strain, harbours the surfactin 

biosynthetic gene cluster (ATCC, 2024). Before employing the initial strain stock in 

experiments, a Gram stain was performed to confirm the Gram-positive nature of the 

bacterium. Later, each time a new stock is generated for maintenance at – 80 °C, the 

species identity was assessed by 16S rRNA sequencing.  
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M9 medium was prepared using the following formula: Glucose: 0.4% (as the 

carbon source), NH4Cl: 18.7 mM (as the nitrogen source), NaCl: 8.5 mM, MgSO4: 2 

mM, CaCl2: 0.1 mM, Na2HPO4: 42.2 mM, KH2PO4: 22 mM. Care was taken during 

sterilization of the stock components. Glucose tends to show visible browning after 

autoclaving at both 20% and 50% (g/L), so filtration is recommended (Leitzen et al., 

2021). The remaining components were autoclaved. Additionally, stock solutions were 

prepared based on the reported solubility of each compound. 

For optimization experiments, glucose and ammonium chloride were omitted 

from the formula, resulting in a basic M9 salts/buffer solution to which carbon and 

nitrogen sources could be added later. All components of the M9 medium were 

procured from Sigma Aldrich. Microplate experiments were conducted using ultra-low 

attachment surface flat bottom 96-well microplates from Corning.  

2.2.2. Microplate cultures 

Bacillus subtilis DSM 3256 frozen stock was revived by culturing on an LB agar 

plate at 37°C overnight. From this plate, individual colonies were inoculated into six 

precultures consisting of 5ml of M9 medium. The cells were then grown in a shaking 

incubator at 37°C and 180 rpm for 12 hrs.  

Conditions corresponding to the carbon-nitrogen concentrations in the 

medium, as well as controls, were block-randomised across a 96-well microplate, 

considering six replicates (blocks). These blocks are physically distinct groups of 9 

wells, comprising 7 conditions, 1 M9 medium well with added bacteria and 1 M9 

medium well with no bacteria, acting as control. These were manually pipetted into 

place. The layout for block randomisation was obtained from an R script utilising the 

agricolae package (Mendiburu and Yaseen, 2020). In each well, 100µl of 2X M9 salts 

(M9 medium without a carbon or nitrogen source), 80µl of the glucose/ammonium 

mix, and 20µl of the preculture were added. To help with the pipetting process, the 

corresponding concentrations of glucose/ammonium chloride for each well were 

achieved first in microtubes by diluting the stock and then transferring a constant 80µl 

volume to the well, as described. For the inoculum, the starter cultures were assigned 

to each block and adjusted to achieve an initial optical density at 600nm (OD600) of 0.1 

in each well. This initial OD is easy to measure in the plate reader and can be obtained 



66 
 

consistently across the samples. The OD was measured in a Biochrom Ultrospec 10 

Cell Density Meter.   

The microplate culture was conducted using a Tecan Infinite M200 PRO plate 

reader, recording an OD600 measurement every 10 minutes for 36 hours at 37°C. This 

temperature was selected according to Sen and Swaminathan, 1997, though it is 

recognised that other reports mention a temperature of 30°C for production (Xia et al., 

2024). The fermentation time aligns with publications reporting that a peak on the 

yield of surfactin is reached between 24-48 hrs (Guo et al., 2024), though  longer times 

might decrease surfactin concentration, since it can be used as alternative carbon 

source by the remaining cells (Shaligram & Singhal, 2010). The agitation was set to a 

maximum amplitude of 6mm (shaking frequency is a function of the amplitude, but it 

is not given my manufacturer). Growth data for each well were collected in an Excel 

file for post-processing. Growth rates and maximum OD were extracted using the 

amiga package v. 3.0.2 (Midani et al., 2021). 

After culturing, the microplate was centrifuged for 20 minutes at 3220 x g (4000 

rpm in machine) and 4°C to separate the cell pellet from the supernatant. The 

employed centrifuge was an Eppendorf Centrifuge 5810 R, because this model allows 

for plate holders.  

80µl of supernatant was taken from each well in the cold room at 4C and 

transferred into Axygen 96-well PCR plates. These plates possess a deep bottom. 

Several difficulties were found in this transfer, because of the foamy and slightly 

viscous nature of the supernatant/spent media, and the depth accuracy of the 

pipetting, to avoid perturbing the pellet. After failed attempts, a 3D printed cover was 

built such that the tip only penetrates the well to a depth where the tip end is 3mm 

above the pellet. Details of the 3D model are discussed in the results and the stl file is 

available in the Data Availability section. At the end, the samples were sealed with a 

cap and stored in a -80°C freezer until mass spectrometry quantitation. 

2.2.3. Surfactin and additional metabolites quantification 

We employed flow injection of spent media with a ThermoFisher Dionex 

Ultimate 3000 autosampler. The sample volume was set at 1 μl. The mobile phase 



67 
 

comprised a 1:1 ratio of acetonitrile to water with 0.1% formic acid, and the flow rate 

was 200 μl/min. These conditions were optimised experimentally and are discussed 

in Chapter 3. The sample acquisition time spanned 1 minute, and to quantify specified 

molecules, selected reaction monitoring (SRM) on a ThermoFisher TSQ Quantiva triple 

quadrupole (QqQ) mass spectrometer (MS) was implemented. The MS parameters, 

as well as the precursor/product masses, collision energy and dwell time table, can 

be found in Supplementary Tables BT1 and BT2 in Appendix B, respectively. The 

precursor/product masses for surfactin variants were obtained and confirmed using 

PubChem open mass spectrometry data (PubChem, 2024). 

Peak extraction was accomplished using the rawrr package in R (Kockmann 

and Panse, 2021). In the script, each of the scans in a raw file corresponds to a specific 

precursor/product mass for each retention. If there are more than one product 

associated with a given precursor, the intensity is summed across the products. The 

number of acquired points along the 1 min run is controlled by the dwell time. Higher 

values of dwell time (in ms). The custom script is available at the link from the Data 

Availability section. The script outputs a file called a "hypertable". This hypertable 

consists of three columns with retention time (s), scan information, intensity, and the 

raw file name from which the measurements come. 

Subsequently, metabolites peaks were baseline corrected using the 

asymmetric least squares algorithm from the Python pybaselines package (Erb, 2022) 

set to default parameters. The corrected peaks were integrated over the 1-minute run 

using the trapezoid rule function from the NumPy package via a custom Python script. 

The integrated intensity data were then compiled into a table. 

Outliers were identified and removed based on the interquartile range (IQR), 

keeping only values within the range of the median - 1.5IQR to median + 1.5IQR. These 

values were then normalized by dividing them by the average M9 titres observed for 

each batch. A table comparing the relative surfactin C titre to the observed M9 titre for 

every condition or combination was constructed for the subsequent active learning 

prediction step. Similar tables were generated for additional metabolites. 

2.2.4. Active learning loop 
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From the minimum and maximum concentrations of glucose and ammonium 

chloride that were selected for testing, a 2D design space was defined. Seven initial 

conditions were obtained from a Latin hypercube design (LHD) (McKay et al., 1979). 

The centred LHD was implemented in Python using the pyDOE2 package (Sjögren and 

Svensson, et al., 2018). After getting the relative surfactin C titre to the observed M9 

titre from the MS quantification, these values were fitted using a heteroskedastic 

Gaussian process regression (GPR) model (Rasmussen & Williams, 2006; Balandat et 

al. 2019), where the corresponding glucose/ammonium concentrations are inputted 

as variables/features and the titre is the observed output. From the GPR predictions, 

the q-Noisy expected improvement (q-NEI) acquisition function (Letham et al., 2017, 

Balandat et al. 2019) is calculated for the design space, and optimising this function 

retrieve seven combinations to be tested on the next iteration of the loop. 

The model and the acquisition function were implemented using the Ax and 

Botorch library in Python (Balandat et al. 2019), and default parameters were used. 

Several additional scripts used in intermediate steps for formatting data tables and 

are described in the supplementary material. Surface plots, principal component 

analysis (PCA) and radar charts to explore and analyse the data were implemented 

using the matplotlib, seaborn and plotly packages in Python. PCA biplots were 

generated using the pca package in Python (Taskesen, 2020). The surfactin molecule 

diagram was generated using the Pikachu package (Terlouw et al., 2022). 

The Branin function (https://www.sfu.ca/~ssurjano/branin.html) is defined 

between 0 and 15 in the x axis, and –5 and 10 in the y axis. It possesses three global 

minima with same function value 0.397887, at coordinates (-𝜋, 12.275), (𝜋, 2.275), and 

(9.42478, 2.475). Mathematically, it is defined as (Equation 14):  

 

2.3. Results 

2.3.1. Determination of glucose/ammonium chloride concentration range using a 

one-at-time approach 
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In active learning, many of the algorithm parameters have to be tested or 

recommended values are considered. However, the ranges of the values of the factors 

involved in the cycles should be given by the scientist, based on previous knowledge 

or an educated guess on the limits of the system under study. In our case, to determine 

the glucose and ammonium chloride concentration range for the active learning 

experiment, we conduct a growth experiment using as medium the composition of M9 

medium, but either carbon or nitrogen concentration is fixed (Figure 2.2). This 

approach is usually known in the literature as one-factor-at-a-time (OFAT). As 

mentioned in the Introduction, for statistical analysis this design is not reliable, but it 

may offer a quick solution for determining concentrations’ maximum range. 

 

Figure 2.2. Growth curves for Bacillus subtilis DSM 3256, when changing carbon and nitrogen 

separately via the one-factor-at-a-time (OFAT) approach. Curve colouring is associated with a 

specific carbon and nitrogen concentration according to the legend. Bacteria were grown for 

36 hrs. A) Growth curves for variable glucose concentration, from added 0 to 6%, and fixed 

ammonium concentration of 18.7mM B) Growth curves for variable ammonium chloride 
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concentration, from added 0 to 240mM, and fixed glucose concentration of 0.4%. No cell wash 

was performed in the transfer from the pre-cultures to the microplate wells. Therefore, some 

carryover can be observed, including the non-zero growth for the added 0 mM of nitrogen 

condition in B. Cells reach stationary phase around 24 hrs. C) Semi-log plot of OD vs time for 

fixed ammonium and variable glucose. Biphasic growth is observed where the rate changes 

at the time point of 6 hr, due to nitrogen limitation. D) Semi-log plot of OD vs time for fixed 

glucose and variable ammonium. Biphasic growth is only observed in low nitrogen conditions. 

For higher nitrogen concentrations, exponential growth is observed, and the rate is 

proportional to the amount of nitrogen added. 

This process not only helped determining the design space for the active 

learning loop but also provided valuable insights into the effect of main nutrients in 

the microbial physiology of Bacillus subtilis DSM 3256.  

When glucose concentration is varied and ammonium chloride concentration 

is fixed, we observed a slight detrimental effect of glucose concentration in maximum 

OD, especially in higher concentrations. After 5% glucose, the bacteria grow, but the 

maximum OD has been reduced by 21% compared to lower concentrations (Figure 2.2, 

A). As it is evidenced in the semi-log plot of OD vs time, every combination displays 

biphasic growth with a change on growth rate (slope in the semi-log plot) at 6 hrs, due 

to nitrogen limitation (Figure 2.2, C). Due to practical considerations, we decided for 

6% as upper limit for glucose. This may avoid any scenario of carbon limitation when 

testing over the full range of glucose concentrations. In addition, making glucose 

stocks with higher percentage is more complicated (if we make a 10x stock, it is a 60% 

glucose solution stock, which already takes long time to dissolve and prepare). 

For the experiment where the glucose concentration is fixed, and the 

ammonium concentration is varied, higher concentration of NH4Cl in the medium are 

correlated with higher maximum OD (Figure 2.2, B). In addition, a higher nitrogen 

concentration, above added 120 mM, results in a regrowth after 24 hrs. This regrowth 

is described in the literature, and it is caused by the recycling of available mass from 

dead cells (Zhu et al., 2023). The maximum OD is proportional to the nitrogen 

concentration (Pearson’s r=0.967, p=8.887e-05) (Supplementary Table BT3). Biphasic 

growth is only observed in the low ammonium chloride combinations, where nitrogen 

would be limited (Figure 2.2, D). After 240 mM of ammonium chloride concentration, 
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no further increase in the growth is observed, and this will be considered as the upper 

limit for ammonium chloride concentration). In the lower ammonium limit, growth is 

observed even when no nitrogen is added to the culture medium. This is explained by 

carry-over, i.e, a certain concentration of nitrogen is transferred from the spent M9 

medium in the preculture accompanying the inoculum.   

The number of generations reached at 24 hrs is 2.16-2.7 (2 complete 

doublings). This indicates that choosing an initial OD of 0.1 may not the best choice 

for the experiment, since means that the culture did not reach “maturity”, and this may 

affect surfactin production dynamics (Horvath, 1970). However, this value is amended 

in the culturing protocol for Chapter 4 (initial OD of 0.01). The iterative experiment 

presented in this Chapter 2 keeps the value of 0.1, for consideration. Additionally, 

onwards, maximum OD and last measured OD will be the measurements considered 

for the optimisation analysis as representatives of biomass. 

2.3.2. In silico benchmark of iterative strategies using a synthetic function 

Before employing the active learning pipeline to a biological experiment, its 

performance can be evaluated by substituting the objective function of interest in the 

experiment by a synthetic function, i.e., a function that can be described 

mathematically in an exact way. Not every function is suitable for the benchmarking 

of global optimisation algorithms, because it should exhibit a landscape with multiple 

maxima and minima to test. Therefore, we consider the Branin function for this 

evaluation (Figure 2.3). This function has been thoroughly employed for testing 

optimisation algorithms because it possesses three separated global minima with 

exactly the same value. Therefore, a good black-box optimisation algorithm should be 

able to identify every minimum and cannot get stuck in one of them, as this behaviour 

would affect the performance of the algorithm on more complicated, realistic 

functions.  
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Figure 2.3. Benchmarking parameters of a Bayesian optimisation loop in a test function. A) 

Contour plot of the negative Branin function (ground truth), highlighting the three maxima on 

the 2D space with a red dot. B) A comparison on the number of iterations needed to converge 

to an optimal value, when changing the initial samples and number of samples per batch in 

the active learning framework. Darker colours indicate a smaller number of iterations. The 

iterations are stopped when the current best value is closer to the optimal function value by 

less of 0.5%.  

We test our Bayesian optimisation pipeline by modifying the number of initial 

samples, which is related to how much initial information we have about the function 

landscape and the number of samples per batch. The iterations are stopped when the 

current best value for the observed iteration is closer to the optimal function value by 

less of 0.5%. As expected, higher numbers of initial and batch samples imply less 

iterations, although medium initial and batch sizes also perform well for this complex 

function. 

2.3.3. Production surfaces for surfactin C and observed biomass.  

The culture conditions were optimised to enhance the titre of Surfactin C in the 

spent media (Figure 2.4) from Bacillus subtilis DSM 3256 using an iterative active 

learning loop. The medium composition variables, specifically the carbon 

concentration sourced from glucose and nitrogen concentration derived from 

ammonium chloride, were adjusted in a base M9 medium. While temperature and 

agitation are pivotal to surfactin production (Bertrand et al., 2018), they remained 

constant to simplify the experimental design. 
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The active learning cycle tested seven different carbon/nitrogen concentration 

combinations for Surfactin C production in each iteration. Each iteration can be seen 

as stages in the widely recognised Design, Build, Test, and Learn concept in synthetic 

biology (Figure 2.4A).  

The Build and Test stages involve cultivating the bacteria in microplates with 

varying combinations and then measuring the metabolites using mass spectrometry. 

Surfactin C (Figure 2.4B) and three other lipopeptides (Surfactin B, Surfactin D, and 

Iturin A) were identified using a flow injection-mass spectrometry method between 

iterations (Figure B.1 and B.2). This method was developed specifically for the 

experiment, given its ability to measure a single sample within 2 minutes and a full 96-

well microplate in approximately 2 hours, thus streamlining the process. The 

microplate experiments were appropriately randomized using a custom script that can 

be used in general experiments (see Data Availability), optical density (OD) was 

measured (Figure B.8) and Surfactin C titre results for iteration 0 are depicted in Figure 

2.4C. We decided to reduce the number of combinations per plate and increase the 

number of replicates (n=6), since quality over quantity in the data should be beneficial 

for the loop and the subsequent data analysis, thorough a precise estimation of the 

biological noise. The effectiveness of a small number of samples has been reported 

previously (Pandi et al., 2022). 

The Learn phase pertains to using a Gaussian process regression model as a 

surrogate model, predicting the Surfactin C titre landscape alongside its associated 

prediction uncertainty. Lastly, the Design stage identifies with suggesting new 

combinations, facilitated by the acquisition function. This function is a mathematical 

equation that balances between exploitation (selecting combinations close to 

previously tested high-titre ones) and exploration (areas of the design space that 

remain uncertain). 

Initial combinations were derived from a Latin hypercube design, and will be 

denoted as Iteration 0, with subsequent combinations recommended by maximising 

the acquisition function. After three iterations, the active learning loop does not show 

any further improvement, obtaining a ~1.6-fold titre improvement relative to the 

surfactin titre in M9 medium (Figure 2.4E). The optimum is reached at 0.8% glucose 
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and 50 mM NH4Cl. Previously reported values for optimal surfactin production, 

including modifications to the Cooper and Landy media regarding carbon and nitrogen 

concentrations, correspond to 0.8% glucose and 100 mM NH4Cl (Willenbacher et al. 

2015), in agreement with the obtained maximum for carbon concentration. When 

updating the models after each iteration (Figure B.7), the average uncertainty in the 

predictions decreases from 0.45 to 0.3 (Figure 2.4D), indicating that model is gaining 

more information about the system across iterations. 

 

Figure 2.4. Active learning for optimisation of Surfactin titres. A) This diagram illustrates the 

active learning loop employed and its association with the standard stages of a Design, Build, 

Test, Learn (DBTL) cycle. The Build and Test stages encompass the cultivation of bacteria in 

microplates using machine learning-suggested combinations, followed by metabolite 

measurements via mass spectrometry. In the Learn stage, a Gaussian process regression 

model serves as a surrogate, forecasting the Surfactin C titre landscape together with its 

prediction uncertainty. The Design phase, meanwhile, focuses on proposing new 

combinations, aided by the acquisition function. B) The structure of Surfactin C is displayed, 

emphasising the ring amino acids. The sequence for these amino acids is L-Glu1-L-Leu2-D-
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Leu3-L-Val4-L-Asp5-D-Leu6-L-Leu7. A simplified surfactin biosynthetic cluster diagram 

presents the four biosynthetic genes within the cluster. Each gene codifies for a megaenzyme 

and the domains in each of these enzymes follows the nomenclature: C for condensation; A 

for adenylation; T for thiolation or PCP; E for epimerase; and TE for thioesterase. The initial 

condensation domain Cs in srfAA facilitates the integration of the fatty acid at the synthesis 

commencement. C) This section shows the layout for the microplate experiment during the 

initial iteration of active learning. Combination treatments, alongside control and M9 reference 

treatments, underwent block randomisation, resulting in six blocks. These are associated with 

biological replicates. A boxplot displays the Surfactin C titres achieved in the initial iteration. 

D) A dense grid of carbon/nitrogen combinations was employed to estimate uncertainty 

levels, expressed as the standard error of the mean, for models updated after iterations 0, 1 

and 2. Models are compared pairwise, showcasing the uncertainty for identical grid points 

when comparing the model from iteration 2 against those from iterations 0 and 1.E) The final 

Surfactin C landscape following all three iterations is shown. The combination predicted to 

yield the maximum titre is marked with a cross. A zone exhibiting reduced titre (less than 0.5 

in relation to the M9 titre, known as the performance cliff) is delineated with a white line. 

In the case of surfactin variants, such as Surfactin B and Surfactin D, as well as 

the lipopeptide Iturin A from a different biosynthetic cluster, their production profiles 

are similar to that of Surfactin C (Figure B.1). This is consistent with previous reports 

on co-production of fengycin and surfactin (Yaseen et al., 2017), phenomena that also 

is observed in other categories of biosynthetic gene clusters (Qi et al., 2021). 

2.3.4. Identifying trade-offs between lipopeptide production and biomass.  

Interestingly, these production profiles can be used to investigate trade-offs 

between lipopeptide production and maximal biomass in silico (Figure 2.5). By 

inputting simulated combinations into the final model, it is possible to identify Pareto 

fronts between lipopeptide titre and the maximum optical density (OD). The results 

show no evident trade-off for Surfactin C and Surfactin B in relation to biomass (Figure 

2.5A). In other words, there's minimal sacrifice in biomass to achieve a high titre. 

Conversely, a slight trade-off is observed for Surfactin D and Iturin A, where a reduction 

in biomass of about 10% facilitates a 5% increase in the observed titre (Figure 2.5B), 

suggesting that the metabolic resources are diverted away from growth and towards 

the production of the lipopeptides/variants. Conversely, as growth rates increase, the 
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production of Iturin B decreases, highlighting the metabolic burden associated with its 

synthesis. 

 

Figure 2.5. Pareto front obtained by simulating the lipopeptide production and biomass with 

the final (GPR) model using a random and dense set of combinations. The limits of the Pareto 

fronts are shown using red triangles. A) For Surfactin C and D, growth can be minimally 

sacrificed to obtain a maximum of production, therefore, no trade-off is observed. The ratio of 

biomass vs lipopeptide, that has to be sacrificed to obtain the maximum production, is approx. 

0.025/0.8 = 0.03 titre/OD for Surfactin C and 0.025/0.7 =0.035 titre/OD for Surfactin B. B) For 

Iturin A and Surfactin D, the Pareto front indicates an evident trade-off between lipopeptide 

production and bacterial growth. The maximum production of Iturin A and Surfactin D occurs 

at lower growth rates. The ratio of biomass vs lipopeptide, that has to be sacrificed to obtain 

the maximum production, is approx. 0.15/0.8 = 0.188 titre/OD for Surfactin D and 0.1/0.7 = 

0.142 titre/OD for Iturin A. 

2.3.5. Carbon-related metabolites and correlation with lipopeptide production.  

In addition to the lipopeptide list, various metabolites associated with carbon 

metabolism and the tricarboxylic acid cycle (TCA) can be measured using the flow 

injection method (Figure B.3 and B.4). As these are not included to the medium, they 

are found in the spent medium due to two reasons: export of molecules from the cell 

and the release of cytoplasmic content from membrane disruption, primarily caused 

by surfactin itself. These measurements provide valuable insights into the bioprocess. 
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Data on lipopeptide production, carbon/TCA-related metabolites in the spent 

medium, and growth curves can be organised for further analysis. We divide the 

analysis into two subtasks: correlation/PCA/pathway analysis and a novel directional 

analysis. The correlation/PCA/pathway approach is commonly used in metabolomics. 

It involves creating a table with metabolites as features and employing visualisation 

techniques like correlation heatmaps and dimension reduction methods. The results 

can be embedded into a metabolic pathway diagram and with it, one can infer useful 

biochemical connections to the synthesis of the desire compound (Bartel, 2013). On 

the other hand, the proposed directional analysis reveals how metabolism reacts to 

simultaneous changes in medium composition, focusing on the production surfaces 

and conceivable asymmetries in the metabolic response. 

2.3.5.1. Correlation and PCA analysis.  

Using solely the data from the loop samples, we performed a correlation 

analysis amongst the available 24 features: 4 lipopeptides, 18 other metabolites, and 

2 derived from growth data. A hierarchical clustering dendrogram highlights two 

primary clusters of metabolites, further divided into four closely correlated subgroups 

(Figure 2.6A). The first (6) and second groups (7) of the primary cluster contain a 

combination of amino acids and additional metabolites from the 

glycolysis/glucogenesis pathway. In contrast, the third (7) and fourth groups (5) 

consist of lipopeptides (4), and organic acids related to carbon metabolism (6) 

respectively. Both Canonical Correlation Analysis (CCA) and a PERMANOVA test 

validate the distinct nature of these groups (CCA: p-value approximates 0 across all 

dimensions; PERMANOVA: p-value 1e-4). The organic acids in the fourth group 

showing a positive correlation with lipopeptide production, are easily recognisable as 

components or affiliates of the tricarboxylic acid cycle, suggesting heightened activity 

in this pathway. 
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Figure 2.6. Multivariate analysis of additional metabolites in the experiment. A) Spearman 

correlation between the measured metabolites/biomass across loop samples. The rows and 

columns are ordered by hierarchical clustering, shown as a dendrogram. Red colours indicate 

high positive correlation, while bluer colours indicate high negative correlation. Two primary 

clusters were identified from the dendrogram, which can be subdivided into 4 groups. Each of 

the groups is labelled within general biochemical categories. B) PCA biplot of the active 

learning loop samples. Iteration samples are depicted as points with distinct colours; purple 

for iteration 0, green for iteration 1, red for iteration 2. The arrows in the biplot represent the 

loading scores of each metabolite, indicating their influence on the principal components. This 

information is also presented in the scores accompanying the metabolite labels. To facilitate 

reading in the biplot, the metabolite names are abbreviated when necessary. 

We can complement these insights by looking at a principal component 

analysis (PCA) biplot (Figure 2.6B) on the experimental samples. The first and second 

components account for 44.1% and 17.8% of the explained variance, respectively. 

Notably, the lipopeptides and TCA organic acids account for the variance in the 

positive values of the first PCA component. In contrast, the metabolites from the 

primary cluster show the opposite trend. The associated loading scores are similar, 

indicating that no individual metabolite dominates the variance contribution after the 

reduction. 

Although PCA and other dimension reduction methods are used in 

metabolomics as a useful visualization to gain insights about treatments’ sample 
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similarities and cluster detection (Bartel et al., 2013), here we will also employ it to get 

a grasp on how “metabolically diverse” the recommended samples in each iteration 

are. Remarkably, the samples are indeed metabolically diverse, as shown by the 

sparsity of the points in the PCA, and the distribution/score of the loadings. Therefore, 

exploring the design space also explore the metabolic space in a comprehensive way, 

which is not trivial.  

 

Figure 2.7. Detailed pathways and key intermediates for the synthesis of amino acids and 

fatty acids in Bacillus subtilis. The central carbon metabolism, including 

glycolysis/gluconeogenesis, the pentose phosphate pathway and the citric acid cycle, is 

depicted on the left side. From the metabolites on these pathways, several branches diverge 

into several amino acid synthesis pathways. Fatty acids have their origins in acetyl-

CoA/malonyl-coA metabolism. 2-Oxoglutarate is linked with the glutamine-glutamate cycle, 

which is crucial for nitrogen assimilation. Metabolites with an available titre surface predicted 

by the model are enclosed in a red box and the surface is shown next to the label, while 

metabolites necessary for synthesis are enclosed in a blue box. From MetaboMaps, (Koblitz 

et al., 2020). 
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Finally, the surfaces can be embedded into a simplified pathway diagram for 

anabolism in Bacillus subtilis (Figure 2.7) (Koblitz et al., 2020), mirroring the 

conclusions from the previous steps. However, some extra information can be 

obtained. L-arginine, which is linked with 2-oxoglutarate and is in the same pathway 

with glutamate synthesis, an amino acid in surfactin, possesses high abundancy with 

higher carbon-nitrogen concentration, suggesting higher activity in the glutamine 

synthetase-glutamate synthase (GS/GOGAT) cycle and overflowing of this compound 

to the medium (Gunka et al., 2012, He et al., 2023). 

2.3.5.2. Sensitivity of metabolite production to media component changes: 

directional analysis.  

It is natural to hypothesise that the microbial metabolism responds and adapt 

in diverse ways respect to slight changes in carbon/nitrogen concentration. In the 

same way, the direction (or mathematically a vector) to which carbon and nitrogen 

changes might have specific effect in the metabolic enzymes and reactions. This 

concept is encapsulated in microbiology as part of the global topic of catabolic 

control. Catabolic control corresponds to the mechanisms involved in the preference 

in the utilisation of a nutrient source over another, for example a simple sugar over a 

more complex sugar for carbon intake, depending on how easily can be assimilate into 

the metabolism (Görke & Stülke, 2008). These mechanisms not only regulate the 

utilisation of unique nutrients but also control the metabolic intersections between 

nutrients’ catabolic pathways, which happens in the intersection of carbon and 

nitrogen utilisation. For Bacillus, the 2-oxoglutarate-glutamine-glutamine (GS/GOGAT) 

cycle determines downstream flow of nitrogen for the synthesis of several important 

molecules for the cell, for example amino acids. This cycle is affected by global 

regulators, such as CcpA (activation), CodY (activation) and TnrA (repression). 

Additionally, energy utilisation in this cycle, together with energy requirement by 

glycolysis enzymes shapes the flow distribution (Sonenshein, 2007) 

Considering this context, nevertheless, it would be good to consider a name for 

the quantitative method itself, in the context of titre modelling and metabolite control, 

and we will use the term “metabolic anisotropy” when referring to it, inspired by the 

meaning of anisotropy in physics and geostatistics, among other science areas, i.e, 
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non-uniformity in different directions or specifically in experimental terms, in 

simultaneous changes in medium composition. Using the production surface data, we 

can explore this idea in a preliminary fashion.  

The approach consists of stepping on the observed maximum of surfactin titre 

and trace orthogonal trajectories to the level curves on different angle directions, until 

they reach a specified radius. This allows us to calculate the gradient of 

metabolite/biomass/lipopeptide levels on angles from 0° to 360° respect to the 

Surfactin C maximum (Figure 2.8). For example, 0° corresponds to only increasing 

glucose, while 90° corresponds to increasing NH4Cl concentration. Taking a radius of 

0.6% glucose and 24 mM of nitrogen around the maximum carbon/nitrogen models, 

we used the trained models to step on the same optimum combination in each surface 

and calculate the gradient along the depicted blue circle (Figure 2.8A). 

 

 

Figure 2.8. Directional analysis reveals which metabolites are sensible to slight and 

simultaneous changes in carbon/nitrogen composition around the Surfactin C maximum. A) 

Radius around the maximum titre in the Surfactin C surface to calculate gradients in each 

metabolite production surface B) The gradients are calculated by simulating 100 samples in 
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a path between the maximum titre point and a specific direction in the defined radius. Then 

the average gradient is obtained by averaging the (approximated) slopes for these samples. 

C) Profile of average gradient for different directions depicted as a radar chart. Each colour 

corresponds to a specific metabolite. The production surface for each metabolite was used 

to make the calculations. D) For specific metabolites, the profile is highly asymmetric, 

suggesting flux redistribution or enzyme kinetic changes when changing media composition 

simultaneously in a specific direction. The color legend is associated to each metabolite: (S)-

Malate, 6-Phosphogluconic acid, L-Arginine, L-Phenylalanine, R-2,3-Dihidroxy-isovalerate and 

Succinate. This phenomenon might be associated with catabolic control. For example, L-

arginine levels react rapidly to change in carbon and nitrogen concentrations, since its 

synthesis directly depends on the GS/GOGAT cycle activity (Sonenshein, 2007). 

A radar chart shows that several metabolites show near symmetric profiles, i.e., the 

rate of change of its abundance in every direction is similar, while others possess 

unusual long gradients for certain angles (Figure 2.8B). After filtering the gradient 

profiles that possess overall symmetry across every angle, we found 6 metabolites 

which present an asymmetric gradient profile, i.e., when stepping down of the 

optimum carbon/nitrogen concentration and moving towards another combination in 

a specific direction, the decrease/increase on that metabolite production is 

significantly different to when choosing another direction. Specifically, L-

Phenylalanine, 6-Phosphogluconic acid and R-2,3-Dihidroxy-isovalerate exhibits higher 

gradient (abundance change) at the 135° direction (0.35 titre change vs -0.2 titre 

change on the opposite direction), corresponding to decreasing glucose 

concentration and increasing nitrogen concentration (Figure 2.8D). On the other hand, 

Succinate, (S)-Malate, and L-Arginine show higher gradients on the right half of the 

angle plane (0.5 titre change vs -0.4 titre change on the opposite direction), moving 

towards increasing glucose concentration (Figure 2.8D). For L-arginine, as we have 

shown before, has a production profile strongly associated with increasing 

carbon/nitrogen, pointing about fast responses in the nitrogen metabolism, since its 

synthesis is downstream respect to glutamate and therefore, it depends on the 

GS/GOGAT cycle activity (Sonenshein, 2007). 

. The observed anisotropy on abundance changes for certain spent media 

metabolites could be related to multiple factors, including rapid enzymatic action, 
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transient metabolic fluxes, overexpression of exporting systems, among others, and 

has not been thoroughly studied before on this experimental context, as far it is known. 

2.3.6 Evaluation of the titre models using cross-validation and accuracy metrics 

To evaluate the predictive capacity of the fitted Gaussian process regression 

model for Surfactin C, and how information is gained across iterations, we compared 

the actual vs predicted values for the mean and standard error of the mean on each 

sample (Figure 2.9). Ideally, both values should coincide, giving the maximum R-

squared (R²) of 1. Additionally, the mean square error from the cross-validation 

procedure should be as low as possible.   

 

 

Figure 2.9. Predicted vs actual mean values plot for the fitted Surfactin C Gaussian process 

regression (GPR) model after each iteration. The average value for each sample considering 

replicates is indicated in the x-axis, while the mean prediction from the model on each of them 

is depicted in the y-axis. The standard error of the mean (s.e.m) from the actual samples and 

the predicted s.e.m from the model is shown using the errors bars.  

Thus, the analysis presents a multi-iteration diagnostic of the predictive model 

for Surfactin C, our compound of interest, with each plot corresponding to a 

subsequent iteration. In the first iteration, the model is trained on a small dataset of 7 

samples and yields a high R-squared (R²) value of 0.92. However, this iteration also 

comes with a Leave-One-Out Cross-Validation Root Mean Square Error (LOO CV 

RMSE) of 0.68 ± 0.49, indicating high variability in the model’s prediction accuracy 

across different subsets of the data, which is not desirable. On the second iteration, 

although the R² is reduced, the error in the cross-validation analysis is also slightly 
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reduced, indicating better generalisation capacity of the model. This pattern remains 

in the third iteration model, with some points adjusting to the predicted values but 

other possessing more error in the prediction, suggesting that the smoothing 

properties of the Gaussian regression might be playing a role on the latter points. 

It is also convenient to invert the analysis and plot the predicted uncertainty (as 

standard error of the mean) vs the actual observed uncertainty (Figure 2.10). Here we 

appreciate that for the first model the calculated R2 for this prediction is negative. This 

means that there is a shift or bias in the predicted value, rendering the model as an 

overestimation. This behaviour is corrected on the next iterations, showing higher R2 

(0.65 and 0.69 respectively) and low LOO CV RSME, indicating that the second and 

third iteration models generalise much better in terms of uncertainty prediction. 

 

Figure 2.10. Predicted vs actual uncertainty values plot for the fitted Surfactin C Gaussian 

process regression (GPR) model after each iteration. The average standard error of the mean 

(s.e.m) for each sample considering replicates is indicated in the actual value (x-axis), while 

the mean s.e.m from the model on each of them is depicted in the y-axis. The mean from the 

actual samples and the predicted mean from the model is shown using the errors bars. This 

plot is a dual from the information given on Figure 2.9. 

2.4. Discussion. 

Surfactin production in a liquid culture involving several medium components 

is still a bioprocess challenge (Dobler et al., 2022). Therefore, we believe there is a 

need for high-throughput experimentation to optimize surfactin production and 

overcome the trade-off between population growth and biosynthesis. Our method 

achieves a 1.6-fold increase in surfactin titre, which in comparison to reported 



85 
 

increases using genetic engineering approaches (Xia & Wen, 2002), corresponds to a 

modest but significant improvement, given that only two factors were fine-tuned.  

Genetic approaches have reach between 1.4-fold improvement to 15.6-fold 

improvement in the extreme case, corresponding to the replacement of the native 

promoter Psrf with the strong chimeric promoter Pg3 (Xia & Wen, 2002). In the case of 

solely performing medium optimisation, it has been reported titre improvements from 

2 to 10-fold (excepting hydrocarbon addition experiments) and these are mostly 

related to tweaking mineral traces concentrations, such as Fe+2, Mn+2, Mg+2 or K+ in 

the medium. Interestingly, production can be very sensitive to these ions, resulting in 

decreasing titres for some conditions (Xia & Wen, 2002). Mg+2 and K+ concentrations 

are tested as part of the space-filling experiment in Chapter 4.  

Upon consideration of the surface visualisation, it is observed that there are 

many combinations of carbon and nitrogen concentration around the optimal 

combination that exhibit a similar Surfactin C titre. Given the uncertainty associated 

with the model, the differences between the mean values of Surfactin C within the 

radius defined for the directional analysis are not statistically significant (p-value >> 

0.05, ANOVA, 10 points taken randomly within the radius). Therefore, in a statistical 

sense, selecting any combination within that radius may result in a culture with a high 

Surfactin C titre. 

Titre variation is a fundamental factor to consider when performing a Bayesian 

optimisation loop. Sources of noise include the stochasticity of the underlying 

biological process, errors introduced by liquid handling, instrumental variability, 

among others. Fundamentally, one can establish a trade-off where the total number 

of samples is reduced and the number of replicates per batch is increased, to gain 

confidence in the model’s predictions and thus achieve sample-efficient optimisation 

and reliable production data that can be used in downstream analysis, as was shown 

by performing simulations for the optimisation of the Branin function. We took this 

path by using 6 replicates in our plate experiments, following a similar strategy as 

shown in Pandi et al., 2023 and Hashizume et al., 2023. Interestingly, in Hachizume et 

al., 2023, the total number of initial samples is quite high (N=236, with replicates 

included) in comparison to our framework (N=42, with replicates included), but the 
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number of factors is much higher than our case, so it is reasonable that more 

information is required for the active learning loop to converge in a small number of 

iterations.  

The selection of an appropriate model and acquisition function to account for 

this noise is paramount. Thus, it is recommendable to characterize the statistical 

nature of the variation using small, preliminary experiments to choose the best options 

for the BO loop. We demonstrate that after the preliminary experiments to determine 

carbon and nitrogen ranges, deciding for using heteroskedastic models as surrogate 

was an appropriate choice since this kind of models can capture the observed 

variability in a flexible way.  

If a complex surrogate model is chosen, such as random forest, ensembles or 

neural networks, feature importance or Shapley values may be important to rank the 

most important medium components contributing to the optimisation, as has been 

previously reported (Hashizume et al., 2023). Additionally, high-throughput multi-

omics measurements have been intensively developed over the last years and they 

are the perfect complement to setup a seamless bioprocess optimisation that is at 

the same time metabolically informative. These are already in practice for synthetic 

biology and metabolic engineering (Roy et al. 2021), but any bioprocess areas could 

benefit of this approach. With time-resolved multi-omics data in hand, metabolic 

anisotropy studies might uncover interesting in vivo enzyme kinetics, novel regulatory 

systems, and unusual pathway flow redistribution, expanding the literature on 

bacterial catabolic control and inform metabolic engineering. 

2.5. Conclusion 

This study provides a step further in different directions. First, it realises the 

potential of active learning and more generally, iterative improvements methods to 

optimise production of biosurfactants, complex molecules with special production 

regimes. Second, it shows the importance of replication in active learning/Bayesian 

optimisation experiments when facing with highly variable measurements. Lastly, it is 

an example that optimisation pipelines can deliver rich data, that after further re-

analysis, can reveal important aspects of the metabolism of Bacillus in conditions of 

lipopeptide production. 
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The approach taken in the experiment consider 2 factors to change 

simultaneously. The method can be adapted to consider more factors, giving a 

platform to solve complex optimisations. However, adding more factors make the 

medium preparation protocol tedious in terms of time and number of pipetting 

operations. This complexity also means that the volume transfer is prone to manual 

error after several hours of pipetting. To overcome this problem, a robotic platform 

should be developed for the liquid handling (Chapter 3). This platform will unlock 

optimisation of culture medium for Surfactin production in several factors, a result 

shown in Chapter 4. 
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Chapter 3 

A robotic platform for semi-automated iterative 

experimentation and additional protocols 

Work conducted by Ricardo Valencia Albornoz1 

1 Institute of Quantitative Biology, Biochemistry & Biotechnology, School of Biological 

Sciences, University of Edinburgh, King’s Buildings, Edinburgh, United Kingdom 

Ricardo Valencia Albornoz (thesis author) performed the conceptualisation and 

testing of the platform, including liquid handling tests and electronics building. Any 

other reported protocols were also performed and conceived by RVA. 

Outline 

This chapter presents the technical advances in sampling, robotics and 

software to perform high-dimensional (multi-factorial) bioprocess experiments, 

enabling the main results in the subsequent Chapter 4. Additionally, we mention work 

related to optimising a mass spectrometry protocol to quantify surfactin using flow 

injection.  

On the microbial culturing aspect of the project, we integrated advanced 

robotics, custom Python scripting, and state-of-the-art analytical techniques to create 

a system capable of conducting multi-factorial experiments in a semi-automated 

manner. The core of the experimental automation was achieved using the Opentrons 

OT-2 robot, which handled liquid transfers and was programmed to perform tasks with 

precision across different labware via Python scripts. These scripts, together with data 

analysis scripts, are the base of an Apache Airflow pipeline to streamline Bayesian 

optimisation iterations. To accommodate the experimental requirements in terms of 

volumes and available labware, the work was also supported by a series of 3D-printed 

custom labware, downloaded from the web or made in-house.   

Finally, the system's capabilities were further enhanced with the integration of 

a robotic arm, enabling versatile manipulations within the Opentrons deck, avoiding 

the need to open the door and thus preventing potential contamination during the 
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preparation of culture medium mixes. The resulting pipeline complements existing 

pipelines on automated systems for experimentation, reducing human error, and 

increasing reproducibility. We also identified critical points in common laboratory 

equipment, both software and hardware, which can hinder fully automated, closed-

loop experiments and we discussed future proposals on how to fill this gap. 

3.1. Introduction 

3.1.1. Optimisation of conditions for mass spectrometry 

Optimising of mass spectrometry conditions is a crucial step in ensuring high-

quality data acquisition (Hecht et al., 2016), which is essential for accurate metabolic 

analysis. Optimal parameter settings can improve signal stability, reduce noise, and 

enhance the detection of low-abundance species (Williams et al., 2024). Optimising a 

run in a triple quadrupole mass spectrometry, the main equipment used in this thesis, 

typically involves changing a mix of numerical and categorical factors that most likely 

affect peak quality, such as mobile phase flow rate, collision energy and 

chromatographic parameters (Jiao et al., 2002; Soler et al., 2006). In the literature, this 

procedure is generally carried by performing one-factor-at-a-time approach, because 

many of the parameters are commonly taken from previous runs in the laboratory or 

facility or are extracted from literature, providing a useful initial guess. However, 

depending on the nature of the protocol or the target compounds, optimisation may 

be performed from scratch, employing a design of experiment approach (Jiao et al., 

2002; Riter et al., 2005). 

Automated tools, such as the proprietary ThermoFisher software optimisation 

utility and the recent OptiMS (Williams et al., 2024), can facilitate process by 

systematically testing the parameters using large grids over a batch of samples, and 

it is especially effective when optimising conditions for molecule detection in a 

complex sample matrix.  

3.1.2. Pipeline development for automation in biology. 

Automation in biological research has seen significant advancements with the 

development of automated pipelines that streamline complex experimental 

workflows. These pipelines are designed to handle large-scale data processing, 
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reduce manual intervention, and improve reproducibility by breaking the process into 

smaller subroutines. Thus, by integrating automation with experimental design, 

researchers can achieve higher throughput and greater accuracy. This has proven 

particularly beneficial in experimental workflows for several “omics” including 

genomics (Socea et al., 2023), transcriptomics (Berglund et al., 2020; Santacruz et al., 

2022), proteomics (Fu et al., 2023), and high-throughput screening (Michael et al., 

2008), where the volume and complexity of data require sophisticated automation 

solutions.  

Typical biocomputational pipelines uses packages that provides functions for 

assembling steps in a path fashion and to assess if any of these steps might be giving 

incorrect output or is not being executed. The latter could be because either a 

condition is not met in a subroutine, or in the physical case, the interaction with the 

laboratory equipment (including the machine operation itself) is not working reliably. 

The steps in the pipeline can be composed of many elements or subroutines, including 

scripts in several languages, calls to servers or cloud services and interacting with 

packages and modules for actioning machines and other laboratory equipment (Reiter 

et al., 2021).  

Snakemake and Nextflow are popular frameworks for generating pipelines in 

bioinformatics and experimentation in general (Jackson et al., 2021). These 

frameworks use a specific syntax (Python/GNU Make-inspired and Groovy, a java-

based language respectively) to monitor and execute the different subroutines/scripts 

and have native integration with the most common programming languages, such as 

Python and R. Snakemake has easy integration features with Conda (a python 

package manager) and containerisation frameworks such as Docker (Köster & 

Rahmann, 2012). Nextflow has a focus in adaptability and big data by integrating 

outputs on different section of the pipeline and it also provides templates for typical 

bioinformatics pipelines, providing ease of use, but also flexibility by user editing (Di 

Tommaso et al., 2017).  

Apart from these packages, other general pipeline automation packages, or 

more generally, workflow management software, can be used, such as Apache Airflow 

(Apache/Airflow, 2015/2024), Luigi (Spotify/Luigi, 2012/2024) and Toil 
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(DataBiosphere/Toil, 2015/2024). These are partially or purely Python-based, lowering 

the learning barrier and has become popular in diverse industries. Additionally, they 

have the capability to interface with a graphical window, tracing the performance of 

the pipeline across the different steps. 

Examples of pipelines combining in silico and in vivo approaches in synthetic 

biology include DBTL cycles for enhanced microbial biomanufacturing of fine 

chemicals (Carbonell et al., 2018), the integration of computational metabolic 

modelling with experimental validation to optimize biosynthetic pathways (Choi et al., 

2019), and the design of synthetic gene circuits using bioinformatics tools followed 

by in vivo implementation (Jones et al., 2022). 

3.1.3. Opentrons platforms for biological experimentation 

Opentrons, a US company building liquid-handling robots, focuses on 

accessible automation solutions for biotech companies and laboratories. These 

platforms are designed to be user-friendly, allowing researchers to automate a wide 

range of biological protocols using a graphical interface or via Python scripts. The 

modular nature of Opentrons systems enables the integration of various proprietary 

tools (such as shaker or temperature modules), open-source tools (such as 3D-printed 

racks), and reagents, making it possible to tailor experimental setups to specific 

research needs (Councill et al., 2021). 

Opentrons robots have been described in protocols for synthetic biology, such 

as plasmid assembly and transformation (Storch et al., 2020; Hérisson et al., 2022; 

Bryant et al., 2023). In metabolomics, Opentrons platforms have been used for fast 

sample preparation (Nemkov et al., 2022). There are reports where an Opentrons robot 

has been modified by adding a camera, providing additional information on the 

pipetting process and/or for biological imaging purposes (Ouyang et al., 2022), as well 

as custom connections between the pipette head and mini-bioreactor lines for 

straightforward sampling and manipulation of cell cultures (Bertaux et al., 2022). 

3.1.4.  Custom platforms for biological experimentation an integration 

In addition to commercial solutions like Opentrons, custom robotic platforms 

for biological experimentation have been developed to meet needs of specific 
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research projects in the technical side, but also providing a cost-effective solution 

(Alisch et al., 2018; Chory et al., 2021; Hamm et al., 2024). These platforms are often 

designed to integrate with existing laboratory equipment and data analysis tools, 

providing a cohesive and efficient workflow (Haby et al., 2019). The ability to 

customise these platforms allows biological researchers to control unusual 

environmental conditions, complement real-time data acquisition, or integration with 

novel assay technologies (Kurtser et al., 2021). Thus, custom hardware has been 

successfully employed in engineering biology protocols (Oliveira & Densmore, 2022), 

such as bioreactor engineering (Haby et al., 2019), physical sensors for measuring 

biological properties (Katunin et al., 2021), adaptable liquid handling on diverse scales, 

such as open-source microfluidics (Kong et al., 2017; Shin & Choi, 2021), among other 

applications. An interesting initiative on this matter are Frugal Self-driving Labs, which 

integrates several low-cost platforms to provide an accessible option for high-

throughput experimentation via open-source software drivers (Lo et al., 2024). 

3.1.5. Aims and objectives 

This chapter considers the following aim: 

- Automate and streamline experimental procedures using robotic platforms for large 

sample handling in iterative experiments. 

To fulfil this aim, the following objectives are considered: 

- Optimise the flow injection protocol regarding flow rate and mobile phase 

composition 

- Benchmark pipetting volume performance of the Opentrons OT-2 robot 

- Develop a pipeline for experimental Bayesian optimisation assisted by the OT-2 robot 

- Build a robotic arm to assist with operations inside the OT-2 working deck 

3.2. Materials and Methods 

3.2.1. Optimisation of flow injection mass spectrometry protocol 

To optimize the flow injection mass spectrometry protocol, the flow rate of the 

mobile phase was adjusted from 100 µL/min to 500 µL/min. The optimum was 
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determined at a rate that reduces peak broadening and provided a sufficient signal 

without excessive dilution. For the mobile phase composition, different mixtures of 

organic solvents (acetonitrile and methanol), with water were tested, including pure 

acetonitrile, acetonitrile/water 50:50 (or 1:1) and methanol/water 50:50 (or 1:1). The 

final mobile phase composition was selected based on the best performance for the 

target analyte, Surfactin C, in terms of signal-to-noise ratio in the extracted peaks. To 

prevent carryover and ensure system consistency, blanks and quality control samples 

were injected at regular intervals throughout the analysis. 

The injection volume was set to 1µL for all runs. For simplification, 0.1% formic 

acid (acting as an additive) is added to every mobile phase mixture tested. For the 

mass spectrometer settings, the samples were ran using the parameters in 

Supplementary Table BT1 (Appendix B) and the scan for Surfactin C is given in 

Supplementary Table BT2. The peaks were extracted using the ThermoFisher 

QuanBrowser software into tables and analysed using a Python script. Plot were 

generated using a Matplotlib function (Hunter, 2007). Signal-to-noise ratio (S/N) 

(Equation 15) is calculated using the formula: 

 

3.2.2. Characterisation of the Opentrons robot 

For the mixing of culture medium components in multi-factorial experiments, 

we employed an Opentrons OT-2 liquid handling robot (Opentrons Inc, USA). Testing 

of accuracy and precision of OT-2 pipetting was performed by transferring defined 

volumes of water from a 15 ml Falcon tube reservoir into a 48 well plate, considering 

16 replicates and three volumes tested per plate.  The volumes chosen for P300 were 

30, 150 and 300 ul (tested in one plate), and for P1000 we tested 100, 500 and 1000 

ul (tested in one plate), following the same reference values in the official Opentrons 

white paper (Opentrons, 2019). Then, we employed recently calibrated manual 
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pipettes (P200 and P1000, Gilson) to aspire the water in the wells, modifying the 

volume regulator in the pipette until all the water from the well is in the tip and no air 

bubble is present. The data was collected in a spreadsheet and plotted using 

Matplotlib package in Python (Hunter, 2007). Calculations were performed using 

numpy functions (Harris et al., 2020) in Python. Accuracy, also known as systematic 

error, was calculated using the formula (Equation 16): 

 

while the precision was obtained by the following formula (Equation 17):  

 

An additional set of tests, on the same volumes and for both pipettes, was 

performed, setting the aspiration and dispense speed to 0.5, to check for accuracy 

and precision in slower protocols (0.5 x standard aspiration/dispense rate is 

43.46µL/s =21.73 µL/s).  

3.2.3. Development of scripts for Opentrons OT-2 protocols 

For robot manipulation, a series of Python scripts were created. These employ 

the Opentrons Python package to define robot operations as functions. The main 

functions used in the script were: aspirate, which draws liquid into the tip; dispense, 

which releases the liquid from the tip; pick_up_tip, to take a tip from a tip box; drop_tip, 

to dispose of a tip into the waste bin; load_labware, to specify the position and layout 

of labware on the deck so it can be easily referenced by other functions; and 

load_instrument, which loads the pipette to be used. 
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Every operation is associated with a specific pipette, loaded using the 

load_instrument function. aspirate and dispense require a labware reference, along 

with a well label and the volume to be moved. The speed at which this operation is 

performed can be optionally set. The pick_up_tip and drop_tip functions do not require 

arguments, as the tip box is linked to the active pipette in the load_instrument 

declaration. Respectively, a tip is drawn from the tip box or dispensed into the waste 

bin, and these functions must be consistently called in the correct order to perform 

the pipetting operation (e.g., a tip should be attached before performing the 

aspiration). The code checking system in the Opentrons library can assess these 

conflicts before setting up the run. The load_labware function generates the labware 

references to be called in the operation functions and takes as arguments a label from 

the Opentrons Labware Library and the deck position. If necessary, custom labware 

can be defined with a new label and added to the local labware library. For the 

load_instrument position, it requires a label for the attached pipette to use, in which 

arm is located, either “left” or “right”, and the tip rack that should be linked to draw the 

correct tips for the pipetting.  

 For general volume testing, the Opentrons scripts were written manually. In 

contrast, for the developed Bayesian optimisation pipeline(s), the robot scripts for the 

first microtube stock, filling the plate with the mix of components, and the transfer to 

the quenching plate were generated by a custom Python script, using string templates 

and text file manipulations. The runs are performed by uploading the robot instruction 

script into the Opentrons GUI software v. 7.0.2, which enables the connection of the 

computer with the Opentrons OT-2 robot through a USB cable. For the connection to 

be successful, both the robot and the GUI software must have the same firmware 

version, which can also be updated via the software. The GUI allows the visualisation 

of the running time, and a live listing of the current robot task and the remaining tasks. 

3.2.4. Assembly and characterization of robotic arm 

A robotic arm was assembled to perform operations inside the Opentrons deck 

without the need to open the main door, thereby reducing the chances of 

contamination in plates. The robotics requires 3D-printed parts in PLA, an Arduino 

UNO development board, a servo driver, one 20kg servo, three RC servos, one micro 
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servo, cables, gears, and several small components such as screws, switches, and 

elastic bands, as detailed in Appendix A.4. It is powered by a variable voltage source, 

adjusted for common operation at approximately 6V. The robot was designed by 

Kalton Serra, and he open-sourced the STL files and circuit plan, available at the 

following link: https://www.thingiverse.com/thing:6313449. The detailed building 

process of the robotic arm is presented in the Results section. 

3.2.5. Development of a pipeline for synchronised operation of robotic platforms 

The pipeline consists in several Python and R coordinated using an Apache 

Airflow workflow, which is composed of a Python script where the tasks are defined, 

and the workflow is declared as a directed acyclic graph. The full Bayesian 

optimisation execution and analysis protocol can be split into two pipelines: one for 

the initial sampling, and a second one for arbitrary iterations.  The initial sampling 

pipeline considers 4 main scripts written in Python using the BoTorch library and other 

packages for data manipulation and calculation, such as Pandas and numpy. The 

second pipeline employs as mix of Python and R scripts, oriented to extract, analyse 

and reformat mass spectrometry abundance data for modelling and sample 

recommendations in the next iteration. Several csv files are used as information input 

to perform the tasks. More details on the implementation are presented in the Results. 

3.2.6. Design and manipulation of 3D-printed models. 

The design and manipulation of 3D-printed models were carried out using two 

primary software tools: AutoCAD Inventor and OpenSCAD. AutoCAD Inventor is a 

graphical software for 3D modelling. It was used for the initial design stages, 

specifically the plate cover and the cuvette holder. OpenSCAD, which is an open 

alternative that defines the shapes via code, was used for some advanced models, 

such as the one shown in Appendix A.2.  

Both tools facilitated seamless integration with 3D printing workflows, with the 

final models being exported as STL files, which are compatible with most 3D printers. 

The models were uploaded to Ultimaker Cura v.5.5.0 for placement on the printer deck, 

running time estimation, and slicing, which generates a file with instructions for the 

printer nozzle. The models were then printed using a high-resolution 3D printer, the 
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Ultimaker 3, available at the University of Edinburgh Library (UCreate Studio). The 

material used was polylactic acid (PLA) filament, with a width of 0.4 mm, and no 

polyvinyl alcohol (PVA) support was employed. 

3.3 Results 

3.3.1. Optimisation of mass spectrometry for surfactin detection 

Compared to other protocols, flow injection mass spectrometry is simpler in 

terms of the number of factors to optimise, since the sample is directly injected into 

the mass spectrometer without prior separation. Therefore, we focused on flow rates, 

which is the speed the mobile phase is pumped into the injection tube and to the mass 

spectrometer, and mobile phase compositions, considering mixtures of organic 

solvents with water. 

For the first factor, it is observed that the flow rate does not affect the overall 

quality of the peaks, but rather affects the arrival time of the sample to the mass 

spectrometry inlet and the spread of the peak over the acquisition time. Thus, higher 

flow rates mean narrow peaks arriving earlier. After testing between 100 µl/min and 

500 ul/min, we conclude that 200 µl/min keeps the totality of the peak inside the 1 min 

acquisition window, and it is also a good option in terms of solvent use (200 µl/min * 

(1 min acquisition + 1 min between samples) *60 samples = 72 ml per plate). 

Regarding the second factor, we chose three solvent systems to test: pure 

acetonitrile, acetonitrile/water 50:50 (or 1:1), and a slightly more polar methanol/water 

50:50 (or 1:1) (Figure 3.1). The main reason to choose these solvent systems is that 

preliminary testing with a Surfactin C standard (5mM) show that clear peaks can be 

retrieved from these mobile phases. 

Considering this, we need to verify whether these solvent choices are effective 

when analysing real samples, where Surfactin detection might be affected by other 

compounds in the supernatant matrix, i.e., any other metabolites secreted by the 

bacteria or compounds that have been added as part of the culture medium. The raw 

sample analysed in the test is the spent medium of Bacillus subtilis DSM 3256 grown 

in LB. We also used two additional samples, which are simple dilutions to half and 

quarter concentrations, using water. 
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Figure 3.1. Comparison of different solvent mixes as mobile phase for a flow 

injection run of B. subtilis DSM 3256 supernatant from overnight M9 medium culture. 

Surfactin C was detected via single reaction monitoring, following the parameters 

(precursor/fragments mass) and collision values in Table BT1 and BT2. Supernatant 

2 corresponds to the raw sample of Bacillus subtilis DSM 3256 supernatant grown in 

LB medium, while supernatant 1 correspond to a dilution 1:3 of this sample and 

supernatant 3 to a dilution 1:1 of this sample with water.  

The signal-to-noise ratio for the Methanol/Water system was generally very 

low, at ~1.2:1, making it unreliable for quantification. In addition, the dilution effect is 

not consistent with the area under the curve (AUC). This issue is also observed in the 

Acetonitrile-only system, where, although the peaks are sharper and the signal-to-

noise ratio is higher (~10:1), the dilution effect is not clearly reflected in the AUC. 

Therefore, the Acetonitrile/Water 50:50 mixture exhibits both desirable properties in 

terms of signal-to-noise (~6:1) and a (linear) dilution effect and has been selected for 

further mass spectrometry quantification. 
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3.3.2. Testing of liquid transfer and Python scripting for Opentrons OT-2 robot 

control.  

For the mixing of culture medium components in a multifactorial experiment, 

we employed an Opentrons OT-2 robot. The Opentrons OT-2 is a two-arm liquid 

handling robot that facilitates pipetting and liquid transfer across a working deck, 

where the necessary labware is arranged. An automatic pipette can be attached to 

either of these arms, capable of aspirating volumes comparable to manual pipettes. 

Specifically, three single-channel pipettes, covering ranges of 1-20 µl (P20), 20-300 µl 

(P300), and 100-1000 µl (P1000), as well as a multi-channel pipette in the range of 10-

50 µl (P50), are available for use with the robot. For the protocol described in Chapter 

4, only the single-channel Generation 1 (GEN1) P300 and P1000 were utilised, as they 

can handle the volumes required by the protocol plan. 

The first part of the Opentrons protocol involves mixing medium component 

stocks with water to create 2 ml pre-stocks. These pre-stocks contain the desired 

concentration (often 10x relative to the well concentration, though this can be 

adjusted), allowing for a fixed volume to be transferred from the microtube stocks to 

the plate wells (e.g., 80 µl for each component in a 7-component experiment). Given 

the pipettes being used, the smallest volume that can be manipulated is 30 µl. The 

rationale for this decision is that most volume transfers required to create the 

microtube stocks fall within the 30-1000 µl range. This means we can avoid constantly 

switching one of the pipettes for the P30 pipette during the protocol, which could 

introduce errors and problems, such as contamination, into the pipetting process. 

Now, to be certain of the magnitude of these errors and about the reported 

accuracy, we created a manual Opentrons script to test the reported values by 

transferring water between a reservoir and plates well and measuring the water in the 

wells with a calibrated manual pipette. In every case, 18 replicates (or wells) were used 

(Table BT4 and BT5, Appendix B). For P300, the following volumes were tested in one 

plate: 30, 150 and 300 ul with reported Opentrons white paper accuracy of 3%, 1% and 

0.6%; and precision, as coefficient of variation, of 1.5%, 0.4%, and 0.3%. For P1000 we 

tested 100, 500 and 1000 ul in one plate, with reported accuracy of 2%, 1%, 0.7%; and 

CVs provided by the company of 1%, 0.2 %, and 0.15%. 
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In terms of accuracy, the pipetting consistently produces slightly smaller 

volumes than the expected values. Specifically, the estimated accuracy for the P300 

testing was -3.55%, -3.16%, and -2.56% for 30, 150, and 300 µl, respectively. In the 

P1000 testing, the results show an accuracy of -2.22%, -2.82%, and -2.78% for 100, 

500, and 1000 µl, respectively (Figure 3.2). In terms of random error, or precision, the 

pipetting is relatively consistent, with the coefficient of variation in the P300 pipette 

test being 1.07%, 0.76%, and 1.02% for 30, 150, and 300 µl, and 1.46%, 1.33%, and 

1.15% for 100, 500, and 1000 µl using the P1000 pipette. 

 

Figure 3.2. Test of pipetting accuracy on the Opentrons OT-2 robot at normal aspiration and 

dispense speed (43.46µL/s). A) The results of test with GEN1 P300 single pipette are shown 

as boxplots B) The measurements for GEN1 P1000 single pipette are shown.   

A slight improvement, in line with reported values for both accuracy and 

precision, is achieved when reducing the pipetting aspiration and dispense speed to 

0.5 of the normal speed. In this case, the accuracy for the P300 is in the range of -

2.35%, -1.82%, and -1.39%, while for the P1000, we obtained -1.88%, -1.80%, and -1.13% 

(Figure 3.3). Precision, as CV, is in the range of 0.71%, 1.06%, and 0.77% for the P300, 

and 1.70%, 0.79%, and 0.60% for the P1000. The consistently lower-than-expected 

mean volume suggests that the pipette aspiration system requires some 

maintenance, which has been carried out since 2020. However, Opentrons does not 

have a technical service office in the UK, which involves additional time and costs. The 

values using the slower aspiration and dispense rate are similar to those reported by 

the company and are considered acceptable for running protocols. 
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Figure 3.3. Test of pipetting accuracy on the Opentrons OT-2 robot at aspiration and dispense 

rate of 0.5 (21.73 µL/s). A) Results of test with GEN1 P300 single pipette. B) Measurements 

for GEN1 P1000 single pipette. 

Table 3.1. Summary of accuracy and precision values for the testing of GEN P300 and P1000 

pipette, in normal speed and slow speed (0.5 rate) 

Pipette Volume 

(ul) 

Accuracy 

% 

(normal 

speed) 

Precision 

% 

(normal 

speed) 

Accuracy 

% (slow 

speed) 

Precision 

% (slow 

speed) 

Accuracy % 

(company) 

Precision % 

(company) 

P300 30 -3.55 1.07 - 2.35 0.71 +/- 3 1.5 

P300 150 -3.16 0.76 - 1.82 1.06 +/- 1 0.4 

P300 300 -2.56 1.02 - 1.39 0.77 +/- 0.6 0.3 

P1000 100 -2.22 1.46 - 1.88 1.70 +/- 2 1 

P1000 500 -2.82 1.33 - 1.80 0.79 +/- 1 0.2 

P1000 1000 -2.78 1.15 - 1.13 0.60 +/- 0.7 0.15 

 

A typical protocol in the Opentrons involves several pieces of labware that are 

placed in designated spaces on the deck (Figure 3.4). Before starting a run, the robot 

requires two steps of calibration. The first one, which is done monthly, corresponds to 

the main calibration. The second type of calibration is a labware position check. This 

check takes less time than the general calibration and is performed before every run 

to ensure fine alignment of the pipette head with the tips and wells. Notably, the 

adjustment is three-dimensional, meaning that not only the position of the tip relative 

to the deck can be modified, but also the height of the tip relative to the labware. In 
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this regard, a non-trivial adjustment was made during the Labware check step in the 

Opentrons application. When the tip enters a microtube or 96-deep well plate, if the 

tube or well is nearly full, the transferred volume plus the volume of the tip would cause 

the liquid to overflow. To avoid this, the vertical placement of the tip should be 

adjusted 10 mm above the reference line, which corresponds to the upper edge of the 

tube or plate. 

 

Figure 3.4. Picture of the Opentrons OT-2 robot in a step during a typical run. 

3.3.3. Consolidated pipeline for data analysis and main robot operations 

In an effort towards full automation, the main data analysis scripts and the 

Opentrons scripts were combined into a pipeline that can be run sequentially. 

However, in practice, the protocol must be split in two (sub-)pipelines: one only for the 

initial sampling and first run with the Opentrons robot, and another for mass 

spectrometry data analysis, sample recommendation for the next iteration using the 

Bayesian optimization routine, and the subsequent Opentrons OT-2 run. Here, I 

described how the subroutines in both pipelines work. Code is deposited in a Github 

repository described in the Data Availability section. Snippets of the code will be 

shown occasionally to highlight aspects of the algorithms. 

3.3.3.1. Pipeline for initial sampling and first Opentrons run. 

The pipeline for initial sampling and initial run is depicted in Figure 3.5. It starts 

with the script 1_initial_samples.py, that is used for initial sampling from a space filling 
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design, either Latin Hypercube sampling (LHS) or Sobol sampling (Figure 3.6). For 

LHS, the script uses a pyDOE2 function, while the Sobol sampling is generated using 

the SobolEngine function from BoTorch. Scipy has also recently implemented quasi-

random sampling functions (Scipy, 2024), that can be easily adapt to this script. A 

version using Scipy is available in the ALTERNATIVES folder in the Github repository. 

The input for this script is the number of dimensions/factors d and the number of 

initial samples, together with a file containing labels of the components. These labels 

make the columns in the sample table. By default, both space-filing methods propose 

samples in the cube [0,1]d. 

 

Figure 3.5. Initial sampling and initial Opentrons run pipeline. The scripts are coloured in 

yellow, while csv files employed in the process are blue. The generated Opentrons OT-2 scripts 

in the steps are depicted in green. If a big space-filling design is required instead of iterative 

experimentation, the –big argument in 1_initial_samples.py can be activated to split a space-

filling design in small subsets for batch testing.   

If, instead of an iterative experiment, you want to obtain a large space-filling 

design and then split these samples into batches, the script 1_initial_samples.py 

includes options –big and --batches that can be specified in the input arguments to 

create a space-filling set and divide it into the desired number of batches. Regardless 

of the type of experiment, it generates a sample file with index 0 (representing the first 
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iteration or first batch) corresponding to coordinates in the design space [0,1]d of the 

initial samples. 

 

Figure 3.6. Snippet of code from the 1_initial_samples.py script. In the snippet, a sample is 

generated depending on the chosen method. Then, the labels are extracted and a table with 

these initial samples coordinates is saved, with columns as components/labels. 

The pipeline proceeds to the 2_48_well_design.py script, which performs three 

tasks: designing the layout of a 48-well plate, generating the script for Opentrons OT-

2 liquid transfer from stock microtubes to the 48-well plate, and producing a CSV file 

with the sample order for the mass spectrometry run, which can be uploaded to 

theSequence Setup in the Thermo Scientific Xcalibur software. Additionally, it 

generates a master table detailing the distribution of the components across the wells, 

facilitating information for the next stages. 

To determine the appropriate volumes for creating stock solutions in 

microtubes, the 3_volumes_tube_stocks.py script calculates the required microtube 

or 96-well stock volumes based on predefined stock concentrations, which are 

sourced from 15ml Falcon tubes in a deck rack during the Opentrons run. The stock 

in the Falcon tubes comes from big volumes stocks kept in Duran bottles, which are 

made at the start of the whole experiment and are not made again until the complete 

Bayesian optimisation loop or space-filling experiment finishes. 
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Finally, the 4_making_stock_opentrons.py script generates a script for the 

Opentrons OT-2 liquid handling system to automate the preparation of microtube 

stocks from the Falcon tube rack to the microtubes or deep 96-well plates. By 

automating this process, the script reduces the potential for human error and 

increases the efficiency of stock preparation (from approximately 6 hours manually to 

2 hours of robot time). 

A summary of the main characteristics of the pipeline scripts can be checked 

in Figure 3.7. 

 

Figure 3.7. Brief description of the scripts of the initial pipeline. 4 out of 4 are Python scripts, 

using functions from diverse libraries including Numpy, Pandas, PyDOE2 for classical design 

of experiments and BoTorch for Sobol sampling. 

3.3.3.2. Pipeline for an arbitrary iteration in Bayesian optimisation experiment 

In the case of the pipeline for an arbitrary iteration in the Bayesian optimisation 

loop, the process consists of five main scripts (Figure 3.8). It begins with the script 

a1_processing_files_rawrr.R, which manages the conversion of Thermo RAW files into 

a usable format using the rawrr package in R (Kockmann & Panse, 2021). This script 

extracts multiple reaction monitoring (MRM) scans along with their corresponding 

intensities and retention times. The resulting table, referred to as the "hypertable" in 

the file naming, provides a "melted" data table containing sample identifiers, scans, 

and intensity values for subsequent analysis steps. 
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Figure 3.8. Pipeline for subsequent iterations. It starts with the manipulation of the raw files 

from the mass spectrometer, then performs several operations, including correction and 

normalisation, and ends with a new Opentrons robot action script for microtube stock and 

plate generation, linking to the next iteration. 

Following the extraction of raw data, the script 

a2_names_and_baseline_removal.py is executed to associate the precursor and 

product mass information from the scan labels with known compound labels. In this 

step, the script also performs baseline correction of the peaks using the asymmetric 

least squares algorithm in the pybaselines package (Erb, 2024). After this correction, 

the area under the curve (AUC) for each peak is calculated, representing compound 

abundance. 

Once baseline correction and compound naming are completed, the script 

a3_batch_correction_norm_QC.R is employed to address common batch effects in 

experiments with several iterations and a large number of samples per batch, as in our 

case. By applying batch correction using the QC-RSC algorithm provided by the pmp 

package (Kirwan et al., 2013), the script adjusts the AUC values, ensuring that 

intensities across different experimental runs are directly comparable. After the 

correction, a probabilistic quantile normalisation is applied (Dieterle et al., 2006; Wu & 

Li, 2016; Sun & Xia, 2024), improving data consistency and reproducibility, particularly 

when dealing with multiple batches of samples (Figure 3.9). 
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Figure 3.9. Snippet of code from the a3_batch_correction_norm_QC.R script. 

To further refine the dataset, the pipeline incorporates 

a4_outlier_removal_prepare_data.py, a script designed to detect and remove outliers 

from the normalised data using the interquartile range (IQR) method (± 0.95 * IQR). 

Outliers can result from experimental errors, or other technical factors that could skew 

the analysis. The same script then links the normalised abundances with the initial 

coordinates provided by the sample file, either from the initial sampling pipeline or 

from a previous iteration. 

The final script in the pipeline, a5_gp_bo_sampling.py, models the abundance 

data given the sample coordinates using a Gaussian Process regression model. The 

acquisition function is then calculated and maximised to suggest recommendations 

for combinations to test in the next iteration. This step connects to the second script 

in the initial samples’ pipeline, thereby generating the mass spectrometry and 

Opentrons OT-2 files, and linking with the next iteration in the Bayesian optimisation 

loop. 
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As with the first pipeline, brief descriptions are provided in Figure 3.10 for quick 

reference. 

 

Figure 3.10. Description of files for the iteration pipeline. 3 scripts are written in Python, while 

2 are in R, due to specific libraries being used, such as rawrr for Thermo RAW files data 

extraction and pmp for batch correction using the QSRSC algorithm. 

There is one Opentrons operation script, quenching_protocol.py, which is 

currently not integrated to any of these pipelines. This script is used for the quenching 

protocol, where the supernatant from microtubes or the microplate is transferred to a 

cold methanol 96-deep well plate. 

3.3.3.3. Consolidating pipelines using Apache Airflow 

As seen for the diagrams, the pipelines are complex, requiring several 

interconnected parts. To reliable execute these pipelines, we propose the use of 

Apache Airflow workflow to consolidate the necessary steps. The pipelines are 

encoded as directed acyclic graphs (DAG), and this is represented in the code by 
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simply declaring the variables related to the execution of each of the scripts and 

linking them using the >> symbol at the end of the scripts (Figure 3.11). The >> means 

an edge in the pipeline graph, and gives the directionality, i.e, which scripts should 

finish before starting the next one. 

 

Figure 3.11. Example of Apache Airflow code to execute and monitor the initial 

sampling pipeline. 
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After running the Airflow client, the pipeline is available for control in a graphical 

interface that can be open in a browser by calling a local address (Figure 3.12). The 

interface starts with a login window, where the username and password specified in 

the client (can be modified by the programmer) is entered. It will open a dashboard 

with the pipeline as a list. A pipeline is determined by its name and on the right part, a 

series of indicators are shown. The first set of indicators compiles the historical 

statistics of the pipeline, like how many time the pipeline succeed, how many times it 

fails, and other error cases. Meanwhile, the larger second set of indicators, together 

with the time stamp, shows the status of the pipeline in real time, where each kind of 

error (execution errors, connection errors, etc.) can be individualise for easier 

visualisation. The pipeline can be started by clicking the play button in this dashboard. 

 If we click in the name of the pipeline, we are taken to a detailed view of the 

pipeline's execution. This view provides a graphical representation of the DAG, 

showing each task as a node and the dependencies between tasks as arrows. Each 

node is color-coded to represent its status: green for success, red for failure, yellow 

for running, and grey for tasks that are yet to execute. This visualization makes it easy 

to track the progress and debug any issues. 

By clicking on any node, we can access detailed logs and metadata about that 

task’s execution, such as the start time, duration, and any errors that occurred. 

Additionally, Airflow allows users to retry failed tasks or manually trigger specific 

tasks without re-running the entire pipeline. 

 

Figure 3.12. A view from the console in Apache Airflow. On the left side, the list of pipelines 

or DAGs is available for inspection. There, the pipeline execution can be tracked live, and a 

history of runs is displayed using a semaphore system. The pipeline can be executed using 

the play button. On the right side, the internal pipeline configuration is shown. The bar plot 
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indicates execution times for each of the different steps and the colour determines if the step 

was successful o an error was found. The steps can be organised in a graph plot and the 

associated Python or bash commands can be inspected. 

3.3.4.  A robotic arm for operations inside the Opentrons robot deck 

Opentrons protocols involves some kind of stock tube movement. However, 

this might happen at the same time as the mixing procedure. Normally, the solution 

involves quickly opening the front door, perform the tube move and close the door. It 

is important to remember that the UV lamp was turn on before the mixing procedure 

for around 30 min to keep the inner space as sterile as possible (Figure 3.13). 

Therefore, even if the steps are done quickly (1 min), a considerable volume of air goes 

into the deck and may cause contamination in the plate well. To avoid this situation, 

we built a robotic arm that can perform simple operations inside the Opentrons deck, 

such as moving tubes, without opening the front door.  

 

Figure 3.13. UV lamp located in a corner of the Opentrons robot. It can be operated via remote 

control. When the ON button is clicked, it takes 5 mins to start. On that time, alarm beeps to 

warn surrounding people about accidental exposition. The robot cover should be always used 

when operating the UV lamp. 

The robotic arm was designed by Kalton Serra, who kindly shared the necessary 

files for 3D printing (in STL format) and a description of the circuitry online. STL files 
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are commonly used to save 3D models and can be opened by most proprietary and 

open-source 3D printing software, allowing dimensions and shapes to be easily 

extracted. Additionally, a tutorial for the general assembly is available on YouTube, 

with the link provided in the Data Availability section and the list of materials is 

available in the Appendix A.4. The criteria for choosing this design over others 

included size, simplicity of parts, simplicity of the circuit, flexibility, the choice of 

development board (with a preference for Arduino/Raspberry Pi options), and online 

reviews of performance. 

The assembly process is shown in the following pictures. It begins with 3D 

printing the necessary parts. We used the university-wide service provided by UCreate 

Studio, located in the University of Edinburgh's main library, for the printing. The parts 

were printed from PLA material using an Ultimaker 3 printer. The filament width was 

set to 0.4 mm. 

Then after collecting the printed parts, the servo cables should be extended 

enough to be able to reach the base of the design. The length will depend on the 

corresponding joint with the gripper servo being farther away from the base and 

therefore it has a longer cable. Then, the gripper servo is fit into the grip support and 

the cables move outside (Figure 3.14). 

 

 

Figure 3.14. The small servo is installed on the grip case and the cable extension is 

visible. 
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Then, two of the RC servos are fitted into the forearm part. One of them is 

connected through gears with the gripper side, enabling a wrist-like motion of the 

gripper. The other one will provide the elbow joint, connecting with the rest of the arm. 

Additional gripper parts can be added at this stage, and a elastic band is used to keep 

the grip close, just for sake of manipulation easiness. Similar to the gripper case, all 

cable from the 3 servos should be displaced and taken out at the base hole in the 

forearm part (Figure 3.15).   

 

Figure 3.15. Forearm section with integrated grip part. 

After working in the forearm, the focus turns in fitting the section between the 

elbow and the shoulder. There the 20kg servo is fitted as the should joint. The 

connection between forearm (blue) and the white section is due to a plastic support 

calls horns (Figure 3.16). Horns has a orifice, where the servo shaft is inserted. Some 

caution is needed, since the shaft, with its dented shape, moulds the inner part of the 

horn’s orifice. Engaging and disengaging the servo shaft in the horn orifice may cause 

the orifice to get rounded and no longer provide a friction surface. Therefore, the servo 

shaft motion does not connect properly.   
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Figure 3.16. Main arm assembly displaying the shoulder 20 kg servo shaft. 

This proto-arm is then assembled to the base using the green and blue shoulder 

joint supports. The last RC servo is attached to the base and the shaft is connected to 

a cross-shaped horn.  The horn link with the base joint and provides the “almost” 360 

degrees move of the base joint (it is constrained by the cables torsion) (Figure 3.17).  

 

Figure 3.17. The shoulder joint is attached to the base.  

After lining the cables towards the bottom of the base, the connection of the 

servos with the servo driver and the Arduino board is performed (Figure 3.18). The 

circuitry follows the diagram provided (Figure 3.19) and can be summarised as 

follows. The servos are connected to the servo driver in the corresponding pins. On 

the right side, the potentiometers from the mimic controller are connected to the 

Arduino board using the analogue input pins, except for the grip button that is 

connected with a digital pin in the board. Then, there is a group of jumpers that power 
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and link the servo driver board using the power pins output of the Arduino board. Thus, 

when the Arduino board is connected to the computer via USB cable, it can also power 

the servo driver and can execute code in the microcontroller present in the code. 

However, this power is not enough to move the servos. Thus, to provide enough power, 

a plug connector (together with a switch) is linked to the servo driver. This plug 

connector then links to a variable voltage source, adjusted for common operation at 

~6V. In the case, the connection to the potentiometers is broken at the rear back, so 

the mini-arm controller can be connected to these pins.  

 

Figure 3.18. A view to the circuitry of the robotic arm. The Arduino board and the 

servo driver are screwed to the 3D-printed bottom. Then, the circuitry can be fitted 

inside the robot’s body. 
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Figure 3.19. Diagram for the connections in the robotic arm. The diagram shows the wiring 

of the different components. To aid in the analysis of the circuit, the wiring can be broken 

down into four blocks: 1) The connections of the servos to the servo driver, 2) The connection 

of the potentiometers to the analogue inputs on the Arduino board, 3) Linking the Arduino 

board to the driver for code execution and power, and 4) External power supply to keep the 

servo driver running and execute the code without drawing power from the Arduino board. 

Provided by Kalton Serra. 

After checking that the connections are fixed in the pins and well-soldered, the 

PLA base with the electronic cards can be screwed to rest of the scaffold and the 

arm is ready to work (Figure 3.20).  

1 2 

3 

4 
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Figure 3.20. The fully assembled robotic arm. The external power plug and the 

switch is shown on the left side of the robot.  

The robotic arm is controlled by the controller, which is a mini model of the arm 

with the input potentiometers. Since the potentiometers are connected to the Arduino 

board via the analogue input pins, we can use those readings to align the servo angles 

with the potentiometer’s angles using the Arduino script. After that the servos’ shafts 

mimic the movement of potentiometers’ shafts, and the controller movement is 

translated into the arm. 

The robot arm has been tested in bench, as also inside the Opentrons robot, 

where the controller is carefully extended outside the deck and able to be manually 

operated from a position closed to the Opentrons computer keyboard. The testing of 

the robot can be watched in the following Youtube link. 

3.3.5.  3D-printed models to assist experiments. 

Several 3D prints were employed over the PhD project, to facilitate manual 

pipetting steps, to help to set up the labware necessary for the robot protocols and for 

other miscellaneous applications. For most purposes, an Ultimaker 3 3D printer (the 

same used for the robot arm construction) was used to print the models. 

The first one is a 96-well plate cover (Figure 3.21), whose holes are of diameter 

such that when the tip penetrates the cover, it goes down to a height just before the 
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pellet. This is when the centrifugation is performed to the full plate. The diameter 

calculation was obtained by trial and error, due to the difficulty to measure tip section 

with the available tools in the laboratory. 

 

Figure 3.21. A 3d printed cover for 96-well plates with holes. The diameter of the holes was 

designed such that a 20 ul tip can penetrate the well to a depth just before the bottom (2mm 

before bottom), where the pellet is located after centrifugation. This design helps with 

supernatant extraction when performing manual pipetting. 

The second set of prints are racks that can fit in the Opentrons deck. We printed 

microtube racks and racks for 5ml and 15 ml Falcon tubes. The latter are important 

because the tubes act as reservoir for solutions in the culture medium mix protocol 

(Figure 3.22). The microtube rack model is provided by Opentrons, while the Falcon 

tub rack is provided by Trevor Ho. The GitHub repository to the Falcon tube model is 

present in the Data Availability section. 

 

 



119 
 

 

Figure 3.22. 3D printed racks used in Opentrons runs. The rack for 24 microtubes is provided 

by Opentrons, while the design on the left for 5ml and 15 ml Falcon tubes is an open-source 

design provided by Trevor Ho (github/tyhho). 

Finally, the constant use of cuvettes for optical density measurement created 

the necessity to have cuvettes racks that can be small and easy to handle (Figure 

3.23). Additional developed and built 3D-prints, which are not directly used in our 

protocols, are shown in Appendix A.2. 

 

Figure 3.23. A 3D printed cuvette and microtube holder. The model was created in AutoCAD 

Inventor and can hold 20 cuvettes and/or microtubes. 
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3.4 Discussion 

3.4.1. Liquid handling landscape in academia and industry 

Liquid handling systems are essential tools in both academic research and 

industrial settings, playing a key role in automating routine and high-throughput tasks, 

including sample preparation, serial dilutions, compound dispensing, and plate 

replication. The adoption of liquid handling systems, such as pipetting robots and 

acoustic handling, has advanced significantly in recent years (Kong et al., 2012). 

Open-source platforms often provide accessibility and customisation 

opportunities, but frequently lack the level of integration and throughput seen in more 

industrial-grade systems. Liquid handling robots can be found in specialist journals, 

such as HardwareX, as well as in general journals. But often, these models are not 

found in the academic literature but rather as standalone projects on the web or as 

part of other initiatives. Examples of open projects for liquid handling include OTTO 

(Florian et al., 2020), with reported pipetting accuracy of 2.5%, PHIL (Dettinger et al., 

2022), a personal robotic pipettor with accuracy around 1-2%, and even transforming 

a 3D printer into a liquid handling robot by attaching hand pipettes (Kopyl et al., 2024), 

among others. 

In contrast, the industrial sector tends to rely on high-end, proprietary systems 

that offer greater precision, reliability, and throughput. Liquid handling in the 

biopharmaceutical and biotechnology industries typically demands integration with 

other instruments, such as plate readers, centrifuges, and mass spectrometers. As a 

result, industrial liquid handling platforms, such as those from Beckman Coulter or 

Tecan, offer high levels of automation and integration capabilities. While these 

systems are robust and suitable for large-scale applications, they come with a high 

price tag, both in terms of initial investment and spare parts, and are often less 

customisable than open-source alternatives. Interestingly, acoustic dispensers, which 

allow for liquid manipulation in volumes of less than 1 µL in microplates, are becoming 

more common in industrial laboratories and foundries. These are specially designed 

to interface with other machines and can even interface with mass spectrometers, 

with proper modifications (Van Puyvelde et al., 2024). 
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However, there are efforts to bridge the gap between open and closed 

platforms. One example is the PyLabRobot package for Python (Wierenga et al., 2023), 

which enables control of multiple liquid-handling robots, including Opentrons, Tecan, 

and Hamilton models, using a single set of base functions (though specific 

configurations differ depending on the brand), as well as other laboratory equipment, 

such as ClarioStar plate readers, scales, heaters, and more. 

3.4.2. Gaps found in our current pipeline and proposed solutions. 

Main gaps exist in the interaction between the Opentrons OT-2 and the plate 

reader, the centrifuge and the mass spectrometer. The first issue, integration with the 

plate reader, has been described in the literature. One of the lateral windows in the OT-

2 can be dismounted and a medium-sized plate reader can be fit, such that the plate 

tray aligns with one of the labware spaces in the deck. In case that the plate reader 

does not align by design, because for example the tray is pointing 90° degree respect 

the deck main orientation, a custom labware protocol can be implemented and added 

to library, such that the robot can correctly position the tip over the wells in this rotated 

plate (Martin et al., 2022). For the experiment, we did not have a dedicated plate reader, 

therefore this option was discarded in principle, but in the future arrangements could 

be to acquire a plate reader suitable for integration purposes.  

For the second issue, centrifuge integration, two practical solutions have been 

discussed. Specially in biotech industries, there are specialised centrifuges with 

lateral plate entry that can be streamlined with other robotic operations (Hettich, 

2024). But it requires a purposed investment in automation, and it might reduce 

flexibility in combined automated-manual protocols. Therefore, many laboratories, 

even with enough funding, has centrifuges that only can be manipulated manually. 

Thus, the second option is to create a specific robotic solution to operate the 

centrifuge in an analogous way a human would do it, but this would require a more 

sophisticated robotic state estimation system (Medra, 2024). 

3.4.3. Use of databases in workflows 

Apart from the division of the Bayesian optimisation protocol into two pipelines 

that can be understood as directed acyclic graphs (in contrast to the loop structure of 
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the original protocol), the flow resembles other pipelines found in bioinformatics and 

automated laboratories (Casas et al., 2024). At many stages, a series of files are 

queried as input, mainly to determine labels, such as component labels or position-

related labels for Opentrons operations. These files also contain some redundant 

information. For instance, the M9 recipe file already includes the component labels, 

so a separate file containing just the labels as input for the first script in the initial 

sampling pipeline is unnecessary and could be considered cluttered from a data 

manipulation perspective. Therefore, an upgrade of the pipeline should incorporate 

the use of databases, such as SQL, to streamline the extraction of these labels and 

create a cleaner workflow from the user’s point of view (Reiter et al., 2021).  

The database could include tables related to experimental information, such as 

the number of samples per batch, as well as tables for stock consolidation, chemical 

information on the components, and culture medium recipes (with interaction with the 

DSMZ MediaDive database (Koblitz et al., 2022). This would make the pipeline more 

flexible for experimenting with other base culture media in future trials with our 

Bacillus and would also facilitate the transition to bioprocess optimisation with other 

organisms.  

Database integration has proven effective in biological experimentation (Reiter 

et al., 2021), handling both tabular and unstructured or graph data, such as those 

commonly found in systems biology. One important thing to consider when creating 

database for experimentation are standards. In my current pipeline, labels are being 

used, but these often do not adhere to a specific standard, as the development was 

considered local. However, by adopting standards and ontologies, databases ensure 

that biological data can be shared and reused efficiently across different research 

projects (Lapatas et al., 2015), so proper standardisation will be considered for the 

future. 

3.4.4. Open labware 

Open labware refers to laboratory tools, equipment, and devices that are 

designed using open-source principles, allowing users to access, modify, and share 

designs and protocols freely (Baden et al., 2015). This concept is relevant to different 

types of labware found in biology, including microscopy, centrifugation, containers, 
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and span different levels of complexity or intended use, covering also the repurposing 

of old labware and open wet-lab resources, such as enzymes for biological 

engineering (Wenzel, 2023). 

The advantages of open labware include lower costs compared to commercial 

solutions, flexibility, and the ability to integrate custom solutions with existing 

laboratory workflows. Normally, the designs are available in the web, and have to be 

built locally, which also increase the number of options available in terms of material 

and manufacturing accuracy. 

Robotic arms are abundant in the open-source community, where designs often 

originate from the ingenuity of individuals or teams. They come in various sizes and 

can be generalist (able to perform different tasks) or specialist (designed for a specific 

task, e.g. pipetting). It is difficult to benchmark open-source robots for manipulation 

because the designs can be quite dissimilar, using different torques for servos. This 

is why several criteria were used to select the appropriate robotic arm model to 

replicate. Cultivating these types of experiences in the laboratory may help increase 

biologists' interest in automation (Holland & Davies, 2020). 

However, open labware also presents challenges. While the flexibility and cost 

savings are significant advantages, there is often a lack of standardisation, which can 

lead to compatibility issues when integrating open labware with other systems or 

instruments, such as plate readers, centrifuges, or mass spectrometers (Wenzel, 

2023). Additionally, the responsibility of troubleshooting and optimising these open-

source systems falls on the user, which may not be ideal for all laboratories, 

particularly those in industry where reliability and throughput are critical. Developing 

engineering/electrical knowledge in a biology laboratory can take an arbitrary time and 

sometimes, an engineer has to be hired only for that purpose. 

This democratisation of biological technology is levelling the playing field, 

allowing smaller labs or those in less developed regions to engage in cutting-edge 

research (Oellermann et al., 2022). In the UK, there are several examples of 

democratisation of biological tools, such as the OpenPlant initiative, which are being 

crucial to increase penetration of these tools in the community. 
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3.5 Conclusion 

Automation in high-dimensional biological experiments is essential to perform 

multi-factorial experiments in reproducible and time-effective way. This can also 

contribute to reduce the experimenter load and organise the data to make accessible 

and findable. We expect that this pipeline development can help other biologists and 

engineers interested in developing automated workflows and show the power of 

custom approaches for reliable biological measurements. 
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3.7. Data Availability 

The scripts are contained in several repositories. However, the main scripts for 

the developed pipeline are compiled in the GitHub repository 

www.github.com/rvalenciaaz/pipeline_scripts. Interactive links for information 

related to the robotic arm can be also found in https://rvalenciaaz.github.io/portfolio/. 

The STL models of 3D printed tools is available in the repository 

https://github.com/rvalenciaaz/3D_models_bio_automation. Youtube link to the 

robot demo is here: 

https://www.youtube.com/watch?v=U1p1gtquFiM&ab_channel=RicardoValencia. 

The 3D model generated by Trevor Ho is available at https://github.com/tyhho/OT-

2_3D_Designs/ 
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Chapter 4 

Single and multi-objective optimisation of titres from a 

Bacillus space-filling experiment  

Work by Ricardo Valencia Albornoz1, Jessica O’Loughlin1, Diego Oyarzún1,2 & Karl 

Burgess1  

1 Institute of Quantitative Biology, Biochemistry & Biotechnology, School of Biological 

Sciences, University of Edinburgh, King’s Buildings, Edinburgh, United Kingdom 

2 School of Informatics, University of Edinburgh, Edinburgh, EH8 9AB, United Kingdom 

Ricardo Valencia Albornoz (thesis author) performed the conceptualisation and 

execution of the experiment, the analytical chemistry measurements and the analysis 

and interpretation of the results. The experimental protocol was supported by JO 

(sample handling) and DO and KB provided guidance for the main experiment. 

Outline 

In biomanufacturing, controlling several factors is crucial to optimising 

production outputs. However, this also means an increased number of samples and 

subsequent costs to be able to map this multidimensional space to final titres. 

Therefore, we need to look for alternative designs of experiments that can efficiently 

sample the design space and adapt to laboratory constraints, such as maintenance 

periods. Thus, building from the optimisation framework presented in Chapter 2 and 

the robotic platform developed in Chapter 3, we designed a media optimisation 

experiment targeting seven key components of a typical M9 medium and employed a 

space-filling approach to ensure comprehensive coverage of the factors’ domain. We 

used our mass spectrometry protocol to measure metabolites in the supernatant after 

the samples were collected and generate surrogate models of production outputs, 

including lipopeptide production and biomass as OD. The resulting model serves as a 

reproducible benchmark for subsequent single-objective and multi-objective 

lipopeptide production optimisation using Bayesian optimisation. From the single-

objective optimisation, results showed that the optimal number of initial samples and 



126 
 

batch size can be slightly modified to achieve the optimum of Surfactin C in a smaller 

number of iterations, but the complexity of the objective and the observed variance of 

the measurements means that the iterations cannot be reduced further, reaching 90% 

of maximum titre in 10 iterations for the case of 7 initial samples and 7 combinations 

per batch. In the case of multi-objective optimisation, Bayesian optimisation 

frameworks were able to identify the Pareto Front between lipopeptide production and 

biomass in the 7-dimensional factor space, considering batch sizes similar to those 

obtained from single-objective loops. Thus, this approach, using iterative cycles of 

high-dimensional optimisation of complex natural production, promises to improve 

the scalability and reproducibility of process conditions and analyse data and 

information constraints arising from the biology and analytical chemistry perspectives 

that can hinder efficient adaptive optimisation. 

4.1. Introduction 

4.1.1 Space-filling designs in biological or metabolomics experiments 

As mentioned in the section 1.5.1 in the introduction about initial sampling, 

space-filling designs are experimental designs that aims to comprehensively cover the 

domain or range of the factors involved.  Space-filling designs can be used on 

bioprocessing experiments, particularly when exploring a big and heterogenous 

numbers of factors, such as culture medium composition, temperature and agitation. 

However, reports on the use of these designs related to biology or metabolomics 

experiments in the academic literature is scarce. A cause for this may be that high-

dimensional bioproduction screening required for this design often needs automation 

and robotics to make it feasible, and most of the laboratories in academic 

environments do not have access to this infrastructure or the automation pipelines 

are used for other purposes (Kampers et al., 2022). Chilakwad in 2022 describes this 

situation, while working in Synthace, a company based in London that supply external 

options for large-scale biological experimentation, and Gilman in 2021 describes the 

use of space-fillings designs as a tool for “future” synthetic biology large-scale 

experimental design, mentioning only one example (Govindarajan et al., 2015). 

4.1.2 Trade-offs between variables, Pareto fronts and bacterial metabolism 
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Multi-objective optimisation aims to find inputs to maximise or minimising 

several conflicting objectives (Collette & Siarry, 2004). For example, as shown in 

Chapter 1, changing the medium composition to increase the titre of a metabolic 

product (Surfactin D) might reduce the growth rate of the bacteria. Pareto fronts are 

used in these cases to identify the set of optimal solutions where no objective can be 

further improved without worsening other objective, i.e, there is a trade-off (Collette & 

Siarry, 2004). In practice, it can be visualised better in a scatter plot, like the one shown 

in Figure 4.1. Thus, when minimising two objectives, solely trying to minimise the 

second objective means adding value to the first objective, which is not desirable. The 

solutions that are not Pareto-efficient, i.e, there are still resources or inputs that can 

be distributed to decrease one of the objectives are said to be dominated by the 

Pareto-efficient points. This optimal set of points, defining the Pareto front, are called 

non-dominated solutions (Collette & Siarry, 2004). 

 

Figure 4.1. The concept of a Pareto front. A system with inputs and 2 optimisation 

objectives that are conflicting and needs to be minimised, because they use the same 

resources for example, has a series of compatible solutions where both objectives 

can reach a specified value. However, there are set of points that efficiently use every 
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resource available for the objectives and moving along these solutions are equally 

preferred if no constraints are imposed (Pareto efficiency). These solutions 

demarcate the Pareto front and are said to dominate the other compatible solutions, 

and therefore called dominated solutions. 

Important for multi-objective optimisation purposes is the concept of 

hypervolume. The hypervolume can be broadly defined as the size of the dominated 

space and in practice it is calculated as a set of n-dimensional volumes delimited by 

the non-dominated solutions and a reference point (Guerreiro et al., 2021). In Figure 

4.1, one can define a reference for calculation in the point (1,1), and calculate the area 

between the Pareto front, the reference and the lines x=1 and y=1. When performing 

multi-objective optimisation, the hypervolume serves an indicator of the quality of the 

non-dominated set, in the sense that this set is covering mostly all the optimal front 

(Guerreiro et al., 2021). 

The concept of Pareto front and trade-offs has been proven important in cell 

physiology and metabolism. A clear example occurs in the allocation of ribosomal 

resources to either growth or division-related systems (Serbanescu et al., 2020). 

Another classic occurrence is in metabolic engineering, where trade-offs between 

production rates and cell burden must be carefully managed, and flows needs to be 

constrained to allow normal growth (Wortel et al., 2018; Han & Zhang, 2020; Banerjee 

& Mukhopadhyay, 2023). Trade-offs also happen in ecological interactions of 

microbes (Litchman et al., 2015; Manhart & Shakhnovich, 2018; Thingstad, 2022) and 

strategies for long-term survival in bacteria (Abram et al., 2021; Bruggeman et al., 

2023; Behringer et al., 2024). The book on Economic Principles in Cell Biology (The 

Economic Cell Collective, 2024) covers a good portion of these examples. 

4.1.3. Aims and objectives 

The aim of this chapter is to: 

-  Demonstrate the applicability of the developed platform for bioprocess optimisation 

via optimisation of several components in culture medium. 

The aim encompasses the following objectives: 
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- Apply the developed pipeline in Chapter 3 to prepare mixes of testing media with 7 

components using the OT-2 robot 

- Quantify surfactin, other lipopeptides, and biomass coming from a space-filling 

experiment over the medium components  

- Use these measurements to fit a probabilistic model the titre of surfactin, as well as 

the titre of other lipopeptudes, and OD as biomass indicator 

- Employ the mentioned models to test in silico the Bayesian optimisation pipeline for 

single-objective optimisation of surfactin titre and multi-objective optimisation of 

surfactin titre and maximum OD 

4.2. Materials and Methods 

4.2.1. Strains and media employed. 

Bacillus subtilis DSM 3256, a surfactin-producing Bacillus strain, was employed 

for the experiment. Similar as in chapter 2, the strain genus was verified using 16S 

rRNA sequencing, to avoid any contamination in the stock that might affect the results. 

M9 medium was prepared using the following recipe: Glucose: 0.4% (carbon 

source), NH4Cl: 18.7 mM (nitrogen source), NaCl: 8.5 mM, MgSO4: 2 mM, CaCl2: 

0.1mM, Na2HPO4: 42.2 mM, KH2PO4: 22 mM. Precaution was taken when sterilising 

the  glucose stock, while remaining components were autoclaved at standard 121° C 

for 15 min. 

For the optimization experiments, every component concentration was 

modified from this recipe, in contrast to Chapter 2. Components of the M9 medium 

were purchased from Sigma Aldrich. The microplate experiments were performed 

using 48-well flat bottom microplates (Corning), which allows to perform experiments 

with bigger volume. The working volume for every experiment was defined in 800 ul, 

leaving headspace for correct aeration of the cultures. 

4.2.2. Creation of tick box list for the experimental and computational pipeline 

To streamline the experimental and computational aspects of our study, we 

developed a detailed tick box list. This list serves as a comprehensive checklist that 
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ensures all necessary steps and components are accounted for before proceeding 

with each phase of the pipeline. The tick box list covers initial setup, data collection 

protocols, computational analysis steps, and final validation processes. By 

methodically checking off each item, we maintain consistency and accuracy 

throughout the experimental workflow, reducing the risk of oversight and enhancing 

the reproducibility of our results. The link to the tick box list document is described in 

the Data Availability section. The experimental iteration (for Bayesian optimisation 

cycles), together with basic experimental information, such as day and time, can be 

filled in the top of the document. 

4.2.3. Generation of component mixes using Opentrons OT-2 robot  

To obtain the desired concentration of each M9 component in the wells, we 

proceed in four steps: First, a Sobol sampling design containing 6 batches multiplied 

by 7 samples per batch/microplate is created using a custom Python script and the 

SobolEngine function from the BoTorch library. Second, a custom Python script 

translates the coordinates of the sampled points, which are constrained to the (0,1) 7-

dimensional box into concentrations that need to be achieved in each well. For this, 

we need the ranges of concentrations to test. All components can have a minimum 

value of 0% or 0 mM in the combination, while the maximum is given by the following 

list (the M9 default concentrations are shown again in parenthesis for comparison): 

Glucose: 4% (0.4%), NH4Cl: 240 mM (18.7 mM), MgSO4: 2 mM (2mM), KH2HPO4: 50 

mM (22.04 mM), Na2HPO4: 50 mM (42.26 mM), CaCl2: 0.2mM (0.1 mM) and NaCl: 50 

mM (8.55 mM). 

Thus, combinations corresponding to modifications of the M9 medium recipe, 

as well as controls, were block-randomised across a 48-well microplate, considering 

4 replicates (blocks). These blocks are physically distinct groups of 9 wells, 

comprising 7 conditions, 1 M9 medium well with added bacteria and 1 M9 medium 

well with no bacteria, acting as control. The layout for block randomisation was 

obtained from a custom Python script. Third, 2ml pre-stocks of the different 

components’ stocks were prepared in microtubes by mixing the component with water 

in appropriated volumes, such that the concentration in the pre-stock is 10 times the 

required in the wells and labelled depending on which well will be used. Finally, for 
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mixing the component in the wells, a fixed volume of 80 ul was added to each well 

from each corresponding pre-stock for each M9 component and water was added to 

reach the final volume of 800 ul. Every liquid transfer was performed using an 

Opentrons OT-2 robotic system.  The robot was programmed to prepare themes 

according to the formulations derived from the microplate layout. 

4.2.4. Microplate cultures and sample preparation 

Bacillus subtilis DSM 3256 frozen stock was revived by culturing on an LB agar 

plate at 37°C overnight. From this plate, individual colonies were inoculated into four 

precultures consisting of 5 ml of M9 medium. The cells were then grown in a shaking 

incubator at 37°C and 180 rpm for 12 hrs. For the added culture, the starter cultures 

were adjusted such to achieve an initial optical density at 600nm (OD600) of 0.01 in 

each well. The OD was measured directly in the Tecan Infinite M200 PRO plate reader, 

to keep consistency with later measurements. 

The proper microplate culture was conducted using a Tecan Infinite M200 PRO 

plate reader, recording an OD600 measurement every 10 minutes for 24 hours at 37°C. 

The agitation was set to a maximum of 6 mm. Growth data for each well were 

collected in a excel file for blank subtraction and post-processing. 

After 24 hours, the cultures are stopped and 500 ul from each sample on the 

48-well microplate were transferred into microtubes and quenched with 500ul of cold 

methanol, available in a 96-well deep bottom plate (Greiner) and kept cold in dry ice 

(~−78.5 °C). After the quenching, the samples were quickly transferred into a 

centrifuge and spun to 3220 x g (10000 rpm) for 30 min to separate the cell pellet from 

the supernatant. 600 µl of supernatant was carefully transferred from each microtube 

to ice-cooled microtubes and later aliquoted into Axygen 96-well PCR plates for 

measuring on the mass spectrometer. The plates were sealed with a cap and stored 

in a -80°C freezer until the quantitation. In addition, 20 ul from each supernatant 

sample were mixed to generate a quality control (QC) pool for intra- and inter-batch 

abundance correction. 
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4.2.5. Surfactin and additional metabolites quantification 

We utilised flow injection of spent media with a ThermoFisher Dionex Ultimate 

3000 autosampler. The sample volume was set at 1 μl. The mobile phase comprised 

a 1:1 ratio of acetonitrile to water with 0.1% formic acid, and the flow rate was 200 

μl/min. These conditions were optimised experimentally and are discussed in Chapter 

3. The sample acquisition time spanned 1 minute, and to quantify specified molecules, 

selected reaction monitoring (SRM) on a ThermoFisher TSQ Quantiva triple 

quadrupole (QqQ) mass spectrometer (MS) was implemented. The MS parameters, 

as well as the precursor/product masses, collision energy and dwell time table, can 

be found in Supplementary Tables BT1 and BT2, respectively. The precursor/product 

masses for surfactin variants were obtained and confirmed using Pubchem open 

mass spectrometry data (Pubchem, 2024). 

Peak extraction was accomplished using the rawrr package in R (Kockmann 

and Panse, 2021). In the script, each of the scans in a raw file corresponding to a 

specific precursor/product mass for each retention. If there are more than one product 

associated to a given precursor, the intensity is sum across the products. The number 

of acquired points along the 1 min run is controlled by the dwell time. Higher values of 

dwell time (in ms) mean a greater number of acquired points over the time window.  

The custom script is available on the link from the Data Availability section. The script 

outputs a file calls an “hypertable”. This hypertable consists of three columns with 

retention time (s), scan information, intensity and raw file name from which this 

measurement comes from.  

Subsequently, metabolites underwent baseline correction using the 

asymmetric least squares algorithm from the Python pybaselines package (Erb, 2022) 

set to default parameters. The corrected peaks were integrated over the 1-minute run 

using the trapezoid rule function from the Numpy package via a custom Python script. 

The integrated intensity data was then compiled into a table. 

Intra and inter batch correction was performed using the Quality Control Robust 

Spline Correction (QCRSC) algorithm implemented in the pmp package in R (Jankevics 

et al., 2024). This algorithm has been used before for batch correction in flow injection 

mass spectrometry runs (Kirwan et al, 2013) and employ cubic splines to fit the trend 
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in the QC samples associated with carryover (intra-batch) and heterogeneous count 

levels (inter-batch). After the correction, samples were probabilistic quantile 

normalised (Dieterle et al., 2006) using the QC samples’ abundance over the batches 

and the pmp package. These normalised values are further referred as normalised 

Surfactin C titres or abundances. 

4.2.6. Evaluation of the surrogate model fitted on the space-filling design. 

To perform Bayesian optimisation on the output dataset from the space-filling 

design, we use surrogate models that act as a substitute of the “true” titres of 

metabolites and biomass as OD across the factors’ domain. In general, a surrogate 

model is a mathematical model that approximates the outcome of a function of 

interest. First, we train a Heteroskedastic Gaussian Process regression (GPR) model 

with default parameters and priors for the lengthscales (Goldberg et al., 1997). The 

lenghtscales are associated with the granularity of the approximation of the Gaussian 

Process regression depending on which input it is being considered. Lower 

lenghtscales means more granularity in the prediction associated with an input and 

therefore, these variables (Rasmussen & Williams, 2006). The model was fit using the 

functions provided in the BoTorch package in Python. For the cross-validation of the 

model, the 42 combinations with its respected measured mean abundance and its 

variance as square error of the mean where split into 7 folds, leaving 6 samples in a 

test set, while the rest is used for training the model. After the training on each of these 

splits and quantifying the fit in the test split, a mean R2 score and a mean square root 

of the mean metric (RMSE) can be obtained across the splits (Gelman et al., 2020).  

In addition to Gaussian process regression, we also test an ensemble model 

with Bayesian model averaging (Hoeting et al., 1999). For this model several base 

learners are first trained on the dataset. Then, the predictions of the ensemble model 

are generated by merging the predictions from each learning using a probabilistic 

linear form. The outputs of each model are accompanied by a weight, which as 

distribution where the mean and variance are determined by the errors and variance 

found in the original model where the prediction comes from. We tested this approach 

using the following base learners from the scikit-learn package: Linear Regression, 

Decision Tree Regressor, Random Forest Regressor, Gradient Boosting Regressor, K-
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Neighbours Regressor, Gaussian Process Regressor (non-heteroskedastic), Support 

Vector Regression, Kernel Ridge Regression and Multi-Layer Perceptron Regressor. 

Details on the models can be found in reference books, such as Murphy, 2012. The 

cross-validation was performed in the same way than in the testing of the Gaussian 

process regression model, using seven splits. 

4.2.7. Simulation of active learning loops 

From the minimum and maximum concentrations that were selected for the 

microplate layout concentrations, a 7D design space was defined by scaling into the 

box [0,1]7. Initial conditions for both single and multi-objective optimisation of the 

lipopeptide production surrogate model and the biomass model were obtained from 

a Sobol sampling design implemented in Botorch. Several initial samples sizes and 

batch sizes were tested. The models and the acquisition function for the Bayesian 

optimisation loop were implemented using Botorch library in Python (Balandat et al. 

2019), and default internal parameters were used. For the single-objective 

optimisation, a Heteroskedastic Gaussian Process regression (GPR) model was 

trained in the initial samples, then the q-Noisy Expected Improvement acquisition 

function was calculated and maximised to obtain candidates for the next cycle. In the 

case of multi-objective optimisation, the chosen model for the iterations is a multi-

output Heteroskedastic Gaussian Process regression (GPR) model and the 

acquisition function correspond to q-Expected Hyper Volume Improvement. This 

function provides sample recommendations that balance between exploration and 

exploitation that aims to increase the volume delimited by non-dominated solutions, 

i.e the hypervolume, such that the Pareto front can be identified by expanding this set 

of solutions as much as possible. Several additional scripts used in intermediate steps 

for formatting data tables and are described in Chapter 3. Surface plots, principal 

component analysis (PCA) and radar charts to explore and analyse the data were 

implemented using the matplotlib, seaborn and plotly packages in Python. PCA biplot 

was generated using the pca package in Python (Taskesen, 2020).  
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4.3. Results 

4.3.1. Space-filling design allows off-line lipopeptide quantification on a multi-factor 

medium composition experiment.   

After optimising surfactin production by changing two factors, it is important 

to scale the approach to include multiple components (more than two) in the medium. 

This situation is commonly observed in bioindustry, where any improvement in final 

titres is paramount for the success of company operations. 

For technical reasons, such as equipment maintenance periods, it is essential 

to employ an efficient sampling technique that minimises the number of experimental 

runs while maximising the information gained. In addition, this technique should also 

allow samples to be measured offline, in contrast to the iterative method presented in 

the previous chapter. This dataset will be important for generating a surrogate model 

of production outputs, including lipopeptide production and biomass, which will be 

used to test Bayesian optimisation pipelines in multi-factor culture medium 

components experiments. Estimating how many iterations will be needed to reach an 

optimal value of Surfactin C or biomass in the 7-factor space and therefore the 

experimental effort (costs and time) involved will be important for future bioprocess 

testing experiments for this strain or similar strains. 

Thus, we design an experiment to modify all M9 culture medium components 

concentrations (glucose, ammonium chloride, magnesium sulphate, potassium 

phosphate, sodium phosphate, calcium chloride, and sodium chloride) for the 

estimation of lipopeptides titres and biomass in the 7-factor space.  In this case, we 

will use Sobol sequences as a space-filling design to draw informative samples. Sobol 

samples, and quasi-random sequences in general, can cover the design space 

homogenously, maximising information about the lipopeptide production landscape 

for our Bacillus subtilis system. The limits of the design space are given in Methods. 

These ranges were chosen based on the ranges from the previous 2D experiments 

combined with literature on maximum concentrations allowing normal growth. 

As observed in Figure 1.11, the distance between points in Sobol sampling is 

similar across the design space, avoiding gaps where there is little information for 
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further modelling and the uncertainty prediction of the outputs in these zones would 

be high. These gaps are common in random sampling from a normal distribution, 

where points agglomerations leave some combination subsets untested.  

4.3.2. Extraction and correction of the mass spectrometry data from the space-filling 

experiment.  

Several protocol optimisations were implemented in the space-filling 

experiment compared to the two-factor active learning loop. We moved from a 96-well 

plate format to a 48-well plate format, allowing for a higher culture volume and 

therefore easier liquid manipulation, including minimal perturbation of the pellet at the 

supernatant transfer step. However, the reduction in number of wells meant that some 

replicates were sacrificed, and therefore four biological replicates are used per 

combination.  

The experiment consists of 6 microplates batches of 7 combinations each. 

Instead of creating the batches separately, a single space-filling design with Sobol 

sampling was created with 42 samples in the design space. Then, the 42 samples 

were split in 6 sets randomly, giving what combinations should go in each well. As 

with the iterative 2D experiment, a M9 reference and control with no bacteria were 

added to the list. For the layout of the plate, we performed block randomisation, this 

time with 4 blocks/replicates and the 7 combinations plus 2 reference and control 

samples were allocated in each block.  Thus, in total we retrieved 206 experimental 

samples. 

After the microplate planning, the mixing step was performed with a pipetting 

robot, the Opentrons OT-2, which allows automatic mixing of the components in the 

required concentrations for each well. A mixing run with the 7 components on different 

concentrations can be done in approximately 2 hours in comparison to manual 

pipetting that can take 6 hours or more and can be prone to manipulation error. After 

the quenching with cold methanol and supernatant transfer, 20 ul of the samples were 

mixed to generate a QC pools, and together with the rest of the samples were kept in 

-80 °C until mass spectrometry quantification. The raw peaks for Surfactin C extracted 

from the mass spectrometry files are depicted in Figure 4.2. 
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Figure 4.2. Extracted ion chromatograms for surfactin C across the space-filling samples, 

including 42 samples from different medium culture combinations, QC samples, and 

Reference and Control samples. Curves are shown in colours from the one with least area 

under the curve (in pink) vs those with highest area under the curve (green). 

The extracted ion chromatograms over the 1 min mass spectrometry (MS) run 

for each of the samples show a characteristic double peak curve, consistent with ion 

suppression effects (Annesley, 2003; Volmer & Jessome, 2006; Furey et al., 2013). The 

area under the curve progresses softly from the smallest peaks to the biggest ones, 

as expected from a dense sampling of an experimental design space.  

Later, the areas under the curve for each peak were corrected using quality 

control (QC) pool samples in the run. There are 3 QC samples at the start of the MS 

run, then 1 every 6 experimental samples, and three at the end corresponding to 11 

QC samples per batch. These adds to a grand total of 206 + 11 x 6 = 272 samples that 

were quantified using the triple quadrapole mass spectrometer. Since the QC samples 

are extracted from the same pool, they should have the same abundance in each 

batch. This QC abundance is used to correct the samples, since carryover and shifts 

can affect the measured abundance as function of the sample order and the batch 

order (Figure 4.3). 
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Figure 4.3. Intra and inter batch correction of area under the curve quantification of extracted 

peaks using the pmp package in R. On the top, the data is shown before correction. Black 

arrows depict the overall trend of quality control (QC) over the first and second batch. In 

contrast, at the bottom, the data has been corrected using the Quality Control Robust Spline 

correction (QCRSC), which basically fits a cubic spline curve over the QC samples at the intra- 

and inter-batch level and calculate factors to adjust the experimental samples. 

In the top of Figure 4.3, it can be observed that carryover means that QC 

samples progressively increase in abundance over the batch, to rate of ~0.1 

normalised titre/sample in the first batch and similar rates on the other batches. There 

are some shifts in the starting QC samples between the batches, of the order of also 

~0.1 normalised titre between the first and second batch and similar to other 

contiguous pairs of batches. For the correction, we employed the QCRSC algorithm 

implemented in the R pmp package (see Methods), that fits a cubic spline to the QC 

samples and use this curve to calculate adjusting ratios for the other samples based 

on sample order and batch order. Thus, after the correction and normalisation, the 

samples are ready to be analysed in detail. 
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In the case of Surfactin C abundances, several patterns are striking. First, the 

M9 reference samples are on the top of the list (Figure 4.4), indicating that the specific 

M9 combination of components is indeed a good surfactin producer and is correlates 

with the optimal results found in the 2D experiment. Then other combinations can be 

highlighted as high producers, including 1_1 and 1_4. These are given by the following 

composition respectively, for 1_1: Glucose: 0.7%, NH4Cl: 103 mM, MgSO4: 1.52 mM, 

KH2HPO4: 46.42 mM, Na2HPO4: 33.98 mM, CaCl2: 0.18 mM, NaCl: 46.57 mM and for 

1_4: Glucose: 0.27%, NH4Cl: 4.88 mM, MgSO4: 0.63 mM, KH2HPO4: 27.5 mM, Na2HPO4: 

22.7 mM, CaCl2: 0.11 mM and NaCl: 26.9 mM. The former is a low glucose, medium 

nitrogen combination with respect to the concentration ranges for these compounds, 

while the latter is low glucose and nitrogen combination with similar composition to 

the M9 medium. 

The controls are consistently close to 0, as expected from since no bacteria 

was added to the medium and therefore no surfactin should be present, except in the 

last batch (5_CTRL) where one of the measurements is a bit higher, due to a 

contaminated control well on that microplate. This can be confirmed by examining the 

growth curves on the Supplementary Figure B.9. 

 

Figure 4.4. Surfactant Concentration across different batches and combinations from the 

space-filling design. The box plot displays the distribution of (normalised) surfactant 
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concentrations measured on the six different batches. Each box represents the interquartile 

range (IQR) of the concentration values, with the median indicated by a line within the box. 

Whiskers extend to the furthest point within 1.5 times the IQR from the upper and lower 

quartiles. Outliers are represented as individual points beyond the whiskers. Data show a 

general increase in the concentration values towards combinations close to the M9 reference, 

with Batch 1 exhibiting samples with high surfactin production. The analysis includes data 

from multiple measurement points, 4 replicates per combination and 9 sample types (7 

combinations plus 2 control and reference) across each batch. QC pools correspond to 

normalised titre 1 in the plot. 

Since visualising high dimensional datasets and functinos is a complex art, a 

simple way to look at dependencies on Surfactin C titres related to component 

concentratinos is to get contour plots using pair of variables/inputs/factors in the x- 

and y-axis. Since we do not want to establish a model at this point, but rather evaluate 

non-linearities in the data and other features, the countour plots are generated by 

simply fitting a spline curve to the observed values. In Figure 4.5, it is possible to 

pinpoint the Glucose vs NH4Cl surface, with striking resemblance to the surface 

obtained in the 2D iterative experiment. For other component pairs, the relationship is 

unclear since it is possible to find several promising combination in the space. Since 

we are looking to slices, these might be compositions in which another variable is 

important. A clear example is the blue spot in the ammonium chloride vs sodium 

chloride, where that specific combination is a very low carbon combination. However, 

it is not clear from the slices in which scenario this low spot happens and if sodium 

chloride is relevant or not for the yield. 
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Figure 4.5. Contour plot of Surfactin C titres against pairs of culture medium components. 

These plots serve a quick way to analyse dependencies of Surfactin C titres with the 

underlying factors in the experiments. Red colours indicate higher normalised titres while blue 

colours mean lower normalised titres. The surfaces are not provided by Gaussian process 

models, but instead by cubic spline interpolation of the empirical data. This provides a 

visualisation of the data before model choosing. 

Turning the attention into the growth data, the combinations that appears on 

the list comes from different batches (Figure 4.6). The combinations 5_3, 4_6 and 2_5 

are in top 3. These correspond to low carbon and high nitrogen concentrations, over 

the 120 mM. Deviation in the OD measurements for each combination is similar, with 

a mean value of the coefficient of variation across the samples of 14%. However, there 

is a higher spread in the case of 1_REF. 1_REF is the second batch reference culture, 

using the original M9 recipe and with added bacteria. There are no indications of 

irregular growth at the visual level or any indications in the microplate reader run file 

that would be consider a cause of this spread.    
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Analogous to the Surfactin C case, in Figure 4.7, the carbon vs nitrogen contour 

plot is similar to the one obtained in the previous chapter, with optimum biomass 

attained in low carbon ~0.5% glucose and high nitrogen concentrations. Similar 

analysis was performed for the other lipopeptides and is shown in the Appendix B, 

Supplementary Figure B.10. 

 

Figure 4.6. Optical Density (OD) measurements after 24 hours across different batches and 

combinations. This box plot displays the optical density measurements for the six batches 

over the multiple combinations and the control and reference samples. Each box indicates the 

interquartile range of OD measurements, with the median value represented by the line within 

each box. Whiskers extend to 1.5 times the interquartile range from the box, identifying the 

range of typical values. Outliers are shown as individual points. The data suggests several 

samples from different batch exhibiting high biomass, and the overall shape of the curve 

following the mean is a sigmoid shape, indicating a medium level of non-linearity of OD as 

function of the component concentrations. 
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Figure 4.7. Contour plot of 24-hour Optical Density (OD) measurements against pairs of 

culture medium components. These plots serve a quick way to analyse dependencies of OD 

with the underlying factors in the experiments. Red colours indicate higher OD values while 

blue colours mean lower OD values. The surfaces are not provided by Gaussian process 

models, but instead by cubic spline interpolation of the empirical data. 

When ordered the samples in the Surfactin C and growth data, the boxes follow 

a curve reminiscent of the logistic function. It is easy to show that ordering evaluation 

of random samples in a linear function gives a sigmoidal curve, known as probit 

function (Postelnicu, 2011). This is also known as the quantile function of the normal 

distribution, and mathematical details can be check in the Appendix A.3.  Since our 

outputs possess are non-linear over the inputs and we used a sampling method 

different from drawing samples from a normal distribution, and that can be considered 

more uniform, it is expected that the shape of the ordered value as curve passing 

through the mean would be distorted, as seen in the left side of the samples from the 

Surfactin C quantification, suggesting non-linearity over the factors. 
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4.3.3. Selection of probabilistic surrogate model for the lipopeptide titres and growth 

measurements from space-filling design  

For the benchmarking of Bayesian optimisation pipelines for single and multi-

objective optimisation of lipopeptide production and corresponding growth 

measurements, the selection of an appropriate probabilistic surrogate model for the 

space-filling design data is critical. The chosen model must effectively handle the 

inherent variability and uncertainty associated with the lipopeptide titres shown in 

Figure 4.4, while also being robust enough to provide reliable predictions across the 

whole experimental design space.  

The selection of a suitable probabilistic surrogate model involves several key 

criteria. The model must demonstrate high accuracy in predicting the lipopeptide titres 

and biomass measurements, to ensure that the model can reliably guide the 

optimisation process. This accuracy will be measured in terms of R2 score and square 

root of the mean. Since the analysis of inputs and outputs in the previous section 

revealed nonlinearities of lipopeptide titres against medium composition such as 

Glucose, the surrogate model must be capable of capturing these relationships. 

Additionally, the model should be computationally efficient to allow for rapid 

predictions, which is particularly important when dealing with large datasets or when 

the model is used in real-time optimisation scenarios. Since we are working with small 

datasets (42 medium combination samples and 7 factors), classic probabilistic 

machine learning algorithms can run relatively faster, in contrast to scenario with 

hundreds or thousands of factors, where the model training can be become 

computationally intractable. Finally, the model should exhibit a generalization 

property, i.e, the capacity to predict unseen data. This property will be tested via k-fold 

cross-validation on our space-filling dataset. 

Several probabilistic surrogate models are available, and I will focus on two of 

them: Gaussian Process Regression (GPR) and an Ensemble model with Bayesian 

model averaging, which aggregates several small machine learning algorithms 

predictions to provide probabilistic outputs. Other algorithm such as Bayesian linear 

regression and Bayesian neural network are no considered for different reasons; lack 
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of flexibility outside of the linear domain for the former and the latter usually involves 

huge datasets and is computationally expensive.  

A Heteroskedastic Gaussian Process regression was fitted to the lipopeptide 

data after batch correction and normalisation. The fit to the data is almost perfect, 

reaching a R2 score of 0.99. However, this a sign of overfitting, a typical situation with 

Gaussian process-based models in small datasets due to its flexibility (Figure 4.8, 

left). Indeed, cross-validation shows a low capacity of the model to extrapolate to 

unseen data (Figure 4.8, right). 

 

Figure 4.8. A “naïve” training of a Heteroskedastic Gaussian process to the processed 

Surfactin C titre data from the space-filling design. On the left, predicted values by the model 

are compared with the measured values in the samples. The fit is almost perfect, reaching a 

R2 score of 0.99. However, on the right, sets of test points used for cross-validation (K=7 splits, 

N=42 samples from combinations) are shown with their corresponding predicted and 

observed. In this case, for each of the 7 sets of 6 points the fit is poor, and the mean R2 score 

across the splits is 0.14.  

There is an indication that the length scale associated with the kernel in this 

model is too small for a specific input, making the model too fine-grained and 

therefore exhibiting a good fit with the sampled points but poor generalisation. 

Effectively, after fitting the model, the inferred lengthscale for the Glucose variable 

(0.1663) is considerably lower than the other lengthscales (ammonium chloride: 

0.4071, magnesium sulphate: 0.6388, potassium phosphate: 0.5140, sodium 

phosphate: 0.5334, calcium chloride: 0.5117, sodium chloride: 0.6020). Higher 
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lengthscales associated with a specific variable (closer to 1) indicate that the 

covariance function is almost independent of that input. That means that Glucose, as 

a factor, is important for the prediction, but at the same time it can bias the model in 

even smaller datasets, such as the ones obtained by splitting the data for cross-

validation and therefore, the models lack explaining power for other combinations in 

the design space.  

An alternative to fix this overfitting problem is restricting the lengthscale to higher 

values, such that the overall fit with the complete data will be poorer, but the cross-

validation metric, and therefore the generalization property of the model, would 

increase. I tried a systematic constraining of the lenghtscale for the Glucose input 

from 0.2 to 1 and assess the fit and cross-validation results using R2 scores and root 

square of the mean (RSME) as metrics. However, the results indicate that there is no 

further improvement in cross-validation metrics with the mean R2 scores across split 

ranging between 0.1 to 0.2.   

 A second option is to use ensemble learning, where several smaller machine learning 

models (usually called base learners or weak learners) and fit into the data and their 

predictions are merged in a way that this new supra-prediction is better that of any 

individual base learner. In our case the base learners will correspond to machine 

learning models found in the scikit-learn library, including, and the ensemble 

framework is shown in Figure 4.9.  

 

Figure 4.9. Diagram of a probabilistic ensemble learning algorithm using Bayesian 

averaging. Several machine learning models, known as base learners, weak learner, or 
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predictors, are trained in the dataset means. Then the outputs or predictions for the dataset 

inputs are aggregated into a probabilistic linear combination, where the weights are 

distributions depending on the prediction error for each base learner. Adapted from 

Radivojević et al., 2020. 

In this case, the fit with the full data is reduced, reaching a R2 score of 0.435, 

but obtaining similar mean R2 score when performing cross-validation. That means 

that the model is least precise, but it has better generalisation properties. Similar 

scores have been reported in modelling of high-synthetic biology and metabolomics 

experiments, and therefore it is the chosen model for the Bayesian optimisation 

benchmarking. 

We tested both approaches, now with the biomass data. In this case, the 

modelling results are slightly different. The biomass data seems be to be a smoother 

function of the medium components. To quantify this, we start by fitting as 

Heteroskedastic Gaussian process regression model as before, obtaining similar 

results in terms of prediction as in the case with Surfactin C (R2 score=0.99). However, 

the cross-validation metrics shows a slightly improvement, with a mean R2 score of 

0.31 across splits. The importance of Glucose is also highlighted in this model, where 

the associated lenghtscale is 0.131, in comparison to the other variables in the order 

of 0.4-0.6. Then, turning into the Bayesian averaging ensemble model, the 

improvement is even higher in comparison to the ensemble Surfactin C model. Now 

the fit with the full data gives an R2 score of 0.73, with similar scoring at the cross-

validation level. The quality of the model is evident when testing the predictions in a 

small test set (Figure 4.10). Thus, this ensemble model is also selected for the 

benchmarking section. 
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Figure 4.10. Predictions of the Bayesian averaging ensemble models for a test set in the 

Optical Density (OD) data. The predicted mean values can be read in y-axis, while the observed 

mean values can be traced in the x-axis. The bar represents the uncertainty on the prediction 

given by standard error of the mean. 

The feature importance plots derived from the Random Forest base learner 

models in the two surrogate model scenarios—Surfactin C and OD—provide a clear 

comparative analysis of variable/input significance. In the Surfactin C and OD 

surrogate model, the feature importance plot illustrates a dominance of Glucose 

values as inputs with an importance value of 0.47 and 0.49 in each model respectively. 

This observation is in concordance with the inferred lenghtscales after fitting obtained 

from the Gaussian process regression model and suggests Glucose is the most 

critical input in the model (Figure 4.11).  
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Figure 4.11. Feature importance as retrieved from the Random Forest base learner in the 

Bayesian averaging ensemble model. Random forest provides feature importance as part of 

the output. These results are obtained after training the model with the dataset from the 

space-filling experiment. On the left, the feature importance when fitting the Surfactin C titre 

is shown, while on the right the feature importance when fitting OD measurements is shown. 

In the case of the other input variables, such as NH4Cl, MgSO4, K2HPO4, 

Na2HPO4, CaCl2, and NaCl, they display significantly lower importance values, each 

below 0.2, indicating a lesser influence on the model’s predictions. Interestingly, the 

Surfactin C and OD surrogate model presents a different pattern of feature importance 

for these inputs. Ammonium chloride shows a marked increase in importance in the 

OD model, reaching around 0.18, making it a substantial factor in this scenario. Then, 

it follows by the importance of the phosphates in the OD model, in contrast with the 

situation in the Surfactin C model where all other inputs except Glucose and 

Magnesium Sulphate are almost equally important. 

4.3.4. Simulation of single- and multi-objective optimisation pipelines using the 

surrogate model as ground truth 

We present the results of simulations performed on both single- and multi-

objective Bayesian optimisation pipelines, using the surrogate models from the space-

filling experiments as the ground truth. These simulations were designed to assess 

the efficacy of our proposed methods under in silico conditions in a high-dimensional 

space (7 factors), where the surrogate model is accurate enough to represent the 

metabolite tire or biomass being optimised. We tested several initial sampling sizes 

and different number of samples per batch, which is of utmost importance to estimate 

experimental effort in future experiments. 
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When considering benchmarking Bayesian optimisation pipelines for future 

experimental in Bacillus or other lipopeptide producers, there are practical decisions 

that need to be taken. Since bioprocess screening is an expensive and time-

consuming process, we cannot go ad infinitum in terms of number of iterations. 

Therefore, we will establish a general 95% rule for the value to reach in the 

optimisation, taking as reference for the maximum “ideal” value the one obtained by 

dense simulation of points and evaluation in the Surfactin C surrogate model, as we 

considered the model as the “ground truth” for the in silico optimisation. This val. In 

this case, any combination of initial sampling size and batch size that does not reach 

1.75 (0.95 x 1.85) in normalised Surfactin C titre before the 20 iterations will not 

consider as viable. This criterion establishes a clear optimisation goal, which can be 

achieved in reasonable time, since considering 20 iterations and 3 days of bench work 

per iteration involves 60 days (or 2 months) of theoretical continuous work. This 

timeframe is in some cases delayed, since experimental schedule can be affected by 

idle times, maintenance periods, accidents and errors in data manipulation. Also has 

a pragmatic consequence that it limits the number of iterations to test in our script, 

reducing execution time in the obtention of the results. 

The results demonstrate that the single-objective optimization framework 

develop in Chapter 1 effectively identified optimal solutions in the 7D space, 

consistently converging towards the global optimum as defined by the surrogate 

model. For the case of 7 initial samples and 7 combinations per batch (Figure 4.12), 

the required value of 1.75 is obtained after 8 iterations (N=5 loop instances), which 

would correspond to ~ 1 month of continuous experimental work. When changing the 

number of initial samples and batch samples, a pattern emerges where it needs more 

or equal to 4 combinations per batch to reach the required values under the 20 

iterations (Figure 4.12). Then, increasing the number of initial samples has a slight 

effect in reducing the number of iterations, and for the tested number of samples 

(between 2 and 10 initial samples and between 1 and 10 batches), the overall number 

of iterations necessary to reach the goal is around ~10 iterations, ranging from 20 

iterations for 2 initial samples and 4 batch samples to 4 iterations in the extreme 

10/10 case. 
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Figure 4.12. Performance of our single-objective optimisation Bayesian optimisation 

pipeline in the Surfactin C surrogate model. On the left, the best value for each iteration is 

plotted against the iteration number in the case of 7 initial samples and 7 combinations per 

batch, the same as our experimental protocol. 5 instances of full optimisation cycles were 

performed, so an estimation of the variance of the best value can be made since there some 

random components in the Bayesian optimisation loop, such as the initial Sobol sampling.  

For the OD model, the maximum observed by dense simulation is 1.05, so the value to 

reach in the optimisation is 0.99 according to the 95% rule. Similar to the Surfactin C, 

the Bayesian optimisation loop reaches the value in 8 iterations for the case of 7 initial 

samples and 7 combinations per batch, which is the one currently established for 

experimental setup (Figure 4.13, A). When looking at the heatmap of the effect of 

sample sizes in the number of iterations to reach the goal, it differs slightly from the 

Surfactin C model, since 3 batch samples are the minimum necessary to get the 

required value in less than 20 iterations. Overall, for the different number of initial 

samples and batch sizes, it requires 9 iterations on average to reach 0.99. 
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Figure 4.13. Performance of our single-objective optimisation Bayesian optimisation 

pipeline in the Optical Density (OD) surrogate model. On the left, the best value for each 

iteration is plotted against the iteration number in the case of 7 initial samples and 7 

combinations per batch, the same as our experimental protocol. 5 instances of full 

optimisation cycles were performed, so an estimation of the variance of the best value can be 

made since there some random components in the Bayesian optimisation loop, such as the 

initial Sobol sampling.  

After performing single objective optimisation, we proceed to test the pipeline for 

Pareto front discovery using multi-objective Bayesain optimisation, employing the q-

Noisy Expected Improvement acquisition function. The multi-objective optimization 

showed robust performance in balancing the conflicting objectives of maximising 

Surfactin C titres and OD, achieving a set of Pareto-optimal solutions after 20 

iterations with 7 initial/7 batch sample size configuration.  Recalling from the 

introduction, the hypervolume for 2 objectives simply corresponds to the area 

delimited by the current Pareto front and a specific reference point, and for this 

optimisation we defined the reference in the origin (0,0). Thus, the hypervolume is an 

indicator of the progression in finding the Pareto plot across the iterations.  

First, the maximum hypervolume for the inferred Pareto front after the evaluation of a 

dense simulation of points in the surrogate models reads 1.63 (Figure 4.14, A). 

According to our 95% rule, the goal of hypervolume to reach is 1.55. The Pareto front 

obtained after 20 iterations of the Bayesian optimisation loop, with 7 initial samples/7 

batch samples is depicted in Figure 4.14 B. Tracing the hypervolume improvement 

across iterations, we verified that the goal is attained at 10 iterations for this setup 

(Figure 4.14 C), and this corresponds to the average number of iterations to reach the 

goal when checking different number of initial and batch samples. 
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Figure 4.14. Performance of a multi-objective optimisation of Surfactin C titres and Optical 

Density, trying to maximise both simultaneously. A) The simulated pareto front by Sobol 

sampling 2000 points in the design space and evaluate them in the surrogate B) Pareto front 

found by our multi-objective Bayesian optimisation pipeline, using 7 initial samples and 7 

combinations per batch over 20 iteration C) Hypervolume value for each iteration across the 

optimisation process  

4.4. Discussion 

4.4.1 Space-Filling Designs  

Space-filling designs are invaluable in our study, facilitating thorough 

exploration of the design space with a minimal number of experimental runs. The 

uniform distribution of sampling points, as visualized in Figure 1.11, mitigates the risks 

associated with random sampling methods, such as information gaps and clustered 

points. This uniformity is pivotal for constructing accurate surrogate models, which 

serve as the foundation for subsequent optimization processes. Sobol sequences 

enabled a balanced and exhaustive sampling strategy, important when dealing with 
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high-dimensional spaces, but there is no limitation to using other quasi-random 

sequences in theory. Another important topic to consider, in contrast with literature, is 

the presence of replicates. Chiladwak (2022), as well as the other considered studies 

using space-filling designs, do not consider replicates on their final designs and the 

tools used for modelling are not probabilistic in nature. This scenario is the common 

in simulation, where a dense sampling of a ground truth function, with no noise, is easy 

to obtain and therefore Gaussian process regression may function as a simple 

interpolation on this data (an “emulator”) (Bastos & O’Hagan, 2009). However, this 

experiment and the trade-off between speed and accuracy discussed in Chapter 3, 

Indicates that efficient and reliable for noise measurements coming from biological 

systems needs replicates, and the saving in number of iterations can compensate the 

extra cost of samples and the bigger experimental effort per iteration. 

4.4.2 Challenges and limitations in the modelling 

Considering the noisy observations we have in our dataset; several challenges 

were encountered. One significant issue was the overfitting observed in the initial 

Gaussian Process Regression (GPR) models. As shown in Figure 4.8, heteroskedastic 

GPR models displayed high accuracy in fitting the training data but performed poorly 

in cross-validation. Efforts to address this discrepancy by constraining the lengthscale 

parameters did not yield substantial improvements, indicating the complexity of the 

modelled function. Thus, when turning to the ensemble learning approach, it resulted 

in reduced precision, but better generalization, enabling informative surrogate for the 

Bayesian optimisation pipeline testing. This trade-off between precision and 

generalization is a common challenge in high-dimensional optimization problems, 

underscoring the need for continuous refinement of modelling techniques. It is 

important to mention that ensembles are ubiquitous for the modelling of noisy 

biological data, spanning high-throughput transcript data (Cheng et al., 2024), 

microscopy image processing (Sorrentino et al., 2023) and prediction from multi-

omics data (Tembhare et al., 2024), among others. The total number of parameters in 

these models, together with compute efficiency, allows for more flexibility in the fit 

and it can deal with the enormous sets produced today, making them a swiss-knife for 

biological big data analysis. 
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4.4.3 Optimising Metabolite Production and Biomass 

Applying Bayesian optimization frameworks demonstrated their potential to 

identify optimal conditions for metabolite production and bacterial growth efficiently. 

The single-objective optimization consistently converged to high-producing solutions 

in around ~10 iteration, while the multi-objective optimization effectively delineated 

Pareto fronts in the same number of iterations, balancing the conflicting objectives of 

surfactant production and biomass (self-killing of the cells). 

The simulation results validate the robustness of our optimisation pipelines. 

However, real-world application of these pipelines necessitates careful consideration 

of practical constraints, such as experimental costs and time limitations. Achieving 

experimentally a normalised Surfactin C titre of 1.7 within 20 iterations may provide a 

realistic benchmark for future experimental setups, ensuring the optimization process 

remains feasible within typical laboratory schedules. In this context, transitioning from 

a 96-well to a 48-well plate format, coupled with the use of robotic liquid handling 

systems, helped to streamline the cycles and reduce the burden on the human 

experimenter. Several examples exist on how this switch in the experimental paradigm 

has accelerate synthetic biology development in the academic environment (Holland 

& Davies, 2020) and more companies are now providing automated biology 

experiments services, with the expectation of this market becoming mainstream in 

the following years. 

4.5. Conclusion 

We systematically explored a seven-dimensional factor space, ensuring 

comprehensive coverage and robust modelling of the bioprocess experimental 

landscape. This data provides evidence of a trade-off between surfactin production 

and biomass inherent to biosurfactant synthesis, and that remains even when 

increasing the design space. Relevantly, glucose and nitrogen are still main factors 

influencing surfactin titre and OD in this multidimensional component space, but also 

other components acting as buffers might have an enough effect in titre to be 

considered later in further testing.  
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Future work will focus on further refining surrogate models to enhance their 

predictive accuracy and generalization capabilities. Exploring alternative modelling 

techniques, such as Bayesian neural networks or other advanced ensemble methods, 

could provide new insights into the complex dynamics of metabolite production, if 

they have better cross-validation behaviour. Expanding the experimental framework 

to include more factors, specially more complicated to manipulate reagents such as 

manganese and iron solutions (quick oxidation issues), and conditions will also enrich 

the experiment, enabling more comprehensive optimisation studies, as the ones found 

in the literature (Bertrand et al., 2018). We demonstrated that integrating automation 

in the media preparation protocol reduces the experimental burden on the scientist. 

Thus, the use of robotics, together with decrease of automated equipment prices, 

significantly reduce the time, money and effort required for experimental iterations, 

making the optimisation of bioprocesses more efficient and scalable. 
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Chapter 5 

Discussion and Conclusion 

5.1. Improving natural products’ titres 

Several secondary metabolites have intricated biosynthetic pathways. While 

some of these pathways have been extensively studied, and their regulation is well 

understood (O’Connor, 2015), many others remain elusive, with the metabolic origins 

of their precursors and the interactions between genetic components and 

corresponding biochemical reactions still unclear. Numerous efforts, including this 

thesis, are dedicated to enhancing the production of secondary metabolites, ranging 

from molecular strategies to optimising processes at the bioreactor scale. If we take 

Bacillus as an example, known for producing numerous commercially valuable 

molecules such as surfactin and iturin, as well as fengycins and bacteriocins (Abriouel 

et al., 2011, Harwood et al., 2018), there are several efforts to keep increasing titres 

and yields using, for example, medium optimisation (Mohanrasu et al., 2020) as in our 

project.   

In many secondary metabolite bioprocesses, there remains considerable space 

for improving efficiency and safety. The integration of real-time monitoring and control 

systems using advanced sensors and machine learning algorithms can ensure that 

bioprocesses remain within optimal parameters, but often it is not enough to 

guarantee production goals. Thus, genetic strategies need to be combined with 

innovative fermentation technologies and medium optimisation on the long term, to 

improve the scalability and sustainability of secondary metabolite production. 

Secondary production is often not couple to growth, and long terms culture can select 

for fitness, reducing production. Media optimisation can be a way to modulate trade-

offs inherent to secondary metabolite production, and to stimulate yield after several 

generations, as exemplified in the literature via a laboratory evolution approach 

(Jouhten et al., 2022) 
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5.2. Extracting the most from complex experimental data 

Statistical analysis and data visualisation techniques are typically chosen 

based on the nature of the data and its inherent 'geometry'. Contour plots can be 

effective for exploring production surfaces in two-dimensional factor/component 

spaces. However, visualising multidimensional data is more challenging. Reducing 

multidimensional results into two-dimensional representations is the common 

method, such as PCA. It may introduce distortions, which must be carefully considered 

to ensure accurate conclusions are drawn.  

Typically slicing over a set of dimensions, i.e., obtaining level sets may be an 

option, as in the case of Chapter 4 contour plots with pairs of components or using 

pairwise scatterplots, but without a model, it is difficult to assign importance to the 

variables and reflect this information in the visualisation process. Other approach in 

the literature is parallel coordinates (Inselberg, 2009) which aids to visualise 

correlations, but as mentioned, it is applicable mostly to multivariate data, instead of 

multivariable data, complementing the metabolite heatmap or the PCA. Thus, there is 

a need of more methods for visualising multivariable data, so it can be easier for 

humans to extract patterns in metabolomic data, apart from the traditional methods. 

Utilising directional (or gradient) methods to analyse production surface data, 

presents a novel means of addressing new metabolic interactions. It can be seen as 

a local method of determining concentration trends, so their conclusions are tied to 

point in the design space chosen for the calculation. However, a good feature is that 

it can be applied to a function with any number of variables, just by increasing the 

number of representative directions. Even if a polar plot is not available, asymmetry 

can be estimated numerically. It can be considered a variant of the level set method, 

since gradients are perpendicular to level curves, and are naturally amenable to 

quantification. Future work will develop a new set of visualisations deriving from this 

gradient method.  

5.3. The speed vs accuracy trade-off in protocol design 

Biological experiments often require flexibility in their design. Optimisation 

workflows, therefore, must account for a wide range of variables and conditions and 
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requires consistency in quantification. Once the equipment is prepared for this, the 

number of factors can be increased to an unspecified limit, but then the speed vs 

accuracy trade-off becomes important. 

In this regard, a method such as the flow injection mass spectrometry protocol 

developed in the project is of great importance to reduce optimisation cycles and 

experimenter effort, in comparison to HPLC-MS, which is more accurate due to 

separation, but much slower. Here, the presence of replicates was essential to get 

robust results in terms of noise for the correct performance of the Bayesian 

optimisation algorithm. 

Employing the robot is also an accuracy vs speed compromise, that indeed in 

the long term, it is seen as more effective than human pipetting, simply because of 

degradation of pipetting performance over long experiments. As the optimisation 

process continues, leveraging these automated systems not only increases 

throughput but also maintains a higher degree of reproducibility. 

On a small side note, speed vs accuracy trade-offs are also observed in 

biological systems. Decentralised decision systems such as ant colonies exhibit 

speed accuracy trade-offs in tasks such as house-hunting (Marshall et al., 2005). 

Indeed, decentralised and/or distributed laboratory systems might help to increase 

performance of optimisation by distributing biological testing over several platforms, 

with examples in the literature for chemical optimisation (Bai et al., 2024). But this 

kind of systems requires a higher degree of automation, which is the last topic in 

consideration. 

5.4. The automation of the metabolic sciences 

Optimisation is a versatile approach, applicable not only to achieving optimal 

titres but also to refining experimental protocols and pipelines. These decisions often 

require expert input, but there are ways to perform this process automatically, by 

exploiting the latest advances in artificial intelligence.  

Indeed, many elements of the scientific process can be framed as optimisation 

problems: for example, which experimental protocol best tests a given hypothesis? To 

answer this question, there are additional trade-offs to consider, such as choosing 
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between a simpler, reagent-intensive protocol versus a more complex but sustainable 

one, and therefore a multi-objective optimisation approach would be feasible if proper 

quantification of these characteristics is achieved. It is also observed in power 

analysis, where determining the most efficient experimental design with sufficient 

power is critical for robust and significant results, but the number of samples also 

depends on funding factors and laboratory conditions. 

We demonstrated that a pipeline can be generated for quasi-automatic 

optimisation of titres, and in the biological and analytical chemistry field, automation 

is starting to cover every aspect of the experiment, including expert decisions (Gao et 

al., 2024). In metabolomics, deep learning is already part of the processing pipeline, 

but it has not penetrated yet to hypothesis design/construction, as far as I know. Some 

work has been done regarding automated explainability of models for metabolomics 

(Bifarin & Fernández, 2024), and it would be interesting to see this approach 

implemented in large scale decision processes. 

Safety is also important when considering fully automated metabolic 

experiments to ensure that all potential hazards are effectively managed. Automated 

systems can streamline complex processes, reduce human error, and increase 

reproducibility, but they also introduce new risks such as equipment malfunctions, 

software glitches, or unforeseen interactions between automated components and 

biological materials. Implementing rigorous safety protocols and workflow 

checkpoints, including regular maintenance, real-time monitoring, and fail-safe 

mechanisms, is crucial to prevent accidents and ensure reliable operation. 

Can a whole metabolic experiment be fully automated, starting from tabula rasa 

or from a simple hypothesis given a scientist? With enough resources, it is probable. 

What kind of insights would be able to get from those experiments? It is difficult to 

know. It will depend on where the system is embedded (an academic lab or company) 

and the reliability of the technical decisions by the automated system, which is 

improving by the year. These insights may transform our vision on microbial 

metabolism in the next decades. 

5.5. Conclusion 
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This project has explored optimisation of titres in the case of the natural 

product Surfactin in Bacillus. However, the methods and pipelines developed in this 

thesis are general, and we hope that it could be serve as a blueprint for more complex 

biotechnology and synthetic biology protocols. Thus, we demonstrate the value and 

effectiveness of adaptive, flexible Bayesian optimisation workflows that allow for 

refinement of culture medium composition, in line with the main hypothesis, 

benchmarking the efficiency and reliability of bioprocessing testing at the microplate 

scale. 
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Appendix A 

A.1. Thin layer chromatography  

For the thin layer chromatography protocol, plastic plates coated with silica 

were used as stationary phase. The 20 x 20 cm plates are cut in strips for manipulation 

and allow for testing of more solvent combinations. The strips are carefully marked 

around 1 cm from the bottom with a graphite pencil. This mark corresponds to the 

starting point of the sample. Caution should be exercised to keep the integrity of the 

silica coat. Then, a small amount of sample (~1ul), supernatant in our case, is 

deposited in the marked site using a capillary tube. The drop is allowed to dry. In 

parallel, a glass chromatography chamber is prepared by transferring a solvent mix to 

test until the level is just below 1 cm, corresponding to plate mark. The chamber is 

closed to allow the solvent vapours to equilibrate inside the chamber atmosphere. 

When ready, the chamber is quickly open, the plates inserted carefully with tweezers 

inside the chamber and closed again for the run. The solvent ascends the silica coat 

by capillary action, dragging the sample and performing the separation into 

compounds of different polarities present in the sample. After the solvent has run for 

a few minutes and is in level below the end of the plate, the plate is carefully removed, 

and it is left to dry. For the staining solutions, ninhydrin and rhodamine 6G are 

prepared. The ninhydrin solution is transferred to a clean glass sprayer and a 

homogeneous layer is sprayed over the plate. The plate is left to dry and then moved 

into a hot plate or oven to reveal a yellowish spot on compounds with amino acid 

residues. For rhodamine 6G, a similar protocol is used, but heating is not necessary, 

revealing pinkish spots over a general class of compounds.  Finally, for iodine staining, 

the plates are inserted in a dedicated chamber, where a few balls of iodine are 

deposited in the bottom. The chamber should be always kept close as much as 

possible and inside a hood, with appropriated chemical personal protection elements, 

since the purple vapour emanating from the iodine balls is highly reactive with any 

organic molecule, including those present in skin. Similar considerations need to be 

taken for ninhydrin and rhodamine 6G, specially avoiding contact with skin. After 

staining, spots may be marked for displacement calculation and obtention of retention 

factors. 
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A.1.1 Early attempts of quantification of surfactin using thin layer chromatography 

At the start of the project, we explored the idea of developing a visual method 

to quantify surfactin via thin layer chromatography (TLC). This method on separation 

of compounds relying on interactions with a thin silica phase (stationary phase) over 

time after while dragged by a solvent (mobile phase). However, the method was 

unsuccessful, and readings (distinctive spots after staining) were available only for 

very high surfactin concentrations (>100 mM), on a scale not realistic for surfactin 

production with bacteria. In detail, the protocol involved taking 1ul from a supernatant 

sample, deposit it at the marked end of a silica-coated plate and then move the plate 

to a TLC chamber, a glass chamber where the solvent (or mobile phase) is at the 

bottom. When the plate is inserted, the solvent ascends the plate by capillary forces 

and the sample is dragged up the plate. In that process, different compounds in the 

sample ascend with different velocities, depending on the affinity with the silica 

(stationary phase), and thus, compounds can be separated depending on their 

polarity. 

Several solvent mixes were tested for the mobile phase, including Chloroform : 

Methanol : Water (CMW) on ratios 1:3:1 and 20:9:1, and Acetonitrile : Water ratios 

including 1:3, 1:1 and 3:1. Together with the supernatant sample from an overnight M9 

medium culture, a 1ul drop of a surfactin standard (5 mM) was added in a secondary 

starting point next to the first sample. The plates were developed and dried. After that, 

the plate was stained by either ninhydrin (amino acids detection), rhodamine 6G 

(general, fatty acids) or iodine (general).  

However, none of the plates showed a clear spot pattern along the sample line, 

with sporadic spots such as the one shown in the circle on Figure A1, even after 

repeating the protocol and changing the staining. Indeed, rhodamine 6G staining was 

difficult to achieve for the sample and the selected standard. Only after performing 

runs changing the standard concentration to 100 mM, a blurred pink is visible, but no 

separation is apparent. Since this dye can fluorescence under an appropriate UV 

source, images were taking in a transilluminator to see any spot pattern that might be 



224 
 

present. This plate, for CMW 20:9:1, shows a single fluorescent spot (Figure A2) and 

no other spots can be determined.  

 

Figure A1. A TLC run of a Bacillus subtilis supernatant sample using a solvent mix of 

Chloroform: Methanol: Water 20:9:1. The shown plate was stained with iodine. The 

circle indicates the unique spot that was identified after the run. 

 

Figure A2. Imaging of plate after staining with Rhodamine G. The picture was taken in a 

transilluminator with UV filter. The blob on top is the surfactin standard 100 mM. For the 

Bacillus supernatant drops (different sample volume), no spots are observed. 
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Additional problems were found. An unexpected event happened when trying 

to heat the silica plate after the ninhydrin staining (Figure A3). One of the plates was 

not completely dried and after heating it, bubbles formed between the silica and the 

plastic, destroying the samples and generating an unusual pattern in the remaining 

plate. This observation is important, since increasing drying times would be 

detrimental for streamlining whole plate quantification using a TLC method, if ever a 

method would work. 

 

Figure A3. Insufficient drying and quick heating can lead to bubbling and destruction 

of silica coated layer. 

In the literature, there are only 2 reports employing classic TLC for surfactin 

quantification (Dlamini et al., 2020; Barale et al., 2022), but these achieved 

inconsistent results. There are other reports employing high performance TLC 

(HPTLC), which requires a specialised machine, where surfactin quantification can be 

performed more reliably (Geissler et al., 2017). However, the necessary equipment is 

not available in campus, as far as it is known. After these results, we decided to 

abandon this protocol and move forward to mass spectrometry quantitation. 

A.2. Development of a 3D-printed electroporation tip for Opentrons P1000 pipette 

and building an open-source glass slide smearer. 

In addition to the 3D-printed models used directly in the thesis protocols, I have 

worked on two other models that could have interesting applications for general 

experiments. The first is an electroporation tip for the Opentrons P100 pipette (Figure 

A4). Essentially, it is a tip with an attached banana plug receiver, allowing it to be 
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connected to an electroporation source, which often uses banana plug cables. The 

plugs are then connected to the electrodes at the tip, which are held in place solely by 

material support and the space occupied by the copper end of the cable. The 

separation between the electrodes is 3 mm, and the size of the electrode-holding arm 

was designed to fit wells in a 48-well plate. 

 

Figure A4. An Opentrons tip to perform electroporation on 48-well plates. 

The tip has not been tested properly due to problems with the aluminium plates, 

but it is reported here for future purposes. 

The second model was not designed from scratch, but rather it takes an open-

source model from the web. It is a glass slide smearer (Figure A5), designed to 

generate consistent blood smears, and provided by the Prakash Lab at Stanford 

University (Nowak et al., 2023). The smearer is basically a support slide, that moves 

in a linear motion against to the secondary glass slide, which makes the smear. The 

linear motion is possible by a constant force spring connected to a syringe body, and 

the movement is damped by the available airspace in the syringe. This air volume is 

fine-tuned by the valve.  Although purposed for blood smears, it can be used for 

preparation of bacterial slides for microscopy. 
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Figure A5. The built glass slide smearer. The 3D print design was provided by the Prakash 

Lab at Stanford University and reconstructed using preprint instructions. 

A.3. Mathematical explanation for the sigmoidal shape in ordered samples.  

Here, I record a simple explanation of why ordered samples by titre 

reassembles a sigmoidal shape when plotted. It is phenomenon that has some 

occurrence in the biological and chemical literature, but as far as I know, it is not often 

discussed. As described for Figure 4.7, the sigmoid shape can be used to detect 

linearity of the function respect to the variables. If a function depends on only one 

variable and this variable is sampled from a normal distribution, after evaluating the 

function on these samples and order the samples, the plot should the quantile function 

of the sampling distribution of the one variable, i.e., the probit function (Figure A6). 

 

Figure A6. The probit function or quantile function of the normal distribution. 
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 Now if the functions depend linearly on many variables, the same situation 

occurs, since a sum of normal random variables is again a normal random variable 

(Petrov, 1975), as the plot with the normal variable sampling and reorder will give a 

probit function. 

There are two ways that this shape can be modified: sampling the variables 

with a different distribution that normal (Figure A7) or non-linearity respect to the 

variables (Figure A8). In our case, since we use Sobol sampling for the space filling 

design, and the number of combinations is not big, the tails of sigmoid curve can be 

lost (Figure A7, left). In the limit of the number of samples, both Sobol and random 

sampling converges to the probit (as expected) 

 

Figure A7. Plots of values of a linear function over 5 variables, in increasing order, using 

normal sampling or Sobol sampling.  

In the case that the function is not linear over the parameters, like for example, using sine and 

exponential function, the shape of the ordered plot can change drastically, especially in the 

tails (Figure A8). They can become more steep or gentler depending on the nature of the 

function. 
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Figure A8. Plot of values of a non-linear function over 5 variables, in increasing order, using 

normal sampling or Sobol Sampling 

As a literature example, in Zhang et al. 2020, this sigmoidal curve appears when 

ordering strains engineered strains by GFP synthesis rate. In this case, the underlying 

synthesis rate is expected to be non-linear over a big number of variables, since it 

depends on the gene circuit state and the strain state. The shape reassembles the plot 

in Figure A8, with gentler tails in the sigmodal shape, but a proper test is needed to 

see how they different they are. 

 

Figure A9. Ordered GFP synthesis rate vs individual strains, extracted from Zhang et 

al. 2020. 

A.4. List of materials for building the robotic arm 

• RC Servos: The robot uses 3 RC servos (13kg torque) for the wrist, elbow, and 

base joints. Servo horns are provided. 

• 20KG Servo: Specifically for the shoulder joint, a 20kg torque servo should be 

used to sustain the weight of the arm. Servo horns are provided. 
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• Micro Servo: A micro servo is used for the gripper. 

• Arduino Board: The design works with an Arduino Uno board, although other 

boards can be used with the appropriate modifications. Servo horns are 

provided. 

• Servo Driver Board: A 16-channel, 12-bit PWM servo motor driver IIC module 

was used, which is compatible with Arduino boards. 

• Potentiometers: 10k Ω potentiometers for the mini controller and analogue 

input. 

• Gripper Gears: It is important to get a box of gears for DIY projects (64 

pieces), as sizes may vary slightly in the final model. Three gears were 

employed. 

• Larger Set of Screws: M2-M4 screws of varying lengths, typically sold as a box 

set. 

• Small Set of Screws: M1-M1.6 screws, often sold as a box of screws typically 

used for repairing watches and clocks. 

• Wire and Connectors: Dupont wires for board connections, and 28 AWG 

electrical wires for other connections. 

• T-Plugs 

• Adjustable Power Supply: It should reach 6V for proper functioning. 

• Wire/Shrink Wrap: Usually included in wire packs. 

• Rubber Band 

• Gripper Foam Pad 

• Power Switch: A 6A/250V, 10A/125V boat rocker switch was used. 

• Controller Push Button: A box of tactile push buttons of different sizes and 

designs is sufficient for the purpose. 
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Appendix B: Supplementary Figures and Tables 

Supplementary Figures 

 

Figure B.1. Surfaces for the 4 lipopeptides that were simultaneously measures using 

the flow injection MS method. Samples from all iterations are depicted in the 

surfaces. Colour indicates predicted titre by the Gaussian process regression model. 
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Figure B.2. Uncertainty surfaces for the 4 lipopeptides that were simultaneously 

measures using the flow injection MS method. Samples from all iterations are 

depicted in the surfaces. Colour indicates predicted titre by the Gaussian process 

regression model. 
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Figure B.3. Surfaces for 18 carbon/TCA-related compounds that were measured 

outside of the loop using the flow injection MS method. Samples from all iterations 

are depicted in the surfaces. Colour indicates predicted titre by the Gaussian process 

regression model. 
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Figure B.4. Uncertainty surfaces for 18 carbon/TCA-related compounds that were 

measured outloop using the flow injection MS method. Samples from all iterations 

are depicted in the surfaces. Colour indicates predicted titre by the Gaussian process 

regression model. 
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Figure B.5. Surfaces for 2 growth measurements that were obtained from the plate 

reader experiment. Samples from all iterations are depicted in the surfaces. Colour 

indicates predicted titre by the Gaussian process regression model. 

 

Figure B.6. Uncertainty surfaces for 2 growth measurements that were obtained from 

the plate reader experiment. Samples from all iterations are depicted in the surfaces. 

Colour indicates predicted titre by the Gaussian process regression model. 

 

Figure B.7. Diagram showing what data serves as input to the model in each iteration 

and how the predicted uncertainty in the model is compared. The model is being 
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updated after each iteration, augmenting the available information and therefore 

reducing the predicted uncertainty for simulated points in the models. 

 

Figure B.8. Growth curves for the microplates. From left to right, it is depicted the 

growth curves for different C/N combinations in Iteration 0, Iteration 1 and Iteration 2. 

The trend colour is given by a specific carbon and nitrogen concentration, as shown 

in the legend. The shadow in each trend corresponds to the confidence band 

calculated from the 6 biological replicates. 

 

 

Figure B.9. OD curves for the space-filling design experiment. The colour of the 

curves depends of the batch the sample come from.  
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Figure B.10. Contour plot of Surfactin B titres against pair of components 

concentrations. 

 

Figure B.11. Results of the Bayesian averaging ensemble prediction on test set for 

Surfactin B 
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Figure B.12. Single objective optimisation of Surfactin B using the surrogate data. 7 

initial samples and 7 samples per batch were employed. 
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Supplementary Tables 

Table BT1. Parameters used on the triple quadrupole mass spectrometer (QqQ-MS) 

runs using the developed flow injection method. 

 Parameter Value 

Spray Voltage Static 

Positive Ion (V) 3500 

Negative Ion (V) 3500 

Sheath Gas (Arb) 35 

Aux Gas (Arb) 5 

Sweep Gas (Arb) 0 

Ion transfer Tube Temp 

(°C) 

325 

Vaporizer Temperature 

(°C) 

275 

 

Table BT2. Precursor and product masses used for multiple reaction monitoring 

(MRM) in the QqQ-MS 

Molecule Polarity Precursor 

mass (m/z) 

Product 

mass (m/z) 

Collision 

Energy (V) 

Dwell time 

(ms) 

Lipopeptides 

SurfactinB Positive 1008.2 685 20 6.581 

SurfactinC Positive 1022.3 685 20 6.581 

IturinA Positive 1044.3 391 35 6.581 

SurfactinD Positive 1058.2 685 20 6.581 

Central metabolism 

L-Valine Positive 118.086 57.054 29.94 6.581 

L-Valine Positive 118.086 72 11.49 6.581 

L-Threonine Positive 120.066 74 11.4 6.581 

L-Threonine Positive 120.066 103 18.44 6.581 

L-Histidine Positive 156.077 93 23.62 6.581 

L-Histidine Positive 156.077 110.054 15.19 6.581 

L-

Phenylalanin

e 

Positive 166.086 77 39.84 6.581 

L-

Phenylalanin

e 

Positive 166.086 120.054 14.06 6.581 

L-Arginine Positive 175.119 70.071 23.7 6.581 

L-Arginine Positive 175.119 158.054 12.71 6.581 

L-Tryptophan Positive 205.097 146.071 18.18 6.581 

L-Tryptophan Positive 205.097 188.071 10.35 6.581 

L-Lactate Negative 89.024 45.125 12.2 6.581 
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L-Lactate Negative 89.024 71.012 9.21 6.581 

Butyrate Negative 89.1 43.1 14 6.581 

Succinate Negative 117.019 73.113 11.74 6.581 

Succinate Negative 117.019 98.827 7.86 6.581 

(S)-Malate Negative 133.014 70.988 13.34 6.581 

(S)-Malate Negative 133.014 114.929 11.15 6.581 

R-2,3-

Dihydroxy-

isovalerate 

Negative 133.051 133.051 0 6.581 

R-2,3-

dihydroxy-3-

methylpentan

oate 

Negative 147.066 147.066 0 6.581 

3-Phospho-D-

glycerate 

Negative 184.986 123.107 17.01 6.581 

3-Phospho-D-

glycerate 

Negative 184.986 166.917 9.04 6.581 

Citrate Negative 191.02 86.845 17.89 6.581 

Isocitrate Negative 191.02 116.958 14.81 6.581 

Isocitrate Negative 191.02 172.929 7.86 6.581 

Biotin Negative 245.1 227 14 6.581 

D-Fructose 6-

phosphate 

Negative 259.022 138.929 16.5 6.581 

D-Fructose 6-

phosphate 

Negative 259.022 168.708 8.71 6.581 

6-

Phosphogluc

onic acid 

Negative 275.017 195.143 21.68 6.581 

6-

Phosphogluc

onic acid 

Negative 275.017 256.899 12.83 6.581 

 

Table BT3. Estimation of growth rates and maximum OD for OFAT experiments. For 

biphasic growth, only the first calculated growth rate is shown. Mean and standard 

deviation over replicates is reported. 

Glucose variable, fixed ammonium chloride concentration. 

Treatment Max OD mean  Max OD std Growth rate (hr-1) 
mean 

Growth rate 
rate (hr-1)std 

0% 0.168 0.042 0.299 0.143 
1% 0.515 0.044 0.376 0.155 
2% 0.521 0.042 0.335 0.141 
3% 0.525 0.046 0.291 0.119 
4% 0.512 0.039 0.326 0.136 
5% 0.496 0.054 0.333 0.159 
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6% 0.536 0.053 0.270 0.115 
M9/0.4% 0.559 0.054 0.272 0.106 
M9/Control 0 0 0 0 

 

Ammonium chloride concentration variable, fixed glucose. 

Treatment Max OD mean Max OD std Growth rate 
mean 

Growth rate std 

0 mM 0.467467 0.052022 0.347049 0.139907 
40 mM 0.544433 0.053184 0.328716 0.148633 
80 mM 0.581983 0.041882 0.403632 0.159925 
120 mM 0.59035 0.07058 0.466632 0.154816 
160 mM 0.627233 0.05569 0.429489 0.155371 
200 mM 0.658733 0.059223 0.384713 0.121643 
240 mM 0.661417 0.062584 0.381513 0.132298 
M9/18.7 mM 0.50335 0.066733 0.373267 0.132273 
M9/Control 0 0 0 0 

 

Table BT4. Pipetting results for normal speed test. Both P300 and P1000 testing are 

represented in the table. 

Pipette Expected Volume (µL) Measured Volume (µL) 

P300 30 29.5 

P300 30 28.7 

P300 30 28.6 

P300 30 29.3 

P300 30 29.3 

P300 30 29.2 

P300 30 28.6 

P300 30 29 

P300 30 29 

P300 30 29 

P300 30 28.9 

P300 30 29 

P300 30 28.3 

P300 30 29.1 

P300 30 28.6 

P300 30 28.6 

P300 30 29.1 

P300 30 29 

P300 150 145.4 

P300 150 144.3 

P300 150 144.7 

P300 150 146.7 
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P300 150 143.9 

P300 150 146.1 

P300 150 146.1 

P300 150 145.1 

P300 150 144.4 

P300 150 143.5 

P300 150 146.5 

P300 150 145.4 

P300 150 143.7 

P300 150 144.8 

P300 150 144.7 

P300 150 145.4 

P300 150 146.4 

P300 150 147.4 

P300 300 290.3 

P300 300 295.3 

P300 300 293.3 

P300 300 295.4 

P300 300 294.9 

P300 300 291.2 

P300 300 292.9 

P300 300 290.4 

P300 300 297 

P300 300 293 

P300 300 295.5 

P300 300 294.1 

P300 300 294.1 

P300 300 288.7 

P300 300 291.5 

P300 300 285.9 

P300 300 289.9 

P300 300 288.2 

P1000 100 99 

P1000 100 95 

P1000 100 97 

P1000 100 98 

P1000 100 98 

P1000 100 98 

P1000 100 98 

P1000 100 100 

P1000 100 100 

P1000 100 99 

P1000 100 96 
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P1000 100 97 

P1000 100 97 

P1000 100 97 

P1000 100 100 

P1000 100 98 

P1000 100 97 

P1000 100 96 

P1000 500 490 

P1000 500 476 

P1000 500 474 

P1000 500 487 

P1000 500 487 

P1000 500 497 

P1000 500 485 

P1000 500 484 

P1000 500 492 

P1000 500 489 

P1000 500 482 

P1000 500 484 

P1000 500 479 

P1000 500 486 

P1000 500 488 

P1000 500 499 

P1000 500 487 

P1000 500 480 

P1000 1000 961 

P1000 1000 973 

P1000 1000 972 

P1000 1000 984 

P1000 1000 986 

P1000 1000 976 

P1000 1000 993 

P1000 1000 955 

P1000 1000 957 

P1000 1000 958 

P1000 1000 979 

P1000 1000 965 

P1000 1000 982 

P1000 1000 972 

P1000 1000 972 

P1000 1000 981 

P1000 1000 957 

P1000 1000 976 
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Table BT5. Pipetting results for slow speed test (0.5 rate). Both P300 and P1000 

testing are represented in the table. 

Pipette Expected Volume (µL) Measured Volume (µL) 

P300 30 29.1 

P300 30 29.5 

P300 30 29.1 

P300 30 29.1 

P300 30 28.9 

P300 30 29.3 

P300 30 29.3 

P300 30 29.3 

P300 30 29.7 

P300 30 29.6 

P300 30 29.1 

P300 30 29.5 

P300 30 29.3 

P300 30 29.5 

P300 30 29.3 

P300 30 29.4 

P300 30 29.2 

P300 30 29.1 

P300 150 146.7 

P300 150 144.4 

P300 150 146.2 

P300 150 147.6 

P300 150 145.5 

P300 150 146.9 

P300 150 147.1 

P300 150 149.2 

P300 150 150.4 

P300 150 147.7 

P300 150 146.9 

P300 150 147.4 

P300 150 149 

P300 150 145.2 

P300 150 147.4 

P300 150 149.7 

P300 150 147.4 

P300 150 146 

P300 300 294.7 

P300 300 299.2 
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P300 300 292.6 

P300 300 296.9 

P300 300 294.2 

P300 300 299.3 

P300 300 295.8 

P300 300 291.9 

P300 300 297 

P300 300 299.2 

P300 300 296.4 

P300 300 294.9 

P300 300 296 

P300 300 297.9 

P300 300 294.4 

P300 300 297.4 

P300 300 293.4 

P300 300 293.3 

P1000 100 101 

P1000 100 98 

P1000 100 97 

P1000 100 100 

P1000 100 97 

P1000 100 99 

P1000 100 97 

P1000 100 99 

P1000 100 97 

P1000 100 94 

P1000 100 98 

P1000 100 100 

P1000 100 99 

P1000 100 97 

P1000 100 99 

P1000 100 97 

P1000 100 100 

P1000 100 97 

P1000 500 490 

P1000 500 492 

P1000 500 484 

P1000 500 488 

P1000 500 488 

P1000 500 488 

P1000 500 489 

P1000 500 495 

P1000 500 496 
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P1000 500 490 

P1000 500 491 

P1000 500 500 

P1000 500 492 

P1000 500 491 

P1000 500 495 

P1000 500 485 

P1000 500 493 

P1000 500 491 

P1000 1000 981 

P1000 1000 988 

P1000 1000 986 

P1000 1000 983 

P1000 1000 987 

P1000 1000 986 

P1000 1000 982 

P1000 1000 994 

P1000 1000 999 

P1000 1000 990 

P1000 1000 989 

P1000 1000 989 

P1000 1000 992 

P1000 1000 998 

P1000 1000 989 

P1000 1000 999 

P1000 1000 985 

P1000 1000 979 
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