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Conventional materials synthesis schemes can be labor and time-intensive, which significantly 

impedes the pace of new materials discovery and their applications. To achieve innovative 

solutions to global challenges, such as climate change and an ever-growing sustainable energy 

demand, a new paradigm of science movement arose in the past five years to adapt traditional 

materials science workflows to ones with the potential to accelerate the pace of materials 

discovery. This novel approach to science has been called “Materials Acceleration Platforms” 

(MAPs) or “Self-driving Laboratories” (SDLs) and it relies on autonomous robotic systems 

designed to conduct scientific experiments and research with minimal human intervention. 

However, new initiatives of MAPs are still too costly, and their rigid design limits their 

implementation. It is also essential to acknowledge and address the diverse needs and challenges 

of different scientific fields. In this context, open-hardware principles have allowed the use of 



 

laboratory automation to be more accessible and more easily implemented for a variety of 

applications. In this work, workflows with various levels of automation of experimental and 

computational tasks are presented implementing a combination of off-the-shelf open-source 

robotic platforms, high-throughput, small scale characterization tools, and custom open-hardware 

solutions. A semi-automated protocol was designed for the synthesis, physical and electrochemical 

characterization of novel electrolytes based on deep eutectic solvents and organic redox active 

molecules for use in electrochemical storage systems. Next, a human-in-the-loop SDL was 

developed to explore a large design space for the investigation of CdSe nanoparticles’ optical 

properties at a fraction of the time compared to traditional techniques. This work implements a 

repurposed multi-tool, open-hardware 3D printer platform, Jubilee, reconfigured for sonochemical 

processing. Furthermore, data-driven methods were also used to obtain a holistic view of the space 

and learn trends in the data based on all variables tested. Finally, a new python-based control 

library for Jubilee is presented, along with the broadening of tool library with new synthesis, 

processing, and characterization tools. These efforts enabled the creation of closed-loop 

workflows, such as the benchmarking protocol for SDLs, an autonomous color-mixing problem. 

These tools hold immense scientific and educational value for both new materials discovery and 

more interdisciplinary skill development. The increased access through low-costs solution will 

broaden the application space of this new science paradigm, empowering a larger number of 

(materials) scientists to take advantage of the precision of automation, and enabling automation 

tools to be included in hands-on educational curricula. 
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Chapter 1. INTRODUCTION 

1.1 CHEMICAL DESIGN SPACES  

The area of material discovery through automated protocols and instrumentation in the 

field of chemistry, material science, and molecular science is an ever-evolving space deeply rooted 

in combinatorial chemistry. This latter discipline has seen its advent in the late 1980s-early 1990s, 

focused predominantly on medicine and new biochemically active compounds. 1 In fact, the ability 

to synthesize and screen large numbers of compounds simultaneously in a systematic and efficient 

manner has quickly become a powerful tool for drug discovery and materials science. The appeal 

of this strategy is its ability to rapidly generate large libraries of compounds. First, these property 

databases are obtained by combining various building blocks, reagents, and reaction conditions, 

all in a high-throughput manner. Next, these libraries can be queried to identify molecules with 

desired properties. One of the main advantages of combinatorial chemistry is its ability to explore 

chemical space more efficiently and comprehensively than traditional one-at-a-time synthesis 

methods. Additionally, it can provide insights into structure-activity relationships and lead 

optimization. However, the high-throughput nature of combinatorial chemistry can also lead to a 

large number of false positives, and screening processes can be time and resource intensive. 

Nonetheless, with recent advances in automation and machine learning, combinatorial chemistry 

is becoming an increasingly powerful tool for several research fields, such as molecular 

recognition, catalysis, drug discovery, energy materials and materials science. 2  

The design space of new material discovery is extremely vast and unstructured, making the 

generation and optimization of new compounds a challenging and time-consuming task. 3  In fact, 

in order to capture a relevant phenomenon, several conditions might need to be concurrently 

varied. These can include species’ concentration, temperature and pressure conditions, molecular 
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structure and functionalization, solvents, sequence for the addition of reagents, and reaction time. 

4,5  However, this list is not nearly exhaustive.  In fact, the number of variables to be changed during 

an experimental campaign will depend on the desired outcome, experimental and characterization 

capabilities, costs of operation and materials, as well as data management and analysis strategies. 

There are two types of research approaches that can be implemented with high-throughput 

experimentation. These are dependent on the task at hand, whether it is exploratory or based on 

the optimization of a target property or structure. The first involves the selection of a set of 

conditions that involve the synthesis of new materials, or combinations of components that have 

not been previously tested. In this case there’s an inherent uncertainty related to the design space, 

as it depends on the set of initial condition and the number of total samples deemed necessary to 

make an initial inference on the outcome of the experimental campaign. Generally, it is desired to 

have a diverse set of parameters with which one can more broadly capture the available design 

space. However, this can necessitate testing a larger number of samples. On the other hand, the 

latter strategies are based on the improvement of a selected material property or target structural 

feature. This is usually based on known experimental outcomes and tends to have more targeted 

design spaces. 4 This assumes a more in-depth knowledge of the material of interest and requires 

higher domain knowledge.  

Traditional design of experiments (DoE) techniques usually involves simple factorial 

design for a selected number of test variables, the definition of the parameters range and selection 

of the total number of experiments able to be completed in the predisposed timeline. The results 

are then analyzed, and the process is repeated given the new information learned from the previous 

campaign. While successful, this process can quickly become prohibitive when the number of 

input variables to test is increased. 6 In fact, there is an exponential growth of total number of 
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experimental samples to test for every variable added to the investigation. 7 Thankfully, new data-

driven strategies can aid in achieving a more manageable number of samples and overall 

experimental campaign, while simultaneously providing more insight on the chemical space under 

investigation.  

1.2 DATA-DRIVEN STRATEGIES 

To draw parallels to combinatorial chemistry strategies, it is important to define metrics to 

find lead compounds for each target application. These candidates are defined as those that possess 

the best activity in specific target metrics, which depend on the final application. However, it is 

not always known which properties are going to be more strongly correlated with the final 

experimental outcome. As humans we are restricted to visualize parameter spaces in low 

dimensions and at times lack a more holistic view necessary to draw better conclusions. There is 

an estimated chemical space of 1060 possible unique candidates, the large majority of which is 

virtually unexplored. 8 While presenting an opportunity to find functional materials to solve current 

global challenges, the vastness of chemical space highlights the need to move into new scientific 

paradigms, even past the “Big Data-driven” approach. 9,10 

Thanks to technological and computation advances of the last few decades, it is now 

possible to access and learn from a larger chemical space using computational algorithms. The 

widespread implementation of machine learning algorithms in several realms of science and the 

increase in achievable computing power promise to increase the speed of new materials discovery. 

In fact, the integration of artificial intelligence (AI), algorithms with human-like intelligence able 

to problem-solve, can be leveraged to create adaptable decision-making policies for faster design 

and synthesis of new materials. This approach has the potential to further innovate experimental 

paradigms and increase research productivity. 11–16 In particular, a class of machine learning 
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algorithms that are suitable for this self-optimization task are based on active learning. Namely, 

Bayesian optimization (BO) 17 has gained significant traction and popularity in many materials’ 

science and chemical spaces. 9,18–25 This class of algorithms provides a more advanced approach 

DoE through an iterative process in which any subsequent iterations are guided by the knowledge 

gained from previous experimental results. This, in turn, allows convergence towards a final target 

in a faster and optimized manner. 6,26 Using these algorithms can significantly improve on the 

overall learning of each experimental campaign as they are able to handle high dimensional data 

more easily and can also reduce the overall experimental cost, both from a material consumption 

to a total number of samples required to reach an optimized state. 

To create a more streamlined process for experimental design with minimum user 

interaction, it is paramount to combine physical experimental automation with reliable and 

efficient data analysis strategies. Without the aid of faster and automated data classification, the 

bottleneck of the high-throughput sample synthesis and screening process would simply be shifted 

from the experimental tasks to the feature recognition and modeling steps. Machine learning 

algorithms have proven to be effective tools that can aid the performance of the classification step 

and increase its efficiency. However, most of the time these algorithms are still application-

dependent and not easily generalizable to other material spaces. The implementation of these 

automated analysis tasks is also necessary to allow the implementation of new AI algorithms for 

more autonomous experimental campaigns. Without further development of more system-agnostic 

algorithms able to extract metrics of success after each experimental testing, the implementation 

of automated and autonomous design of experiment will be limited and not able to achieve its full 

potential in fields of new material design 
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Again, the application of new DoE strategies to chemical exploration promises to 

accelerate the development of new materials. However, the design of new materials is known to 

be inherently a multivariate task requiring solutions aiming at the simultaneous optimization of 

several target properties. Multi-objective optimization (MOOP) strategies have become 

increasingly popular, especially in the drug discovery field. 27–29 However, these techniques rely 

on available predictive frameworks, databases or molecular simulations providing a variety of 

measured or estimated properties for the chemicals used. Furthermore, MOOP systems need to be 

coupled with medium or high-throughput strategies to best achieve the desired outcome of faster 

identification of materials with desired properties. Without these experimental infrastructures, the 

bottleneck of the task would simply shift onto the sample formulation and testing phase. 

Finally, regardless of the optimization task at hand, these new data-driven methods are not 

meant to replace the human role in the research process, but are tools aimed to augment and enrich 

the capabilities of researchers. In fact, by reducing the need for human-intensive tasks and allowing 

more time for hypothesis formulation, for more creative ways to find scientific solutions, and to 

converge faster towards better performing materials for the unprecedented global issues. 

1.3 LABORATORY AUTOMATION, FROM DATA TO MATERIALS   

Conventional materials synthesis schemes can be labor and time-intensive, which 

significantly impedes the pace of new materials discovery and their applications. Moreover, to 

achieve new solutions to global challenges, such as climate change and an ever-growing 

sustainable energy demand, a new movement arose in the past five years to adapt traditional 

materials science workflows to ones that have the potential to accelerate the pace of materials 

discovery. 30 This new approach to science has been called “Self-driving Laboratories” and it 

relies on autonomous robotic systems designed to conduct scientific experiments and research with 
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minimal human intervention. Furthermore, it integrates both computation and physical cutting-

edge technologies such as artificial intelligence, robotics, and advanced sensors to perform tasks 

traditionally carried out by scientists. 7,30–34 Another definition of these autonomous systems is 

“Materials Acceleration Platforms” (MAPs). These have emerged as integrated ecosystems 

incorporating not only automation, and artificial intelligence (AI), but also highlight the 

implementation of databases, scheduling, and orchestration along with human creativity and 

intuition as crucial components for speeding up the discovery, optimization, and use of new 

materials. 26 Through the use of experimental data automation, as well as machine learning 

algorithms, self-driving labs streamline experimentation processes, enhance efficiency, and can 

reduce human error in experimental campaigns. These autonomous laboratories have the potential 

to revolutionize various fields, by accelerating the pace of discovery and enabling round-the-clock 

experimentation without the limitations of human availability. Moreover, the use of robotic 

platforms also promises to eliminate batch variability due to human errors, allowing to track and 

quantify systematic errors, leading to more reproducible procedures. Finally, while being used 

almost interchangeably in the community, there can be slight differences in emphasis between 

SDLs and MAPs, as the latter one conveys a more specific focus on materials research and 

innovation within the broader context of self-driving labs. Nonetheless, in this Thesis the two terms 

will be used as synonyms to describe autonomous, experiment-performing system. The main 

advantage of these platforms is the possibility to investigate broader experimental spaces for both 

synthesis and parameter optimization. Robotic platforms have been successfully applied to 

synthesize organic compounds of pharmaceutical interest, 35–37 nanomaterials, 38–45 materials 

science, 46 chemistry, 35,47,48 biotechnology, 37,49,50 among others. However, MAPs still present 

some limitations, such as 'rigid' designs (i.e., only useful for specific reactions or applications) and 
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the high upfront cost of implementation in the laboratory. This limits incentives to integrate such 

platforms, and most wet-lab researchers still rely on low-throughput, time intensive workflows. 51 

The highest benefit of SDLs will be achieved by closed-loop design approaches, in which the 

experimental campaign is conducted completely without human intervention by relying on AI 

agents for data analysis and decision-making, and robotic platforms for all the physical sample 

manipulation and characterization. However, especially in materials science context, it can be 

more cost-effective and appropriate to initially design a semi-automated workflow with a human-

in-the-loop type of approach. In this case, it is still possible to make use of AI-based technologies 

for the design of experiment and laboratory automation platforms for the time-intensive manual 

steps, but the research is tasked with connecting and shuttling the samples between different stages 

of the experimental workflow. This can be a more practical solution if the objective is to accelerate 

the material discovery process or as an initial proof of concept for a new experimental campaign. 

Combinatorial chemistry paradigms have been more commonly implemented in industry 

and at the commercial scale. Similarly, the application of high-throughput experimentation 

systems and automation platforms has been more limited at the broader academic scale primarily 

due to economic reasons. 1 However, this trend was present at the beginning of the development 

of this new way of carrying out experiments in the biochemistry and medical field. As more and 

more companies decided to adopt these strategies, the technology and instrumentation costs started 

to decrease, making it possible for research groups from different institutions to take on this 

synthesis and analysis route. It is known that industry plays a crucial role in addressing the 

challenges posed by the required hardware and software for SDLs. In fact, currently experimental 

automation has been more commonly implemented in biological science and medicinal chemistry 

thanks to a larger commercial push on technological development. 7 Unfortunately, the realm of 
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inorganic chemistry and materials science is still lagging as most of their characterization 

techniques still rely on high-fidelity, single-sample type of protocols. Nonetheless, there has been 

a recent increase in manufacturers that offer off-the shelf automated instrumentation for a variety 

of processing and materials characterization. However, most academic research groups and 

institutions still rely on very few simple semi-automated equipment. The focus is usually the 

sample formulation, while the processing and characterization are still performed in a low-

throughput manner. To contrast these limitations and lower the barrier of entry to these 

technologies for a more wide-spread use of automation systems, academic groups have been 

making use of open-source hardware (OSH) systems. 52,53 These are physical devices whose 

designs are made publicly available for anyone to replicate, modify, distribute, and manufacture. 

This aims to be the physical complement to open-source software. Both movements emphasize 

transparency and collaboration, allowing individuals and organizations to freely access, improve, 

and share products, in this case hardware, without restrictive licenses or proprietary constraints. 

The openness of these designs fosters innovation, encourages community involvement, and 

promotes interoperability among different hardware components and systems. 54 Some examples 

of open-hardware designs in the research context include solutions the adaptation of 3D printers 

and platforms, 55–57 platforms for modular automated workflows, 51 liquid handling systems (e.g., 

pipetting robot platforms, pipettes, and autosamplers), 57–63 and imaging, 64–67 to name a few. These 

examples of automated and semi-automated tools with multi-use and application-agnostic features 

make for a more accessible and affordable system for increasing the throughput of material 

discovery. 

Finally, besides lowering the cost entry point of these systems, to make these materials 

acceleration platforms more prevalent, more approachable, and implemented by a broader 
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community, there needs to be a mindset shift. While there can be a high up-front time and resource 

commitment into transforming a traditionally low-throughput protocol into an automated one, the 

use of these autonomous systems can increase the pace at which new materials are discovered, as 

well as allow the research to focus on higher-level scientific questions. 7 To truly achieve the goal 

of making SDLs ubiquitous in chemistry and materials science laboratories, there is a need for the 

development of standardized hardware designs and equipment communication protocols, as well 

broader availability of easily reproducible, openly available designs. 

1.4 GOALS AND OBJECTIVES 

The main goal of this thesis is to showcase the use of data-driven strategies in combination with 

open-source and open-hardware laboratory automation platforms to create low-cost self-driving 

labs for new material discovery in the realm of energy-related applications and optical materials. 

As the thesis builds up, the level of automation and data-driven strategies used in each workflow 

presented will increase, to culminate in a fully autonomous task based on open-source and open-

science tools. First, Chapter 2 will cover the fundamentals of several experimental and 

computational techniques used throughout the thesis. Experimental tools will focus on 

electrochemical characterization techniques, spectroscopic techniques, and thermal analysis 

techniques. On the other hand, computational techniques will cover active learning algorithms, 

particularly Bayesian Optimization. Next, Chapter 3 will discuss the investigation of a new class 

of organic designer solvents called deep eutectic solvents (DESs) as battery electrolytes. This 

chapter will cover the development and implementation of a semi-automated workflow for the 

solvents’ synthesis, physical and electrochemical characterization based on a combination of off-

the-shelf laboratory automation platforms and high-throughput, small scale characterization tools. 

Chapter 4 will then focus on the inclusion of organic redox active compounds into the DES-based 
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electrolytes for use in redox-flow batteries as an alternative to current water-based solutions for 

this energy storage technology. Next, Chapter 5 will showcase a human-in-the-loop SDL for the 

synthesis of CdSe quantum dots. The workflow makes use of a combination of an open-hardware 

solution for the sample processing and high-throughput characterization tools allowing for a 4D 

design space to investigate at a significantly reduced fraction of the time compared to traditional 

techniques. Data-driven methods were also used to obtain a holistic view of the space and learn 

trends in the data based on all variables tested. Next, Chapter 6 will focus on the development of 

an open-source and open-hardware, modular, and closed-loop laboratory automation platform 

based on a repurposed, tool-changing 3D printer. Its implementation for autonomous workflows 

will be evaluated based on a benchmarking protocol for SDLs, an autonomous color-mixing demo. 

Finally, Chapter 7 will summarize the work presented in the previous chapters and discuss the 

outlook for self-driving labs, specifically in the realm of open-source and open-hardware tools.  

The appendix section will showcase a collection of smaller open-science products: an open-source, 

automatic data classification software based on convolutional neural networks; an open-source and 

open-hardware platform for high-throughput IR bolometry measurements to determine phase-

transition temperatures of materials; open-hardware tools for mixing solutions hosted in SLAS 

standard microplates based on haptic motors and an electromagnet tool for picking up and moving 

small objects in a laboratory automation platform. 
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Chapter 2. EXPERIMENTAL METHODS AND RELATED THEORY 

2.1 ELECTROCHEMICAL CHARACTERIZATION TECHNIQUES FUNDAMENTALS  

2.1.1 Electrochemical Impedance Spectroscopy 

EIS is a non-destructive technique that allows for the separation of specific 

contributions to cell resistance via timescale based on the response of the cell to a 

sinusoidal voltage or current perturbation. Practically speaking, EIS is performed by sweeping 

through a wide range of frequencies at a single small perturbation amplitude.1 Figure 2.1 shows an 

examples schematic of the relationship between input and output signals. 

 

EIS experiments can be run in either potentiostatic or galvanostatic mode, by indicating 

which input signal is generated. In the former case, a voltage input is used, whereas the latter one 

uses a current input. The definition of impedance, 𝑍, is the ability of a circuit element to resist flow 

of electrical current. It is defined as follows:  

𝑍 =
𝑉(𝑡)

𝐼(𝑡)
=

Vo sin(𝜔𝑡)

Io sin(𝜔𝑡 + 𝜑)
= 𝑍𝑜

sin(𝜔𝑡)

sin(𝜔𝑡 + 𝜑)
 2.1 

 

Figure 2.1 Example schematic of an EIS measurement where a sinusoidal input is applied to a 

sample and a sinusoidal output is measured (Left). Representation of output and input sinusoidal 

as a function of time. Most of the time there is a phase shift between the two which is informative 

of processing that happening in the sample (Right). 
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Here 𝑉(𝑡) refers to the voltage perturbation in 𝑉; 𝐼(𝑡) is the current sinusoidal 

perturbation in 𝐴; 𝜔 is the angular frequency in 𝑟𝑎𝑑; 𝜑 is the phase shift; 𝑍𝑜  is the 

impedance magnitude expressed in Ω. The impedance can also be expressed as a complex 

number as follows: 

𝑍 =
𝑉(𝑡)

𝐼(𝑡)
=

𝑉𝑜 𝑒𝑥𝑝(𝑗𝜔𝑡)

𝐼𝑜𝑒𝑥𝑝 (𝑗𝜔𝑡 − 𝜙)
= 𝑍𝑜[𝑐𝑜𝑠(𝜑) + 𝑗 𝑠𝑖𝑛(𝜑)] 2.2 

In this thesis, EIS was implemented to capture the ionic conductivity of deep 

eutectic solvents. In fact, at the highest frequencies probed, the electrode current 

becomes almost entirely capacitive, such that the measured cell impedance (Z) becomes 

ohmic, with resistance inversely proportional to the ionic conductivity of the solvent. 

Thus, EIS can be used to isolate ionic conductivity in a system with unknown or variable 

electrode characteristics, such as the one implemented for the electrochemical 

characterization of DES (Chapter 3). Once the measurement is completed, the data is 

visualized using a Nyquist plot, (Figure 2.2) in which the negative imaginary component 

(−𝑍𝑖𝑚) of the impedance is plotted against the real component (𝑍𝑟𝑒). The point at which 

the impedance curve first intersects the axis of the real component is extracted as the 

ohmic resistance of the system. 
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2.1.2 Cyclic Voltammetry 

Cyclic voltammetry (CV) was performed to investigate the possibility of undesired 

electrochemical side reactions in regions between the limiting reduction and oxidation potentials 

of the DES electrolytes. This technique is the most commonly used to study electrochemical 

properties of analytes in solutions. The measurement input consists of a linearly ramped voltage 

at a constant scan rate, between a starting potential 𝐸1 and a switching potential 𝐸2.2 Generally, 

this process is repeated in cycles of forward ( 𝐸1 → 𝐸2) and backward ( 𝐸2 → 𝐸1) scans.  Figure 

2.3 left, shows an example of a CV voltage input plotted with respect to time. 

Figure 2.2 Example Nyquist plot in which the (negative) Imaginary component of the Impedance 

is plotted against the Real component. The shift on the x-axis represents the value of the ohmic 

resistance (orange dot), whereas the other end of the semicircular shape represents the combined 

ohmic and charge transfer resistance (blue dot). In this case, the frequency (𝜔) of the input 

sinusoidal increases moving right to left. 
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An ideal electrolyte would be one that does not show electrochemical activity withing the 

application operating window, also referred to as the electrochemical stability window. Therefore, 

we would expect a relatively flat line from a cyclic voltammogram. However, if there is a redox 

active species in solution, the resulting voltammogram resembles more the one depicted Figure 

2.3 (right), also known as a ‘duck-shape curve’. A typical experimental set up for CV involves a 

three-electrode cell in which the potential is monitored between the working electrode (W.E.) and 

at the reference electrode (R.E.), whereas the current is flown between the W.E. and a counter 

electrode (C.E.), Figure 2.4. 

Figure 2.3 Left) Example input voltage for cyclic voltammetry as a function of time. Right) 

Example resulting i-V curve of a cyclic voltammogram. Some basic curve features are noticed on 

the graph, such as standard potential, 𝐸𝑜′, peak anodic and cathodic voltages, 𝐸𝑝,𝑗 and peak anodic 

and cathodic currents, 𝑖𝑝,𝑗 . 
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2.1.3 Chronopotentiometry 

Chronopotentiometry is a measurement that involves a series of current holds of set values 

and the measurement of the sample’s voltage response. 3 The current input is maintained for several 

seconds as the voltage response will equilibrate towards the end of the measurement. The potential 

of the last two seconds of every current step is averaged and extracted for analysis. Linear fit of 

the current steps and potentials is obtained from plots of current density vs. potential in both the 

positive and negative regions. From these, the potential at zero current is calculated as follows: 

𝐸𝑖 =  −
𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡

𝑠𝑙𝑜𝑝𝑒
; 𝑖 = 𝑎, 𝑐 2.3 

Here, the subscripts refer to the anodic (a) and cathodic (c) potential limits. Multi-step constant 

chronopotentiometry was implemented in Chapter 3 to determine the limiting reduction and 

oxidation potentials of the DES electrolytes. The use of chronopotentiometry to obtain these 

potentials has been proposed and reported previously for liquid electrolytes as fast and accurate 

estimates for comparisons, which facilitates data collection and analysis in the high-throughput 

Figure 2.4 simplified schematic depicting a 3-electrode cell. Here, the potential is monitored 

between the working electrode (W.E.) and at the reference electrode (R.E.), whereas the current is 

flown between the W.E. and a counter electrode (C.E.). 
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pipeline.4 The potentials at the line of zero current are the estimated limiting reduction and 

oxidation potentials for the DES electrolyte. Figure 2.5 shows example chronopotentiometry data 

and their analysis using the procedures described above. 

 

2.2 SPECTROSCOPIC TECHNIQUES  

The optical properties of a material provide information on how it interacts with light. The 

characterization of these properties can provide significant insight into the material’s structure, 

size, and composition. In this section, two spectroscopy techniques involving the determination of 

the amount of light absorbed and emitted by materials. When light is shined on a material, part of 

it is absorbed and part of it is scattered. Before we dive a little deeper in the techniques, Figure 2.6 

showcases all the possible mechanisms in which a molecule can convert or dissipate the energy 

that it has absorbed to transition one (or more) of its electrons from a ground state to an excited 

one. 5 

Figure 2.5 Example Chronopotentiometry analysis for the extraction of the Anodic and Cathodic 

Potentials for the DES formed by Choline Chloride and Ethylene Glycol (0.35: 0.65 molar 

fraction) sample. Left) Overall Chronopotentiometry measurement. Center) Average of the last 2 

seconds for each of the positive current steps (excluding the conditioning step). Right) Average of 

the last 2 seconds for each of the negative current steps (excluding the conditioning step). The 

anodic and cathodic potential are obtained using equation 2.3.  
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2.2.1 Ultraviolet-Visible Spectroscopy 

Ultraviolet-visible (UV-Vis) spectroscopy is a non-destructive technique for the 

determination of optical properties of matter. Generally, UV-Vis spectroscopy that measures the 

amount of light absorbed by a material as a function of the light’s energy (i.e., light’s wavelength).6 

Most commonly we define absorbance, 𝐴, or optical density as follows: 

𝐴 = log10 (
𝐼

𝐼0
) 2.4 

Here 𝐼0 refers to the intensity of the incident light, whereas 𝐼 refers to the intensity of light 

that passed through the sample. A schematic of a basic UV-Vis spectrometer is set up can be seen 

in Figure 2.7. Here, light from a source is passed through a monochromator, which isolates light 

possessing a specific wavelength, prior to hitting the samples to be characterized. Finally, the 

amount of light that was able to pass through is measured using a photodetector.  

Figure 2.6 Energy diagram depicting several of the possible mechanism in which a molecule can 

dissipate the energy that it has absorbed to transition from a ground state to an excited one. The y 

axis indicates increasing energy.  
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The absorbance response of semiconducting nanoparticles, such as those discussed in Chapter 5, 

can be used to infer structural information about the material based on the peak absorbance location 

(wavelength). Furthermore, the peak intensity can also be used to quantify the concentration of 

nanoparticles in solution. 5 

When looking at mixtures or species in solution, it is important to determine the absorption 

contribution of the solvent and that of the solute, which most of the time is the material of interest. 

To do so, a UV-Vis measurement of the pure solvent should be collected and subtracted from the 

spectrum obtained for the solution. Moreover, the amount of light absorbed by a sample is also 

proportional to the sample’s concentration. Beer’s Law expresses this relationship in the following 

form:  

 

𝐴 = 𝜖𝐶𝑙 2.5 

Here, 𝜖 refers to the extinction coefficient, a material-dependent property which indicates how 

strongly the material can absorb light. This quantity is usually measured on a molar basis and is 

expressed in units of 𝑀−1𝑐𝑚−1. 𝐶 is the sample’s concentration expressed in 𝑀 [
𝑚𝑜𝑙

𝐿
], while 𝑙 is 

the pathlength of light through the sample’s cell expressed in 𝑐𝑚. A similar technique to UV-Vis 

absorption is light extinction spectroscopy. While the measurement and the experimental set up 

are the same, this technique measures the total amount of light absorbed over all wavelengths. 7 

Figure 2.7 Example schematics for a UV-Vis spectrometer.  
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Another important use for UV-Vis spectroscopy application is the determination of 

species’ concentration in solution. In fact, using Beer’s Law it is possible to create calibration 

curves of samples with known species’ composition, given the linear relationship between the 

sample’s absorbance and its concentration. Figure 2.8 shows an example curve used to 

spectroscopically determine the maximum solubility of an organic molecule, 4-hydroxy TEMPO, 

dissolved in a deep eutectic solvent formed by acetylcholine chloride and ethylene glycol at a 1:4 

ratio, respectively. The peak absorbance value for each spectral curve is extracted using a peak 

finding algorithm in Python, 8 and subsequently plotted against its concentration. As expected, the 

resulting data follows a linear trend, and its slope can be used to estimate the amount of solute 

found in samples of unknown concentration. 

 

Another way of assessing the absorbance of a sample is by measuring the fraction of light 

transmitted through it. 7 Transmittance is defined as follows: 

Figure 2.8 Example Uv-Vis absorption spectra for the determination of the maximum solubility of 

4HOT in AcChCl:EG at a 1:4 ratio (Left) and resulting spectroscopic calibration curve (Right) 

obtained using Beer’s Law (equation 2.5).  
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𝑇 =
𝐼

𝐼0
 2.6 

Here, 𝐼 represents the transmitted light; 𝐼0 is the incident light; 𝑇 is transmittance, the transmitted 

light reported as a percentage value. On the other hand, absorbance is the reciprocal of 

transmittance: 

𝐴 =  − log10
1

𝑇⁄  2.7 

This technique can be used to assess the color of materials, surface defects, and coatings.  

Photoluminescence Spectroscopy 

The process of photoluminescence refers to the optical excitation and successive relaxation 

of exited states, generated from light absorption, and their recombination which generates a 

fluorescence emission to allow the excited electrons to return to its ground state. In this case, it is 

possible to measure the number of photons emitted as a function of energy (or wavelength). To do 

so, the instrumental set up is similar to the one for UV-Vis spectroscopy. Figure 2.9 shows a 

simplified schematic of a photoluminescence spectrometer. In this case the detector is placed 

perpendicular to the incident light. This instrument configuration minimizes the influence of 

incident light as any measured signal would have to be generated in the samples. In practice, some 

incident light can scatter and be measured at high angles. However, this makes the intensity of 

emission not an absolute value. 
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The photoluminescence response of semiconducting nanoparticles, such as those discussed 

in Chapter 5, can provide crucial information about the particle’s surface such as passivation, as 

well as band gap energy.5 

2.3 PHYSICAL PROPERTIES CHARACTERIZATION 

2.3.1 Phase Transition Temperature 

2.3.1.1 Differential Scanning Calorimetry & Differently Thermal Analysis  

Performing thermal analysis of organic samples is an integral part of materials 

characterization. This is routinely used to determine melting/boiling points, phase transitions, to 

assess sample purity, and thermal stability, which are all key features to a few research and 

technology areas including the development of pharmaceuticals, advanced materials, and foods. 

The industry standards for this type of analysis are usually based on differential scanning 

calorimetry (DSC) and differential thermal analysis (DTA), both of which measure thermal 

differences of a reference and a sample material under identical thermal cycles. On one hand, DTA 

Figure 2.9 Example schematics for a photoluminescence spectrometer. 
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tracks the samples temperature difference with respect to a reference while they are subject to a 

heating or cooling cycle. DSC instead measures changes in heat flow rate between the sample and 

the reference material. This is done through a calorimetric calibration which converts temperature 

differences among the two elements and converts them into a heat flow. 9 Figure 2.10 depicts 

example schematics for a DTA (left) and DSC (right) instrumentation. 

 

Both techniques can provide information on physical changes which are temperature 

dependent. In fact, it is not only possible to detect melting point of substances, which refer to 

changes from a solid state to a liquid one, but they can also measure freezing points, which instead 

refer to changes from a liquid to a solid state. In the case of deep eutectic solvents, a class of green 

designer solvents with desirable properties for a wide variety of applications, it is important to 

detect the composition of the eutectic point. In the literature, the freezing temperature of DES 

Figure 2.10 Simplified schematics of a differential thermal analysis (DTA) instrument (Left) and 

a differential scanning calorimeter (DSC) (Right). The main difference between these systems is 

the type of thermal properties that is record, temperature, and heat flux, respectively. 
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solvents are commonly reported using differential scanning calorimetry (DSC) in the cooling 

cycle. Figure 2.11 shows an example of DSC curve for three chloride-based DES.  

 However, DSC is a low-throughput technique that can take upwards of 60 minutes per 

sample. While additional instrumentation could be added to increase the throughput of these 

measurements, such as an autosampler, the technology is currently not conducive to high-

throughput experimentation or suitable for the exploration of large design spaces such as DES 

system.  

 

2.3.1.2 IR Bolometry 

While DSC and DTA allow for accurate and precise results, measurements can take 

upwards of an hour per sample to complete. This becomes extremely time-consuming and 

expensive to run for large sample sets. Recently, the concept of optically determining melting 

points and other thermal properties with an infrared (IR) camera has been proposed.10  IR cameras, 

also called thermal sensors, detect emission of thermal energy from objects and convert it into an 

Figure 2.11 Results of freezing point determination for three Choline Chloride-based Deep 

Eutectic Solvents using differential scanning calorimetry. 
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electrical signal. This technology is similar to a bolometer, a thermal detector which measure 

radiated energy through an electrical resistance thermometer.11 This technique is non-destructive 

and does not require contact with the object under measurement. Based on this idea, an open-

hardware and related software were design for parallel thermal imaging, called PhasIR (Figure 

2.12).12,13  

 

The PhasIR system consists of a Raspberry Pi microcomputer, a FLIR LEPTON 3.5 IR 

camera, and aluminum multi-well plates as the basic elements. Its functionality is remarkably 

similar to differential thermal analysis (DTA). However, instead of the thermocouples used in 

DTA, the temperature of the plate and sample are measured using an IR camera during heating, 

Figure 2.12 PhasIR schematics. The system is composed of a Raspberry Pi microcomputer, a FLIR 

LEPTON 3.5 IR camera, and aluminum multi-well plates as the basic elements, a Peltier plate 

(left) for cooling the samples prior to imposing a heating cycle using a standard hot plate (right). 
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and the onset of melting is determined by the Δ𝑇 curve between the reference (metal well plate) 

and the sample temperatures. 

 

An example plot can be seen in Figure 2.13, right. Here, the temperature of  the samples 

and the aluminum plate are encoded in the pixel value composing the frames collected by the 

Lepton IR camera. The sample temperature is obtained from averaging the pixel values across a 

circular region around the centroid of each well, across all frames of the video. For each well 

identified in the image, the plate temperature is averaged over four equidistantly points placed 

diagonally with respect to the well centroid. An example image of the metal 48-well plate with 

centroid and plate position identification obtained through the PhasIR Image Analysis module can 

be found in Figure 2.13, left. Next, the samples and plate are heated from a low temperature and 

the temperature of the sample (𝑇𝑠𝑎𝑚𝑝𝑙𝑒) is plotted with respect to the temperature of the plate 

(𝑇𝑝𝑙𝑎𝑡𝑒). For the majority of the heating process, there is a linear relationship between the two 

Figure 2.13 Left) Example 48-well well plate with centroid and plate temperature identification 

obtained through the PhasIR Image Analysis module. The black marker identifies the centroid of 

the well, whereas the red marked are used as the reference plate temperature for each well. Right) 

Melting point for the 35 𝑚𝑜𝑙%: 65 mol % choline chloride: N, N-dimethylurea sample. The 

temperature was recorded using the PhasIR system. The melting point is defined as the onset (red 

marker) of the Δ𝑇 = 𝑇𝑝𝑙𝑎𝑡𝑒 − 𝑇𝑠𝑎𝑚𝑝𝑙𝑒 curve (yellow) 
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temperatures. However, when samples melt, there is a discontinuity in this plot due to the abrupt 

change in the thermal conductivity of the sample. Thus, for each sample in the plate, the onset of 

the phase transition event is obtained from the onset of the peak formed by the Δ𝑇 = 𝑇𝑝𝑙𝑎𝑡𝑒 −

𝑇𝑠𝑎𝑚𝑝𝑙𝑒 curve. The peak onset is determined using the SciPy peak finding algorithm.8  

The infrared bolometry technique used in the PhasIR system is well suited for fast 

screening of up to 96 samples simultaneously in ~10 minutes. On the other hand, it is unfortunately 

difficult to identify phase transitions in the PhasIR system during cooling cycles (freezing) due to 

the slow cooling rates of Peltier plates and the variable nucleation rates of different DES samples. 

Therefore, reported phase transitions in this work correspond to the 'first onset of melting' for the 

samples evaluated, which may not always correspond to the complete homogeneous melting of 

DES samples. 

2.4 ACTIVE LEARNING 

The widespread implementation of machine learning algorithms in several realms of 

science and the increase in achievable computing power promise to increase the speed of new 

materials discovery. Active learning is a subfield of machine learning and artificial intelligence in 

which an algorithm iteratively learns and improves its performance as it experiences new instances 

of the search design space. The algorithm can autonomously formulate and test new hypotheses, 

based on its knowledge obtained from previous results, as part of its learning process. 14   

Implementing these algorithms allow for more advanced design of experiment approaches and 

smarter investigation of the chemical space at hand. In particular, Bayesian optimization (BO) 

strategies have gained significant traction and popularity in many materials’ science and chemical 

spaces. 15 Its broad implementation stems from its ability to optimize high-dimensional, complex, 

and noisy tasks.  
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2.4.1 Bayesian Optimization  

Bayesian optimization (BO) is a commonly used class of algorithm that allows for 

advanced design of experiments planning. The main advantage is the learning strategy 

implemented by optimizer, which takes the form of an iterative process in which any subsequent 

experimental iteration (e.g., sample composition to test) is guided by the knowledge gained from 

previous experimental results. This, in turn, allows convergence towards a final target in a faster 

and optimized manner.  

In its simplest form, BO is a global optimization strategy used to maximize (or minimize) 

a function with unknown closed-form expression, usually called a black-box function. This usually 

does not take on any specific functional form (e.g., a linear correlation between inputs and outputs) 

and their objective is either not directly accessible or known. 15 Examples of these scenarios are 

extremely common in science as the exact mechanisms that govern an outcome might not be 

straightforward to learn or it might be challenging to decouple the effect that each design variable 

has on the system. To circumvent this limitation, BO generates a probabilistic surrogate model to 

relate the inputs and outputs, while simultaneously trying to maximize (or minimize) the black-

box function, Equation 2.8. 16  

𝑥∗ = 𝑎𝑟𝑔𝑚𝑎𝑥𝑥 𝜖 𝑋  𝑓(𝑥)  2.8 

Where 𝑓 is the black-box function of interest, 𝑥 are the inputs of the system, and 𝑥∗ represents the 

optimal candidate that satisfies the optimization task. Since the relationship between inputs and 

outputs is not explicitly known, there is a need to approximate it using a surrogate model. In most 

cases, the chosen modeling function is based on a Gaussian Process (GP).17 This is a regression 

technique based on a probabilistic model that estimates the objective black-box function by fitting 

a distribution of functions, each of which takes the form of a Gaussian distribution, 𝑓(𝑥) , a 
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symmetric, continuous probability distribution with set mean 𝜇 and variance 𝜅.17 The GP model 

can be fully characterized by its prior distribution, a representation of what is known about the 

possible functional form before any observation is made. After data has been acquired, the 

posterior distribution is computed, which revises the assumptions about the functions based on the 

new knowledge. Figure 2.14 depicts an example of a gaussian process.  

 

The black-box ground truth function (solid black line) and the known observations (markers) are 

initially approximated using a collection of random functions ( dashed lines). The  predicted value 

of 𝑓(𝑥) at each value 𝑥 is then represented using the mean of the surrogate gaussian functions 

(solid blue line), along with the corresponding uncertainty region (blue shaded regions). Those are 

defined by the kernel function, also known as the covariance function.  18  Initially, the form of the 

average function composing the prior distribution is taken randomly, and iteratively updated, the 

posterior, as new inputs and outputs are queried. The main advantage of this approach is that a GP 

provides probabilistic predictions that also contains information on the point’s uncertainty. This 

tends to be higher for points further from the observations and lowers lower for the known inputs 

and outputs. 

Figure 2.14 a) Example of a Gaussian Process. The black-box ground truth function (solid black 

line) and the known observations (markers) are initially approximated using a collection of random 

functions ( dashed lines). b) Representation of the same GP process, using its average functional 

form( solid blue line) and corresponding uncertainty region (blue shaded regions). The uncertainty 

is higher for points further from the observations and lower for known inputs and outputs.   
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Once again, as an active learning algorithm, BO iteratively tries to learn the design 

variables’ relationship. To do so, it implements an acquisition function, used to quantify the benefit 

of evaluating each point in the design space, that will intelligently suggest strategies for querying 

the input space with higher uncertainties. A common acquisition function for Bayesian 

Optimization is the expected improvement (EI), Equation 2.9 . 15 This is a function that models the 

expectation that the new queried 𝑓(𝑥) will exceed a threshold corresponding to the best 

observation so far, see Equation 2.9 .for the Eis utility function, 𝑢(𝑥) 

𝑢(𝑥) = 𝑚𝑎𝑥( 0,  𝑓(𝑥∗) − 𝑓(𝑥))   2.9 

This utility function is evaluated for every point 𝑥 in the domain to generate the probability of 

improvement. The new suggested 𝑥 value to query will be the one with the higher probability of 

improvement, therefore the local maximum in the curve seen in Figure 2.15 

 

Figure 2.15 The corresponding expected improvement  function (bottom plot) evaluated for the GP 

(top plot). The red line and the x marker indicated the maximum expected probability and the next 

input point to query, respectively.   
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In this case, the suggested new input point to query is the one corresponding to a local maximum 

in the EI function, red line and x marker. This allows the algorithm to compute a trade-off between 

exploring a new region of the design space or exploiting the model’s confidence of the most likely 

area of the input design will meet the requirements of the task. 15  

The final component of a BO is the scoring strategy. This is a function that is used to 

evaluate each point to satisfy the optimization task, Equation 2.8. In Chapter 6, the Euclidean 

distance of the queried point and 𝑥∗ as follows: 

𝑑(𝑎, 𝑏) = √∑ (𝑎𝑖 − 𝑏𝑖)2
𝑛

𝑖=1
 2.10 

In this case, the optimization task is a minimization on, so Equation 2.8 will be 𝑎𝑟𝑔𝑚𝑖𝑛() instead. 

Finally, the BO algorithm will then iteratively run the following steps : 

1. Generate the next point to query using the acquisition function 

2. The proposed point (input) is evaluated based on its outcome (output)  

3. The current input and output observations are then added to the dataset used to then 

update the surrogate model of the system. 

This loop is repeated until a condition is met, either the optimization task is met, or the 

total number of possible iterations is exhausted. While the application of this methodology is 

straightforward, the algorithm assumes that the output of the model is a single scalar value which 

can be correctly computed. For example, this can be the distance metric in Equation 2.10 . The 

evaluation selected for the conducting an optimization task using BO will affect the chances of 

converging towards the correct objective. Unfortunately, it is not always simple to find the right 

metric of evaluation for every system. In this thesis, this type of optimization task will be used in 

Chapter 6 to run a self-driving lab task of autonomous color matching. A BO algorithm will be 
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tasked to learn how to create target color. The algorithm will be coupled with a robotic platform 

to physically mix stock colors and evaluate the resulting sample color.  
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Chapter 3. HIGH-THROUGHPUT DESIGN OF DEEP EUTECTIC 

SOLVENTS ELECTROLYTES  

This chapter contains work from the following publication and the author would like to 

acknowledge the contributions of the coauthors: 

Rodriguez, J. Jr*; Politi, M*; Adler, S.; Beck, D. A.; Pozzo, L.D. High-throughput and 

Data-driven Strategies for the Design of Deep Eutectic Solvent Electrolytes. Mol. Syst. 

Des. Eng 2022, 7, 933-949. https:// 10.1039/d2me00050d  
* These authors contributed equally to this work 

3.1 INTRODUCTION & MOTIVATION 

Deep Eutectic Solvents (DES) are a new class of green designer solvents which are 

inexpensive, nontoxic, and do not require further purification and create no waste. These samples 

are composed of two or more materials that, when mixed at specific molar ratios, exhibit 

significantly greater depression of their melting point than one would predict assuming an ideal 

liquid solution. 1 Abbott et al. identified several types of DES, including many that are formed by 

combination of a quaternary ammonium halide salt (QAS) with a molecular hydrogen bond donor 

(HBD) at specific molar ratios.2 These solvents share similarities in several physical and 

electrochemical properties with ionic liquids (ILs), salt-like materials with melting points below 

100 ℃. The main appeal of DES stems from their low vapor pressure, low flammability, good 

ionic conductivities and a wide stable electrochemical potential window compared to current 

aqueous systems. 3,4 Thanks to these characteristics, they have found several applications, from 

electroplating and metal recycling, 5–11 to 𝐶𝑂2 capturing, 12–17 gas separations, 18,19 extractions and 

purification processes, 20,21 to name a few. Moreover, deep eutectic solvents have a straightforward 

synthesis consisting of simply mixing solid components at specific molar ratios and heating until 

they form a clear and uniform liquid solution. 22 Therefore no solvent is required for their synthesis. 

In particular, type III DESs are formed of a combination of a quaternary ammonium salt, which 
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acts as a molecular hydrogen bond acceptor, and a hydrogen bonding species (e.g., polyols, 

carboxylic acids or amines) at a specific molar ratio, making their experimental design space 

extremely large. 

In fact, there still exists major challenges for the molecular design of ideal DESs 

electrolytes. The literature states that the total number of possible DES candidates likely exceeds 

the estimated design space for ILs (estimated at ~1018 unique anion/cation pairs). 23,24 Yet despite 

the simple synthesis process for DES, current experimental efforts and methods have been slow at 

making a significant dent in the exploration of these materials. Thus, computational methods have 

become a powerful tool to provide insight where experiments may fall short. Unfortunately, a 

common theme amongst computational studies on DESs is the lack of data available to make 

significant strides in developing generalized predictive models. Moreover, there is still a lack of 

chemical diversity in the available experimental literature since many reported DES systems are 

overwhelmingly based on choline chloride, a commonly used QAS. 25–27 Deeper fundamental 

understanding of DESs is also necessary, especially when determining their feasibility for use as 

electrolytes. 28 The strong hydrogen bond network that is formed in DES has direct impacts on 

several key electrolyte properties, which can be influenced by molecular weight, QAS anions, and 

the presence of specific functional groups. Still, many of the features that can lead to ideal DES 

electrolytes may not be intuitive to determine, and therefore the development of this class of 

materials will require optimization, functional design, and new methods to tackle exploration of 

the large design space.  

In this regard, high-throughput experimentation and data-driven strategies for chemical 

exploration promise to accelerate the development of new materials, including new electrolytes. 

29–32  However, to date these methods have not yet been extensively applied towards development 
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of DES electrolytes. The design of new materials is known to be inherently a multivariate task 

requiring solutions aiming at the simultaneous optimization of several target properties. Multi-

objective optimization (MOOP) strategies have become increasingly popular, especially in the 

drug discovery field. 33–35 However, these techniques rely on available predictive frameworks, 

databases or molecular simulations providing a variety of measured or estimated properties for the 

chemicals used. Unfortunately, the lack of variety of tested combinations and sparsity in their 

measured properties in the DES literature hinders the formulation of robust models.  

In this chapter, an integrated workflow for the investigation of DES electrolytes for future 

use in energy-related systems is presented as an example of materials acceleration platform applied 

to a chemical experimental synthesis. The design space utilized in this chapter was obtained 

through a previous preliminary cheminformatics approach focused on specific engineering metrics 

(e.g., chemical similarity, commercial availability). 36 This section of the work was performed by 

a colleague, Dr. Jaime Rodriguez, and a more in-depth discussion of it can be found in his 

dissertation. 37 I would like to mention that this was a collaborative project. In fact, the 

experimental planning and execution was equally shared between Dr. Rodriguez and I, while the 

data analysis and interpretation of both physical and electrochemical data was conducted by my. 

Next, the traditional synthesis process for DES has been modified to enable high-throughput 

sample preparation using open-source, automated liquid handling robotic platforms and custom 

labware. Electrochemical characterization of the samples is then performed in a high-throughput 

manner using screen-printed electrodes (SPE) which require minimal sample volume and 

facilitates data collection and successive analysis. The experimental strategies presented in this 

chapter can significantly speed up sample preparation for large number of samples and allows for 

a systematic, combinatorial sequence to explore new formulation of deep eutectic solvent. 



 55 

3.2 MATERIALS AND METHODS 

3.2.1 Materials 

Again, an initial cheminformatic campaign that was used to identify an initial outline of 

prospect materials conducted using open-source software and databases. Candidate molecules 

were first screened for their commercial availability and successively selected through a ranking 

system based on key engineering metrics. More information on the steps taken to identify the 

chemical design space for the investigation of new DESs and analogous can be found at the source 

acknowledged at the beginning of this chapter. 36 

The selected quaternary ammonium salts are as follows. Acetylcholine Chloride (AcChCl) 

(≥ 99%), Tetraethylammonium Chloride (TEAC) (≥ 98%), Tetrapropylammonium Bromide 

(TPAB) (98%), and Tetraethylammonium Iodide (TEAI) (98%) were obtained from Sigma 

Aldrich (Burlington, MA). Choline Chloride (ChCl) (99%) was obtained from Acros Organics 

(Fair Lawn, NJ). All QASs were dried under vacuum for 24hr upon receipt and were then stored 

inside an airtight desiccator to prevent significant water uptake. 

The selected molecular hydrogen bonding species are as follows. Ethylene Glycol 

(Certified) was purchased from Fisher Scientific (Hampton, NH). Glycerol (≥ 99 %), Acetamide 

(~99%), N, N’-dimethylurea (≥ 99%), 3-phenylpropionic Acid (99%), L-serine (≥ 99 %), 4-

Amino-4H-1,2,4-triazole (99%), and Xylitol (≥ 99%) were purchased from Millipore Sigma 

(Burlington, MA). Phenylacetic Acid (99%) was purchased from Alfa Aesar (Haverhill, MA). 

Urea (Ultrapure) was purchased from Thermo Scientific (Hampton, NH). Ethanol (100 Proof) was 

purchased from Decon Laboratories (Montgomery County, PA). All HBDs were used as received 

and required no further processing. 
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3.2.2 High-Throughput Synthesis of Deep Eutectic Solvents and Analogous 

As previously mentioned, DESs have a relatively simple and straightforward synthesis 

procedure. However, while some of these components are liquid in their pure form (i.e., ethylene 

glycol, glycerol, trifluoroacetic acid), the majority are usually solids. While the traditional 

synthesis approach is suitable for investigating a small number of DES conditions at a time, it 

quickly becomes inefficient when attempting to explore a broader range of candidates across 

various molar ratios. 

To make use of combinatorial and high-throughput solutions for the formulation of new 

DESs and analogous samples, the traditional methodology mentioned above was adapted and 

modified slightly. First, concentrated stock solutions of each QASs and HBDs were prepared using 

volatile solvents, with either water or ethanol being utilized depending on which yielded the 

greatest solubility for the starting material. Table 3.1 shows more information on the final 

concentrations and solvent used for each stock prepared, while Figure 3.1 shows the chemical 

structure of the selected DES components. 

Table 3.1 Concentrated stock solution information for all materials used for the experimental DESs 

campaign.  

Molecular Species Abbreviation 
MW  

[𝒈/𝒎𝒐𝒍] 
Solvent 

HBD Max 

Conc [M] 

Mass [𝒈] for 

25mL solution 

Ethylene Glycol EG 62.07 Water 7 10.86 

Glycerol Gly 92.09 Water 7 16.12 

Acetamide Ace 59.07 Water 7 10.34 

N,N’-dimethylurea NNDMU 88.11 Water 7 15.42 

3-phenylpropionic acid PAA 150.17 Ethanol 3 11.26 

Urea U 60.06 Water 7 10.51 

L-serine L-S 105.09 Water 2 5.25 

4-Amino-4H-1,2,4- 4AT 84.08 Water 4 8.41 

Xylitol Xyl 152.15 Water 3 11.41 

Phenylacetic acid PAA 136.15 Ethanol 3 10.21 

Choline Chloride ChCl 139.62 Water 4 13.96 

Acetylcholine Chloride AcChCl 181.66 Water 4 18.17 
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Tetraethylammonium 

Chloride 
TEAC 165.7 Water 3 12.43 

Tetrapropylammonium 

Bromide 
TPAB 266.26 Water 2 13.31 

Tetraethylammonium 

Iodide 
TEAI 257.16 Water 1 6.429 

To automate the mixing of the two DESs components and create a reproducible protocol, 

the Opentrons OT-2 liquid handling robot was implemented for the sample formulation. This is a 

relatively inexpensive, open-source and open-hardware materials acceleration platform that can be 

easily interfaced using simple scripting protocols. The entire procedure, from the determination of 

the necessary volume of the species in each sample, to the commands for the OT-2 platform, was 

performed using python scripts executed in Jupyter Notebooks. The samples composition, as well 

as the protocol containing all hardware specification for the robotic platform are saved in ‘.csv’ 

files for ease in information transfer which is both human and machine readable. Samples can be 

prepared in a variety of standard multi-well plate formats, as long as the labware of choice follows 

Figure 3.1 Structures of Quaternary Ammonium Salts (Left) and Hydrogen Bond Donors (Right) 

selected for high-throughput DES synthesis. The depicted molecules are the following: a) Choline 

Chloride, b) Acetylcholine Chloride, c) Tetraethylammonium Chloride, d) Tetrapropylammonium 

Bromide, e) Tetraethylammonium Iodide, f) 3-Phenylpropionic acid, g) 4-Amino-4H-1,2,4-

triazole, h) Acetamide, i) Ethylene Glycol, j) Glycerol, k) L-serine, l) N,N’-Dimethylurea, m) 

Phenylacetic acid, n) Urea, o) Xylitol   
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SLAS standard sizing. Given the necessity of heating the samples at temperatures above 80℃, 

custom 48-well wellplates for 2 mL glass scintillation vials were fabricated using a FormLabs 

Form 3 3-D resin printer. The material of choice for these plates was the FormLabs FLHTAM02 

high-temperature resin, which has thermal stability up to 238°C. 38 After the samples are prepared, 

the volatile carrier solvents are removed through a three-stage process. First, a gentle evaporation 

step allows the removal of the majority of the carrier solvent. This step makes use of a commercial 

dehydrator (Cabela’s 80L SKU: 2517102), set at 65°C. Samples are processed for 24 hours. Next, 

the well plates hosting the sample vials are placed in an oven at 100°C for 30 min. This step is 

crucial not only to remove any remaining water or ethanol used in the stock preparation, but it 

helps increase the homogeneity of the final mixture. In fact, some literature sources have noted 

that heating the DES components 80°C may result in the formation of area with higher 

concentration of the QAS, which upon cooling precipitate or cause re-crystallization of the entire 

sample. 39,40 Preparing the DES in glass vials allows us to incorporate important aspects of their 

traditional synthesis (i.e. heating to 100°C or higher), while also aiding in preserving and storing 

samples for characterization later in the pipeline. Samples are then allowed to cool and 

successively dried under vacuum at room temperature for 30 min, to remove any potential residual 

carrier solvent that could remain, and afterwards stored in airtight desiccators until screening and 

characterization is performed. Figure 3.2 shows a schematic summarizing the high-throughput 

synthesis workflow. 
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3.2.3  High-throughput Determination of Onset of Melting 

The samples’ onset of melting was measured using a recently developed high-throughput 

and open-source thermal analysis system called PhasIR.41 This system uses IR bolometry to 

analyzed phase transitions in liquids in a parallel analysis platform. For any binary mixture near a 

eutectic composition, we expect the solid to liquify over a range of temperatures, starting at the 

eutectic temperature. Thus, the onset of melting is a good metric for the lowest liquid temperature 

one can achieve using the chosen mixture, even when the eutectic composition is not known 

precisely. Given the hygroscopic nature of DES, this sample characterization step was conducted 

Figure 3.2 Schematic illustration of the proposed high-throughput synthesis protocol for deep 

eutectic solvents. a) The QASs and HBDs in their pure form. b)  Concentrated stock solutions 

allow for use of MAPs. c) The stocks, labware, and pipette tip racks are loaded onto the OT-2 

deck for sample formulation. d) The DES samples are stored in temperature-stable 48-well plates 

holding glass vials. e) The sample are placed in a dehydrator at 65°C for 24 h to remove the 

volatile solvents. f) The sample plates are them placed in an over at 100°C for 30 minutes. g) The 

sample plates then moved into a vacuum for about 30 minutes. h) Samples found in the liquid 

phase at room temperature are now ready to be characterized.  
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entirely inside a glovebox for a moisture-free environment. The DES samples were cooled using 

the Peltier plate of the PhasIR hardware system set at −10℃, while the heating process was 

conducted using a VWR hot/stir plate (NA CAT No: 97042-682) previously set to 200℃ , to 

achieve a broader temperature range. The samples were loaded on metal 48 or 24 conical-shaped-

wells aluminum plates. The overall measurement took approximately 10 minutes per plate to 

collect. The data was then analyzed using the homonymous Python-based software which can be 

found on GitHub.42 For more information on the experimental set up, data collection and analysis 

using the PhasIR system, please see Chapter 2, section 2.3.1.2.  

3.2.4 High-Throughput Electrochemical Characterization 

All electrochemical characterization techniques were carried out using a Gamry Reference 

600 potentiostat along with Metrohm-DropSens DRP-11L screen printed electrodes (SPEs), which 

were interfaced directly with the Gamry via the Metrohm-DropSens CAC4MMH connector. The 

DRP-11L is a low cost and disposable compact 3-electrode screen printed cell, making it ideal for 

working with sample volumes of approximately 100 µ𝐿. The cell, depicted in Figure 3.3, consists 

of carbon working and counter electrodes and a silver/silver chloride reference electrode. 

Measurements were conducted only for samples that were liquid at room temperature. 



 61 

 

3.2.4.1 Multi-step Chronopotentiometry  

Multi-step chronopotentiometry was performed to determine the limiting reduction 

and oxidation potentials of the DES electrolytes. First, a series of four fixed positive 

currents of 1, 0.75, 0.5, and 0.25 𝑚𝐴 are applied. These steps are followed by negative 

currents of the same magnitude. The very first positive and negative steps are held longer, 

for 15 seconds, as a conditioning step, while each subsequent step is held for 10 seconds 

with data collected every half second. For more information on the chronopotentiometry data 

analysis, please see Chapter 2, section 2.1.3. 

3.2.4.2 Cyclic Voltammetry 

Cyclic voltammetry was performed to investigate the possibility of undesired 

electrochemical side reactions in regions between the limiting reduction and oxidation potentials 

of the DES electrolytes. Measurements were performed at 100 𝑚𝑉/𝑠 scan rate, spanning voltages 

from −2 𝑉 to 2 𝑉, for a total of four complete cycles per sample to ensure equilibration. Moreover, 

the last 20 points of the forward and reverse scans were used to determine the slope (𝑑𝐼/𝑑𝑉) of 

Figure 3.3 Example of DRP-11L Screen Printed Electrode from Metrohm US. The different 

electrodes composing the electrochemical cell are labeled as follows: working electrode (W.E.); 

counter electrode (C.E.); reference electrode (R.E.)   
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the limiting processes shown in the voltammogram. For more information on the cyclic 

voltammetry data analysis, please see Chapter 2, section 2.1.2. 

3.2.4.3 Electrochemical Impedance Spectroscopy 

Electrochemical Impedance Spectroscopy (EIS) was used to determine the ionic 

conductivity of the DES electrolytes. A small voltage perturbation of amplitude 50 𝑚𝑉 was 

applied to the samples and the frequency was varied from 100 𝑘𝐻𝑧 to 100 𝐻𝑧, with 10 points per 

decade. The impedance data was fit using the open-source package Impedance.py. 43 Due to the 

unusual geometry of the screen-printed electrochemical cell, a calibration curve was obtained 

using standards of known conductivity spanning four orders of magnitude to convert the resistance 

to a quantitative conductivity. The conductivity standards were: 84 𝜇𝑆/𝑐𝑚, 443 𝜇𝑆/𝑐𝑚, 

1413 𝜇𝑆/𝑐𝑚, 2764 𝜇𝑆/𝑐𝑚, and 12880 𝜇𝑆/𝑐𝑚. These were obtained from Oakton (Vernon Hills, 

IL) and are all 𝑁𝑎𝐶𝑙 based solutions. For more information on EIS data analysis, please see 

Chapter 2, section 2.1.1. 

3.3 RESULTS  

The selected 10 HBDs and 5 QAS were mixed, with 12 different molar rations per 

combination of DES components. This yielded a total of 600 samples which were synthesized, 

processed, and characterized in approximately a month, showing a significant advantage of the 

implemented high-throughput workflow. After samples were processed through the evaporation, 

heating, and vacuum steps, it was noted that samples containing ChCl, AcChCl, TEAC, and TPAB 

as QAS formed liquids at room temperature. All liquid samples were clear and showed a 

homogeneous phase. In contrast, all samples containing TEAI as a QAS did not form a liquid at 

room temperature with any HBD combination and therefore were not characterized further. 
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Similarly, all the samples that used L-serine as the HBD species were found solid at room 

temperature. So, these were also excluded from electrochemical testing.  

3.3.1 Comparison with Literature Samples 

When developing a new workflow, especially one which uses an adapted protocol to both 

synthesize and characterize samples, it is important to compare the results from the new 

experimental campaign with those published in literature. As mentioned before, Choline Chloride-

based samples have been some of the most extensively studied DES systems to date. In fact, several 

of the HBD have been paired with ChCl to form DES.5,44–47 For this reason, they were used to 

validate the implemented MAP-based protocol.  

The PhasIR measurements were conducted in an argon-filled glovebox to reduce the 

possible contamination with atmospheric water during the sample’s physical characterization. 

Still, a small portion of measured samples show a phase transition feature close to 0℃, which 

could be attributed to traces of water in the samples. For example, Figure 3.4 shows PhasIR 

measurements for the 60 𝑚𝑜𝑙% ChCl sample with acetamide.  
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This is the only case in which the feature is so noticeable, in other cases, the ‘water feature’ is only 

a small shoulder in the Δ𝑇 curve in the lower temperature region of the measurement. Samples 

which did not show a clear phase transition feature on their PhasIR curve were not included in the 

final ‘phase diagram.’ This behavior would signify either a transition temperature is outside of the 

measurement range of the PhasIR system or the necessity for an instrument with a better resolution. 

However, in the literature, the freezing temperature of DES solvents is commonly reported using 

differential scanning calorimetry (DSC) in the cooling cycle. As mentioned previously, DSC is a 

low-throughput technique that can take upwards of 60 minutes per sample and is therefore not 

suitable for the exploration of large design spaces such as the one discussed here. In contrast, the 

PhasIR can characterize upwards of 48 samples simultaneously, with measurement times ranging 

from 5-10 minutes. However, the identification of phase transitions in the PhasIR system during 

cooling cycles (freezing) would be extremely challenging due to the slow cooling rates of Peltier 

Figure 3.4 Onset of melting determination for the 60  𝑚𝑜𝑙% Choline Chloride with Acetamide. 

The melting point is defined as the onset (red marker) of the feature in the Δ𝑇 = 𝑇𝑝𝑙𝑎𝑡𝑒 − 𝑇𝑠𝑎𝑚𝑝𝑙𝑒 

curve (yellow). The first peak can be attributed to water present in the sample as the peak onset is 

found around 0 ℃. 
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plates and the variability in nucleation rates of the samples. Therefore, the reported phase 

transitions in this work correspond to the 'first onset of melting' for the samples evaluated, which 

may not always correspond to the complete homogeneous melting of DES samples.  

In fact, for samples containing high ratios of QAS, this phase-transition point often 

indicates partial melting of a solid sample to a two-phase sample containing a liquid and a 

dispersed solid. This is clearly outlined by a gray area in the results. 

Figure 3.6 shows PhasIR melting-onset diagrams for the urea and N,N’-dimethylurea 

samples. The eutectic point for the ChCl:urea samples was clearly identified at the expected 1:2 

molar ratio, which is consistent with literature reports.48  

The onset-melting diagrams for the two phenyl carboxylic acids can be seen in Figure 3.5 and they 

both also show a single eutectic temperature depression around the 35 𝑚𝑜𝑙% of choline chloride 

sample, again in line with samples synthesized using the traditional methodology. 5  

Figure 3.5 Phase diagrams for Phenylacetic Acid (a) and 3-Phenylproprionic Acid (b). The filled 

circular markers indicate measurements obtained using the PhasIR system, while the unfilled 

circles represent possible states of incongruent melting. The x-shaped markers indicate literature 

values for the pure DES components obtained from their corresponding MSDS. 
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On the other hand, the diagram for N, N’-dimethylurea seems to show a broad low-melting 

point region followed by a flat two-phase melting region. Unfortunately, it was not possible to 

measure transition temperature below 0℃ in high-throughput with the PhasIR system due to 

hardware limitation. Therefore, the diagram for ethylene glycol and glycerol DES could not be 

obtained as the melting temperature is much lower than can be reliably measured with PhasIR. All 

the melting diagrams also show complex melting behavior at higher content of QAS. At values 

above ~55 𝑚𝑜𝑙% of the QAS, there is usually phase separation between a solid QAS dispersion 

and a mixed QAS/HBD liquid phase as seen in Figure 3.4.  

 

Table 3.2 shows a comparison of the eutectic temperatures measured using the PhasIR 

system with those reported in the literature. Agreement is generally excellent, with most 

measurements within ~5°C. Only the DES samples formed between choline chloride and 

Figure 3.6 Phase diagrams for urea (a) and N,N’-dimethylurea (b). The filled circular markers 

indicate measurements obtained using the PhasIR system. The x-shaped markers indicate literature 

values for the pure components. 

Figure 3.7 Sample composed of the 80 𝑚𝑜𝑙% Choline Chloride with Acetamide. The sample was 

heated using a hotplate and formed an opaque solution, which is a sign of formation of two phases.  
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acetamide and phenylacetic acid, both at a 1:2 ratio (QAS: HBD), show lower values compared to 

their respective published values. This could again be due to moisture or residual water in the 

hygroscopic samples, which is known to depress the melting points of DES. Other results obtained 

for choline chloride samples synthesized using the high-throughput protocol are in great agreement 

with published values. This supports the use of this high-throughput workflow to investigate the 

melting temperatures of DES. 

Table 3.2 Choline Chloride-based DES Melting point comparison between literature values and 

those measured in the current publication using the PhasIR system 

Ratio HBD 

Current 

Publication 
Literature Values Source 

[℃] [℃] [−] 
1:2 Urea 15 12 48 

1:2 N, N'-Dimethylurea 63.3 70 48 

1:2 Acetamide 27.5 50 48 

1:2 Phenylpropionic Acid 21.6 20 5 

1:2 Phenylacetic Acid 14.5 25 5 

1:1 Xylitol 3.6 RT 49 

The ability to screen and identify DES electrolytes in a high-throughput manner with high 

ionic conductivities and wide electrochemical potential windows is crucial to their performance 

optimization. However, most electrochemical measurements are still conducted with bulky 

electrodes and relatively large samples (~10 mL is typical) that are not conducive for screening 

large design spaces. In this work, we use screen printed electrodes (SPE) that require minimal 

sample volume (~150 𝜇𝐿) and are ideal for conducting measurements of multiple samples in very 

short periods of time (~ 7 𝑚𝑖𝑛/𝑠𝑎𝑚𝑝𝑙𝑒) for all three electrochemical measurements conducted.  

These SPEs can be interfaced directly with standard electrochemical equipment, converting them 

into a high-throughput platform for parallel data collection and batch analysis. The DES 

synthesized in the high-throughput process were then characterized by this high-throughput 
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electrochemical setup. Once again, only samples that were found to be liquid at room temperature, 

(19 − 24 ℃) were characterized. In this case, the 'liquid at room temperature' constraint for the 

electrochemical charaterization was only enforced in the current workflow due to testing lmitations 

of the high-throughput set up. 

Looking at literature studies of the electrochemical properties of DES, there is still a 

significant gap in data for DES based on QASs that are not ChCl. Figure 3.8a shows the measured 

ionic conductivities for the ChCl-based DES and analogous. From the graph, it can be noticed that 

with greater concentrations of ionic species there is an increase in conductivity, which has been 

proposed for all DES. 50 It is again important to make a comparison with available literature values 

for this property to ensure that the sample characterization is correctly implemented in the high-

throughput workflows. Table 3.3 summarizes the conductivities of the 1:2 ChCl:HBD samples. In 

this case, it can be noticed that samples containing ChCl and ethylene glycol, phenylacetic acid or 

phenylpropionic acid as the HBD, our measurements show similar values to published ones. 5,51,52 

On the other hand, the urea- and glycerol-based DES we formulated show elevated conductivities. 

The increase in conductivity could be due to moisture absorbed from the environment or to residual 

water from the synthesis process. However, there are discrepancies among literature values for the 

ChCl-urea DES. 5,52 In fact, even though reported quantities are measured at slightly different 

temperatures, they differ by an order of magnitude. The values we obtain using the MAP-based 

workflow are closer to those from Shah et al., while still being higher. 52 Still, there is generally 

good agreement between conductivities of DES samples produced via our high-throughput 

workflow and most published results of similar compositions.   

Table 3.3 Conductivity measurements of Choline Chloride-based DES and their comparison 

with reported literature values. 

QAS HBD Ratio Literature Values Current Publication 
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Temp Conductivity Source Temp Conductivity 𝑄𝐴𝑆𝑥𝑓 

[ ℃] 𝑚𝑆/𝑐𝑚 [−] [ ℃] 𝑚𝑆/𝑐𝑚 [−] 

ChCl 
Phenylacetic 

acid 
1:2 25 0.48 5 19-24 0.67 0.35 

ChCl 
Phenylpropionic 

acid 
1:2 25 0.32 5 19-24 0.42 0.3 

ChCl Urea 1:2 30 2.31 52 
19-24 3.5 0.35 

ChCl Urea 1:2 25 0.75 5 

ChCl Ethylene Glycol 1:2 20 7.61 51 
19-24 7.32 0.35 

ChCl Ethylene Glycol 1:2 25 7.33 52 

ChCl Glycerol 1:2 20 1.05 51 

19-24 2.55 0.35 ChCl Glycerol 1:2 25 1.18 5,45 

ChCl Glycerol 1:2 25 1.75 52 

AcChCl Urea 1:2 40 0.017 5 19-24 0.417 0.35 

 

Figure 3.8b shows the measured potential window for the Table 3.3ChCl-based DES and 

analogous. Current battery electrolytes are mainly based on aqueous solutions, which have 

operating voltage windows of approximately ~1.23 V, limited by water electrolysis.53  

ChCl-DES electrolytes tested here show stable potential windows that are at least twice as high as 

standard aqueous ones (range of 2.5 V to 4.6 V).  Once again, due to the lack of diversity in DES 

composition published in the literature, it is only possible to compare results for samples prepared 

with choline chloride. Samples in the DES and analogous prepared using the non-traditional 

Figure 3.8  Electrochemical measurements of ChCl-based DES and analogous as a function of the 

QAS mole fraction. a) Plot of ionic conductivity extracted from potentiostatic electrochemical 

impedance spectroscopy measurements. b) Potential window obtained from chronopotentiometry 

measurements. 
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workflow present slightly smaller stable electrochemical potential windows (EPW), when 

compared to those reported by Li et al. 54 This could again be due to the presence of trace amounts 

of moisture and/or residual water in the samples that are very hygroscopic. Nevertheless, the 

potential windows presented in this study compare reasonably well to those reported in the 

literature for other DES systems, Table 3.4. 

Table 3.4 Electrochemical Potential Window (EPW) measurements of Choline Chloride-based 

DES and their comparison with reported literature values from Li et al. 54 

QAS HBD Ratio 

Literature Values Current Publication 

EA EC EPW Temp EA EC EPW 𝑄𝐴𝑆𝑥𝑓 

[𝑉] [𝑉] [𝑉] [℃] [𝑉] [𝑉] [𝑉] [−] 

ChCl Urea 1:2 1.54 -2.75 4.29 RT 1.23 -1.85 3.08 0.35 

ChCl EG 1:2 1.26 -2.35 3.61 RT 1.13 -1.66 2.79 0.35 

ChCl Glycerol 1:2 1.38 -2.21 3.59 RT 1.15 -1.78 2.99 0.35 

ChCl Xylitol 1:2 1.66 -2.67 4.33 RT 1.29 -2.23 3.52 0.35 

3.3.2 New DES and Analogous Combinations  

Several samples based on acetylcholine chloride, tetraethylammonium chloride, and 

tetrapropylammonium bromide as their quaternary ammonium salt results liquid at room 

temperature and were characterized by their electrochemical properties. Figure 3.9 shows the ionic 

conductivities of the remaining DES and analogous electrolytes. It is evident that variations in the 

molar composition in the DES with respect to the QAS and HBD components greatly affect their 

conductivity, which is related to changes in viscosity and concentration of ionic species.  
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The highest conductivities were found in ethylene glycol-based DES, independently of the 

QAS used, among the combinations tested. The sample at 20 𝑚𝑜𝑙 % AcChCl having the highest 

conductivity in the entire dataset at 13.7 𝑚𝑆/𝑐𝑚. Compared to published values of ionic 

conductivities for DES, this seems to be the highest recorded for this class of materials. In fact, the 

largest reported conductivity found was for the (3:7) choline chloride-imidazole DES at 

12 𝑚𝑆/𝑐𝑚 (333𝐾 ).55 Conductivities for ethylene glycol-based DES with ChCl, TEAC and 

TPAB were also relatively large with maximum conductivities of approximately 8.3 𝑚𝑆/𝑐𝑚, 

6.4 𝑚𝑆/𝑐𝑚 and 2.4 𝑚𝑆/𝑐𝑚, respectively. Typically, DESs based on ethylene glycol are known 

for possessing relatively high conductivities, as the viscosity of ethylene glycol is very low, and it 

is one of the few components found in the liquid state in its pure form. On the opposite end, samples 

based on xylitol possessed the lowest conductivities in the dataset. This is in line with literature as 

DES with sugar based HBDs, such as xylitol, tend to have significantly higher viscosities. 56 The 

lowest conductivity recorded, a 0.001 mS/cm, is associated with the xylitol-based DES with 

10 𝑚𝑜𝑙 % TPAB. Comparing the trend of the conductivity among these two HBD extremes 

(ethylene glycol and xylitol), important distinctions can be made. In the sample containing the 

sugar HBD, the conductivity has a positive trend towards higher amounts of ammonium salts. 

Figure 3.9 Plots of ionic conductivity of DES electrolytes extracted from potentiostatic 

electrochemical impedance spectroscopy measurements. a) Acetylcholine Chloride (AcChCl), b) 

Tetraethylammonium Chloride (TEAC), c) Tetrapropylammonium Bromide (TPAB) 
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Even though, as previously mentioned, the ChCl DES samples seem to follow this trend, the data 

collected for the remaining QAS suggests that this behavior is not universal. Notably, there is a 

significant decrease in ionic conductivity with increasing QAS concentration for AcChCl based 

DES with ethylene glycol and glycerol. This possibly suggests that increased QAS concentrations 

result in increased viscosities, which would in turn reduce the conductivity by hindering the 

mobility of ions in solution. A similar trend is found in the samples based on TPAB, whereas those 

containing TEAC seem to remain approximately constant or have a slight increase with decrease 

in HBD concentration.  Moreover, previous studies have noted that the conductivity of DES may 

evolve through a maximum. 57 This is noted particularly with ethylene glycol- and glycerol-based 

DES, but is also observed in AcChCl and phenylacetic acid, which exhibits a maximum 

conductivity at 45 𝑚𝑜𝑙 % AcChCl. In general, most DES and analogous formulated fall within a 

range slightly above or below 1 mS/cm. 

Looking at literature studies of the electrochemical properties of DES, there is still a 

significant gap in data for DES based on QASs that are not ChCl. Therefore, we are not able to 

directly compare our results to traditional synthesis routes for samples containing AcChCl, TEAC 

or TPEB as their QAS. Nonetheless, all samples synthesized using the MAP-based workflow show 

potential windows above 2.5 V. Within the DES and analogous samples experimentally prepared, 

xylitol- and phenylacetic acid-based samples show the highest variability with respect to molar 

composition amongst other samples. The combination between AcChCl and xylitol, shows high 

potential window of 4.73 V (40 mol % AcChCl), which then drops to 3.14 V at higher QAS 

concentrations (80 mol % AcChCl). The opposite is found in phenylacetic acid, going from 2.46 𝑉 

(30 𝑚𝑜𝑙 % AcChCl) to 3.04 V (50 mol % AcChCl). The remainder of the AcChCl:PAA samples 

show a relatively constant voltage. Similar trends are found when these HBDs are paired with 
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TEAC. It is important to note that a few samples that were shown in the conductivity measurements 

are not reported in the electrochemical potential window. In fact, a few combinations of QASs and 

HBD, particularly those containing xylitol, were so viscous that the potential required to meet the 

current at each galvanostatic step was outside the usable range of the potentiostat. Furthermore, 

we noticed that some samples (e.g., 55 𝑚𝑜𝑙 %  ChCl with Ethylene Glycol, TBAB and 4-Amino-

1H,1,2,4-Triazole at all the mole ratios) froze during chronopotentiometry. This could indicate that 

their melting point was very close to the room temperature. Though only a limited number of 

samples were measured with TPAB, the potential windows were generally above 3V. The highest 

potential window measured was 4.9 V for N, N’-Dimethylurea and TPAB at 1:2 mole ratio, which 

is one of the highest reported in the literature. For most of the samples investigated, the value of 

the potential window remains approximately constant throughout sample composition for the same 

combinations of QAS and HBD. This is expected as the stability window of electrolytes is bounded 

by the electrochemical degradation of species in solution and not on their concentration. 

Inspection of the CVs for the candidate electrolytes reveals insights into the correlation of 

their electrochemical degradation with respect to the QAS and HBD materials. In fact, it can be 

noted that for HBD that possess similar chemical structure, the CV curves show similar features. 

Looking at the voltammograms of acetamide and urea, differing only by one amine group, the 

presence of a peak at negative potentials (around −1.5 𝑉 𝑣𝑠. 𝐴𝑔/𝐴𝑔𝐶𝑙) can be noted,  Figure 3.10. 
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Similar features on the reverse scan of the other amine-containing HBD, N, N’-dimethylurea, can 

be seen in Figure 3.11.  

Looking at all CV collected, it can also be noted that features on the reverse scan are as 

dependent on the anion of the QAS in the samples. It seems that varying the halide of the QAS has 

an effect on shifting peak positions. For example, the large feature on the reverse scan seen for 

𝐶𝑙−1 containing samples found at 0.5 𝑉 𝑣𝑠 𝐴𝑔/𝐴𝑔𝐶𝑙 shifts towards more negative potentials for 

the 𝐵𝑟− -based DES and analogous, see Figure 3.11, Figure 3.12, and Figure 3.13.  

Figure 3.10 Comparison between the cyclic voltammograms of Acetamide (Left) and Urea (Right) 

in their combinations with Acetylcholine Chloride (Top) and Choline Chloride (Bottom). The two 

HBD have similar molecular structure and it is possible to show parallel between the CV features 

in the backward scan. The two QAS both have Chlorine as their halide anion and show similarities 

in their voltammograms.  
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The onset of the anodic limiting processing seems to also differ based on the halide species in the 

samples. In fact, for all samples containing 𝐵𝑟−, the onset of the limiting potential in the forward 

scan shifts towards smaller potential, slightly below 1 𝑉 𝑣𝑠 𝐴𝑔/𝐴𝑔𝐶𝑙. Contrastingly, for samples 

containing chloride ions the onset starts at values above 1.1. 𝑉 𝑣𝑠 𝐴𝑔/𝐴𝑔𝐶𝑙. This is in line with 

the anion’s respective oxidation standard potentials. This was previously identified in other 

published studies involving DES based on choline chloride, where positive limits on the CV stem 

from the oxidation of 𝐶𝑙− ions. 58,59 However, studies from Sinclair et al., have also proposed that 

the reactions at the anode could also be attributed to alcohol oxidation of choline cation. 60 while 

this could not be excluded, the fact that the limiting processes at positive voltage, regardless of 

cation salt structure, arise around the same voltage, is more in line with the proposed oxidation of 

halide salts. In fact, acetylcholine chloride and the alkyl-functionalized ammonium salts also show 

this feature, while not possessing an alcohol moiety. Sinclair et al, have also investigated reactions 

Figure 3.11 Cyclic voltammograms of N,N’-dimethylurea-based DES and analogous as a function 

of QAS mole fraction. For all measurement, the potential was varied from −2𝑉 and 2𝑉 with a 

scan rate of 100 𝑚𝑉/𝑠 and a total of 4 cycles per sample to ensure equilibration. The position of 

the feature on the backward scan seems to be dependent on the halide anion of the QAS component. 

a) Acetylcholine Chloride, b) Tetraethylammonium Chloride, c) Tetrapropylammonium Bromide. 

No combinations with Choline Chloride resulted in a liquid mixture at room temperature. 
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happening at the cathode side. In this case, they indicate the formation of 𝐻2 gas, which could be 

due to trace amounts of water in the samples and the dehydration of the choline cation. Haerens et 

al., have also looked into a possible cathodic decomposition reaction of the quaternary ammonium 

salt. In this case, they propose the formation of radical species. 58 The disparities between these 

studies shows limited understanding of the processes that limit the potential window of these 

solvents. This prompts further research and characterization, which could be enabled with the 

presence of a larger number and broader diversity of data on these designer solvents.  

Figure 3.12 and Figure 3.13 depict the voltammograms obtained from the two of the 

polyol-based DES and analogous, again reinforcing the relationship between HBD structure and 

CV features on the reverse scan. On the other hand, it is noted that changing the cation component 

of the quaternary ammoniums salt does not seem to have an influence on the features present in 

the cyclic voltammograms.  

 

Figure 3.12 Cyclic voltammograms of Glycerol-based DES and analogous as a function of QAS 

mole fraction. For all measurement, the potential was varied from −2𝑉 and 2𝑉 with a scan rate of 

100 𝑚𝑉/𝑠 and a total of 4 cycles per sample to ensure equilibration. The position of the feature 

on the backward scan seems to be dependent on the halide anion of the QAS component. a) Choline 

Chloride, b) Acetylcholine Chloride, c) Tetraethylammonium Chloride, d) Tetrapropylammonium 
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Finally, another interesting feature of the CV data is the variation in the slope of the limiting 

processes (e.g., see Figure 3.13). This quantity seems to have a dependence on the molar 

composition of the DES samples. To further look into this behavior, the slope at both anodic and 

cathodic limits were extracted and, when plotted against the QAS mole fraction, the data seem to 

follow trends matching those of the sample’s conductivity (compare Figure 3.9 with Figure 3.14).  

Figure 3.13 Cyclic voltammograms of Ethylene Glycol-based DES and analogous as a function of 

QAS mole fraction. For all measurement, the potential was varied from −2𝑉 and 2𝑉 with a scan 

rate of 100 𝑚𝑉/𝑠 and a total of 4 cycles per sample to ensure equilibration. The position of the 

feature on the backward scan seems to be dependent on the halide anion of the QAS component. 

a) Choline Chloride, b) Acetylcholine Chloride, c) Tetraethylammonium Chloride, d) 

Tetrapropylammonium Bromide 
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The similarity between the data suggests that the limiting processes of cyclic voltammetry 

are conductance limited. Even though the CV data shows features in its reverse scan, these can be 

avoided by reducing the upper limit of the voltage range in the measurement itself. This change 

was not implemented in this study as maintaining the same CV parameters was important to allow 

for parallel and high-throughput measurements between different DES sample conditions and 

compositions.  

Looking at the combined experimental results, some general trends start to emerge. 

Samples containing AcChCl as their QAS show a very low melting point and most were found to 

be liquid at room temperature (19 − 24 ℃). Even though ChCl has a smaller cation structure, the 

addition of the acetyl functional group increases the asymmetry of the cation species and decreases 

the melting point of the salt (i.e., 146 − 150℃, compared to 302 ℃ for ChCl). 61,62 This confirms 

that, for pure species with lower melting temperatures, the resulting DES are more likely to be 

liquid at lower temperatures. Yet even though TPAB melts at 270 ℃, it has a very limited number 

Figure 3.14 Limiting slope extracted from the cyclic voltammograms of Acetylcholine Chloride. 

The trend of these limiting steps seems to be similar to the conductivity data for the sample DES 

formulation, Figure 7b. a) Cathodic slope. b) Anodic slope 
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of liquid samples when compared to those formulated using ChCl or TEAC, despite their higher 

melting points. This could be attributed to the influence of the 𝐵𝑟− anion. 63,64 In fact, it is known 

that DES form a complex solvation environment where, for Type III DES, the strongest 

interactions are between the halide species and the hydrogen bonding sites of both the HBD and 

the cation species of the QAS. 2,65 This can help explain why changing the halide from chlorine to 

iodine, while maintaining the cation structure intact, did not produce any liquid samples at room 

temperature.  

Additionally, it was shown that for certain combinations of DES precursor materials, there 

can be a wide range of compositions that yield liquid samples at room temperature. While some 

of the measured electrochemical properties seem to not change with respect to the composition of 

the sample (i.e., potential window), others have a stronger relationship to the ratio of QAS/HBD 

and the molecular structure of the species. For example, these DES-based electrolytes tend to be 

electrochemically limited by viscosity, both in the conductivity and in the limiting processes on 

the CV. However, for the same combination of QAS and HBD, there are several samples which 

exhibit high conductivities, broad potential window and show electrochemical stability. This 

further motivates their potential use in energy-related applications. Moreover, it is important to 

also study DES systems outside of their eutectic point as it can help to understand the complex 

relationships between molecular structures, solvation, and transport coefficients (i.e., viscosity, 

diffusivity). This will also allow us to build better predictive models for DES materials, and to 

advance their design and application as green solvents. In fact, there are likely practical situations 

in which more favorable properties exist at compositions that fall outside of the eutectic point. 

Without more comprehensive studies of DES materials, advancement and practical applications 

will be hindered. The traditional route for the formulation of these solvents is prohibitively slow 
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and cumbersome to study their vast molecular design space. Thus, data-driven design of 

experiments, coupled with high-throughput workflows for synthesis and characterization are 

essential for their advancement. The results from the current and any subsequent experimental 

campaigns can also be integrated in the selection of new molecules, moving the workflow towards 

a closed-loop system for new material discovery in the field of deep eutectic solvents. This strategy 

can be used to both validate the initial selection of candidate molecules, as well as to build a more 

diverse and complete database of DES properties.  

3.4 CONCLUSION & FUTURE DIRECTIONS 

Deep eutectic solvents are considered inexpensive designer solvents with great appeal as 

electrolytes for energy-related applications thanks to their low-cost, green environmental footprint, 

wide potential window, and adequate ionic conductivity. Despite these benefits, identifying 

optimal DES is a challenging task due to the massive molecular design space that is associated 

with these materials. High-throughput and data-driven strategies provide an avenue towards 

developing DES electrolytes designed specifically for target applications. After selecting candidate 

molecules through a cheminformatic campaign, DES were then synthesized in high-throughput, to 

complete an experimental campaign spanning 50 QAS/HBD combinations and 12 molar ratios for 

a total of 600 unique samples. The systematic characterization of such a large number of DES-

candidates is valuable and unique in the current literature, where data on DES electrolytes is still 

scarce and overwhelmingly focused on choline chloride samples. Importantly, the high-throughput 

electrochemical characterization reported in this chapter also identified promising electrolyte 

candidates with wide electrochemical potential windows (over 3 𝑉) and ionic conductivities above 

1 𝑚𝑆/𝑐𝑚. This suggests that there are likely numerous promising electrolyte materials within the 

vast molecular design space of DES that remain to be discovered.  
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While efforts to move this work closer towards an automated closed loop system are still 

underway, the methods outlined in this study could quickly increase the DES data that is available 

and openly shared for use with advanced statistical methods. Future work could focus on 

generating predictive Quantitative Structure-Property Relationship (QSPR) models to better 

understand which molecular features lead to ideal DES properties, as seen in Halder et al. 66 The 

use of advanced methods to predict DES properties from molecular features and formulation 

parameters will become essential elements in future investigations aiming to efficiently sample 

DES candidates. In addition, methods outlined in this chapter can also be extended beyond the 

analysis of DES-based electrolytes and can provide some inspiration for approaching other 

materials design problems with large design spaces. The MAP-based workflow showcased in this 

chapter could be implemented for the study of other systems where the thermodynamics of 

mixtures play an important role such as microemulsions, especially for drug delivery applications, 

or the phase transition temperature of lipid systems. Embracing these data-driven strategies and 

the use of low-cost, automatic, and open-source robotic systems will make the incorporation of 

AI-driven algorithms and iterative exploratory campaigns into the design of experiments (DoE) 

much more accessible to the scientific community. This will allow more efficiently learn these 

materials properties, which will facilitate the design of DES electrolytes with optimum properties 

or other multivariate material design spaces. 

Given the appealing properties of these designer solvents, there has been recent efforts in 

incorporating them into redox flows batteries (RFBs) for the design of inorganic-base grid level 

energy storage systems. In the context of RFBs, there’s also been a push for greener redox active 

species, such as redox-active organic molecules (ROMs), to replace expensive and resource 

limited earth metals currently in use. ROMs have low solubility in aqueous solvents, which limits 
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their current use. However, there have reports showing increased solubility of redox species in 

DES, which subsequently lead to increases in energy density capabilities and improved battery 

performance. 67,68 This topic will be the focus of Chapter 4. 
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Chapter 4. DESIGN OF ORGANIC, DEEP-EUTECTIC SOLVENTS-

BASED ELECTROLYTES FOR REDOX FLOW 

BATTERIES  

4.1 INTRODUCTION  

Over the past few decades, improvements in energy technologies have allowed increased 

use of renewable energy sources to produce electricity. The combination of wind, solar and 

hydroelectric power has reached a third of the share of last year worldwide energy production. 1 

These greener technologies are a key component in the reduction of greenhouse gases emission 

and mitigation of climate change. Unfortunately, the adaptation of low-carbon energy systems still 

cannot compete with traditional fossil fuel infrastructures, due to the intermittent and unpredictable 

nature of renewable energy sources. Grid-scale energy storage technologies can help meet the need 

of on-demand electricity. Among them, electrochemical energy storage systems (i.e., batteries) 

have been identified as a promising solution thanks to their efficiency, scalability and performance 

flexibility. 2 Redox flow batteries (RFBs) in particular, have shown to be the most promising 

solution thanks to the decoupled control of power capacity and energy storage. 3 A schematic for 

such a system can be found in Figure 4.1.  
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Compared to conventional rechargeable batteries, such as lithium-ion or lead-acid based 

ones, which have been primarily tailored for small applications or transportation purposes, RFB 

offer better parameters in size scalability, durability, and stability during charge/discharge cycles. 

4–8 The greater advantage of this battery technology stands in its ability to independently scale 

power, given by the size of the cell stack, and energy, limited by the overall active material 

concentration and size of external electrolyte storage tanks. 4 These features allow for a more stable 

storage solutions which require less maintenance and have longer service lives. The redox active 

materials in RFBs are found in the liquid phased electrolytes, known as anolyte and catholyte, 

which are stored in external reservoirs. The conversion of chemical energy into electrical one takes 

Figure 4.1 Schematic depicting a redox flow battery. The electrolyte and redox active species are 

store in outside tanks for the negative (anolyte) and positive (catholyte) side of the battery. These 

are pumped into the cell stack during the battery operations. The configuration depicted in this 

figure corresponds to the RFB in discharge mode.  
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place in flow-through electrodes contained in the cell. This is composed of two electrodes and an 

ion conductive membrane. 9 The current industry-leading system is the all-vanadium redox battery 

(VFB). The vanadium/vanadium couple is usually dissolved in concentrated sulfuric acid. 

However, the intrinsic low energy density and narrow stability window dictated by electrolysis 

(~ 1.23 𝑉), coupled with concerns on the cost feasibility of the resource-limited active material 

and the hazards posed by its corrosive electrolyte, make their grid scale implementation limited. 6 

Another factor preventing broader use of these systems is the high cost of materials of the current 

industry leading system based on Vanadium chemistries. In fact, these systems are still more than 

double ($250 𝑘𝑊ℎ−1) the US Department of Energy (DOE) performance target of 

$ 100 𝑘𝑊ℎ−1for utility applications. 10 

To mitigate these issues, research has been focused on new RFBs materials that are low-

cost and more environmentally friendly. Organic electroactive species have been proposed as 

alternative candidates for flow batteries applications. 2,3,11–13 Organic families such as 

benzoquinones, 2,2,6,6-tetramethyl-1-piperidinyloxy (TEMPO), fluorenones or alkoxy benzenes 

have been identified as candidates of redox active materials  11,14–19. These molecules can be easily 

synthesized, and their property can be tailored to the needs of their application. Their commercial 

availability makes them more cost effective compared to Vanadium, as molecules belonging to 

these families are used as dyes or are naturally occurring materials  19,20. The selection of the redox 

active material for these batteries dictates their performance. In fact, factors such as the 

concentration of active material, the redox couple voltage difference and electrolyte can drastically 

impact the energy density and power density of the electrochemical storage system. In the past 

decade there have been several efforts demonstrating the use of these organic redox active 

molecules. However, the majority of these examples are still based on aqueous electrolytes. The 
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most common examples of ORAM are TEMPO, 16,21–24 methyl viologens, 21,24–28 , quinones, 29–31 

phenazine, 16,32,33 as well as imide 34 and fluorenones. 35 Among the organic redox active materials 

(ORAMs) families indicated above, many of them present redox processing at negative potentials. 

To increase the availability of catholyte materials, there have been some efforts in the computation 

community to search for candidate molecules with positive redox potentials. While these examples 

have been promising in replacing rare earth metals in RFB systems, most of them only test 

electrolytes with active materials concentration at or below 0.5M, which is still not enough for 

improved energy density. In fact, it is known that the solubility of these organic groups is limited 

in water or aqueous systems. This prompted the shift towards all organic, non-aqueous RFBs. 5 

The use of organic electrolytes will also allow for wider voltage ranges and increase the available 

design space of organic molecules that can be implemented for these energy storage systems.  

As shown in Chapter 3 deep eutectic solvents are a new class of materials which have 

shown great potential in electrochemical applications. These solvents have also already been 

shown to be candidate in RFB systems as replacement for conventional organic electrolytes such 

as acetonitrile and propylene carbonate, which are generally toxic or flammable. In this regard, 

DESs have an advantage as possible candidate solvents as they are generally composed of 

inexpensive and widely available materials which are frequently biodegradable and non-

hazardous.36 In recent years, several studies have reported the use of DES as electrolytes in RFBs, 

however, the majority of them rely on metallic active species, including the use of choline chloride 

ethylene glycol -based DES as the electrolyte for an all copper RFB or in a zinc/cerium RFB. 37 In 

the last few years, there’s also been examples of organic active materials being coupled with DES. 

Currently, systems have been focused on the use of TEMPO and its functionalization, quinones 
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and anthraquinones, but these systems generally tested either low concentrations of active species 

(≤ 10𝑚𝑀) or included water in their electrolyte.23,38,39  

In this chapter the focus will be to integrate several organic redox active materials into deep 

eutectic solvents. To do so, two strategies were evaluated. First is the formation of a ternary system 

in which the active material is simply added to a deep eutectic solvent. Alternatively, given the 

large chemical variety that these organic molecules can achieve it might be possible to use these 

materials as the HBD of DES. In fact, several of the commercially available ORAM already 

present hydrogen bonding capabilities. In either case, different considerations needed to be 

addressed. First, the active species needs to be soluble in the DES electrolyte in both its reduced 

and oxidized state. For the case of binary system, both states of the molecule need to form a low 

melting eutectic with the QAS component. Second, the concentration of the active materials should 

be high (> 1.0 𝑀). Finally, the addition or use of the ORAM in the DES should not hinder the 

conductivity, viscosity, and melting point of the electrolytes. Due to grant end date, the majority 

of the work presented in this Chapter will only include some preliminary results, but suggestions 

for future directions will be provided. 

4.2 MATERIALS AND METHODS 

4.2.1 Chemicals 

To prepare the base deep eutectic solvents, the following materials were used. Choline 

Chloride (ChCl) (99%) was obtained from Acros Organics (Fair Lawn, NJ). Ethylammonium 

chloride (≥ 98%) , 2-hydroxyethylammonium chloride, Acetylcholine Chloride (AcChCl) (≥ 

99%) were purchased from Millipore Sigma (Burlington, MA). All QASs were dried under 

vacuum for 24hr upon receipt and were then stored inside an airtight desiccator to prevent 
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significant water uptake.  4-Amino-4H-1,2,4-triazole (99%) was also purchased from Millipore 

Sigma (Burlington, MA). Ethylene Glycol (Certified) was purchased from Fisher Scientific 

(Hampton, NH). Urea (Ultrapure) was purchased from Thermo Scientific (Hampton, NH). These 

were all used as received and required no further processing. 

The selected organic redox active molecules were as follows. 4-hydroxy-TEMPO (97%), 

1,2-diaminoanthraquinone (≥ 100%), 2-hydroxy-1,4-napthoquinone (97%), 9-fluorenone 

(98%) were all purchased from Millipore Sigma (Burlington, MA). 9-fluorenone-1-carboxylic 

acid (> 98%), 9-fluorenone-1-carboxylic acid (98%), 9-fluorenone-2-carboxylic acid (> 96%), 

and Anthraquinone-2-carboxylic acid (> 99%) were al purchased from TCI (Tokyo, Japan). All 

materials were used as received and required no further processing.  

I want to note that throughout this chapter the following short-hand notation for the 

chemicals used may be implemented. ChCl: choline chloride; AcChCl: acetylcholine chloride; 

EAC: ethylammonium chloride; 2HEAC: 2-hydroxyethylammonium chloride; EG: ethylene 

glycol; 4AT: 4-amino-1,2,4-triazole; 4HOT: 4-hydroxy TEMPO; 2H14NQ: 2-hydroxy-1,4-

naphtoquinone; 12DAQ: 1,2-diaminoantraquinone; 9FL: 9-fluorenone; 9FLnCA: 9-fluorenone-n-

carboxylic acid.  

4.2.2 Sample Preparation 

For ternary mixtures, corresponding to a base deep eutectic solvent with the addition of an 

ORAM, the organic compounds were added after a homogeneous solution was obtained between 

the DES components. In this case, the deep eutectic solvents were synthesized following the 

traditional experimental procedure mentioned in the introduction of Chapter 3. The selection of 

the based DES to use for this preliminary study was based on the experimental campaign described 

in Chapter 3, by looking at those combinations of materials that achieved the highest ionic 
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conductivity and widest potential window. The selected DES were the following: choline chloride 

and ethylene glycol at a 1:2 ratio, respectively. This is also known in literature as ethaline and can 

also be used to connect the results of this study to the broader collection of published DES. Next, 

acetylcholine chloride was mixed with ethylene glycol at 1:2 and a 1:4 ratio, respectively. Finally, 

acetylcholine chloride was also tested in combination with 4-amino-1,2,4-triazole at a 1:2 ratio.  

For binary testing, the high-throughput protocol described in Chapter 3 was used to 

combine a 4-hydroxy tempo with four different quaternary ammonium salts, namely choline 

chloride, acetylcholine chloride, ethylammonium chloride and 2-hydroxyethylammonium 

chloride. These were tested at 6 different mole fractions between the two DES components, Table 

4.1.  The MAP-based protocol was also followed for the samples processing and characterization. 

Table 4.1 Mole fractions tested between 4-hydroxy tempo and the selected quaternary 

ammonium salt for testing binary redox-DES.  

𝑄𝐴𝑆𝑥𝑓 4𝐻𝑂𝑇𝑥𝑓 

0.1 0.9 

0.2 0.8 

0.3 0.7 

0.35 0.65 

0.5 0.5 

0.65 0.35 

4.2.3 Solubility Testing 

The maximum solubility of the active material was obtained spectroscopically through UV-

Vis spectroscopy as all the organic molecules tested are colored. To do so, a stock solution of 

known concentration was prepared for each combination of DES and ORAM tested. Table 4.2 

summarizes the concentration used for each stock. Only the ethylene glycol-based DES were tested 

for maximum solubility due to high-viscosities of the 4AT-based one.  
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Table 4.2 Table of stock concentration for each ORAM tested for maximum solubility in the 

ethylene glycol-based DES. The dilution factor was used to create a series of 5 sequential 

dilution for each stock. 

ORAM Stock Concentration [mM] Dilution Factor 

4HOT 100 3 

12DAQ 2.5 5 

2H14NQ 10 3 

9FL 10 3 

9F4CA 10 3 

To obtain a calibration curve relating the concentration to the sample’s peak absorbance, the 

procedure described in Chapter 2.2.1 was followed. The maximum solubility was tested by adding 

the organic active molecule to 1mL of DES in a 1.5mL centrifuge tube along with a stir bar. These 

were stirred overnight on a stir plate and later placed in an over at 65 ℃ for 6-8 hours to ensure 

that the maximum solubility was achieved. If all the ORAM added completely dissolved, 

additional one was added, and the processing of the samples repeated. This protocol was followed 

for all combinations of ORAM and DES tested for ternary mixtures. Next, the samples were 

centrifuged for 10 minutes. The supernatant was then tested spectroscopically, and the maximum 

achieved concentration was obtained using the calibration curve previously obtained. The 

supernatant was also diluted to a factor of 10 and 100 to avoid overwhelming of the UV-Vis 

detector. 

4.3 PRELIMINARY RESULTS & DISCUSSION 

4.3.1 Solubility of ORAM in Select DES 

The solubility of the redox active species dissolved in electrolytes is among the most 

important properties to achieve the best battery performance. In fact, this quantity will dictate the 

achievable energy density of the RFB. First, the active materials were tested at concentrations of 
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100𝑚𝑀 in all four selected DES. These were again ChCl:EG (1:2), AcChCl:EG (1:2), AcChCl:EG 

(1:4), and AcChCl:4AT (1:2).  Figure 4.2 shows a qualitative comparison of the samples prepared. 

All formed a homogeneous mixture with the addition of the organic molecules and no change in 

the DES melting point or physical state was noticed. This is promising for the use of these solvents 

in combination with organic active materials. It is notable that the 9-fluorenone-4 carboxylic acid 

was only fully solubilized in the acetylcholine chloride at a 1:2 ratio between ethylene glycol and 

4-amino-1,2,4-triaole. The remaining DES tested with 9F4CA remained cloudy and the crystal 

eventually precipitated out.  Furthermore, other functionalized fluorenone molecules, namely 9-

fluorenone-1-carboxylic acid, 9-fluorenone-4-carboxylic acid, as well as anthraquinone-2-

carboxilic acid, were also tested in AcChCl:EG (1:2) DES at 100𝑚𝑀, but none of these molecules 

were able to be dissolved in the selected solvent. These differences seem to be based on where the 

functionalization is placed on the fluorenone backbone and prompt further tests.  

 

Figure 4.2 0.1𝑀 solutions of the tested organic redox active molecules in the four DES tested. 

Diamon) ChCl:EG (1:2), Square) AcChCl:EG (1:2), Cross) AcChCl:EG (1:4), Triangle) 

AcChCl:4AT (1:2).  
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Since 4-hydroxy TEMPO has a high solubility in aqueous systems, about 2.1M, it was also 

tested at 0.5M and 1.0M in the three-ethylene glycol-based DES.22 All three were able to fully 

solubilize the organic compound and formed uniform mixtures, Figure 4.3 shows the samples at 

1𝑀. However, after approximately 2 days, the samples using choline chloride as its quaternary 

ammonium salt shows crystals in solution (see inset in Figure 4.3). A similar behavior was 

previously noted by Gurkan et al, where recrystallization was due to localized areas of higher 

concentration of choline chloride in the samples that cause the salt to re-crystalize.40 In this case, 

since 4HOT is a small stable radical with hydrogen bonding capabilities, we hypothesize that it is 

able to be included in the complex hydrogen bonding network formed between the hydrogen 

bonding species and the quaternary ammonium salt. In this case, for higher concentration of the 

organic molecule it is possible that is creating areas on heterogeneity and forcing choline chloride 

to crash out. However, if the sample is placed on a hot plate in mild temperatures, ~40 ℃, the 

crystals resolubilized and the samples becomes homogeneous again. This could be a confirmation 

of the behavior previously noted.  

 

Figure 4.3 1𝑀solution of 4-hydroxy tempo in acetylcholine chloride: ethylene glycol (1:4) (left), 

acetylcholine chloride: ethylene glycol (1:2) (center) and choline chloride: ethylene glycol (1:2) 

(left). The onset highlights the presence of choline crystals in the samples. This photo was taken 

3-months after the samples were originally prepared. 
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Additionally, it is noted that the photo depicting the samples in Figure 4.3 was taken after 3 months 

of the sample preparation. The acetylcholine chloride-based sample remained liquid and uniform, 

and the choline chloride-based sample did not fully solidify. This behavior shows promise for the 

use for the use of 4-hydroxy TEMPO in DES as a battery electrolyte.  

Once again, the maximum solubility of the ORAM was tested for the ethylene glycol-based 

DES. In this case, as a comparison, the organic molecules were also dissolved in water and 

0.5 𝑀 𝑁𝑎𝐶𝑙𝑎𝑞. Figure 4.4 shows a qualitative comparison of the samples made using 4-HOT in 

water (B) and DES (A, C, D). In this case the sample water was not at its maximum solubility, and 

it is used for qualitative comparison. Once again, at these higher concentrations, the deep eutectic 

solvents show sign of recrystallization which is complete for the case of choline chloride (A) and 

only partial for the acetylcholine chloride (C, D). This is not surprising based on the behavior 

previously seen for the samples at 1𝑀. Again, after applying mild heating to the samples, a clear 

and uniform mixture is seen.  

 
On the other hand, Figure 4.5 show a comparison of the maximum solubility of 1,2-

diaminoanthraquinone, 9-fluorenone, and 2-hydroxy-1,2-naphtaquinone. In all three panels of 

Figure 4.4 Maximum solubility of 4-hydroxy tempo in A) choline chloride: ethylene glycol (1:2), 

B) water, C) acetylcholine chloride: ethylene glycol (1:2) and D) acetylcholine chloride: ethylene 

glycol (1:4). Note that the sample in water was not at its maximum solubility and it is used for 

qualitative comparison. 



 98 

Figure 4.5, the tube on the left represents samples dissolved in choline chloride: ethylene glycol 

(1:2), while the right tube the solvent is water. In this case, all these organic molecules are known 

to be poor soluble (≤ 0.1 𝑚𝑀) or completely insoluble in water. These organic species are 

significantly more soluble in these aprotic systems compared to aqueous ones. In this case, no 

samples showed signs of recrystallization. This could be due to the significantly large size of these 

organic molecules compared to the TEMPO-based one.  

 
As mentioned previously, the maximum solubility was also quantified using UV-Vis 

spectroscopy and a calibration curve obtained using stock of known species concentration and 

their relative peak absorbance (see section 2.2.1). Figure 4.6 shows an example of absorption 

spectra and corresponding calibration curve for the 4-hydroxy TEMPO in AcChCl:EG at a 1:4 

ratio. The maximum solubility obtained for all combinations of materials tested can be found in 

Table 4.3. As expected, the data follows the same trends from the qualitative assessment of the 

samples noted previously. 

Figure 4.5 Maximum solubility of Left) 1,2-diaminoanthraquinone in DES and water, Center) 9-

fluorenone in DES and water, Right) 2-hydroxy-1,2-naphtaquinone in DES and water. In all three 

panels, the tube on the left represents samples dissolved in choline chloride: ethylene glycol (1:2), 

while the right tube the solvent is water.  
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Table 4.3 Table summarizing the maximum solubilities recorded for the tested organic redox 

active molecules in the 3 ethylene glycol-base DES. The maximum solubility was obtained 

spectroscopically.  

ORAM DES Maximum Solubility [𝑀] 

4HOT 

ChCl:EG (1:2) 3.2 

AcChCl:EG (1:2) 2.4 

AcChCl:EG (1:4) 4.2 

12DAQ 

ChCl:EG (1:2) 0.041 

AcChCl:EG (1:2) 0.030 

AcChCl:EG (1:4) 0.018 

2H14NQ 

ChCl:EG (1:2) 0.47 

AcChCl:EG (1:2) 0.31 

AcChCl:EG (1:4) 0.18 

9FL 

ChCl:EG (1:2) 0.071 

AcChCl:EG (1:2) 0.078 

AcChCl:EG (1:4) 0.10 

9F4CA 

ChCl:EG (1:2) 0.044 

AcChCl:EG (1:2) 0.078 

AcChCl:EG (1:4) 0.02 

Figure 4.6 Example Uv-Vis absorption spectra for the determination of the maximum solubility 

of 4HOT in AcChCl:EG at a 1:4 ratio (Left) and resulting spectroscopic calibration curve (Right) 

obtained using Beer’s Law. 
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While the concentration of organic species in solution tends to be lower than 1𝑀, besides for the 

case of 4HOT, the data shows how these deep eutectic solvents can solubilize these bulky organic 

molecules much better than aqueous electrolytes. It might be possible to make use of additives to 

increase the concentration of these species in DES. However, given the large design space that 

these solvents belong to, it is also possible that certain combinations of hydrogen bond donors and 

quaternary ammonium salts could lead to increased solubilization of organic molecules. 

These preliminary results on the solubility of organic redox active molecules show great 

promise for this class of materials in combination with these novel designer solvents. 

Unfortunately, no comparison with literature values can be made as these combinations of 

materials have not been studied. Further studies are also needed to better understand what 

molecular properties can lead to higher concentration of organic active species in these solvents.  

4.3.2 Electrochemical Characterization 

Given the target application for these materials, the electrochemical properties of the 

ORAM tested were characterized using the high-throughput protocol described in Chapter 3, as 

well as the same parameters unless otherwise noted. The tests were all performed at room 

temperature, ~ 20℃ . Once again, the ionic conductivity was obtained by electrochemical 

impedance spectroscopy. Using the screen-printed electrode system.  Figure 4.7 Left shows the 

result of the conductivity measurement for all the samples at 0.1𝑀 concentration of organic 

molecules. The addition of salt does not cause significant change in the sample’s ionic 

conductivity. The value for the neat DES is noted on the graph (left-most markers). On the other 

hand, a more significant change in conductivity can be noted in Figure 4.7 Right. In this case, as 

more 4-hydroxy TEMPO is added, the conductivity of the sample starts to significantly decrease.  
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This could be due to participation of the stable radical molecule in the hydrogen bonding network, 

further decreasing the species mobility. Further qualitative inspection of the samples at higher 

ORAM concentration, it is noted a higher viscosity for the 1𝑀 sample compared to the 0.1𝑀one. 

This is in line with the hypothesis just formulated. However, rheological studies could be used to 

quantitatively compare the physical change of the samples. However, it is possible to just use ionic 

conductivity as a proxy for the reduced species mobility. 

The electrochemical characterization also involved the use of cyclic voltammetry to probe 

the redox processes of these organic molecules. At first, the CV scans were run at reduced potential 

window in the region in which these molecules showed signs of redox activity. First, the samples 

at the smaller concentration will be discussed. The two fluorenone-based shows irreversible redox 

processes at negative potentials, Figure 4.8. In fact, there is only the presence of a feature in the 

reverse scan, but none is observed on the forward scan for both systems in combination with all 

the DES tested. 

Figure 4.7 Ionic conductivity extracted using electrochemical impedance spectroscopy. Left) 

Conductivity of the neat DES and the ORAM dissolved at 0.1 𝑀 in DESs. Right) Conductivity of 

4-Hot tempo at 0.1𝑀, 0.5𝑀 and 1𝑀in DESs  
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On the other hand, Figure 4.9 shows reversible redox processes for 2H14NQ, 12DAQ, and 

4HOT, respectively. It is possible to observe the presence of two features, one on the reverse and 

one of the forward scans. Small variation in peak position can be noted for all organic molecules 

depending on the solvent used. However, the mid-point between the CV features is relatively 

constant in position, indicating that the redox species are undergoing the same electrochemical 

process in all three DES solvents tested.  

 

The differences between the peak broadness and position potentially indicate differences in species 

mobility in the solvents tested. In these aprotic solvents, the organic species are most likely 

undergoing electron transfer reaction involving the formation of radicals. These are possible thanks 

to charge delocalization of over the cyclic, conjugated pi systems. 41 In fact, all the organic redox 

active molecules tested present cyclical structures which enable this delocalization of charges. This 

Figure 4.8 Cyclic voltammograms showing irreversible redox processes at negative potentials for 

9FL and 9F4CA, respectively. Measurements were run at 100mV/s, for 5 cycles.  

Figure 4.9 Cyclic voltammograms showing reversible redox processes for 2H14NQ, 12DAQ, and 

4HOT, respectively. Measurements were run at 100mV/s, for 5 cycles.  
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behavior was also noted by Ghahremani et a., in which they provide a perspective for the use of 

these DES as electrolytes. 42 

To confirm possible diffusion limitation of the active species it is possible to conduct different 

simple CV measurements at different scan rates and compare the relative position and peak of the 

CV features. This will be part of the future steps of this study and therefore not included in this 

current report. 

 

Finally, Figure 4.10 shows the resulting cyclic voltammograms ran on the 4-hydroxy 

TEMPO samples at higher concentrations (increasing from left to right) and with wider potentials 

windows. Again, the electrochemical characterization was run at room temperature. When running 

the CV scan at a wider window, the samples at 0.1𝑀  molar shows signs of two distinct redox 

processes. This behavior was previously observed by Chen et al. in a 50𝑚𝑀  TEMPO in ethaline. 

38 Even though the system studied in this work is a hydroxy-functionalized TEMPO radical, the 

organic molecules is undergoing the same redox processes of oxidation into an aminoxyl anion 

and a reduction to an oxoammonium species. 38 The samples at higher concentration of the organic 

molecules show clear sign of species mobility limitations. In fact, the features in the 

voltammogram become broad and the two-electron transfer feature eventually merge into one. 

Since the window was extended to potential above 1.1𝑉, contribution from the upper limit of the 

Figure 4.10 Cyclic voltammograms of the 4-hydroxy TEMPO at different concentrations.  Left) 

0.1𝑀; Center) 0.5𝑀; Right) 1𝑀. Measurements were run at room temperature (~ 20 ℃ ) with a 

scan rate of 100mV/s, for a total of 5 cycles. 
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electrolyte stability starts also to appear. This once again corresponds to changes in oxidation states 

of the halide anion composing the quaternary ammonium salt, in this case 𝐶𝑙−.   

4.3.3 MAP-based Protocol Testing using 4-Hydroxy TEMPO 

The protocol described in Chapter 3 was used to synthesize combinations of four different 

quaternary ammonium salts and the 4-hydroxy TEMPO organic molecules. In fact, given the small 

size, the hydrogen bonding site present in the molecule and its radical state were all promising 

feature for possible formation of binary DES samples.  Out of 24 total samples prepared, only one 

of them, namely the acetylcholine choline chloride and 4-hydroxy TEMPO at a 2:1 ratio was found 

liquid at room temperature, Figure 4.11. This sample has a calculated concentration of active 

material of about 2.6 𝑀, which is very promising.  

 

The remaining samples were found in the solid phase. However, the majority formed uniform 

phases. The samples using 2-hydroxyethylammonium chloride as their quaternary ammonium salt 

showed non-homogenous phases.  

The onset of melting for all molar ratios tested between 4-hydroxy TEMPO and 

acetylcholine chloride were obtained using the PhasIR system and the experimental 

characterization was run in a glove box to reduce water uptake from the samples. Again, the 

Figure 4.11 Samples corresponding to acetylcholine choline chloride and 4-hydroxy TEMPO at a 

2:1 ratio obtained using the MAP-based protocol.  
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samples were placed in the inert atmosphere for 1 day prior to characterization to allow further 

drying and remove possible residual water from the samples’ preparation. The results of the 

physical characterization can be seen in Figure 4.12 (right). In this case, even though the sample 

at a 2:1 ratio was liquid at room temperature, the eutectic point was closer to a 1:1 ratio. It is also 

noted that all samples show onset of these phase transition behavior above 30℃, indicating that 

most likely some trace water was still trapped in the samples. Nevertheless, a melting point found 

slightly above room temperature should not be a limitation for use of these organic molecules in 

binary DES, as these are mild temperature that can be easily implemented, especially in energy 

storage applications.  

 
Finally, the conductivity of the binary DES found liquid at room temperature was found to 

be 0.64 𝑚𝑆 ∙ 𝑐𝑚−1. The sample was viscous and therefore this low value was not surprising. 

Moreover, Figure 4.12(right) shows the resulting cyclic voltammogram recorded at room 

temperature for the sample. From the lack of any feature displayed in the voltammogram and the 

relatively low currents measured, it is clear that the redox active species have limited mobility. 

This was again not surprising given the high viscosity of the sample and the low ionic conductivity.  

Figure 4.12 Left) Onset of melting for all molar ratios tested between 4-hydroxy TEMPO and 

acetylcholine chloride prepared using the MAP-based protocol. The temperatures were obtained 

using the PhasIR system. Right) Cyclic voltammogram of the 2:1 AcChCl: 4HOT sample found 

liquid at room temperature after processing of samples using the high-throughput protocol.  
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4.4 PROPOSED ELECTROCHEMICAL HARDWARE UPDATES 

Organic redox active molecules show promise as alternatives to inorganic, resource limited 

metals currently used in redox flow batteries. Goeltz et al., have demonstrated the formation of a 

binary Type III DES between methyl viologens and two hydrogen bond donors which was able to 

achieve a 4.2𝑀concentration and was found liquid at 30 ℃.28 While that is a promising example, 

the current protocol implemented for the samples’ characterization in this study, showcased in this 

Chapter and Chapter 3, is limited to room temperatures. It is to note that this is currently an 

artificial limitation posed by the choice of electrochemical cell for the high-throughput workflow 

developed. The proposed upgrades to the electrochemical set up will allow for increasing the 

throughput and automation of the synthesis and characterization of these samples. These additions 

include solutions to probe the electrochemical properties of both base DES, as well as binary and 

ternary redox-DES. Achieving a higher temperature will also aid in reducing the viscosity of the 

samples and hopefully allow for better probing of redox processes.  

The high-throughput protocol described in Chapter 3 has been successful at synthesizing, 

processing, and analyzing several hundred samples in a matter of a month. This outcome would 

not have been possible without the aid of automation platforms and design of new 

labware/hardware solutions. While that is already a success, the use of single-use screen-printed 

electrode systems quickly became the bottleneck of this new synthesis protocol. In fact, even 

though it allows for use of small volumes (approximately 200 𝜇𝐿 per sample), and the 

characterization can be completed in less than 10 min per sample, it still requires manual changing 

of the sample and electrode cell. Finding a platform that can allow the parallel measurement of 

several samples would further increase the throughput capabilities of the workflow and reduce the 

time-intensive manual steps required by the researcher. The manufacturer of the screen-printed 
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electrodes, Metrohm (Herisau, Switzerland) offers a well-plate version of these 3-electrodes cells, 

the CONNECTYOR96X. A simplified schematic can be seen in Figure 4.13. In fact, the connector 

can be directly interfaced using a small RaspberryPi system, SYNCONN96X provided by the 

manufacturer, which requires a simple voltage signal to turn on and off the connection with each 

cell-well in the plate. This would allow the serialization of the measurements for up to 96 samples, 

removing the human intervention from this step of the workflow. 

 

The implementation of the CONNECTOR96X will aid in further speeding up the sample 

characterization, but not vary the physical conditions of the test itself. In fact, there is a need to 

test the electrochemical properties of both DES electrolytes, studied in Chapter 3, and organic 

active materials at higher temperatures. Unfortunately, there are no simple and cost-effective 

solutions for this characterization that are commercially available and allow for integration for 

high-throughput protocols. However, there are viable solutions that can be designed and fabricated 

in-house. For example, it would be possible to make use of the screen-printed electrodes and create 

a support to heat them while the electrochemical measurements are underway. For this application, 

Figure 4.13 Example schematics of CONNECTOR96X from Metrohm USA for high-throughput 

electrochemical screening. Limitations of this system are current compatibility issues with the 

Gamry Potentiostat and room temperature operations. 



 108 

a copper tube and a variable-transformer controlled heating tape could be used to form a hot 

enclosure for the electrode cell. Concerns and limitations for this solution include non-uniform 

sample placement over the electrodes throughout the heating process and possible material 

incompatibility with the support of the electrochemical cell. An alternative design would be to use 

a dip version of the screen-printed electrodes. This design is already provided by the  manufacturer 

and would not require further work on the cell prior to implementation. Furthermore, this could be 

combined with a well-plate heated block that can host the samples contained in glass vials instead. 

This solution could also be combined with a thermocouple probe to track possible temperature 

fluctuations throughout the sample measurement. A 3D printed case for the temperature and 

electrochemical probe can be easily designed and fabricated, which would allow for consistent 

placement of the measurement sets. This would also enable its application in the open-source and 

hardware Jubilee platform, discussed in Chapter 5 and 6, for further automation of this 

characterization step. A possible limitation to this design is the requirement for higher volumes of 

samples due to the size of the electrode cell and the opening of the glass vials.  

 All the modifications indicated are relatively small in cost and size. This latter property can 

also allow for the integration of these systems into a glove box for property characterization under 

dry and inert environments. As DES contain hygroscopic components, this solution would be 

beneficial to truly probe the electrolyte properties without any water uptake. This will become 

necessary for testing the stability of pure DES and redox-DES at longer cycling protocols.  

4.5 CONCLUSIONS 

The preliminary results shown in this chapter show a promising avenue for the use of DES 

as solvents for novel organic redox molecules. Aside from a very few species, mainly TEMPO and 

its derivatives, as well as methyl viologens, these organic compounds are generally poorly soluble 
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or completely insoluble in aqueous systems. Deep eutectic solvents are promising alternative for 

use as non-aqueous electrolytes and display ‘greener’ qualities and are safer alternatives to current 

organic solvents. Therefore, DES as electrolytes in RFBs is a promising area of research that has 

the potential to improve the performance and sustainability of energy storage systems. However, 

more research is needed to further understand and optimize the properties of DES-based RFBs. 

In this Thesis, only a handful of ORAMs have been tested as proof of concept. However, 

most of them showed redox activity at negative potentials and only one resulted in a positive 

regime. The list of candidates can be easily expanded to include a broader variety of chemical 

structures, functionalization, and redox activity. These can include viologens, quinones, 

hydroquinones, and benzoquinones to name a few. A study from Er et al. has indicated several 

quinones and derivatives which show potential use as anolytes.43 This study can be referenced 

during the selection on new ORAM to test. While limited, new molecules can also be chosen based 

on literature examples as a matter of comparison for the results obtained with this semi-automated 

protocol.  

4.6 REFERENCES 

1. Renewable Capacity Highlights. (2019). 

2. Alotto, P., Guarnieri, M. & Moro, F. Redox flow batteries for the storage of renewable 

energy: A review. Renewable and Sustainable Energy Reviews 29, 325–335 (2014). 

3. Dunn, B., Kamath, H. & Tarascon, J. M. Electrical energy storage for the grid: A battery 

of choices. Science (1979) 334, 928–935 (2011). 

4. Weber, A. Z. et al. Redox flow batteries: A review. J Appl Electrochem 41, 1137–1164 

(2011). 

5. Winsberg, J., Hagemann, T., Janoschka, T., Hager, M. D. & Schubert, U. S. Redox-Flow 

Batteries: From Metals to Organic Redox-Active Materials. Angewandte Chemie - 

International Edition 56, 686–711 (2017). 

6. Chalamala, B. R. et al. Redox flow batteries: An engineering perspective. Proceedings of 

the IEEE 102, 976–999 (2014). 



 110 

7. Chakrabarti, M. H., Dryfe, R. A. W. & Roberts, E. P. L. Evaluation of electrolytes for 

redox flow battery applications. Electrochim Acta 52, 2189–2195 (2007). 

8. Wang, W. et al. Recent Progress in Redox Flow Battery Research and Development. Adv 

Funct Mater 23, 970–986 (2013). 

9. Yang, Z. et al. Electrochemical energy storage for green grid. Chem Rev 111, 3577–3613 

(2011). 

10. Tang, L. et al. Capital cost evaluation of conventional and emerging redox flow batteries 

for grid storage applications. Electrochim Acta 437, (2023). 

11. Wei, X. et al. Materials and Systems for Organic Redox Flow Batteries: Status and 

Challenges. (2017) doi:10.1021/acsenergylett.7b00650. 

12. Darling, R. M., Gallagher, K. G., Kowalski, J. A., Ha, S. & Brushett, F. R. Pathways to 

low-cost electrochemical energy storage: A comparison of aqueous and nonaqueous flow 

batteries. Energy Environ Sci 7, 3459–3477 (2014). 

13. Dmello, R., Milshtein, J. D., Brushett, F. R. & Smith, K. C. Cost-driven materials 

selection criteria for redox flow battery electrolytes. J Power Sources 330, 261–272 

(2016). 

14. Er, S., Suh, C., Marshak, M. P. & Aspuru-Guzik, A. Computational design of molecules 

for an all-quinone redox flow battery. Chem Sci 6, 885–893 (2015). 

15. Likit-Anurak, K., Uthaichana, K., Punyawudho, K. & Khunatorn, Y. The Performance 

and Efficiency of Organic Electrolyte Redox Flow Battery Prototype. Energy Procedia 

118, 54–62 (2017). 

16. Winsberg, J. et al. TEMPO/Phenazine Combi-Molecule: A Redox-Active Material for 

Symmetric Aqueous Redox-Flow Batteries. ACS Energy Lett 1, 976–980 (2016). 

17. Tang, Y. et al. Organic Electroactive Molecule-Based Electrolytes for Redox Flow 

Batteries: Status and Challenges of Molecular Design. Frontiers in Chemistry | 

www.frontiersin.org 1, 451 (2020). 

18. Xing, X. et al. A nonaqueous all organic semisolid flow battery. Chemical 

Communications 55, 14214–14217 (2019). 

19. Liu, T., Wei, X., Nie, Z., Sprenkle, V. & Wang, W. A Total Organic Aqueous Redox 

Flow Battery Employing a Low Cost and Sustainable Methyl Viologen Anolyte and 4-

HO-TEMPO Catholyte. Adv Energy Mater 6, (2016). 

20. Turcanu, A. & Bechtold, T. PH Dependent redox behaviour of Alizarin Red S (1,2-

dihydroxy-9,10- anthraquinone-3-sulfonate) - Cyclic voltammetry in presence of 

dispersed vat dye. Dyes and Pigments 91, 324–331 (2011). 

21. Hu, B., Hu, M., Luo, J. & Liu, T. L. A Stable, Low Permeable TEMPO Catholyte for 

Aqueous Total Organic Redox Flow Batteries. (2021) doi:10.1002/aenm.202102577. 

22. Zhou, W. et al. Fundamental properties of TEMPO-based catholytes for aqueous redox 

flow batteries: effects of substituent groups and electrolytes on electrochemical properties, 

solubilities and battery performance †. (2020) doi:10.1039/d0ra03424j. 



 111 

23. Goeltz, J. C. & Carter, J. M. Finding balance with deep eutectic solvents: High 

concentrations and improved conductivities for the off-the-shelf nitroxide TEMPOL. J 

Mol Liq 338, (2021). 

24. Liu, T., Wei, X., Nie, Z., Sprenkle, V. & Wang, W. A Total Organic Aqueous Redox 

Flow Battery Employing a Low Cost and Sustainable Methyl Viologen Anolyte and 4-

HO-TEMPO Catholyte. Adv Energy Mater 6, (2016). 

25. DeBruler, C. et al. Designer Two-Electron Storage Viologen Anolyte Materials for 

Neutral Aqueous Organic Redox Flow Batteries. Chem 3, 961–978 (2017). 

26. Hu, B., DeBruler, C., Rhodes, Z. & Liu, T. L. Long-Cycling Aqueous Organic Redox 

Flow Battery (AORFB) toward Sustainable and Safe Energy Storage. J Am Chem Soc 

139, 1207–1214 (2017). 

27. Luo, J. et al. Unprecedented Capacity and Stability of Ammonium Ferrocyanide Catholyte 

in pH Neutral Aqueous Redox Flow Batteries. Joule 3, 149–163 (2019). 

28. Goeltz, J. C. & Matsushima, L. N. Metal-free redox active deep eutectic solvents †. Chem. 

Commun 53, 9983 (2017). 

29. Ji, Y. et al. A Phosphonate-Functionalized Quinone Redox Flow Battery at Near-Neutral 

pH with Record Capacity Retention Rate. Advanced Science News 1–17 (2019) 

doi:10.1002/aenm.201900039. 

30. Hu, B., Luo, J., Hu, M., Yuan, B. & Liu, T. L. A pH-Neutral, Metal-Free Aqueous 

Organic Redox Flow Battery Employing an Ammonium Anthraquinone Anolyte. 

Angewandte Chemie - International Edition 58, 16629–16636 (2019). 

31. Huskinson, B. et al. A metal-free organic-inorganic aqueous flow battery. Nature 505, 

(2014). 

32. Romadina, E. I., Akkuratov, A. v., Simoska, O. & Stevenson, K. J. Phenazine-Based 

Compound as a Universal Water-Soluble Anolyte Material for the Redox Flow Batteries. 

Batteries 8, (2022). 

33. Zhang, C. et al. Phenothiazine-Based Organic Catholyte for High-Capacity and Long-Life 

Aqueous Redox Flow Batteries. Advanced Materials 31, 1–8 (2019). 

34. Medabalmi, V., Sundararajan, M., Singh, V., Baik, M.-H. & Byon, H. R. Naphthalene 

diimide as a two-electron anolyte for aqueous and neutral pH redox flow batteries †. J 

Mater Chem A Mater 8, 11218–11223 (2020). 

35. Feng, R. et al. Reversible ketone hydrogenation and dehydrogenation for aqueous organic 

redox flow batteries. Science (1979) 372, 836–840 (2021). 

36. Cruz, H., Jordão, N. & Branco, L. C. Deep eutectic solvents (DESs) as low-cost and green 

electrolytes for electrochromic devices. Green Chemistry 19, 1653–1658 (2017). 

37. Ji, Y. et al. Recent research progress of redox flow batteries based on deep eutectic 

solvents (DESs). Int J Green Energy (2022) doi:10.1080/15435075.2022.2079949. 

38. Chen, B. et al. Feasibility of TEMPO-functionalized imidazolium, ammonium and 

pyridinium salts as redox-active carriers in ethaline deep eutectic solvent for energy 

storage. Mol Syst Des Eng 5, 1147–1157 (2020). 



 112 

39. Zhang, C., Zhang, L., Ding, Y., Guo, X. & Yu, G. Eutectic Electrolytes for High-Energy-

Density Redox Flow Batteries. ACS Energy Lett (2018) 

doi:10.1021/acsenergylett.8b01899. 

40. Gurkan, B., Squire, H. & Pentzer, E. Metal-Free Deep Eutectic Solvents: Preparation, 

Physical Properties, and Significance. J. Phys. Chem. Lett 10, 26 (2019). 

41. Smith, D. K. Exploring the Role of H-Bonding in Organic Electrochemistry – From 

Supramolecular Applications to Mechanistic Investigations. Chemical Record vol. 21 

2488–2501 Preprint at https://doi.org/10.1002/tcr.202100186 (2021). 

42. Ghahremani, R., Savinell, R. F. & Gurkan, B. Perspective-Hydrogen Bonded 

Concentrated Electrolytes for Redox Flow Batteries: Limitations and Prospects. J 

Electrochem Soc 169, (2022). 

43. Er, S., Suh, C., Marshak, M. P. & Aspuru-Guzik, A. Computational design of molecules 

for an all-quinone redox flow battery. Chem Sci 6, 885–893 (2015). 

  



 113 

Chapter 5. HIGH-THROUGHPUT WORKFLOW FOR THE 

SYNTHESIS OF CDSE NANOCRYSTALS USING A 

SONOCHEMICAL MATERIALS ACCELERATION 

PLATFORM 

This chapter contains work from the following publication and the author would like to 

acknowledge the contributions of the coauthors: 

Politi, M., Baum, F., Vaddi, K., Antonio, E., Vasquez, J., Bishop, B., Peek, N. Holmberg, V. & 

Pozzo, L. D. High-throughput Workflow for the Synthesis of CdSe Nanocrystals Using a 

Sonochemical Materials Acceleration Platform. Digital Discovery, 2023, Advance Article. DOI: 

https://doi.org/10.1039/D3DD00033H  

5.1 INTRODUCTION.  

Quantum dots (QDs) are materials with great scientific and technological interest, with 

applications in solar cells,1 light-emitting diodes (LEDs),2 biofluorescence tagging,3 sensors4 and 

recently in neuromorphic hardware.5 They consist of semiconductor nanoparticles with size below 

the exciton Bohr radius. Their remarkable optical and electronic properties arise from quantum 

confinement effect, which is strongly dependent on the QDs size. Among the QDs, there is a 

special class of nanocrystals known as magic-sized clusters (MSCs). These are formed in 

thermodynamic local minimum conditions that favor the growth of species with a precise number 

of atoms (the magic size) instead of the continuous growth towards a large particle. Typically, 

CdSe MSCs show diameters below 2 nm. Their optical characterization presents narrow and sharp 

absorption peaks and broad photoluminescence peaks. These features limit the application of 

MSCs in devices that require color purity but enable them to be used as white-light emitters.6 The 

optical properties of QDs and their subgroup, MSCs, are also strongly dependent on their surface 

functionalization. In this context, one possible method to improve surface passivation is the use of 

ligands through colloidal synthetic routes.7   

https://doi.org/10.1039/D3DD00033H
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The most widely used technique for the synthesis of QDs and MSCs is the hot injection 

method.8 Its protocol includes the precursor solution preparation under inert atmosphere, followed 

by the injection step, which starts the decomposition of the organometallic species, leading to 

nucleation and growth processes. This synthesis usually involves the use of ligands with long 

carbon chains to stabilize the nanoparticle surface. This method presents great versatility and has 

been used to obtain metallic 9, chalcogenides 10, and perovskites nanocrystals 11 with various 

shapes and sizes. The advantage of this method is the relationship between QDs size and the 

reaction time, which can provide great size control. Additionally, the fast nucleation events 

generated in the injection step allows the formation of monodisperse particles.8 However, this 

synthesis route requires high temperatures for precursors decomposition and the use of a Schlenk 

line to ensure an inert atmosphere. Under these conditions, only a single set of experimental 

parameters can be tested per batch, leading to lengthy procedures for exploration or property 

optimization tasks. Furthermore, this method is prone to batch-to-batch variability, as well as 

observational and random errors, leading to inconsistent outcomes for the same set of conditions. 

Sonochemical synthesis is an interesting alternative technique for the fabrication of 

nanostructured materials. It was used to obtain noble metal nanostructures, 12–17 metal oxides, 18,19 

metal sulfides,20–23 and quantum dots.24–26 This technique provides thermal energy to the reaction 

medium through acoustic cavitation: the formation, growth, and implosive collapse of bubbles in 

a liquid due to a perturbation in the form of pressure waves. As the ultrasonic waves travel through 

the solution, it generates cavitation bubbles, which increase in size and decrease in internal 

pressure. Finally, the bubbles reach a point of instability, culminating in their collapse. This 

process generates localized transient regions of extreme conditions in the solution, with 

temperatures around 5,000 K and pressures of 500 atmospheres, with cooling rates as high 
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as 109 ℃ ∙ 𝑆−1. 27–29 Sonochemistry exploits these conditions to decompose the precursors and 

promote chemical reactions, leading to the target compound formation, followed by its nucleation 

and growth into a particle. Among the advantages of sonochemical synthesis, its single pot 

synthetic procedure facilitates the scalability and reproducibility of the experimental design. 

Furthermore, sonochemistry does not necessarily require inert conditions and the synthesis can be 

carried out at room temperature, significantly simplifying its implementation. 

Considering its characteristics, sonochemical synthesis is a perfect match to combine high-

throughput experimentation with low-cost fabrication techniques. Herein, a new workflow 

implementing an affordable liquid handling robot and an open-hardware sonication station is 

presented. The OT-2 Liquid Handling Robot, from Opentrons, is an affordable, open-source tool 

capable of preparing hundreds of precursor solutions to be synthesized and allows for flexible and 

reproducible protocols. The sonication station is based on a flexible tool-changing motion 

platform, called Jubilee, which is integrated with a sonication horn to allow for an array of 

automated sonochemical synthesis experiments. To demonstrate the implementation of these 

automation platforms, we explored how the combination of different experimental parameters 

affect the sonochemical synthesis of CdSe QDs and MSCs. CdSe is one of the most well-studied 

QD systems, with established relationships between optical properties, particle size, and surface 

passivation. Therefore, with simple characterization techniques, such as UV-Vis Extinction 

Spectroscopy and Photoluminescence Spectroscopy we could access information about particle 

shape, particle size, size distribution, particle concentration, surface passivation, and band gap 

energy to name a few.  

In this context, in this Chapter we thoroughly investigate how the concentration of ligands 

(oleic acid and oleylamine) and precursors (cadmium acetate and elemental selenium), influence 
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the properties of the resulting CdSe QDs or MSCs. In our design of experiments (DOE), we 

explored 5 different conditions or 'levels' for these four parameters using a full factorial design 

(54), resulting 625 unique synthetic conditions. The experiments were repeated in triplicate to 

ensure repeatability of the workflow and to assess the reliability of results obtained from each 

campaign. This number of syntheses would be infeasible or extremely costly, both in time and 

resources, to perform using traditional low-throughput synthesis routes such as solvothermal 

methods. Furthermore, the automated workflow allows researchers to carry out experiments with 

sample volumes as small as 0.5 𝑚𝐿 per condition tested, significantly reducing the cost and the 

environmental impact of the experimental process. The UV-Vis extinction and photoluminescence 

spectra were obtained using microplate readers, which allowed fast characterization of up to 96 

samples at a time. Design of experiments, data analysis, and visualization routines were created 

with Python scripts, which facilitated the handling of the large volume of data resulting from 

experimental campaigns.  

 

5.2 MATERIALS AND METHODS 

5.2.1 Chemicals 

Cadmium acetate anhydrous was purchased from Sigma Aldrich (99.995 %), elemental 

selenium pellets (99.99%), trioctylphosphine (97 %), oleic acid (90%, tech grade), oleylamine 

(70%, tech grade), 1-octadecene (90 %, tech grade), n-decane (≤ 100 %), and hexanol ( ≥ 98 %, 

FCC) were obtained from Sigma Aldrich. Ethanol (100 Proof) was purchased from Decon 

Laboratories. All chemicals were used as received.  
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5.2.2 Labware & Robotic Platforms 

All stock solutions were prepared in 20 mL glass scintillation vials, supported in a 

customized 3D printed 12-vial plate. All files required to reproduce any custom labware described 

in this paper can be found in a GitHub repository. 30 All samples were synthesized into NEST 2.2 

mL 96-Well deep well plates, with square wells and U-shaped bottom (Catalog number: 503002). 

The solutions for UV-Vis absorption spectroscopy were prepared into clear, flat-bottom 

FisherbrandTM 96-Well Polystyrene plates (360 µL, 12-565-501). Finally, the solutions for 

photoluminescence spectroscopy were prepared into black, flat-bottom FisherbrandTM 96-Well 

polystyrene plates (360 µL, 12-565-501).  

An Opentrons OT-2 Liquid Handling Robot was used to mix the precursors for all the 

samples, as well as for performing all dilution procedures for measurements. The robot was 

equipped with a single-channel Opentrons P300 GEN2 pipette (20 𝜇𝐿 - 300 𝜇𝐿) and a single-

channel P20 GEN2 pipette ( 2 𝜇𝐿 - 20 𝜇𝐿). The pipette tips were stored on Opentrons 300 𝜇𝐿 tip 

rack and Opentrons 20 𝜇𝐿 tip rack, respectively. To interface with the robotic platform, the 

Opentrons Python API was used to run commands through Jupyter Notebooks. An in-house 

developed open-source software, OT2-DOE, was used to define the design space and communicate 

with the OT-2 Liquid handling Robot.31 The calibration files for the labware used in the 

experimental campaign are also available on the software’s GitHub repository.  

The second robotic platform was implemented for the sonochemical synthesis of the 

samples. The platform, called Sonication Station, is a configurable and open-source laboratory 

automation platform for sonochemical applications, based on the Jubilee motion control system. 

The original Jubilee design presents a modular tool-changing motion platform that accommodates 

user-created tools and beds.32,33  The Sonication Station was assembled with a QSonica Q125 
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sonicator, equipped with a 5/64" (2 mm) sonication probe (#4423). The platform allows for 

automated single-point sonochemical processing of samples, for a maximum of six plates loaded 

on the platform’s deck at a time. The sonication station was interfaced using a Python script and 

the machine’s API. The Sonication Station design and control libraries are open-source and 

available on GitHub.34 More discussion on this platform, specifically in the context of broader 

laboratory automation task is discussed in Chapter 6. 

5.2.3 Stock Solution Preparation 

The stock solutions were prepared under inert conditions in a glovebox due to air and water 

reactivity of trioctylphosphine (TOP). TOP was chosen as the solvent for the metal precursors due 

to the higher solubility of both anhydrous cadmium acetate and elemental selenium in this medium. 

For the chalcogenide precursor solution (0.5 M), 1.729 g of cadmium acetate anhydrous and 15 

mL of TOP were added into a scintillation flask, heated to 125 ℃ and stirred until complete 

dissolution of the salt, usually around 4 hrs. For the selenium precursor solution (1 M), 1.201 g of 

selenium pellets and 15 mL of TOP were added into a scintillation flask and stirred at room 

temperature until complete dissolution, usually 10hrs. Both scintillation flasks were sealed and 

stored for use in the OT-2 robotic platform. All other components, namely oleic acid, oleylamine, 

and 1-octadecene, were used in their pure form and did not require any processing before use.   

5.2.4 Automated Sample Formulation 

The OT-2 Liquid Handling Robot was programmed to formulate different solutions 

containing a given amount of each of the four components under investigation in the square deep-

well 96 well plates. Octadecene was added to the solution to reach a total sample volume of $0.5 

mL$. Each component was tested at five different concentrations (Table 5.1), resulting in 54 =
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625 possible unique conditions. The synthesis was performed in batches of 96 samples in well 

plates, processed sequentially.  

Table 5.1 Concentration values for each parameter used for the sonochemical synthesis of CdSe. 

The design space is composed of every unique combination of each of these parameters, for a 

total of 625 samples. 

Parameter Concentrations [M] 

Cadmium precursor 0 0.025 0.05 0.075 0.1 

Selenium precursor 0 0.025 0.05 0.075 0.1 

Oleic acid 0 0.125 0.25 0.375 0.5 

oleylamine 0 0.125 0.25 0.375 0.5 

 

5.2.5 Sonochemical Synthesis 

After the solutions were prepared by the OT-2 robotic liquid handling platform, the 96 well 

plate was transferred to the Sonication Station. This station, depicted in Figure 5.1, automatically 

sonicated each well in the well plate for 5 minutes, with duty cycle of 0.5, pulse interval of 15s 

(7.5s on/off), with a total time per sample of 10 minutes, using 50% amplitude from the 100W 

source (20kHz). Between the sonication of each sample, the probe underwent a cleaning cycle 

using four hexanol baths and two ethanol baths, each at maximum sonication power for 30s, and 

finally was allowed to dry in air for 1 minute.                                                                                                                                                                                                                                                                                                                                                                     
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5.2.6 Optical and Morphological Characterization      

The UV-Vis extinction spectroscopy was performed on a Biotek Epoch 2, using clear 96 

well plates loaded with the as-synthesized CdSe solutions, diluted in a 1:10 fold with 1-octadecene. 

The measurement was performed from 300 to 700 nm, with a step of 1 nm. The measurements 

were performed 24 hours after the synthetic procedure was complete. For more information on this 

technique, please refer to Chapter 2, section 2.2.1 . 

The photoluminescence spectroscopy was performed on a Biotek Synergy H1, using black 

96 well plate, loaded with the crude CdSe solutions diluted in a 1:100 fold with 1-octadecene. The 

Figure 5.1 Sonication Station components representation. A) Camera tool. This is used to perform 

a calibration step for any labware implemented on the platform. B) Sonication horn tool used to 

process samples. C) Tool changer component. The t-shaped metal component is used to lock and 

secure the selected tool. The Tool changer arm moves in the x, y plane. D) Deck with 6 total slots 

which can house SLAS standard size labware 
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measurement was performed with an excitation wavelength of 325 nm, from 30$ to 700 nm, with 

a reading step of 1 nm. Once again, the measurements were performed 24 hours after the synthetic 

procedure was complete. For more information on this technique, please refer to Chapter 2, section 

2.2.2. 

A subset of the experimental sample space was also reproduced and measured using a Xenocs 

Xeuss 3.0 (Grenoble, France) SAXS instrument. The samples were loaded into 1.5 mm diameter 

Boron-rich capillaries (Charles Supper, 15BG) and measured using WAXS, MAXS and SAXS 

instrumental configurations to cover a broad q-range. The measurement was obtained using a 

copper source and the combined configurations allow to investigate a scattering vector q range 

from 5 ∙ 10−3 to approximately 1 Å−1. In this regime it is possible to obtain information about the 

particle size, polydispersity, and aggregation state after the data is adjusted by subtracting the 

scattering contribution from both the solvent and empty capillary. Absolute scaling was not 

possible due to small variations in the thickness of the sealed capillaries. Samples were run 'as-

synthesized', as well as diluted 4-fold in n-decane to reduce interparticle correlations and to probe 

the dilute-limit form factor 𝑃(𝑞) that is associated to intrinsic particle shape. The data reduction 

and processing were completed using the XSACT software, while the data fitting was completed 

using the open-source McSAS software.35,36 

5.3 RESULTS & DISCUSSION 

The main appeal of using high-throughput platforms for materials synthesis is the speed at 

which large experimental spaces can be investigated. In fact, using the high-throughput synthesis 

and characterization workflow, all the 625 unique samples composing the design space were 

completed (from formulation to data analysis) in less than two weeks. To ensure that both the 

workflow and the experimental conditions were reproducible, the campaign was repeated two 
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more times, for a total of 1875 samples processed. The samples were prepared in a batch fashion, 

using commercially available 96-well plates to sonochemically synthesize the CdSe QDs. The use 

of 96-well ANSI/SLAS standards is convenient, as it is widely commercialized, and also requires 

no further customization of sample holders for characterization techniques in, for example, 

commercial microplate readers.The total time for the synthetic procedure was approximately 30 

hours per plate (96 samples). This short experimental time was possible as most of the lengthier 

processing steps (e.g., the sonication of the samples) were fully automated and required no human 

intervention. On the other hand, even though the conventional hot-injection synthesis protocol is 

a more established synthesis route, it would have been prohibitive to implement for this type of 

experimental study, and the entire campaign ran in triplicates would have taken well more than a 

year to complete. The sonochemical material acceleration platform poses a great advantage 

compared to the traditional hot-injection synthesis route when comparing the required volumes of 

materials required to complete the experimental campaign. Table 5.2 summarizes the total volume 

of each stock solution required to formulate all 1875 samples. These values include excess stock, 

approximately 15% of the required amount for each component, to allow the use of the OT-2 

pipetting robot. Values for the thermochemical route would be at least one order of magnitude 

higher, as its lowest working volume usually amounts to approximately 5𝑚𝐿. Consequently, high-

throughput platforms are generally more cost effective and environmentally friendly (i.e., 

significantly lower waste produced) for the same amount of information extraction. 

Table 5.2 Total volume required for the sonochemical synthesis of all 625 samples in triplicates. 

All values are indicated in mL. Note: The indicated values also include a ≈ 15% added volume 

as buffer for the liquid handling robot platform. 

Component Volume [mL] 

Cadmium Acetate/ TOP [0.5𝑀] 108.0 

Selenium/ TOP [1𝑀] 53.8 

Oleic Acid 84.5 
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Oleylamine 88 

1-Octadecine 742.4 

5.3.1 Effect of Ligands Concentration and Sample Composition on CdSe Size and Optical 

Properties 

To determine the effect of the synthetic conditions on the optical properties of the 

nanocrystals, we measured their absorption and emission spectra. Given the number of dimensions 

of the experimental space and the large amount of data generated the data visualization became a 

challenge. To address this challenge, the spectra were shown in two different groups: one based 

on precursor concentration, and the other was based on the ligand concentration. Even though it 

only allows one to analyze a subset of condition at a time, it still enables the extraction of general 

trends in the synthesis from UV-vis extinction and photoluminescence emission spectra.  Figure 

5.2 shows the UV-Vis absorption spectra for the samples synthesized with different 𝐶𝑑(𝑂𝐴𝑐)2 

and elemental selenium precursor concentrations, at 0 𝑀 and 0.25 𝑀 for oleic acid and olylamine, 

respectively.  
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As expected, when either cadmium or selenium precursors were absent, no optical signature from 

quantum dots was observed (e.g., left-most subplot in Figure 5.2). On the other hand, when both 

precursors are present, for this set of ligands' conditions, the absorption intensity tends to increase 

without variation in the peak number or peak position. This indicates that, at our experimental 

range, cadmium or selenium concentrations and ratio did not have an influence on the particle size, 

but only on the number of particles formed. This trend is in line with previous findings seen by 

Jiang et al.37 Next, to obtain structural insight on the formed nanocrystals, the effective mass 

approximation equation, based on the first peak position in the absorption spectra, was used to 

estimate the particle size.38 Furthermore, the size distribution of the particles was qualitatively 

estimated by the broadness of the absorption peaks, where broad peaks or “shoulders features” 

indicate particles with polydispersity.39 The calculated QDs diameter obtained for all our 

experimental conditions ranged between 1.3 and 2.1 nm. Finally, looking at the shaded areas 

indicating the variation across the three repeats of the experimental procedure, we noticed good 

Figure 5.2 UV-Vis absorption spectra of the CdSe QDs synthesized at varying precursors 

conditions and with oleic acid and oleylamine concentration of 0 M and 0.25 M, respectively. The 

color of the spectra corresponds to different selenium conditions (see legend), whereas the 

concentration of cadmium acetate increases moving from left to right (0 M, 0.025 M, 0.05 M, 

0.075 M, and 0.1 M, respectively). Since the data was collected in triplicates, the shaded area of 

the corresponding color shows the variation of response across the different batches tested. 
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repeatability of the syntheses and little to no variation in the peak position. This confirmed the fact 

that the tested experimental conditions are repeatable, which increases the validity of the results 

obtained. Small differences were only seen for the peak intensity, which could indicate some 

variability in the concentration of the QDs formed. However, these were mainly noticed in those 

samples that did not contain any stabilizing agent. This was expected as ligands not only play an 

important role in making the particles colloidally stable, but they can also be used for tuning the 

nucleation and growth of these nanocrystals.40 However, these fluctuations are still within reason 

(most of them are below 5%) and did not affect the repeatability of the experimental outcomes. 

This once again confirms the great advantage of using an automated workflow for nanocrystals 

synthesis. This level of repeatability on such a large design space would not have been possible to 

complete following the traditional thermochemical route. 

 
As mentioned previously, the data was also grouped with respect to the metal precursors’ 

conditions. Figure 5.3 presents the UV-Vis spectra of the samples with the highest precursor 

concentrations (0.1 𝑀 for both cadmium acetate and elemental selenium). This representation 

Figure 5.3 UV-Vis absorption spectra of the CdSe QDs synthesized at the highest precursor 

concentration (0.1 M for both components) with varying ligands concentration. The color of the 

spectra corresponds to different oleic acid conditions (see legend), whereas the concentration of 

oleylamine increases moving from left to right (0 M, 0.125 M, 0.25 M, 0.375 M, and 0.5 M, 

respectively). Since the data was collected in triplicates, the shaded area of the corresponding color 

shows the variation of response across the different batches tested. 
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allowed us to identify two main trends in the data. The former presents broad peaks or “shoulders” 

at longer wavelengths (≈450 nm) when oleylamine is absent or its concentration is exceeded by 

that of oleic acid. This is related to the formation of regular QDs. The latter showed sharp, narrow 

peaks at specific positions at shorter wavelengths (< 450 nm) indicating the formation of magic 

sized clusters, with absorption first peak position centered at wavelengths of 380, 405, and 417 

nm. MSCs presenting such optical features were reported in the literature for 380, 405, and 417 

nm. 41–43 Once the structure determination was out of the scope of this work, and we will refer to 

these structures as 𝐶𝑑𝑆𝑒380𝑛𝑚, 𝐶𝑑𝑆𝑒405𝑛𝑚, and 𝐶𝑑𝑆𝑒417𝑛𝑚. Magic-sized QDs with similar 

characteristics were previously reported, 41–44 obtained through the traditional hot-injection 

synthesis. This confirmed the ability of our platform to achieve nanocrystals of similar 

characteristics as the traditional synthetic route. In Figure 5.3, it was noticed that, as the 

concentration of oleylamine increases (left to right), the characteristics of magic size cluster 

formation were more predominant. This was only true if the amount of oleylamine was larger than 

oleic acid. In this case, primarily narrower and sharper absorption peaks were present, while as the 

fraction of oleic acid increased, the peaks became broader. The broadening of the absorption peak 

in QDs can be related to the widening of the size distribution. This behavior was previously 

reported in typical hot-injection syntheses of QDs.39At the concentrations studied in this paper, 

oleylamine was reported to act to stabilize the nuclei by reducing the solubility of the monomer 

(CdSe molecular units) in the solution and promoting nucleation of smaller nuclei.45 This led to 

the formation of smaller QDs with increased monodispersity or even magic-sized QDs. 46 This was 

reinforced by the observation of the UV-Vis spectra of the samples prior the sonication step (Figure 

5.4).  
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The samples containing higher amounts of oleylamine presented absorption spectra characteristic 

of magic-sized quantum dots even before undergoing sonochemical processing. On the other hand, 

Figure 5.4 UV-Vis absorption spectra of the CdSe QDs synthesized at varying precursors and oleic 

acid conditions, prior to sonochemical processing. The concentration of oleylamine is 0.125 M. 

The color of the spectra corresponds to different selenium conditions (see legend), whereas the 

concentration of cadmium acetate increases moving from left to right ( 0 M, 0.025 M, 0.05 M, 

0.075 M, and 0.1 M, respectively). Additionally, moving from top to bottom, the concentration of 

oleic acid increases from 0M to 0.1M 
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increasing the concentration of oleic acid was reported to increase the solubility of the monomer 

in the solution, de-stabilizing the nuclei, and generating less nucleation.39 As expected, from Figure 

5.3, it could also be noticed that generally the samples that did not contain any ligands, had a higher 

variation in intensity, compared to the surface stabilized samples.   

To perform a high-level evaluation of the experimental effects on the synthesis, one needs 

to consider the entire set of data. However, given the high dimensionality of the experimental space 

and the large amount of data generated, it becomes impossible to visualize all the spectra at once.  
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Therefore, the most important quantifiable parameters from the absorption spectra were 

summarized using a scatter plot. In Figure 5.5, the color of each point represents the first peak 

position, while the point size represents the average absorption intensity at 300, 320 and 340 nm, 

which is used as a proxy for the number of particles.39,47 To prevent overlap of the data points and 

ease the visualization, jitter noise was added to the plot. Therefore, small spatial variations between 

points which fall into the same quadrant do not carry meaningful information. Each box inside the 

Figure 5.5 Scatter plot of the average intensity at 300, 320, and 340 nm and the first peak position 

against the precursor concentration (Top) and ligand concentration (Bottom). Since each 

combination of conditions yielded 25 samples, noise was added to the data for plotting purposes. 

The grey squares indicate that no extinction response was observed for those samples. 
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plot is related to one combination of precursor and ligand concentrations indicated on the axis. 

When samples are grouped by precursor concentration, one cannot see a clear trend in the 

absorption peak position distribution. The absence of trends indicates that the absorption peak 

position, related to the QD size, is not greatly affected by the precursor concentration. 

Additionally, this visual representation confirms that no nanocrystals were formed when cadmium 

or selenium precursors were absent. In general, for the entire design space the data showed that 

increasing the concentration of the metal precursors only favored the formation of more particles 

of the same size, not the growth of the existing ones.48 On the other hand, when grouped by ligand 

concentration, all the samples followed the trends previously observed. This can be discerned by 

the fact that each quadrant is dominated by a single color for its markers. Drawing a diagonal line 

from the origin to the top right, the plot can be split into two main regions, based on the ligand 

amount and proportion. The lower right diagonal region of the plot, in which samples contained 

higher concentrations of oleylamine and lower amounts of oleic acid, presented peaks below 415 

nm. This value corresponds to a particle size of approximately 1.7nm. Additionally, samples in 

this region presented lower absorption intensity peaks when compared to the remaining 

experimental conditions. This was mainly related to the fact that alkylamines are reported to bind 

more strongly to the𝐶𝑑+2 ion than the carboxylic acids, slowing down the reaction to form CdSe 

monomer units. This led to a smaller number of nanocrystals formed and consequently lower 

absorption intensities.46 In summary, increasing the amount of oleylamine or the OLAm/OAc ratio 

led to a lower concentration of smaller, monodispersed QDs, while the opposite yielded larger 

concentrations of bigger and QDs with polydispersity. This was confirmed by looking at the upper 

left diagonal region in the plot. Here, higher peak positions and generally higher intensities (i.e., 

larger marker size) were present, as well as peaks at wavelengths above 415 nm. It was also 
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interesting to notice that, for the case in which only oleic acid was present in the sample, no 

absorption feature was observed. It is possible that the cadmium salt contained in these samples 

formed a stable intermediate cadmium oleate species, therefore inhibiting the nucleation of CdSe 

nanocrystals. This would explain why these carboxylic acid-terminated ligand containing samples 

showed no or extremely small optical response. 

We also studied the impact of synthetic parameters on the photoluminescence. Figure 5.6 

shows the photoluminescence spectra of the CdSe QDs. The strong signal below 400 nm present 

in some of the samples is related to scattering of the excitation beam, possibly due to unreacted 

ligands in the solution. Analyzing the spectra, three main groups of samples were found: (i) 

samples with no emission or weak emission overwhelmed by the excitation beam scattering; (ii) 

samples with broad emission peaks between 600 and 700 nm; and (iii) samples with one sharp 

peak around 450 nm, with a small or absent secondary peak at higher wavelengths.  

 

Figure 5.6 Photoluminescence spectra of the CdSe QDs synthesized at the higher precursor 

concentration (0.1 M for both components) with varying ligands concentration. The color of the 

spectra corresponds to different oleic acid conditions (see legend), whereas the concentration of 

oleylamine increases moving from left to right (0 M, 0.125 M, 0.25 M, 0.375 M, and 0.5 M, 

respectively). Since the data was collected in triplicates, the shaded area of the corresponding color 

shows the variation of response across the different batches tested. 
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The optical behavior of the first group of samples was related to the absence of QD 

formation or the formation of QDs with poor surface passivation, leading to non-radiative 

recombination. This behavior was more pronounced at higher concentration of oleic acid and 

oleylamine. The spectral characteristics of the second group were related to surface traps, which 

leads to recombination at a lower energy (higher wavelength) than the typical band gap of CdSe 

QDs.49 This behavior was prominent when lower concentrations of oleic acid were employed or 

in TOP-only syntheses (i.e., no ligands added in the sample formulation). The samples with no 

ligands showed a similar behavior with those containing only oleic acid, with the surface trap 

recombination playing an important role on the light emission from the particles. Additionally, 

increasing the oleic acid concentration generally caused a decrease in the intensity of emission. 

These results might suggest that in this experimental setup, the presence of oleic acid was 

deleterious to surface passivation, leading to surface trap-based luminescence or surface trap 

related non-radiative recombination. A particular characteristic of our experimental setup was the 

cadmium precursor solution, consisting of cadmium acetate dissolved in trioctylphosphine instead 

of the commonly used cadmium oleate. This was again chosen as it allowed production of stock 

solutions with higher concentration of precursors, which in turn allowed the overall sample volume 

to be limited to 500 𝜇𝐿. Therefore, it is possible that the addition of oleic acid in the samples 

containing both ligands might not form cadmium oleate, which is known to play an important role 

in achieving surface passivation. Instead, this fatty acid would most likely bind as an uncharged 

type L ligand to the surface of CdSe nanocrystals, decreasing its capacity to passivate the QD’s 

surface. Finally, the last identified trend was present in samples containing only oleylamine or 

oleylamine in higher amounts than oleic acid. These sample conditions showed a sharp, intense, 

and well-defined peak, typical of band-edge luminescence. In these samples, the surface-trap 
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luminescence had a small role compared to the main peak. However, as the concentration of 

oleylamine increased, the intensity of the peak started to decrease (black curves in Figure 5.6). 

Alkylamines are known as excellent surface passivators, and previous reports on syntheses of 

quantum dots reported their capacity to increase photoluminescence quantum yield.50 In fact, they 

can coordinate with dangling bonds on the particle surface to mitigate surface trap states, 

enhancing the photoluminescence intensity. While phosphines, such as TOP, will passivate the 

selenium dangling bonds, the alkylamines will coordinate with the cadmium ones on the particle 

surface. 50 Finally, we note that there was little variation across the triplicate runs performed, once 

again confirming the reproducibility of the workflow across a wide range of conditions. 

 

Figure 5.7 shows how the combination of oleylamine and oleic acid affected the 

photoluminescence intensity from band edge recombination for the entire collected dataset. It can 

be noticed that photoluminescence was stronger in the absence of oleic acid and for low 

concentrations of oleylamine. Most of the remaining samples showed either no feature in their 

Figure 5.7 Scatter plot of emission intensity and peak position versus ligands concentration. Since 

each combination of conditions yielded 25 samples, noise was added to the data for plotting 

purposes. The grey squares indicate that no emission response was observed for those samples. 
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spectra, caused by scattering of unreacted ligands or low intensity peaks at wavelengths above 

600nm, confirming the trends observed from the photoluminescence spectra. 

Finally, a smaller subset of the samples was repeated and characterized using small-angle 

X-ray scattering, a non-destructive technique that allows for accessing structural and 

morphological information in materials across time scales which can range from angstrom to 

micrometers. Table 5.3 shows the sample compositions tested. Since the particle size had a higher 

dependence on the ligand concentration and composition, the samples were all tested at the highest 

metal precursors concentration, 0.1 M for both cadmium acetate and selenium. 

Table 5.3 Sample composition for the subset of conditions characterized using Small Angle X-

Ray Scattering. 

Sample Name Oleic Acid [M] Oleylamine [M] 
Cadmium 

Acetate [M] 
Selenium [M] 

CdSe 1 0 0 0.1 0.1 

CdSe 2 0 0.125 0.1 0.1 

CdSe 3 0.25 0.125 0.1 0.1 

CdSe 4 0.5 0.125 0.1 0.1 

CdSe 5 0 0.25 0.1 0.1 

CdSe 6 0.25 0.25 0.1 0.1 

CdSe 7 0.5 0.25 0.1 0.1 

CdSe 8 0 0.375 0.1 0.1 

CdSe 9 0.5 0.375 0.1 0.1 

CdSe 10 0 0.5 0.1 0.1 

 

Once again, these samples were measured 'as synthesized' and were not purified prior to 

characterization. SAXS was conducted before and after the sonication of the samples to gain more 

insights on the changes that occur during the processing step. In SAXS measurements, the intensity 

data is generally plotted as a function of the scattering vector 'q', which is related to the wavelength 

of the X-ray beam and the scattering angle.51 This quantity can be inversely related to the 

characteristic dimensions of the sample, so smaller particles will present features at larger 'q' 
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values, the opposite is observed for larger particles. Figure 5.8 shows SAXS profiles for three 

samples having different ligand compositions. The panel on the left had no ligands in solutions 

and presents signs of particle aggregation. In fact, the sample profile post sonication (dark blue 

markers) shows several upturns features at different 'q' values and the slope of the SAXS curve 

keeps increasing towards lower 'q' values without reaching a plateau. This feature is not present, 

or not as prominent as in this sample, in the remainder of the samples tested using this technique, 

see Figure 5.8. This behaviour is in line with the UV-Vis spectroscopy data, which showed larger 

batch-to-batch variation and the formation of large particles for samples synthesized without 

addition of extra stabilizing ligands. 

 

Another feature that can be noticed on the SAXS profile is the presence of a structure 

factor, which appears as a local peak in the intensity curve in the proximity of the turnover point 

Figure 5.8 SAXS profiles of CdSe QDs sonochemically synthesized. SAXS profiles were collected 

for samples before and after sonochemical processing. Furthermore, to gain better insight on the 

particle size distribution, the samples were also diluted 4-fold in n-decane, see legend. a) SAXS 

profile for CdSe samples containing no ligands and metal precursors at 0.1 M each. b) SAXS 

profile for CdSe samples containing only oleylamine at 0.125M and metal precursors at 0.1 M 

each. c) SAXS profile for CdSe samples containing oleylamine at 0.375M, oleic acid at 0.5M and 

metal precursors at 0.1 M each. 
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instead of a plateau. This attribute is related to spatial interactions between particles. In this case, 

as expected, this behavior is more pronounced in the samples prior to sonication and for those 

samples containing higher concentrations of ligands, especially oleic acid (Figure 5.8c). 

Additionally, this can also be observed in samples post-sonication, again predominantly in those 

containing larger amounts of coordinating ligands. This dependency on the spatial interactions 

among samples is minimized or removed by diluting the samples prior to SAXS characterization. 

The diluted samples were characterized and fitted using a polydisperse sphere model to 

extract the particle size distribution through the McSAS software. This is an open-source Monte-

Carlo regression package that allows for the determination of model parameter distributions, such 

as the particle size distribution, which allows to assess polydispersity of the samples more 

quantitatively.36 It is evident that the samples prior to sonication show coordination of the 

precursors. This can be confirmed by the fact that all samples tested show scattering contributions 

at 'high-q' values in the same range, between 4.5 Å−1 and 6 Å−1 regardless of samples composition 

(see Figure 5.8). It is noticeable that some of the samples show small scattering contributions at 

very high 'q' values (over 7 Å−1). This feature is caused by slight variations in the diameter of the 

capillaries that were used to hold the samples during the SAXS measurements, so it was ignored 

during the fitting protocol. When fitting the data, it was possible to assign a target 𝜒2 parameter, 

which specifies how well the model function needs to match the experimental data. A low  𝜒2 

indicates a good fit, while higher values imply larger uncertainties. A significant difference was 

noticed when fitting the pre- and post-sonication data, as the software was able to converge to a 

final fit when target 𝜒2 values were set between 1.5-5 for the former set of samples, while the 

processed samples were all able to obtain a good fit at a target 𝜒2 of 1.25 or below. Once again, 

the McSAS provides a histogram with particle size distribution that is useful to assess differences 
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in synthesis outcomes. The three panels in Figure 5.9 show the UV-Vis spectra, SAXS profiles 

and respective fit outcomes for diluted samples, as well as the size distribution for samples with 

no ligands (a), 0.125 M oleylamine and no oleic acid (b), and 0.125 M oleylamine and 0.25 M 

oleic acid (c), respectively.  
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All samples show at least two populations of particles in their profiles, with the first 

centering around 0.35 nm in radius. Again, looking at the distribution of sizes obtained from the 

Figure 5.9 Summary of results for the characterization of samples CdSe 1 (no ligands) [a], CdSe 

2 (oleylamine 0.125M) [b], and CdSe 3 (0.25M oleic acid and 0.125M oleylamine) [c]. All samples 

had 0.1M for both CdAc and Se precursors. In all the plots displayed, the red colored dataset 

represents the sample in its pre-sonicated state, whereas the blue dataset depicts the samples in its 

post-sonication state. Left) Uv-Vis spectra for the samples diluted in Octadecene (1:10). Center) 

Reduced SAXS profiles. Both curves represent the samples diluted 25% in n-decane for better data 

resolution. Right) Histogram of particle sized obtained from fitting the SAXS data (center) using 

the McSAS software. 
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pre-sonicated samples, it is clear that this population can be attributed to precursors' coordination 

in solution prior to nanoparticle formation. The second and larger size population can be instead 

attributed to the formation of quantum dots and MSCs. Based on radius size found at the peak 

position of the histograms obtained from the fitting, the final particle size was approximated. For 

samples displaying three clusters of particle size, the value of the latter two groups were extracted 

and presented as a range. Table 5.4 summarizes and compares the findings of particle size based 

on both spectroscopic and SAXS techniques. 

Table 5.4 Comparison of approximate particle size based on both UV-Vis spectroscopy and 

small-angle X-Ray scattering. The sphere diameter from the former technique is obtained 

through the effective mass approximation equation from Yu et al., whereas the particle size from 

the latter technique is obtained from the spherical model fitting through the McSAS GUI, 

specifically the radius distribution histogram.36,52  

Sample Name 
UV-Vis SAXS 

Peak Position 𝐷𝑠𝑝ℎ𝑒𝑟𝑒 𝐷𝑠𝑝ℎ𝑒𝑟𝑒 

CdSe 1 432 1.82 1.16 

CdSe 2 379 1.36 1.3 

CdSe 3 416 1.69 1.3 

CdSe 4 409 1.63 1.2-1.7 

CdSe 5 379 1.36 1.4 

CdSe 6 413 1.67 1.3-2.1 

CdSe 7 411 1.65 1.1-2.1 

CdSe 8 360 1.18 1.1-2.0 

CdSe 9 414 1.67 1.2-2.1 

CdSe 10 363 1.21 1.4-2.6 

The data generally shows good agreement for the particle size. While perfect matching of 

sizes was not expected, the data seems to show similar trends in the size obtained. For example, 
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the samples containing only oleylamine (CdSe 2,5,8,10) show the formation of smaller particles 

with diameters below 1.5 nm, in agreement with the trends observed using the effective mass 

approximation based on the peak position of the sample's UV-Vis spectrum. It is notable that the 

sample containing no ligand was fit to a restricted 'q-range' as the fitting protocol was not able to 

converge when smaller 'q' values were included. In this region the sample showed signs of 

aggregation and therefore the particle size presented in Table 5.4 is not fully representative of the 

actual particle sizes found in the samples. In this instance, agreement with the UV-Vis data was 

not expected based on the fitting estimation. Finally, samples that contain higher amounts of 

ligand, especially oleic acid, tend to present a higher variation of particle sizes. This could also be 

attributed to possible intermediate particles being formed during synthesis, therefore leading to 

higher polydispersity. This trend is in line with the findings observed from the UV-Vis data for 

the entirety of the design space investigated previously. 

5.3.2 Data Analysis - Impacts of Design Variables on Spectral Characteristics 

Once again, the challenges posed by the high dimensionality of the experimental space and 

the large amount of data generated by the experimental campaign, not only can affect the 

visualization of the results, but also their holistic interpretation. To address this obstacle, we 

implemented a model-based approach to better understand the dependencies of the design 

variables (i.e., concentrations of precursors and ligands) on the optical properties of the samples. 

The first step involves the selection of a model to predict the feature of interest. This can then be 

inspected to understand several parameter trends. However, the model can be selected from a 

variety of classes, from the simple linear model to a more complex, non-linear one. In the first type 

of models, the value to be predicted (e.g., the absorption peak position of the UV-Vis spectrum) is 

assumed to be a weighted combination of design variables. Given the linearity of the model, the 
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coefficients associated with each design variable can be used to interpret its relative `impact' or 

`importance' on the predicted feature. However, these models very seldom are able to capture the 

complexity of phenomena such as the synthesis of nanocrystals studied in this work. Another 

approach is to use a class of non-linear models, more commonly associated with the machine 

learning and statistics community to improve the predictive accuracy and use a separate 

explanation model to interpret the data. In fact, given the large amount of data that the proposed 

workflow generated, it is possible to fit complex and highly accurate models such as a gradient 

boosting algorithm like xgboost 53,54. To make the outputs of a framework more interpretable, 

typical explanation models use a proxy set of simplified inputs (e.g., a binary variable indicating 

whether a given input is present or missing) and map them to original inputs. In this work, we 

make use of SHAP analysis, a strategy based on shapely values from coalition game theory via 

additive feature attributions. 55  At a higher level, the explanation model used in SHAP attributes 

feature importance based on the change (positive, zero, or negative) to the output of the predictive 

model relative to its average (over the training data), when conditioned on a particular feature 

value. The feature attribution values explain how to get from the predictive model average to the 

actual predicted value of any given input. This is done by averaging over all possible combinations 

of the input ordering sequence. One of the advantages of using SHAP is that it is locally accurate, 

and it can match the model prediction to the explanation prediction for each input. Next, it has 

missingness, so that if a feature has a value of zero or is missing data, it will have no impact on 

the model outcome. Finally, SHAP has the property of consistency, meaning that for two different 

predictive models, the impact of the inputs should follow that of the predictive models. This means 

that if the marginal contribution of a feature changes (i.e., decreases), its shapely value should 

change in the same manner (i.e., smaller shapely value) 55 



 142 

In this study, we defined the predictive model inputs to be the concentration of the 

precursors and ligands, as well as their respective indicator variables (i.e., a binary variable 

indicating whether a specie is present in the sample or not). Several models were fitted for 

predicting manually annotated features from the spectral data and indicator variables were used to 

interpret for the presence of a peak. Table 5.5 shows the accuracy of an xgboost model (trained 

using the python version in Chen et al. 56) for an 80-20 train-test split.  

Table 5.5 Summary of predictive model accuracy for different features of interest. The indicator 

features are trained using a binary logistic loss while the rest are trained using the root-mean-

square-error as the loss function. 

Feature to be predicted Test Accuracy 

UV-Vis peak indicator [𝑈𝑉𝑖𝑛𝑑] 0.135 

UV-Vis peak position [𝑈𝑉𝑃𝑃] 0.433 

Photoluminescence peak indicator [𝑃𝐿𝑖𝑛𝑑] 0.013 

Photoluminescence peak position [𝑃𝐿𝑃𝑃] 0.583 

Photoluminescence peak intensity [𝑃𝐿𝑃𝐼] 0.781 

All training data features were standardized to have a mean of zero and a standard deviation 

of 1. Thanks to this feature transformation, each value of the feature that is modeled represents a 

change from the mean (i.e. a peak shift or intensity shift from the mean), instead of the absolute 

values. Furthermore, to avoid data leakage, the test data was only transformed using the 

corresponding training data before computing the test loss. The design variable values were also 

transformed similarly to the features, but used a quantile transformation instead where the 

concentrations are binned into 5 groups, corresponding to the tested conditions All the data 

transformations and plotting tasks were performed using Python scripts. A total of five features 

were modeled, namely the absorption peak position and peak presence, as well as the 

photoluminescence peak presence, position, and intensity. Figure 5.10 shows the average absolute 
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SHAP values of the different design variables for a given predictive model using a bar chart. The 

design variables on the y-axis are annotated and ordered (top to bottom) based on their `global' 

importance in the predictive task. However, we note that each panel in Figure 5.10 corresponds to 

a particular predictive task where we used the exact computation of shapely values since the 

number of input variables is small (8) and the results would not be sensitive to a random seed used. 

As expected, the formation of a UV-Vis absorption peak is mainly dependent on the presence of 

the metal precursors, 𝐶𝑑𝐴𝑐 and Se, but not by their concentration. This confirms what was 

previously noted from the spectroscopic characterization. Again, changes to the UV-Vis pea 

position, which can be related to the size of the QDs or MSCs formed, are mainly driven by the 

concentration and presence of the coordinating ligands, oleylamine and oleic acid. However, there 

is no dependence on the concentration of the metal precursors. Looking at the photoluminescence 

features, the presence of a peak is mainly observed in the presence of 𝐶𝑑𝐴𝑐 and 𝑆𝑒, but the actual 

concentration was not a significant factor in predicting whether a sample will have 

photoluminescence emission or not. Again, changes to photoluminescence peak position (d) and 

peak intensity (e) are mainly influenced by the presence of oleic acid and the concentration of 

oleylamine. It is important to consider the fact that the samples were measured ‘as synthesized’ 

and not cleaned prior to the spectroscopic characterization. Therefore, only a few of the samples 

presented a feature in their emission spectra. However, the trends learned from SHAP do match 

with the spectroscopic characterization.  
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Figure 5.10 Average absolute SHAP values of different design variables for a given predictive 

model displayed using a bar chart. Each panel corresponds to a particular predictive task annotated 

in the figure caption. The design variables on the y-axis are annotated and ordered based on their 

`global' importance in the predictive task. Design variables are denoted as 𝐶𝑑𝐴𝑐 for Cadmium 

Acetate, 𝑆𝑒 for selenium, 𝑂𝑙𝐴𝑚 for oleylamine, and 𝑂𝐴𝑐 for oleic acid. The features are denoted 

using UV for the UV-Vis extinction spectrum and PL for the photoluminescence spectrum. PP 

corresponds to a peak position; PI corresponds to peak intensity. In both design variables and 

features, the suffix ‘_𝑖𝑛𝑑’ corresponds to the respective indicator variable. 
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While the averages shown in Figure 5.10 summarize insights into the major contributions 

of different design variables to different features of interest, it is also useful to understand how the 

prediction of a particular feature changes between different samples and the nature of influence 

(i.e., linear vs non-linear or if it has any ̀ interaction' effects with other variables). Individual SHAP 

Figure 5.11 A `bee swarm' plot describing the sample distribution of influence of design variables 

with panels arranged and annotated in the same manner as Figure 5.10. 
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values are visualized using a ̀ bee swarm' plot shown in Figure 5.11. Here the distribution of SHAP 

values is shown using a scatter plot, one per each design variable in the predictive model. Once 

again, each panel in Figure 5.11 corresponds to a model predicting a feature annotated using the 

title beneath it. For any given design variable in the model, we plot the SHAP value for all samples 

on the x-axis, and the value of the design variable is assigned a color code shown on the color bar: 

high (red) to low (blue) for a continuous variable and 1 (red) and 0 (blue) for an indicator variable. 

The distribution along the x-axis represents how the design variable's importance changes between 

different samples studied, while a vertical distribution shows no change, and it is used for data 

interpretation purposes. Once again, the design variables are ordered on the y-axis using their 

`global' importance. Analyzing each panel in Figure 5.11 and looking at the scatter plot 

distribution, the following conclusions could be drawn. First, the dependence of both UV-Vis and 

photoluminescence peak appearance on the presence of both cadmium acetate and elemental 

selenium is confirmed. This was expected as it is unlikely that we expect a peak corresponding to 

a 𝐶𝑑𝑆𝑒 𝑞uantum dot formation without any traces of either metal precursors. Next, the UV-Vis 

peak shift is strongly correlated to the specific concentration of oleylamine and oleic acid and there 

appears to be a non-linear effect.  However, it is to note that the model is only trained (and tested) 

on samples that present an absorption peak since the presence of a peak is already modeled using 

the indicator function shown in panel (a). Nonetheless, the dependence on the ligand concentration 

is confirmed to have opposite trends. For higher concentrations of oleylamine, the absorption peak 

moves towards smaller wavelengths, while the opposite happens for higher concentration of oleic 

acid.  Finally, the photoluminescence peak shift also shows a competing influence between the 

presence of oleylamine and oleic acid where a red shift is more likely in the presence of oleic acid 

and the absence of oleylamine and vice-versa. The position and intensity of features in the emission 
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spectra show no dependence on the metal precursors concentration, but mainly on the presence 

and concentration of ligands. Additionally, the presence of ligands shows a stronger correlation 

with the modeled features, compared to their respective concentrations.  

5.4 CONCLUSION 

The workflow for a material acceleration platform based on a sonochemical synthesis is 

demonstrated to enable the investigation of large experimental designs, which is extremely costly 

and time consuming by traditional synthetic methods. This platform provides a flexible, open-

hardware, and affordable solution that can be implemented for a diverse set of chemical systems. 

Furthermore, given the speed and simplicity of the proposed workflow, it makes it possible to close 

the loop and more easily implement AI-driven strategies for achieving a certain spectral target or 

optimizing materials properties. These self-driving lab solutions can allow for a drastic increase of 

available data on these nanocrystals systems and aid in the discovery of new materials with desired 

chemical and physical properties.  

We employed an open-source and open-hardware materials acceleration platform to study 

the formation of CdSe quantum dots using a sonochemical synthesis route. The range of 

concentrations of selenium and cadmium precursors in this Chapter only affected the number of 

particles generated but did not play an important role in the absorption peak position, related to 

particle size. On the other hand, the concentration of the ligands was the most important factor to 

control the particle size. The role of the ligands is related to the binding energy with the cadmium 

ion, which ultimately controls the nucleation rate of the synthesis. Regarding the 

photoluminescence emission, a similar trend was perceived. However, we found that while the 

presence of oleylamine favors the increase of photoluminescence intensity, the addition of oleic 
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acid has the opposite effect. This effect is related to the different capabilities of surface passivation 

between the two ligands.  

Finally, a model-agnostic analysis strategy was implemented not only to confirm the trends 

observed in the scatter plot representation of the spectra, but to provide a quantitative breakdown 

of which experimental parameter contributed most to the changes in the properties analyzed. The 

strategy of coupling the proposed high-throughput workflow to a data-driven approach for the 

interpretation of the results provides a holistic view of the design space investigated. In fact, given 

the limitation of the traditional representation of the data (i.e., spectra) for this four-dimensional 

experimental space, the identification of quantitative fingerprints from the data was crucial to the 

generalization and understanding of how the chosen experimental conditions affected the growth 

and optical properties of CdSe nanocrystals. 

While successful, the workflow presented in this Chapter represents a human-in-the-loop 

type of self-driving lab, in which the automation of the experimental procedure still relies on a 

researcher moving sample plates between the different workflow stations. Chapter 6 will dive 

deeper in how the Sonication Station, the robotic platform which allowed for the automation of 

sample processing, was reconfigured and its capabilities expanded to allow for a more flexible and 

modular system for broader laboratory automation applications.   
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Chapter 6. SCIENCE JUBILEE, A LOW-COST, OPEN-HARDWARE 

SELF-DRIVING LAB 

This chapter partly contains work from the following publication and the author would like to 

acknowledge the contributions of the coauthors: 

Lo, S., Baird, S., Schrier, J., Blaiszik, B., Carson, N., Foster, I., Aguilar-Granda, A., Kalini, S., 

Maruyama, B., Politi, M., Tran, H., Sparks, T., Aspuru-Guzik, A. Review of Low-cost Self-

driving Laboratories: The “Frugal Twin” Concept. Digital Discovery, 2024. DOI: 

https://doi.org/10.1039/D3DD00223C 

6.1 INTRODUCTION & MOTIVATION 

Traditional materials science and chemistry workflows rely heavily on labor- and time-

intensive steps. While these experimental protocols can provide significant insights into the system 

under investigation, they can also significantly impede the pace of new materials discovery and 

their successive applications. Within the past five years, the advent of a new science paradigm  has 

the potential to accelerate the pace of materials discovery. 1 The key to this paradigm is not based 

solely on the advancement of a key technology, but how heterogeneous capabilities cooperate to 

achieve greater and better advancements.2 In fact, this novel approach to science combines 

autonomous robotic systems, designed to conduct scientific experiments and research, with 

minimal to no human intervention. Furthermore, it integrates both computation and physical 

cutting-edge technologies such as artificial intelligence, robotics, and advanced sensors to perform 

tasks traditionally carried out by scientists. These ecosystems not only incorporate automation and 

artificial intelligence (AI), but also include several data and communication orchestration 

strategies, data management, and scheduling along with human creativity and intuition.3 All of 

these  are crucial components required for accelerating the pace of discovery, optimization, and 

implementation of new materials. The combination of these features has been called many names, 

including self-driving laboratories (SDLs), 1,4–8 materials acceleration platforms (MAPs), 3,9–11 Lab 

https://doi.org/10.1039/D3DD00223C
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4.0, 12,13 Robot Scientist, 14,15 autonomous research system (ARES), 16 and autonomous 

experimentation systems. 17 One note to make is that while these terms have been used almost 

interchangeably in the community, in particular the first two in the list, there can be slight 

differences in emphasis between them. For example, MAP conveys a more specific focus on 

materials research and innovation within the broader context of self-driving labs. Nonetheless, in 

this Chapter, the terms are used synonymously to describe an autonomous, experiment-performing 

system. Additionally, I will define “autonomy” as the ability of a system to make decisions and 

perform all manual experimental steps completely independently, without the need for human 

interaction. Systems that are autonomous perform what are defined as “closed-loop” workflows, 

in which the AI-agent drives all aspects of the experimental campaign. On the other hand, 

“automation” implies a human-in-the-loop type of approach in which the researcher will be tasked 

to complete some actions (e.g., move samples from one platform to another) to “close the loop.”   

Self-driving labs can streamline experimental processes, enhance efficiency, and  reduce 

human error in experimental campaigns. These autonomous laboratories have the potential to 

revolutionize various fields by enabling round-the-clock experimentation without the limitations 

of human availability. In fact, not only is the researcher not required to perform manual tasks, but 

with the automation of data collection, handling, interpretation, and storage, the time between 

execution and decision-making for the next iteration of conditions to test gets significantly 

shortened. Moreover, the use of robotic platforms also promises to eliminate batch variability due 

to human errors, allowing to track and quantify systematic errors, leading to more reproducible 

and shareable procedures. The main advantage of these platforms is the possibility to investigate 

broader experimental spaces for both synthesis and parameter optimization. Robotic platforms 

have been successfully applied to synthesize organic compounds of pharmaceutical interest 18–20,  
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nanomaterials21–28, materials science 29, chemistry 18,30,31, and biotechnology 20,32,33, among others. 

However, materials acceleration platforms still present some limitations, such as 'rigid' designs 

(i.e., only intended for use of specific materials, reaction models, or applications) and high upfront 

costs of implementation in the laboratory. This limits incentives to integrate such platforms, and 

most wet-lab researchers still rely on low-throughput, time intensive workflows. 34 The highest 

benefit of SDLs will be achieved by closed-loop design approaches, in which the experimental 

campaign is conducted completely without human intervention by relying on AI agents for data 

analysis and decision-making, and robotic platforms for all the physical sample manipulation and 

characterization.  

There are several approaches that can be taken to design a self-driving lab or automated 

workflow. These options stem from unique design solutions to automating the different manual 

tasks involved in an experimental procedure. There are three main categories: human-inspired, 

hardware-centric, and human-in-the-loop designs. 35 The first class relates to the interface of 

traditional instrumentation with a robotic arm that can mimic human behavior. This can be 

significantly advantageous as it can be directly integrated with conventional infrastructures for 

materials characterization without the need to integrate into a single workstation. 8  These robotic 

arms can be either stationary or mobile. One of the most prominent examples of an SDL based on 

human-inspired design is the work conducted by Burger et al. at the University of Liverpool. 36 

Their “Mobile Robotic Chemist” consists of a KUKA Mobile Robot and platform base, which was 

tasked with evaluating several sample conditions to improve photocatalysis for hydrogen 

generation form water. The robot was coupled with a Bayesian Optimization algorithm to 

autonomously complete the task by varying up to 10 parameters over the course of 8 days. 36  

Unfortunately, while appealing, these mobile robotic arms can have prohibitive costs. 
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Additionally, they can require the modification of a physical laboratory space to be adapted to the 

robot’s movement paths and elimination of any obstacles, and most of the time this includes human 

researchers as well. Moreover, this can also require a single dedicated space which cannot be 

achieved by academic groups due to lack of resources and space. The use of these mobile robots 

will also require extensive routine and position calibration, which can be tedious and time-

intensive. 35 Another approach to using these human-inspire robot arms is to use stationary ones. 

For example, MacLeod et al. showcased one such example for the optimization of optical and 

electronic properties of thin-films. 6,37 In this case, the robotic arm acts as a central connection 

point in between different experimental components, such as the film synthesis platform, the film 

annealing one and other characterization stations. Wagner et al. showcased another example of a 

SDL in which the robotic arm is placed on rail along the length of the platform, in this case 

contained within a glove box for air- or water-sensitive chemistries,  to have access to all the 

stations required for the experimental workflow. 11 These flexible solutions can be easily 

reconfigured as new components can be added, or existing ones rearranged to adapt the workflow 

to other materials synthesis. Including modularity in the initial SDL design can provide significant 

advantages over rigid designs. Furthermore, this strategy can reduce the overall implementation 

cost and maintenance of the instrument in the inevitable case that one of the components needs 

repair or substitution. 35  Consideration for these robotic arms are their maximum payload and the 

ability to reach all components of an SDL. They can also require custom grippers to facilitate or 

enable specific sample or labware handling, which will in turn increase the overall cost of the tool.  

The second design approach is a hardware-centric one. In this case, the experimental 

process does not rely on procedures that mimic human behavior, but instead focuses on leveraging 

the hardware capability to complete the design task. A simple example of this would be to use a 
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pipette to mix a solution by sequential aspiration and dispense steps instead of relying on a stir bar 

and magnetic plate. 35 Another such approach is the use of microfluidic systems, a combination of 

pumps and tubing for transferring the samples between the different workstations composing the 

SDL. 8 There are already successful examples of this approach in the literature. The SDL designed 

by Bateni et al., Smart Dope, builds on a flow chemistry platform for the formulation, in-situ 

monitoring, and subsequent characterization of reactions for the synthesis of colloidal lead halide 

perovskites quantum dots. 38 While flexible and extensible to other chemistries, this type of 

approach can only work for liquid-based synthesis and can have limitation with high-viscosity 

samples. Finally, the third design approach is the human-in-the-loop one. Sometimes, it is simpler 

to keep the researcher in the loop to take care for example of moving the samples from the synthesis 

to the characterization instruments, than implementing a robotic arm. This strategy was displayed 

for example by Vaddi et. al. who combined an Opentrons OT-2 liquid handling robot to a plate 

reader for the synthesis of gold-nanorods 39 or the workflow described in Chapter 5.  

The application of high-throughput experimentation systems and automation platforms has 

been more limited at the broader academic scale primarily due to economic reasons and significant 

initial time and resource investment. However, this trend was present at the beginning of the 

development of this new way of carrying out experiments in the biochemistry and medical field.40 

As more and more companies designing materials science tools and instruments adopt these 

strategies, the cost of technology and instrumentation costs will progressively decrease, allowing 

further accessibility of automation solutions by groups from diverse academic institutions, both at 

research and educational levels. It is known that industry plays a crucial role in addressing the 

challenges posed by the required hardware and software for SDLs. Currently, experimental 

automation has been more commonly implemented in biological science and medicinal chemistry 
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thanks to a larger commercial push on technological development. 8 Unfortunately, the realm of 

inorganic chemistry and materials science is still lagging as their characterization techniques still 

rely on high-fidelity, single-sample type of protocols. Nonetheless, there has been a recent increase 

in manufacturers that offer off-the shelf automated instrumentation for a variety of processing and 

materials characterization. These products span a large cost range, starting from $10,000 USD to 

upwards of $1 million USD, as they can be configured as single benchtop workstation, such as an 

Opentrons OT-2 liquid handling robot, or as a full integrated solution for product development 

such as those offered by Chemspeed or Unchained Labs. The implementation of these solutions in 

completely autonomous systems is still a work in progress, but there are already successes in 

literature that provide a notable example of the impact that these SDLs can have on the scientific 

community. Platforms from Chemspeed have been implemented by Christensen et al. to optimize 

Suzuki-Miyaura cross-coupling reaction,41 as well as IBM’s RoboRxn for chemistry, which can 

also be accessed remotely.42  Both of these implemented a hardware-centric design. As they were 

mentioned before, the SDL implementing commercial mobile robotic arms can be found in 

MacLeod et al. 6,37 and Burger et al. 36 Next, Vapourtech provides an example of a commercial 

flow reactor  which was used by Jeraal et al. for reaction conditions optimization. 43 While 

commercial solutions do not require upfront time dedicated to their design and orchestration, it can 

be challenging to reconfigure them for  workflows for new materials spaces. In fact, they can still 

be difficult to integrate in current workflow architectures or even in the lab. For example, a mobile 

robot might require a dedicated room to accommodate or simplify the movement paths. 

Unfortunately, most academic research groups and institutions still rely on very few simple semi-

automated equipment. These workflows fall under the human-in-the-loop design  category. In fact, 

they currently seem to be the most common in literature as with most flow-based syntheses the 



 159 

combination of a liquid handling robot with a plate reader can automate the majority of the time-

intensive steps. Nonetheless, the focus of the automation task is usually on the sample formulation, 

while the processing and characterization can still cause a bottleneck, as most high-fidelity 

instrumentation still requires single-sample protocols.  

Flexible and reconfigurable automated workflows have the potential to encourage the 

transition from conventional laboratories to a new paradigm of science. To address their limitations 

and lower the barrier of entry to these SDL technologies for a more wide-spread use of automation 

systems, academic groups have been making use of open-source hardware (OSH) systems  to 

creatively provide an alternative to expensive platforms. 44,45 These are physical devices whose 

designs are made publicly available for anyone to replicate, modify, distribute, and manufacture. 

This emphasizes transparency and collaboration among both research groups and industry. It also 

allows individuals and organizations to freely access, improve, and share hardware products 

without restrictive licenses or proprietary constraints. The openness of these designs fosters 

innovation and promotes interoperability among different hardware components and systems. 46 

Examples of open-hardware tools in the research context include solutions such as the adaptation 

of 3D printers and platforms, 47–49 platforms for modular automated workflows, 34 pipetting robot 

platforms, pipettes, and autosamplers, 49–56 and imaging 57–60. There are also examples of open-

hardware materials acceleration platforms. For example, the automated titrator LEGOLAS, built 

from LEGO by Saar et al., can perform liquid dispensing and measure pH. The design involves a 

combination of 3D-printed parts, Raspberry Pi components, and metal extrusions, along with the 

modular toy parts.61 Next, a light mixing demo composed of a Raspberry Pi Pico microcontroller 

and a light sensor designed by Baird & Sparks, makes a simple and complete SDL for autonomous 

color-mixing tasks.62 Another example is the automation of the synthesis of metal-organic 
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frameworks conducted by Xie et al. using a reconfigured 3D printer. 63 A successful demonstration 

of a fully autonomous, open-source, and open-hardware workflow was developed at the National 

Institute of Standards and Technology (NIST) by Beaucage and Martin. 64 The developed an 

autonomous formulation laboratory implementing commercial off-the-shelf components (i.e., an 

Opentrons OT-2 liquid-handling robot, syringe pumps, and flow selectors), along with custom 

components, all orchestrated using a Python-based microservice software solution. This 

experimental set up can also be integrated into the x-ray and neutron scattering instrumentation 

found at their facility. Moreover, their physical and software set up allows for reconfigurability 

and the addition of new in-line or secondary measurements devices. These examples of automated 

and semi-automated tools with multi-use and application-agnostic features make for a more 

accessible and affordable system for increasing the throughput of material discovery.  

Although laboratory automation increases precision and the efficiency of science 

experiments, a one-size-fits-all solution does not necessarily exist for science experiments. As 

mentioned, the maker movement has introduced open-source hardware toolkits for computer-

controlled tasks, enabling low-cost, customizable, and extensible technologies for automation. 65 

These toolkits have so far predominantly been used for digital fabrication applications such as 3D 

printing. However, these technologies are increasingly customized by scientists for laboratory 

automation tasks. This Chapter will describe the development of an open-source and open-

hardware, modular, and closed-loop laboratory automation platform based on a repurposed, tool-

changing 3D printer. Next, it will briefly cover the structure of a new Python-based high-level 

control software to facilitate machine control, as well as the steps required when implementing a 

new tool onto the robotic platform. Its implementation for autonomous workflows will be 

evaluated based on a benchmarking protocol for SDLs, an autonomous color-mixing problem. 
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Finally, discussion of the current limitations and potential future solutions to them will be 

provided, along with an outlook to how low-cost, open-hardware laboratory automation design 

can impact materials science research, as well as enabling automation tools to be included in hands-

on educational curricula. 

6.2 THE ROBOTIC PLATFORM 

6.2.1 The Original Jubilee Design 

Jubilee is an open-hardware and software 3D printing platform developed by Vasquez et 

al. 66 Originally, Jubilee was designed for multi-tool digital fabrication tasks and more. Examples 

of its initial application ranged from multi-head 3D printing, multi-pen plotting, and image 

stitching applications. Jubilee presents a modular, automatic tool-changing design allowing the 

platform to be tool-agnostic. This key feature allows for simple inclusion of user-designed tools, 

as well as beds. One of the main design principles of this platform is defined as “fabricatability”, 

the instance in which all parts required to build a Jubilee can be readily sourced in low volume, 

readily 3D printed and assembled using commonly available maker tools ( i.e., screwdrivers, hex 

keys, metric screws, etc.). 66,67 The platform can be purchased as a kit, but it still requires the user 

to build the machine and its tools themselves. The availability of purchasing the kit for less than 

$ 2,000 𝑈𝑆𝐷, including a few customizable options, significantly lowers the barrier of entry to 

this tool by eliminating time-intensive and frustrating tasks to source each build component 

individually through the project’s bill of materials (BOM). 67 Additionally, Jubilee comes with a 

variety of documentation and resources to support users during the building phase, such as a project 

Wiki containing visual instructions and videos, machine tuning procedures, and tool template 

designs. Furthermore, there is an active Discord channel for informal communication, which also 

allows for prompt help for any machine related issue or even for tool (re)design. 68 All of these 
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features were the reason that Jubilee was selected to be a new laboratory automation tool. As 

shown in Chapter 5, the inclusion of new tools can allow for solutions which are not readily 

available for purchase. The sonicator probe used for the sonochemical synthesis of nanoparticles 

discussed before required no modification to the existing platform. Moreover, both the processing 

tool and Jubilee can be individually used in other contexts as they do not have any hardware or 

software constraints. This is not the case for other commercially available laboratory automation 

platforms, which will only allow instrumentation developed by the same manufacturer to be used. 

The flexibility and modularity of Jubilee are another advantage of this technology. 

Currently, documented applications using this platform mostly fall in the category of digital 

fabrication, with few instances that make use of cameras for monitoring samples or others simple 

liquid-handling/gel printing tasks using a syringe tool. The application of more complex 

workflows is still lagging. However, it is possible to integrate all necessary tools to create a closed-

loop experimental system. Nonetheless, before these platforms  which originated from the digital 

fabrication space can be safely implemented in chemistry and materials science laboratories, they 

might require additional hardening of the frame and alternative to PLA-based parts to broaden 

their material compatibility. This Chapter will focus on the initial efforts made to broaden the tool 

library available to use with Jubilee, as well as the creation of a new python-based control language 

to allow scientist and researchers to use higher-level commands for interfacing with the machine. 

Solutions stemming from the open-hardware community can significantly lower the barrier of 

entry to laboratory automation. They have the potential to support community-driven projects for 

the co-creation and maintenance of new, modular, and flexible platforms for chemistry and 

materials science self-driving laboratories. By openly sharing designs and ideas, the efforts to 
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develop new tools can be shared among the community which avoids duplication of efforts and 

can lead to the creation of new standards for these fields. 

6.2.2 Jubilee for Science Applications 

Autonomous laboratories hold the potential to streamline experimental processes, enhance 

efficiency, and mitigate human errors. However, these physical systems require an advanced 

control language and architecture that allow straightforward communication with the machine. A 

new Python-based repository was created to develop science protocols using this reconfigured 3D 

printing platform. This new instance of Jubilee was named Science Jubilee, and it stems from a 

further collaboration with Machine Agency, the group of Dr. Nadya Peek, a professor in the 

Human Centered Design and Engineering department at the University of Washington, who 

supervised the original Jubilee design. 69 As Jubilee becomes more of a community tool, the 

structure of the control language repository and the tools available for implementation on the 

platform will evolve and improve. The content of this section aims to provide a starting point and 

a gentle introduction to the work completed so far. 

6.2.2.1 A Python-based Control Language 

When designing a new machine control language, there are considerations that need to be 

addressed. One  consideration revolves around the intended user of this product. Out of the box, 

Jubilee is controlled using a Duet3D main board, which is implemented and designed for 

additive/subtractive manufacturing machines. 70 The programming language this board expects to 

receive is g-code, a domain-specific language primarily used in 3D printing and CNC machines. 

71  Most users from the digital fabrication space will use slicers, software  dedicated to generating 

the sequence of g-code the machine will need to perform for the task at hand. In this case, the 

user is not required to auto-generate the protocol files and does not need to know programming 
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language to use the machine. In fact, the slicer takes care of the task abstraction and allows the 

user to define their instrument parameters and tools directly from a GUI. The slicer software is 

also machine-agnostic and can be configured to be used with any brand and model of 3D printer. 

Unfortunately, such computational tools do not exist for laboratory automation. However, there 

was a need to have a high-level language that can be research and human oriented, to remove the 

domain-specific knowledge, and to make the system more accessible to a broader audience. An 

immediate choice was Python, a ubiquitous programming language, especially in the materials and 

chemical sciences. Figure 6.1 displays a simplified schematic of the Science Jubilee repository. 

This project is a new instance of the original Jubilee repository on GitHub, specific to running 

autonomous/automated experimental workflows using Jubilee. 72 
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At the highest level, the repository can be divided into two sections: Documentation and 

Code. The former is composed of a tool library which contains the design files and instructions 

(Figure 6.2)  on how to build and integrate each tool onto a Jubilee. Next, the documentation folder 

contains all the files used to compile the project’s readthedocs.io page. The latter section contains 

all the code required to control your platform (i.e., Machine.py), your tools (i.e., the tool-specific 

`.py` modules), as well as the deck and labware definitions and configuration files. This modular 

structure allows for flexible workflows to be integrated both physically and computationally. There 

Figure 6.1 A simplified schematics of the Science Jubilee repository showcasing the different 

components. The top level is divided into a Documentation and a Code section. The former is 

composed of a Tool Library which contains the design files and instructions on how to build and 

integrate each tool onto a Jubilee. Next, the documentation folder contains all the files used to 

compile the project’s readthedocs.io page. The latter section contains all the code required to 

control your platform (i.e., Machine.py), your tools (i.e., the tool-specific `.py` modules), as well 

as the deck and labware modules and definitions. This modular structure allows for flexible 

workflows to be integrated both physically and computationally.  
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are example Jupyter Notebook files in the calibration  folder to walk users through machine/tool 

calibration routines and example protocol set-up.  

 

Another important consideration is to correctly identify the initial scope of the instrument, 

while also embedding features to ensure flexibility and modularity of the control language. In this 

case, the intended use of Jubilee is to perform generalizable science tasks involving synthesis, 

processing, and characterization of samples. The platform is interfaced through the machine.py  

module with a python interpreter of choice. This module takes care of all the elementary machine-

oriented operations such as motion control of the platform components, sending `g-code` 

commands to the Duet3D board, and the tool handling commands  such as (i.e., 

`machine.pickup_tool(“tool_name”)` and `machine.park_tool()`). To allow for 

more modularity, the definition and control of any tool is contained in individual `.py` modules. 

Each tool will have its own associated module containing all the possible actions each tool can 

complete, e.g., ̀ camera.capture_image()` or ̀ pipette.pickup_tip()`. This structure 

allows for easier tool integration and separates the machine movement and tool actions tasks, 

Figure 6.2 Example documentation files: a snipped from building instructions of the OT-2 Pipette 

tool plate (Left) and the schematic to reproduce the microcontroller that runs the sonicator  tool 

board. (Right) 
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which allows for tool modules to be more machine-agnostic and require only small (if any) 

modifications to be used in other laboratory contexts. 

Figure 6.3 shows an example protocol set up based on the Science Jubilee repository. The 

structure is intended to mimic the physical machine set up and to add some redundancy as a high-

level safety check. In fact, the user is required to define all the components needed to conduct the 

desired workflow. First, the connection to the Jubilee machine is established. The interface of the 

Duet3D board can be done in standalone mode, using a PC or computer via ethernet cable or Wi-

Fi. A second option exists by using a single board computer (SBC), such as a Raspberry Pi board. 

Next, the deck can be defined using a configuration file. This contains geometric details, 

dimensions, and any unique features of the selected bed, such as number of slots and their 

coordinate points. The labware can then be defined by their definition file and the index of the 

deck’s slot it will be placed on. It is to note that the labware definition files and the Labware.py 

file were heavily inspired by those designed by Opentrons for their liquid-handling platforms. 73 

Finally, the tools can be defined by utilizing their respective `.py` modules, as well as their index 

as they are indicated in the Jubilee’s config.g file, tool name, as well as any tool configuration 

file. The use of configuration files for the tool definition allows the same module to be used for 

different tool models, for example two pipettes with different liquid-handling capabilities. Each 

tool will need to be associated with the digital machine object by the 

`machine.load(“tool_name”)` 
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The project’s repository is open-source and community members can access directly on 

GitHub, clone it, and use it to design their own SDL protocols. This can incentivize the sharing of 

designs, promote reproducibility and the formation of new open-hardware ecosystems for  

laboratory automation tools and platforms.  

6.2.2.2 Tool Integration 

The ability to host and operate vastly different tools within its frame gives Jubilee the 

ability for end-to-end workflow designs. These refer to the complete design that can complete all 

the required steps in an experimental protocol. 35 In fact, the application-agnostic feature of this 

platform allows for more flexible tool implementation, where these can be easily swapped out, 

without the need to reconfigure the entire machine. The mechanism for tool pick-up is 

straightforward, where the combination of the locking mechanism, found on the tool carriage 

Figure 6.3 Example protocol set up based on the Science Jubilee project repository. Similarly to 

the physical machine set up (right), the user is required to define all the components needed to 

conduct the desired workflow. First, it needs to establish a connection with the machine. Next the 

deck design and labware are instantiated. Finally, the tools can be defined by utilizing their 

respective `.py` modules, as well as their index ( as indicated in the machine’s  `config.g` file), 

tool name, and any tool configuration files.  
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component of the platform, and the base tool-holder template implementing ball-bearings allows 

for consistent and constant tool positioning. This is an important workflow reproducibility and 

standardization. Once the tool completes the set of actions it was tasked with, the tool carriage can 

automatically park it back onto the machine’s frame and proceed to use a different tool, without 

any human-intervention.  

Tools can be classified in four categories: tools which require a motor to be controlled by 

the Duet3D main board, tools which require an I/O logic connected to a GPIO pin on the Duet3D 

board, tools which require an external trigger (i.e., not controlled by the Duet3D), and peripheral 

tools such as tools placed on the deck of a Jubilee and not on the tool changer (e.g., a mix/stir plate 

or a hot plate). Examples of the first category are the OT-2 pipette, the syringe tool, peristaltic 

pumps, or the filament extruder. The electromagnet tool, lights, or a heater for the deck fall under 

the category of GPIO actuated tools. Next, the sonicator or any tool interfaced using a 

microcontroller can be categorized as external trigger one. Finally, a peripheral tool is one that is 

used within the robotic platform, but not connected to the tool changer component. A stir plate for 

example is one tool that will be placed on the deck of the Jubilee. The base Tool class, contained 

in the project’s repository, is used to associate the tool with machine’s specific properties, such as 

the offset that the tool center has with respect to the tool carriage and the tool’s parking position, 

among others. Currently, this information is stored onto Jubilee’s Duet3D main board, but a user 

can easily define their own or modify the class to accommodate their physical setup requirements. 

This enables the tools used by Jubilee to retain some platform agnostic features and ensures 

shareable products that other community members can replicate and implement on their own 

instrumentation with minimal modifications.  
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To integrate a new tool, there are a few steps that a researcher should follow. First, there 

needs to be a set of documentation containing the BOM to source the parts and step-by-step (visual) 

instructions on how to build the tool. The tool parking post and tool holder should follow the 

design requirements provided on the original Jubilee’s Wiki. 74  If a tool is directly connected to 

the machine’s Duet3D board, instructions on how to modify the core config.g file should be 

indicated as well. Next, a python module containing the set of actions that the tool can perform 

should be added to the repository’s/tool/ folder. 72 Physically, the tools need to be connected to 

the appropriate pins and ports. Their parking post positions need to be recorded in files with a 

Duet3D defined naming convention and structure after aligning the tool changer’s locking 

mechanism with aperture on the tool’s wedge plate. The final steps would be to measure and record 

the tool’s offset with respect to the tool changer reference point into the machine’s config.g file. 

Finally, to ensure that a new tool can be integrated onto this platform, its control should not depend 

on proprietary software, graphical user interface (GUI), or human intervention (i.e., click a button 

or turn a nob). Instead, this should be interfaced directly, ideally with Python or other scripting 

languages. 

6.2.2.3 Tool Development 

There is a wide variety of tools required to complete an experimental workflow. These can 

include those required for sample formulation, sample characterization, and processing. However, 

there is also an array of peripheral tools required to maintain sample conditions constant 

throughout the experiment or to replace actions that a researcher would need to complete. An 

example would be to place a cap or a lid over sample containers to avoid evaporation or to move 

samples between different instruments. This task can be completed in a human-inspired manner 

by using a robotic arm, equipped with a gripper tool to mimic the twisting. However, there are also 
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creative solution that can take advantage of hardware-centric designs to complete similar tasks. 

For example, a simple and inexpensive solution is the use of an electromagnet (Adafruit, 5V 

Electromagnet , Adafruit Product ID: 3872) and metal washers attached to a lid. Figure 6.4 depicts 

such a tool while removing the lid from an SLAS 96 wellplate labware. 

 

In this case, the tool is first connected to a MOSFET driver (Adafruit STEMMA MOSFET 

driver) to ensure safe operations, then directly interfaced by the Jubilee’s Duet board using one of 

the 5V GPIO pins. The electromagnet can be engaged by simply turning on its pin, this will allow 

for picking up the lid. To disengage the lid, the pin connected to the tool can be simply turned off. 

Another peripheral tool that can play an important role in ensuring the samples are well mixed 

throughout the entire process. Traditional stir plates use magnets inside the sample’s container to 

continuously agitate the solution. However, this same task can be challenging to complete for 

Figure 6.4 Electromagnet tool while lidding(left) and de-lidding (right) a 96-well plate 
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labware with sample volumes of 300 𝜇𝐿 or less, such as wellplates. A solution to limitation given 

by traditional tools is to build a mix plate based on haptic motors (Vybronics LRA motor, DigiKey 

1670-VG0832012-ND). These are vibrating motors which can allow for agitating samples. These 

motors require a driver board (Adafruit, DRV2605L Haptic Motor Controller board, Adafruit 

Product ID: 2305) for their control and to allow for modulating the vibration patterns. While this 

tool is currently still under development, any updates and final documentation will be included in 

the `science_jubilee/tool_library/` folder on GitHub. 72 

To complete more experimental relevant tasks, there is a need for higher-fidelity tools, 

especially for characterization. Spectroscopic techniques, such as those discussed in Chapter 2, 

section 2.2, can provide qualitative and quantitative information on sample’s morphology, 

concentration, and optical properties, all in a non-destructive way. A spectroscopic tool was 

developed implementing a reflection/backscattering probe (Ocean Insights, Reflection probe 

UV/VIS, QR400-7-UV-BX), a detector (Ocean Insight , Ocean HDX-XR UV to NIR) and two 

different light sources: a white light (Ocean Insight, DH 2000-BAL, 210-2500nm) for reflection 

and transmittance measurements, as well as an LED light source (Ocean Insight, LSM-365A) for 

photoluminescence measurements. Figure 6.5 shows a simplified schematics of the spectroscopic 

probe set up. 
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The light sources can be interchangeably used depending on the type of measurement of interest. 

The photoluminescence can use the configuration shown in Figure 6.5 a). In this case, the light 

source will be the LED light without any modification to the design and has been already integrated 

into the science Jubilee tool library. On the other hand, to determine other spectroscopic properties 

such as extinction or light absorbance, for example to determine the color of a sample, the set up 

requires further design. In fact, while reflectance can be used to assess color for solid samples, this 

becomes more complicated for liquid ones. The surface properties of a material can influence their 

reflectance response. To calibrate the probe to quantitatively measure reflectance, a reflectance 

standard was purchased (Labsphere, AS-01160-060). However, the surface of the standard is 

opaque, while the liquid samples of interest in most experimental procedures, especially those 

implementing autonomous system, tend to be transparent and shiny. In this case, the solution is to 

Figure 6.5 Example schematics for the Ocean Insight spectroscopic probe. a) Depiction of the base 

reflection/backscattering probe set up. The fiber optics array is shown on the bottom left corner. 

The central fiber carries the light, while the outer array measures the sample’s response. b) An 

alternative proposed configuration to allow for transmittance measurements in which the light 

source is placed below the sample labware instead of being carried inside the fiber optic probe. 
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place the light source in line with the measuring probe while the sample is placed in the middle. 

This approach could be obtain using the current probe and detector, but changing the measurement 

design, where instead of using the middle fiber optic probe to carry the light from the source, this 

latter one can be placed below the sample, see Figure 6.5 b). Unfortunately, this would require the 

fabrication of a “light-box” with enough light intensity to ensure high-fidelity measurements and 

therefore further work needs to be completed before the spectroscopic probe can be used to 

characterize sample’s light absorbance or transmittance. 

Finally, a list of all current tools that have been successfully integrated onto a jubilee 

machine for materials science applications are as follows. For materials handling examples include 

a syringe extrusion tool, an Opentrons OT-2 pipette implemented without mechanical 

modifications to the original design, peristaltic pumps, and an inoculation loop tool. Raspberry pi 

cameras and a spectroscopic tool from Ocean Optics, with both Halogen and LED light sources 

can be used for sample monitoring or characterization. For sample processing, a dip probe 

sonicator and a mix/stir plate have been developed. Finally, an electromagnet tool has been 

designed for moving objects such as vial caps and lids for capping protocols.  

6.3 AUTONOMOUS COLOR MATCHING  

Up to this point, this Chapter has focused on the software and new tool integration on 

Jubilee to transform it into a laboratory automation tool for self-driving labs. As a proof of concept 

for materials science application, the new capabilities were evaluated on what is becoming the new 

benchmarking task for SDL, an autonomous color matching problem. 62,75  
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6.3.1 Experimental Design 

This autonomous color matching task combines the use of different skills required to 

translate a low-throughput workflow into an autonomous one and has high educational value when 

working in this new science paradigm approach. In fact, it requires experimental planning, 

orchestration, and use of laboratory automation solutions to complete the manual experimental 

steps, and by including an AI agent for the decision-making process, the workflow readily becomes 

a straightforward working example of a self-driving lab. There are a handful of examples of this 

approach in the literature, involving liquid-handling,75,76 and light mixing. 62  The task consists of 

mixing arbitrary stock colors to match as close as possible a provided target color , indicated as a 

set of [R,G,B] values, in the least number of iterations. Ginsburg et al. have run this SDL example 

using the facility at Argonne National Laboratory, implemented their modular science factory 

architecture. 75,77 While successful, this implementation makes use of four individual devices, 

connected by a central robotic arm to form an autonomous workflow. 75 The high level of 

complexity can discourage replication of this system, as well as the prohibitive cost associated 

with each of the instruments implemented to ensure a closed-loop approach. Next, the light mixing 

example described by Baird and Sparks provides a low-cost (< 100 $ USD) entry point to SDL 

and autonomous workflow design and orchestration. 62 The example allows the user to assess 

different optimization algorithms and it is intended to be more of a pedagogical tool than an 

extensible scientific tool. Science Jubilee can function as a middle ground for low-cost 

development of this autonomous SDL task. In fact, while seemingly trivial, this color matching 

task can be directly translated into scientific workflows, where instead of paint, nanoparticle 

precursors can be used to optimize the particle’s optical properties by using a higher-fidelity tool, 

such as a spectroscopic probe. The set up and optimization remain virtually unchanged.  
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6.3.2 Preliminary Results 

To conduct this color matching task using a Jubilee, the tools, labware and initial machine 

set up depicted in Figure 6.3 were used. These are namely an OT-2 P300 pipette, a Raspberry Pi 

Camera V3 equipped with a ring light, a 96-well flat-bottom plate, 20mL scintillation glass vials, 

an Opentrons P300 tip rack and a tip trash container. The color stocks used were red, blue, and 

yellow instead of cyan, magenta, yellow, and black as used by Ginsburg et al. 75 For the decision-

making algorithm, a single-objective Bayesian Optimization algorithm was implemented as 

described in Chapter 2, section 2.4.1. The platform and its deck were set up and configured with 

tools and labware required to conduct the experimental steps in the color matching campaign. 

Figure 6.6 shows an Opentrons OT-2 pipette (attached to the carriage tool) performing a liquid 

transfer from a stock container to a sample well. The camera tool can be found in the top left corner 

of the picture. All the remaining computational steps are conducted on a PC orchestrating the SDL 

task. 
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The iterative steps for the autonomous campaign are as follows: 

• The optimizer suggests a sample to test by providing a list of volume fractions, one for each 

stock provided, 

• Jubilee uses the Pipette tool to distribute and mix the indicated volumes of the color stocks, 

• The Camera tool is then equipped onto the tool carriage, which will be used to capture an 

image of the sample. Using image analysis, the [R,G,B] values of the color made are 

extracted, 

Figure 6.6 A photo depicting a Jubilee platform and its deck configured with tools and labware to 

carry out the experimental steps required in the color matching campaign. An Opentrons OT-2 

pipette (attached to the carriage tool) while performing a liquid transfer from a stock container to 

a sample well.  The camera tool can be found in the top left corner of the picture.  All other steps 

are carried out on a PC orchestrating the SDL task. 
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• A scoring function, such as a Euclidean distance, evaluates how close the current point is with 

respect to the target color, 

• The score is then fed back into the optimizer, which will then propose a new set of conditions 

to test based on the results of the previous iterations. 

The workflow was designed in a modular fashion by developing a ColorMatcher Python 

class, made openly available in a GitHub repository, which acts as an orchestrator to communicate 

the results obtained using the physical experimental systems with the AI-agent, initiate the 

successive iteration, and a visualization panel to monitor the progression of the optimization task. 

78 Both the optimizer class and the experimental protocols were purposefully defined in separate 

`.py` modules to allow flexibility and adaptability of the class to other robotic platforms or new 

decision-making algorithms, without the need to significantly modify the python code. Figure 6.7 

showcases the results of an experimental campaign in which the Optimizer was tasked with 

reproducing a target color with [81, 184, 93] as its RGB values. The algorithm had no previous 

knowledge of the color stocks or of color mixing theory. Only the first point in this campaign was 

randomly generated. All subsequent iterations were proposed by the algorithm’s acquisition 

function. 



 179 

 
The images in each panel on the left side of Figure 6.7 were captured during the experimental 

workflow by the camera, where the iteration number is indicated on top of each image. The plot 

on the right shows the score that each color obtained, based on the Euclidean distance metric where 

0 is a perfect match. The color of each marker corresponds to the RGB value measured by the 

Camera tool. Even with only 36 total iterations, the optimizer was able to readily reach a color 

very close to the target, approximately after 6 iterations.  The rest of the allotted tries, the algorithm 

tries to vary the sample composition to minimize the distance and reach a score as close to zero as 

possible. This workflow can be easily repeated adapted to implement with varying number of 

stocks, for example including white and black paint to allow for a broader color space to be 

accessed. This new approach will not require any modification to the experimental set up or the 

ColorMatcher class, demonstrating the adaptability of the proposed approach to this problem. 

Furthermore, once higher-fidelity tools are available and configured to be implemented on the 

Figure 6.7 A summary of results of an autonomous color matching campaign with target color of 

RGB: [81,184,93] ( depicted in the top right corner of this figure). The images on the left graph 

were captured during the experimental workflow, where the iteration number is indicated on top 

of each panel. The plot on the right shows the score that each color obtained using a Euclidean 

distance metric where 0 is a perfect match. The color of each marker corresponds to the RGB value 

measured by the Camera tool. 
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Jubilee platform, the experimental protocol can be simply modified by simply changing a few lines 

of code, but no modification to the orchestrator class  

6.3.3 An interactive Dashboard 

Inspired by a recent outreach event in which this autonomous color-matching problem was 

showcased, a dashboard to simulate the same task was created to use as an interactive pedagogical 

tool to teach students about these tools. This can also be used as a simulation tool for testing new 

AI-based algorithms to complete this optimization task. The dashboard was created using a 

Python-based app building software called Dash. 79 A similar strategy to the ColorMatcher class 

was taken, where the optimizer is defined separately from the main dashboard code and can be 

interchanged with other active learning algorithms. The only requirement for a new algorithm is 

the presence two methods: 

1. `optimizer.update(array(inputs), array(output))`: a method to 

provide the algorithm with the results of the new queried data. In this example the 

input will be the volume fractions of stock colors composing each queried sample; 

the output will be the color score of each formulated sample. 

2. `optimizer.ask()`: a method that returns the acquisition 

function’s suggested next sample to test, provided as a 

list on stock volume fractions to test. 

A preliminary implementation of the dashboard can be seen in Figure 6.8. The dashboard is 

interactive, allowing a user to “challenge” the optimizer’s performance and try and converge 

towards the target color first.  
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The target color can be varied directly from the dashboard using the color-picker widget 

found on the left panel. Below the left panel, there are three buttons used to mix the color stocks 

at the desired ratio, reset the color stocks values, or restart the optimization task from scratch, 

respectively. The “Restart” button will also instantiate a new optimizer object. The central panel 

allows the user to try new color formulations by indicating how many units of each base stock to 

use. The Target panel is updated based on the selection manel using the widget, while the Mixed 

panel showcases the user indicated color , after the mix button is clicked. Finally, the right most 

panel contains a plot used to monitor the progression of the optimization task, both for the user 

and optimizer. The algorithm queried point is generated every time the Mix button is pressed, 

ensuring a 1-to-1 point generation for every guess the user makes. While simple, this dashboard 

can be used as a simple, digital version of the autonomous color-matching task.  

Figure 6.8 Example dashboard for simulating an autonomous color matching task. In this case, the 

dashboard is interactive, allowing a user to “challenge” the optimizer’s performance and try and 

converge towards the target color first.  
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6.4 SUGGESTED FUTURE WORK 

While the addition of this higher-level control language and the inclusion of new synthesis, 

processing, and characterization tools have significantly increased the number of science 

laboratory tasks able to be completed with Jubilee, there is still more work to be done before it can 

be deployed at larger scale. The project originates from the Maker Movement and retains lots of 

features from it. Unfortunately, there needs to be more safety checks in place before this platform 

can be trusted with more complex chemistry and materials science spaces. Possible upgrades 

include the use of sensors to ensure that a tool gets correctly picked up by the central carriage arm. 

In fact, the machine will continue to perform the sequential list of actions it has received, 

independently if it is in the correct state (e.g., a tool is attached). This can be easily achieved by 

either including computer vision algorithms that have learned the expected machine actions. 

Another solution is to make use of the metal parts composing the tool plate and the carriage arm. 

In fact, the same three ball bearings used to ensure consistency in tool position, could be used to 

close an electric circuit, triggering to the machine that the tool pick-up or parking was correctly 

executed. Next, hardening of the platform’s frame and components is required to improve the 

material compatibility of this platform.  For example, it is possible to purchase a metal version of 

the tool carriage component, as well as other metal components upgrades already designed by the 

original Jubilee community. Nonetheless, there are still several parts made of PLA plastic that can 

be more sensitive to organic solvents. These can be simply printed using more compatible 

materials using a resin-printer; this would require no modification or redesign of the components. 

Next, strategies for spilling containment are necessary. As more and more liquid handling task are 

integrated in the machine, the risk of contamination or accidents that can result in solvents dripping 

onto mechanical components is high. This can be avoided by attaching a collection tray at the 
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bottom of the jubilee frame. An additional upgrade will concern the frame to improve its long-

term stability. The use of panels and bulkier frame masks is suggested to ensure longer lasting axis 

and position calibrations. The community-driven approach of the original Jubilee project can be 

extended to its science-based counterpart. To ensure broader implementation of this tool, the 

library of available tools needs to be expanded to accommodate more complex tasks. Some new 

tools might include a hot-plate with an SLAS standard footprint, a solid dispenser tool, and an 

autosampler tool able to connect samples formulated and processed on this platform with existing 

materials science characterization instrumentation (e.g., a small angle x-ray scattering instrument). 

These new tools should originate from the community at large by enforcing platform-agnosticism 

in the initial design. This can also motivate the formulation of tool and communication standards 

for these hardware systems, which has the advantage of increasing their implementation in broader 

science contexts.  

One final, but equally important upgrade, would be a digital twin version of this laboratory 

automation platform. This would allow for testing and simulation of a workflow without the 

dependence  of the physical machine or tools. This can ensure success of the workflow and can be 

a straightforward way of catching possible set-up errors, labware/tool inconsistencies, and safer 

protocol development. 

6.5 CONCLUSION 

Ecosystems for open-source hardware are less well established and have a nascent 

movement when compared than their open-source software counterparts. This Chapter highlighted 

an open-source hardware laboratory automation platform, Jubilee, reconfigured for scientific tasks. 

This platform can be produced with off-the-shelf hardware and common makers tools. A  new 

python-based control library for Jubilee was developed to ensure high-level communication with 
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the physical machine. This allows for experimental protocols to be written in more research and 

human oriented terms and removes the domain-specific knowledge to increase accessibility of 

Jubilee. The library of tools was grown to allow for new synthesis, processing , and 

characterization tasks to be completed with this automation platform. It was demonstrated that 

Science Jubilee can function as a low-cost solution for autonomous SDL task. This can be achieved 

only thanks to the automatic, tool-changing capabilities of the machine. An autonomous color-

matching campaign was used to benchmark the SDL capability of Jubilee with other system 

present in the literature. This task combines the use of different skills required to translate low-

throughput protocols into an autonomous workflow and has high educational value when working 

in this new science paradigm approach. The color-matching campaign was completed using 

common laboratory labware, an OT-2 P300 pipette and a Raspberry Pi camera, all loaded onto a 

single Jubilee. The physical system was combined with a single-objective Bayesian Optimization 

algorithm to close the loop of this experimental design. While seemingly trivial, this task can be 

directly translated into other scientific workflows without redesign or modification to the 

approach. 

Community-driven mechanisms that can be developed in the context of open-hardware 

designs drastically lower the barrier of entry to laboratory automation. Jubilee provides a flexible  

and affordable design that can be implemented for a diverse set of chemical systems. Furthermore, 

given the speed and simplicity of workflow development that can be achieved using this platform, 

closing-the-loop can be achieved by implementing AI-driven strategies. The autonomous color 

matching campaign successfully showcases the potential of this platform for becoming a more 

ubiquitous tool in materials science spaces. These self-driving lab solutions allow for a drastic 

increase of available data on new materials, the ease in reproducibility can also improve data 



 185 

fidelity and shareability. Finally, increased access through lower costs will broaden the application 

space, enabling a larger number of scientists to take advantage of the precision of automation and 

enabling automation tools to be included in hands-on educational curricula. However, to truly 

achieve the ubiquitous use of SDLs in chemistry and materials science laboratories, there is a need 

for the development of standardized hardware designs and equipment communication protocols, 

as well broader availability of easily reproducible, openly available designs 
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Chapter 7. SUMMARY & OUTLOOK 

While laboratory automation holds immense promise for accelerating scientific progress, 

it is essential to acknowledge the diverse needs and challenges of different scientific experiments. 

The ultimate objective of MAPs is to achieve autonomous experimentation through the 

combination of artificial intelligence with high-throughput robotic systems without requiring 

human intervention. The main advantage of these platforms is the possibility to investigate broader 

experimental spaces for both synthesis and parameter optimization. Open-source hardware (OSH) 

principles have made the use of these materials’ acceleration platforms more accessible and more 

easily implemented. However, there are still efforts required to achieve a broader community 

utilization of these high-throughput solutions.  

In Chapter 3, a combination of commercially available and custom automation solutions 

was presented to systematically study the inexpensive designer solvents, deep eutectic solvents 

(DES). These have great appeal as electrolytes for energy-related applications thanks to their low-

cost, green environmental footprint, wide potential window, and adequate ionic conductivity. 

Despite these benefits, the massive molecular design space associated with these materials has 

hindered their use. The study presented high-throughput and data-driven strategies as an avenue 

to investigate new candidate DES. After a cheminformatic campaign, DES were then synthesized 

in high-throughput, to complete an experimental campaign spanning 50 QAS/HBD combinations 

and 12 molar ratios for a total of 600 unique samples. This systematic characterization was 

valuable and unique in the current literature, where data on DES electrolytes is still scarce and 

overwhelmingly focused on choline chloride samples. Importantly, the high-throughput 

electrochemical characterization reported identified several promising electrolyte candidates with 

wide electrochemical potential windows (over 3 𝑉) and ionic conductivities above 1 𝑚𝑆/𝑐𝑚. This 
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suggests that there are likely numerous promising electrolyte materials within the vast molecular 

design space of DES that remain to be discovered. While efforts to move this work closer towards 

an automated closed loop system are still underway, the methods outlined in this study could 

quickly increase the DES data that is available and openly shared for use with advanced statistical 

methods. The use of advanced methods to predict DES properties from molecular features and 

formulation parameters will become essential elements in future investigations aiming to 

efficiently sample DES candidates. In addition, methods outlined in this chapter can also be 

extended to other materials design problems with large design spaces. The MAP-based workflow 

showcased in this chapter could be implemented for the study of other systems where the 

thermodynamics of mixtures play an important role such as microemulsions, especially for drug 

delivery applications, or the phase transition temperature of lipid systems. Given the numerous 

appealing properties of DES solvents, Chapter 4 explores their incorporating them into redox flows 

batteries (RFBs) for the design of inorganic-base grid level energy storage systems. The push for 

greener redox active species for use in electrochemical storage technologies, such as redox-active 

organic molecules (ROMs), to replace expensive and resource limited earth metals currently in 

use. Preliminary results highlight good solubility of these organic species in DES, however, at 

higher concentrations their electrochemical performance is hindered by poor species mobility, due 

to high viscosity. This prompts novel automation approaches for higher temperature studies of 

these systems.  

In Chapter 5, the investigation of a large experimental design space for the ligand mediated 

sonochemical synthesis of CdSe nanoparticles was presented. The workflow was developed as a 

human-in-the-loop type of approach by implementing a combination of a liquid handling robot, a 

custom automation platform equipped for single point sonochemical processing of samples, and a 
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plate reader for characterization tasks. A total of almost two thousand samples in less than two 

months, which would not have been achievable using traditional synthesis approaches. In was 

found that the range of concentrations of selenium and cadmium precursors implemented in this 

study did not play a role in the samples’ absorption peak position, related to particle size. The role 

of the ligands was related to the binding energy with the cadmium ion, which ultimately controls 

the nucleation rate of the synthesis and more strongly affected the particle size.  Regarding the 

photoluminescence emission, the presence of oleylamine favored the increase of 

photoluminescence intensity, while the addition of oleic acid had the opposite effect, due to 

differences in surface passivation of the two ligands. The use of data-driven and model-agnostic 

analysis strategies confirmed data trends previously observed, as well as provided a quantitative 

breakdown of the most influential experimental parameters. The strategy of coupling the proposed 

high-throughput workflow to a data-driven approach for the interpretation of the results provides 

a holistic view of the design space investigated. The modular nature of the protocol makes the 

workflow adaptable to a variety of future studies, including other nanocrystal design spaces, 

emulsification processes, and nanoparticle re-dispersion or exfoliation. 

In Chapter 6, the development of an open-source and open-hardware, modular laboratory 

automation platform based on the tool-changing 3D printer Jubilee is demonstrated in the context 

of low-cost SDLs. The application-agnostic feature of this platform allows for more flexible tool 

implementation, where these can be easily swapped out, without the need to reconfigure the entire 

machine. A new, python-based control interface for the machine allows for high-level, machine-

readable, but also research, and human oriented protocols. By removing the domain-specific 

knowledge Jubilee can become more accessible to a broader audience. This platform provides a 

flexible and affordable design that can be implemented for a diverse set of chemical systems. It is 



 193 

now possible to achieve close-loop workflows with Jubilee by combining AI-driven strategies, the 

new high-level control language and the broadened library of open-science tools integrated in it. 

The autonomous color matching campaign successfully showcases the potential of this platform 

for becoming a more ubiquitous tool in materials science spaces. This shows how the development 

of open-science laboratory automation platforms can jumpstart the democratization of laboratory 

automation tools, impacting materials science research and educational curricula alike. 

These self-driving lab solutions hold immense scientific and educational value for both 

new materials discovery and more interdisciplinary skill development. These tools also allow for 

a drastic increase of available data on new materials, the ease in reproducibility can also improve 

data fidelity and shareability. The increased access through low-costs solution will broaden the 

application space of this new science paradigm, empowering a larger number of (materials) 

scientists to take advantage of the precision of automation, and enabling automation tools to be 

included in hands-on educational curricula. However, to truly achieve the ubiquitous use of SDLs 

in chemistry and materials science laboratories, there is a need for the development of standardized 

hardware designs and equipment communication protocols, as well broader availability of easily 

reproducible, openly available designs. This can only be achieved through community-driven and 

community-maintained ecosystems, developed in the context of open-hardware designs. 

Embracing these data-driven strategies and the use of low-cost, automatic, and open-source robotic 

systems will make the incorporation of AI-driven algorithms and iterative exploratory campaigns 

into the design of experiments much more accessible to the scientific community. This will allow 

the community to discover new materials, optimize known ones, and more readily achieve 

innovative solutions to global challenges more efficiently.  
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Chapter 8. OPEN-SOURCE SOFTWARE FOR AIDED HIGH-

THROUGHPUT DATA CLASSIFICATION USING 

CONVOLUTIONAL NEURAL NETWORKS 

8.1 BACKGROUND 

To create a more streamlined process for experimental design with minimum user 

interaction, it is paramount to combine high-throughput experimentation with reliable and efficient 

data analysis strategies. High-throughput experimentation (HTE) and high-throughput testing 

(HTT) have exponentially increased the volume of experimental data available to scientists. 

However, one of the major bottlenecks in their implementation is the data analysis. Without the 

aid of faster and automated data classification, the bottleneck of the high-throughput sample 

screening process would simply be shifted form the experimental tasks, to the feature recognition 

and modeling steps. Machine learning algorithms are effective tools that can aid the performance 

of the classification task and increase its efficiency. The need for autonomous binning and 

classification has seen an increase in the employment of machine learning approaches in discovery 

of catalysts, energy materials and process parameters for design of experiment. 1,2 However, these 

solutions rely on specific sets of hyperparameters for their machine learning models to achieve the 

desired purpose. Furthermore, numerical data from experimental characterization of materials 

carries diversity in features and magnitude. These features are traditionally extracted using 

deterministic models based on empirical relationships between variables of the process under 

investigation. As an example, X-ray diffraction (XRD) data is easier to characterize in linear form 

as compared to small angle X-ray scattering data, which requires transformation of axis to log-log 

scale.  
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One of the most widely applied strategy to enhance the performance of machine learning 

model is Combined Automatic Machine Learning (AutoML) for combined alogrithm selection and 

hyperparameter optimization (CASH), 3 However, these packages are only limited to hyper-

parameter tuning and data features remain untouched. To improve the effectiveness of machine 

learning models, some of the popular feature engineering strategies used for simple numerical data 

include binning, binarization, normalization, and Box-Cox transformations are popular feature 

engineering strategies for simple numerical data like ratings vs. reviews.4 Moreover, Deep Feature 

Synthesis has shown promising results. Here features are generated from relational databases by 

performing multi-layer mathematical transformation operations. 5 Another package employs 

transformation of data in Quantile Sketch Array (QSA) to improve the effectiveness of machine 

learning model. 6.  

Another aspect often ignored during evaluation of machine learning model is kernel 

methods based on feature engineering. Feature engineering has demonstrated the importance of 

presenting the data in the correct form, order, and structure can significantly dictate how well a 

machine learning model can perform. 5,6 In fact, after being collected, the data may also require 

further processing or visualization through multiple transformations. By refining the way data is 

represented to the ML model, features can be extracted effectively and efficiently. It is also 

possible to code data into the red, green and blue (RGB) channels of a color image, thus 

constructing a pattern which could be easily distinguishable by the algorithm. To implement high-

throughput analysis to a variety of data, an open source python-based package named HARDy, 

which stands for “Handling Arbitrary Recognition of Data in Python”, was developed in 

collaboration with two other graduate students, Abdul Moeez and David Hurt, from the Materials 

Science and Engineering department and the Chemical Engineering department, respectively. The 
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package can be described as a feature extraction and data representation algorithm which applies 

mathematical transformations to raw data as part of feature engineering and then evaluates the 

performance of ML classification algorithm through application of kernel methods by encoding 

data in RGB patterns. The package provides an extension to machine learning by adding layers of 

feature transformation and representation. HARDy` presents an infrastructure which aids in the 

identification of the best combination of numerical and visual transformations to improve data 

classification through convolutional neural networks (CNN). `HARDy` exploits the difference 

between human-readable images of experimental data (i.e. Cartesian representation) and 

computer-readable plots, which maximizes the data density presented to an algorithm and reduces 

superfluous information. `HARDy` uses configuration files, fed to the open-source package 

`Keras-tuner`, removing the need for the user to manually generate unique parameters 

combinations for each neural network model to be investigated. The workflow of the package is 

as follows: 

• Configuration: Sets attributes for user-defined transformations, machine 

learning hyperparameters, or hyperparameter space. 

• Handling: Imports pre-labeled data from .csv files and loads it into the catalog. 

Later, the data will be split into training and testing sets. 

• Arbitrage: Applies user-defined numerical and visual transformations to all the 

loaded data. 

• Recognition: A machine learning module that applies user-defined 

hyperparameter search space for training and evaluation of the model. 

• Data-Reporting: Imports the results of machine learning models and reports 

them into dataframes and plots. 
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8.2 DESCRIPTION AND USE CASE 

The python-based package HARDy is a modularly structured package which classifies data 

using 2D convolutional neural networks. A schematic for the package can be found in Figure 8.1. 

 

The package was tested on a set of simulated small angle scattering (SAS) data to be 

classified into four different particle models: spherical, ellipsoidal, cylindrical and core-shell 

spherical. A total of ten thousand files were generated for each model. The data was generated 

using sasmodels, a python-based software for modeling and fitting of SAS data. 7 The geometrical 

and physical parameters used to obtain each spectrum were taken from a published work 

Figure 8.1 Information flow for HARDy 
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discussing a similar classification task. 8. The name of each SAS model was used as label for the 

data, allowing for further validation of the test set results. These models were selected as they 

present similar parameters and data features, which at times make it challenging to distinguish 

between them. 

First, the pre-labelled data was loaded. A subset of the files, three thousand files in total, is 

identified as the testing set. It is to note that all the ML models initialized in the same code run are 

validated using the same testing set. A user-provided list of transformations, input through a 

configuration file, is applied to the data. Different trials can be specified, so that multiple sets of 

transformations can be investigated. Both Cartesian and RGB plots representations were 

compared. The latter visualization option was obtained by encoding the data into the pixel values 

of each channel composing a color image, for a total of six-channels available (i.e., 3 RGB 

channels in horizontal/vertical orthogonal directions). Figure 8.2 shows an example of numerical 

and visual transformation applied to a spherical model data. 

 

Figure 8.2 Comparison between numerical and visual transformations on the same dataset. Panel 

(a) show the data visualized in cartesian coordinates in a lin-lin manned. Panel (b) represents the 

same data after both the scattering length q and the intensity I(q) have been logarithmically 

transformed. Panel (c) show the log-log data plotted in the blue and green channel of an RGB 

image 
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The data is then fed into a convolutional neural network, whose hyperparameters and 

structure were defined using another configuration file. Alternatively, it is also possible to train 

multiple classifiers for a single transformation trial through the use of a tuner, by instead providing 

a hyperparameter space and a search method. The classification results, as well as the best 

performing trained model were saved for each transformation run. The package also allows the 

user  to visually compare, through a parallel coordinates plot (see documentation), the performance 

of each transformation and, in the case of a tuning session, which hyperparameter combination 

yielded higher classification accuracy. Figure 8.3 shows a summary of a few runs comparing the 

two visualization strategies. 
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Comprehensive results for all transformations tested are available in the documentation. It 

can be noticed that data representation using Cartesian coordinate plots yielded a higher number 

of instances in which the accuracy of the trained machine learning model was ~25%. This value 

corresponds to machine learning model's inability to recognize differences in a four-class 

classification task. On the other hand, the RGB plots show, on average, higher accuracy for the 

same combinations of numerical transformations. To further validate the results, mathematical 

fitting was performed on a test set using the SASmodels package. The fitting was based on 

probabilities determined by the ML model for each label. In scenarios where the output probability 

was below 70\%, the data was also fitted using the second highest possible SAS model. 

Figure 8.3 Parallel Coordinate Plot for the classification of SAS data into four models: spherical, 

cylindrical, ellipsoidal and core-shell sphere. The name of each run corresponds to the 

transformation applied to the scattering length q and intensity I. These results visualized the data 

in RGB plot. Only a limited number of transformations tested is shown here (see documentation) 
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The average chi-square parameter of the fitted data was determined to be 7.5. 

Approximately 11 % of the data had a probability lower than 70\%. In all cases, if the neural 

network was not able to correctly label the data with the highest probability label, the second 

highest probability label was the correct one. 

In conclusion, we have demonstrated reliability in the classification task provided by 

`HARDy`. The code can also be used to guide modeling of data and will help identify the most 

probable model(s) to use, decreasing significantly the time spent on data analysis. Finally, the 

minimal user interaction required by the package allows for deployment of the task on a 

supercomputing cluster system, possibly removing the limitations given by the high computational 

power required to run these ML algorithms. All configuration files and scripts used to run the 

example presented in this paper can be found in the package documentation.9 
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