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Abstract 

In today’s world, data is being generated and accumulated at an astronomical rate, presenting 

new opportunities and challenges for the scientific community. In parallel, advancements in 

computer science have revolutionized the landscape of chemistry. The confluence of these two 

fields has given rise to a wave of sophisticated machine learning algorithms capable of building 

powerful predictive models. The field of computational chemistry is now finding itself 

navigating through this rapid evolution of technological progress. 

This Thesis traces the progression from statistical models to modern machine learning 

techniques and is setting the stage for the intricate dance between data science and chemistry. 

The focus narrows down to the specific utilization of machine learning for selectivity 

predictions in organocatalysis and property predictions for ionic liquids. It introduces Pythia, 

a machine learning toolkit designed with accessibility in mind, aiming to democratize the 

application of machine learning in computational chemistry. Pythia employs 2D and 3D 

descriptors and shallow learners to predict selectivity for organocatalytic reactions. The power 

of Pythia is put to the test and its potential for predicting selectivity in catalysis is explored. 

This demonstrates the toolkit's practical utility in facilitating more efficient and targeted 

experimentation in the search for effective catalysts. Finally, we delve into the prediction of 

viscosity and solubility in ionic liquids, further highlighting the capabilities of machine 

learning in streamlining the prediction of chemical properties. This Thesis promises to 

accelerate the pace of discovery in computational chemistry, allowing scientists to handle the 

influx of data more efficiently and extract meaningful insights from it.  
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1. Introduction 

Parts of this chapter are based on the published review “Selectivity in organocatalysis-From 

qualitative to quantitative predictive models” at the WIREs computational Molecular Science.1 

1.1. A brief history of machine learning 

In recent years the use of Machine learning (ML) has witnessed explosive growth in all areas 

of science. This surge can be attributed to the abundance of available data and the 

advancements in computing resources, enabling researchers to delve into complex analyses. 

ML leverages and expands upon the foundations of statistics to develop and enhance its 

algorithms and offer insights into the underlying mechanisms while generating accurate 

predictions.2–6 

The history of statistics can be traced back to the 17th century and dice gambling. During this 

time, Fermat and Pascal began developing the concept of probability, which continued during 

the 18th century with Bayes, who made significant contributions to the field through his work 

on conditional probability, which provided the basis of Bayesian inference. In the 19th century, 

Laplace further expanded upon Bayes’ ideas and introduced additional concepts to Bayesian 

statistics. In this period, Laplace, Gauss, and Legendre also introduced the method of least 

squares and formulated an early version of the standard linear model. Additionally, Quetelet 

organized the first international statistics conference, where the application of statistics to 

biology was discussed.7–11  

The foundation of statistical theory was laid by Galton and Pearson, who are credited as its 

principal founders. They introduced concepts such as standard deviation, median, correlation, 

regression, as well as their practical applications.12–15 Pearson also made significant 

contributions to statistical hypothesis testing, introducing Pearson’s chi-squared test and 

principal component analysis (PCA).16–19 In 1922, Fisher introduced the method of maximum 

likelihood estimation.20  

Other important contributions at this time included Spearman's rank correlation coefficient, 

which was a useful extension of the Pearson correlation coefficient.21 Gosset introduced the 

student's t-distribution,22 a continuous probability distribution used in situations where the 

sample size is small, and the population standard deviation unknown. Additionally, Neyman 
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demonstrated that stratified random sampling was a better method of estimation than purposive 

(quota) sampling.23  

By the 1960s, when computers became more widely available, much of the theoretical work in 

statistics had already been established, providing a solid base for integrating statistical models 

into ML framework. 

Alan Turing, widely regarded as the father of computer science, made foundational 

contributions to the field and demonstrated the potential of machines to perform complex 

computations (“On computable numbers”).24 Building on this work the history of ML started 

in 1943 with the first mathematical model of neural networks (NN) presented by Pitts and 

McCulloch,25 which showed the immense computational power of simple elements connected 

in a neural network. Their work received little attention until these ideas were later applied by 

John von Neumann, Norbert Wiener, and others.26 Turing’s proposal of the Turing test in 1950, 

sparked discussions about artificial intelligence and set the stage for the subsequent 

advancements in ML.27,28 

In 1952, Samuel is credited with creating the first computer program to play championship-

level checkers, and with developing the minimax algorithm, a technique for minimizing losses 

in games,29,30 still widely used today. In 1957, Rosenblatt31 developed the perceptron, one of 

the first algorithms to use artificial NNs. It was designed to improve the accuracy of computer 

predictions by adjusting its parameters until it reached an optimal solution. In 1965, 

Ivankhnenko and Lapa developed the hierarchical representation of NNs that uses polynomial 

activation function and is trained using the group method of data handling, making it the first 

ever multi-layer perceptron (MLP).32 In 1967, Cover and Hart33 published on nearest 

neighbors, an algorithm that is still used today to classify an input object into one of two 

categories. In 1974, in his thesis, Werbos34 laid the foundations for backpropagation as a 

method to improve the accuracy of a model by adjusting its weights so that it can more 

accurately predict future outputs.  

In 1995, Ho35 introduced random decision forests, which involved the construction of multiple 

trees through the pseudorandom selection of subsets from the feature vector. This approach 

aimed to mitigate over-fitting and enhance generalization in decision tree (DT) models. This 

early variation of ensemble learning later evolved into what is now known as random forests 

(RF). In 2000, Leo Breiman and Adele Cutler made significant contributions to further refine 

and popularize the RF algorithm, shaping it into the widely used and influential technique it is 
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today.36 By 2006, Hinton et al.37 had introduced deep learning, describing the first algorithm 

that could achieve human-level performance on difficult and complex pattern recognition tasks. 

Over the years, all these advancements found practical applications illustrating the remarkable 

evolution of ML and its impact in various domains (Figure 1).38 Notable examples include the 

Stanford Cart (1979),39 a remote-controlled robot that equipped with computer vision and 

pattern recognition algorithms successfully crossed a room filled with chairs without human 

intervention in a few hours. Deep Blue (1997), which defeated chess grandmaster Garry 

Kasparov.29,40 IBM’s Watson (2011), one of the best AI engines used in healthcare, finance, 

cybersecurity, law even retail and sports.41,42 Eugene Goostman (2014), which is the first 

chatbot regarded to have passed the Turing test. Google’s AI algorithms, that beat humans in 

the game of Go (2016). Waymo’s autonomous taxis (2017), and OpenAI’s language model 

GPT-3 (2020). 

 
Figure 1: A timeline with the history of statistics and ML applications. 

ML has demonstrated its versatility, positioning it as one of the most captivating technologies 

of our era. At present, almost every common domain is powered by ML, including 

healthcare,41,42 the automotive industry, robotics, and computer vision.38 The popular use of 

ML algorithms has been facilitated by the availability of automated ML or AutoML tools, 

which have enabled non-experts to use complex ML algorithms. For example, tasks such as 

data pre-processing, feature engineering, feature extraction, feature selection, algorithm 
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selection and hyperparameter optimization can now be performed easily by AutoML tools. 

However, there are some critical problems to be solved before AutoML has the potential to 

become a dominant force in the future. They include acquisition, transformation, privacy and 

security of data, as well as, explainability of ML models, ethical and biases concerns.43–45 

1.2. Overview of machine learning applications in chemistry 

Over the past decades, ML has been applied in various subfields of chemistry,46–52 including 

quantum,53–55 environmental,56 synthetic,57–61 analytical,62 and industrial chemistry,63 drug 

discovery and biochemistry,64–68 and material science.69–71 In the past 20 years, more than 

70,000 journal publications and 17,500 patents have been produced related to ML in 

chemistry.72,73  

Some thunderous achievements of ML in Chemistry include: Alpha fold,74 an AI system 

developed by DeepMind that predicts protein 3D structures from its amino acid sequence using 

advanced NN architectures and vast amounts of structural data. DeepChem,75 an open-source 

toolkit for deep learning that has been used for molecular property prediction, chemical 

synthesis planning, and virtual screening. RXN, a tool created by IBM, using deep learning 

models, which has been used to predict chemical reactions,76,77 retrosynthesis pathways,78,79 

and experimental procedures.80,81 Exscientia’s AI platform, which utilizes deep and 

reinforcement learning, and has now designed two drugs that are in Phase 1 of human clinical 

trials.82 These notable advancements showcase that ML techniques push the boundaries of 

scientific discovery and accelerate innovation in the field. 

1.2.1. From quantitative-structure-activity-relationships to machine 

learning 

The use of ML techniques in chemistry can be traced back to the early work of Hammett, who 

laid the groundwork for a data-driven approach, using linear free energy relationships (LFERs) 

to develop quantitative relationships between structure and activity.83 While the Hammett 

equation uses a single parameter for a given substituent, Taft also treated steric, inductive and 

resonance effects.84,85 Influenced by Taft’s latter work, Charton employed multiple regression 

to investigate more complex relationships between chemical data.86  
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These early models saw a renaissance in the past decades, with the development of quantitative 

structure-activity/property relationship (QSAR/QSPR) methods,87 employed by biologists and 

medicinal chemists to predict biological activities (or other properties) from structural and 

topological descriptors, such as molecular shape and size, number of heteroatoms and numbers 

of hydrogen-bond donors and acceptors (Figure 2). Multivariable linear regression (MLR) is 

commonly employed in QSAR analysis as it considers multiple independent descriptors to 

predict an activity or a property. Tropsha, Roitberg and many others87–90 summarized the recent 

advances in QSAR highlighting the applicability of algorithms, modeling methods, and 

validation practices in synthesis planning nanotechnology, materials science, biomaterials and 

clinical informatics. 

This Thesis focuses on the development of multivariable linear regression models for catalyst 

design. This approach has been popularized by Sigman and co-workers since 2008. Their initial 

work91–95 explored the LFER between steric parameters and enantiomeric ratio.92,96 Over time, 

they extended the use of MLR for predicting reaction selectivity.97,98 We refer the reader to the 

relevant reviews in MLR for further details.99–103  

Currently, many different ML architectures, beyond MLR, are being used for molecular 

property prediction, reaction outcome prediction, reaction conditions prediction, reaction 

optimization, molecular design, and retrosynthesis. In the following paragraphs, we highlight 

key achievements within each domain. Since not all these domains are directly pertinent to the 

focus of this Thesis, the discussion will be succinct and primarily oriented toward those most 

relevant to our study. 

Figure 2: The evolution of data science in chemistry. From linear free energy relationships to machine learning. 
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Molecular property prediction 

Molecular properties such as solubility, viscosity, bioactivity, toxicity, and melting points can 

be predicted either through equations based on empirical data (e.g., properties are functions of 

temperature or pressure) or by modeling. More recently, predictions are accomplished by 

readily available data-driven ML models. Examples include the OPEn structure-

activity/property relationship app (OPERA), which has been trained on thousands of 

compounds with known properties,104 and Chemprop, which utilizes message passing 

NNs.105,106 Both of these tools can predict a variety of physicochemical properties, including 

octanol-water partition coefficient (logP), water solubility, boiling point, bioactivity, toxicity, 

and others. In the context of this Thesis, we are interested in predicting solubility and viscosity, 

consequently, these properties will be discussed in greater detail in the subsequent sections. 

Reaction outcome prediction 

The synthesis of new molecules is often a costly and time-consuming effort, often done through 

trial-and error. To tackle this challenge, in 2016, Alán Aspuru-Guzik and co-workers employed 

NNs for predicting the main reaction product using 1D representations of the reactants as 

inputs.107 Since then, convolutional neural networks (CNN) and recurrent neural networks 

(RNN) have also been trained with databases of thousands of organic reactions to predict main 

products and byproducts.108–112 

Reaction conditions prediction and reaction optimization 

Reaction conditions, including solvent, catalyst, reagent, temperature, concentrations, reaction 

time, purification method, have also been explored using ML models. For example, Jensen et 

al.113 introduced an ML-based program to predict reaction conditions for organic reactions, 

based on over 11 million data. One limitation is that it does not predict concentrations and 

reaction times. Another approach by Zare and co-workers114 uses a RNN that iteratively 

searches for the best reaction conditions, this was tested for condensation, addition, oxidation, 

and dehydrogenation reactions. In 2021, Doyle et al. developed an open-source software tool 

to optimize chemical synthesis for Mitsunobu and deoxyfluorination reactions, using Bayesian 

optimisation.115 Finally, Zimmerman et al.116 proposed the use of transfer and active learning, 

with a combination of prior data and new experiments, to accelerate the development of new 

reactions; they illustrated this in Pd-catalyzed cross-coupling reactions. 
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Molecular design 

ML has emerged as a valuable complementary tool for designing new molecules, as it can 

generate huge numbers of molecules in a short time. Several ML algorithms, such as variational 

autoencoders, adversarial autoencoders, RNN and graph convolutional networks (GNC) have 

been used for molecular design.117,118 These algorithms generate molecular structures either as 

SMILES (Simplified Molecular Input Line Entry System) strings or directly as graphs and they 

are trained on millions of molecules. To support the training and evaluation of ML models for 

molecular design, several databases have been built. The ZINC119,120 database with 

commercially available compounds, the QM9121,122 dataset which is derived from quantum 

chemical calculations and provides quantum properties and descriptors for small organic 

molecules, and the ChEMBL123–125 database, that focuses on bioactive molecules and their 

associated biological activities, are only a few such databases that contain millions of 

molecules and are freely available. 

1.3. Machine learning for catalyst design 

In the field of catalyst design, a range of ML approaches including MLR, RF, support vector 

machine (SVM) and NNs have been employed to guide the development of new catalysts 

accelerating the catalyst discovery. Some efforts focus on building more accurate ML models, 

while others focus on interpretable ML models. Both avenues are important and offer valuable 

insights into catalyst design and optimization.1,97,126–131 

As mentioned before, Sigman and co-workers have pioneered the use of MLR for predicting 

reaction selectivity for a wide range of reactions. For example, their study on the BINOL-based 

phosphoric acid catalyzed nucleophilic additions to imines,97 considered 313 steric and 

electronic parameters to describe substrates and catalysts for 367 reactions (R2 = 0.88). Further 

analysis of the transition state geometries for E/Z imines, enabled the authors to recover the 

importance of sterics, with large catalyst and imine substituents leading to higher levels of 

enantioselectivity for the E-over the Z-imine model, which was favored with smaller 

substituents. They also guided the design of Minisci reactions of Diazines by constructing a 

MLR model for 55 reactions using the same physical-chemical descriptors as before and they 

obtained an R2 = 0.88 (Figure 3a).98 
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Doyle and co-workers have employed RF to predict reaction yields for 740 alcohol 

deoxyfluorination reactions (R2 = 0.93)132 and 4,608 Buchwald-Hartwig amination reactions 

(R2 = 0.92)133 using physical chemical descriptors (Figure 3b). However, subsequent 

investigations revealed that this method lacked true feature learning and instead relied on 

capturing patterns present in the data.134 In 2021, Luo et al.135 used a deep convolution NN for 

the same type of reactions, but this time they trained their model on 3,690 reactions and 120  

physical chemical descriptors, achieving yield predictions with even higher correlation and low 

error (R2 = 0.96 and RMSE = 4.95%). By using PCA they identified the 64 most important 

descriptors, with the charge of the catalyst having the greatest influence.  

In 2018, Sunoj and co-workers, predicted the regiochemical outcomes of 66 regioselective 

difluorination reactions of alkenes catalyzed by hypervalent iodine. They employed 63 

features, such as charges, nuclear magnetic resonance shifts, electrophilic and nucleophilic 

Fukui indices, steric parameters achieving an average accuracy of 90%. However, the authors 

noted the limited interpretability of the model, which led them to generate a DT model to 

identify the most relevant descriptors. From this model, it was found that 1,2-difluorination 

was favored with electron-deficient benzylic carbons, whereas electron-rich terminal carbons 

exclusively lead to 1,1-difluorinated products.136 They later used NNs with 153 physical 

chemical descriptors for predicting the enantioselectivity (in enantiomeric excess, ee) of 240 

β-C(sp3)–H functionalization reactions, obtaining an RMSE of 7.8 % ee for the enantioselective 

arylation of cyclobutyl carboxylic amide, an RMSE of 5.0% ee for the alkenylation of 

isobutyric acid, and an RMSE of 7.1% ee for the C(sp3)–H arylation of free 

cyclopropylmethylamine (Figure 3c).137 Finally, they developed a transfer learning protocol, 

trained on 1 million data, to predict yield and ee for Pd-catalysed Buchwald-Hartwing 

reactions, with low errors (RMSE = 4.9% for yield and RMSE = 8.6% for ee).138 

Denmark et al. have utilized SVMs to predict ee for the nucleophilic addition of thiols to N-

acyl imines. The model was built using data from 1,075 reactions, introducing a new shape 

descriptor named average steric occupancy, alongside electronic parameters; this resulted in 

16,384 features (3D & 4D descriptors) which were then reduced with the help of PCA. A high 

correlation (R2 = 0.91) was achieved and the most selective catalyst (96.5% ee within 3% ee 

of the experimental value) was predicted, illustrating the applicability of the model in finding 

more selective catalysts beyond the training set (Figure 3d).139 

Hong and co-workers trained a RF model to predict regioselectivity in 8,580 radical C−H 

functionalization reactions. In total, 50 steric and electronic of descriptors were used, including 
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the smooth overlap of atomic positions (SOAP), buried volume, molecular fingerprints, frontier 

molecular orbital energies, and atomic charge, among others. After analysis, the authors 

ultimately implemented a predictive model using 32 physical organic descriptors to achieve an 

accuracy of 90%, advising against the use of SOAP (15,876 descriptors) and molecular 

fingerprints (1,358 descriptors) which would require a significantly larger training set to match 

the feature space. The use of a smaller set of physical organic descriptors also facilitated 

interpretation of the model, which revealed the key role of heteroarenes in reactivity and 

regiocontrol (Figure 3e).140 

Corminboeuf and co-workers developed a gaussian kernel ridge regression, to predict the 

density functional theory (DFT)-computed ee of Lewis base-catalyzed propargylation 

reactions. As features two- and three-body potentials, which derive from the atomic coordinates 

calculated by quantum mechanics (QM), and molecular fingerprints were used. The authors 

achieve an almost perfect correlation (R2 = 0.97) between DFT calculations and ML predictions 

(Figure 3f).141 

Jensen and co-workers have published over the years several predictive models for physical 

properties,142 condition reactions,113 chemical reactivity108 and synthesis.59 One of the first 

predictive models they reported was a NN model to predict the major product of 15,000 

reactions (chlorination, amide synthesis, isoxazole synthesis, sulfamide synthesis, 

etherification, Suzuki coupling, azidation, and alkylation, among others). The model was 

constructed with 1,055 features, including Morgan fingerprints, number of hydrogen atoms and 

atomic number. An accuracy of 71.8% was achieved in predicting the major product (Figure 

3g).109
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Figure 3: Machine learning in organocatalysis.
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Overall, the works discussed above demonstrate the power of ML techniques to assist in the 

prediction of reaction outcomes and guide the design of optimal reaction conditions and 

catalysts. However, several challenges remain, including: 

Datasets. There is a lack of comprehensive, high-quality datasets available for model training. 

This problem is often exacerbated by the bias towards positive results. This also means that the 

most robust models are typically produced by larger groups who generate their own data. 

Interpretability. This is particularly evident when using NNs, often referred to as ‘black box’ 

models, as they make it difficult to rationalize the origin of a specific prediction. This is 

particularly problematic in cases where researchers unfamiliar with ML may choose 

inappropriate techniques or misinterpret results. 

Generalization. Being able to make predictions beyond the specific datasets on which the 

models were trained is challenging. Often, test sets that are remarkably similar to the training 

data are used, this can limit the model’s ability to make accurate predictions in novel scenarios. 

Data leakage, where information from the test set inadvertently influences the training process, 

is another problem that can undermine the integrity of model validation and lead to overly 

optimistic performance estimates. Additionally, a common practice is to perform a single 

random split of data for model validation and cease further evaluation. While convenient, this 

method can sometimes result in a ‘lucky split’ that may not accurately represent the diversity 

and complexity of the data. This risk poses a significant issue as it can lead to the creation of 

models that appear robust within the narrow confines of their validation set, but perform poorly 

when faced with new, real-world data. 

In response to these challenges, we introduce our workflows for selectivity prediction in 

organocatalysis in Chapters 3 and 4, aiming to demonstrate how these issues can be effectively 

addressed and mitigated. 

1.4. Ionic liquids  

Ionic liquids (ILs) are ionic compounds whose melting point is below 100 °C.143 They are often 

formed by an organic cation and an organic or inorganic anion whose bulkiness and asymmetry 

lead to low lattice energies and consequently low melting points. Moreover, their ionic 

composition renders them highly polar but still soluble due to the presence of alkyl chains on 
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the cations. They also have high thermal stability and electrical conductivity, and negligible 

vapor pressure.  

Even though the first IL, ethylammonium nitrate, was reported more than 100 years ago by 

Paul Walden,144 the popularity and use of ILs has only become evident in the past two 

decades.145 Commonly used cations include alkyl-substituted imidazolium, ammonium, 

phosphonium, pyrrolinidium, piperidinium, and pyridinium; popular anions include 

bis(trifluoromethane)sulfonimide, phosphate, and borate. These systems are used in a wide 

variety of chemical processes including organic synthesis, catalysis, electrochemistry, 

separation of metals, gas separation, biomass processing, pharmaceuticals, and energy storage 

devices, such as batteries, supercapacitors, and fuel cells.146–148 Functioning as catalysts,149 

reagents,150 and solvents,151 ILs showcase versatility across chemical processes. Further 

emphasizing their utility, ILs are often considered as “green solvents” owing to their 

immiscibility with many other solvents. This characteristic enables easier solvent extraction, 

thereby enhancing process efficiency and environmental sustainability. 

The unique physicochemical properties of ILs also facilitate significant tunability, which 

emerges from the combination of different cation-anion pairs and variation in the cation core 

structure, hydrocarbon chain lengths, and functional groups. This makes them powerful 

alternatives for challenging applications where molecular liquids cannot be used, such as in 

electrochemical systems, gas absorption processes, and selective separation techniques.146–148 

Despite their many positive aspects some challenges exist. For instance, while ILs often replace 

toxic solvents they can themselves be toxic towards aquatic organisms, therefore toxicity 

testing is essential.152  ILs can be more expensive than conventional solvents, however the 

initial increase in capital cost can be offset by improvements in solvent recyclability, catalyst 

recovery, reaction rates, selectivity, and product separation.148 The main disadvantage of ILs is 

their high viscosities compared to water and other widely utilized organic solvents, which can 

lead to slower diffusion rates or challenges to pump and handle. This undesirable property 

poses one of the major obstacles to successful applications of these novel solvents (Figure 

4a).153  

Finally, the limited understanding of the underlying mechanisms that govern their behavior 

means that tuning their properties through rational design remains challenging. Efforts have 

focused on understanding why ILs deviate from classical liquids and what allows them to be 

good cocatalysts.154 To understand ILs scientists have applied a wide range of spectroscopic 
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techniques, such as Raman, infrared spectroscopy and scanning electron microscopy, which 

they have combined with electrochemical characterization methods, computational modeling, 

including molecular dynamics simulations155–160 and DFT.161–167 More recently, ML techniques 

have been employed to predict key properties such as density, toxicity, viscosity, and solubility. 

In the following paragraphs we delve into these predictive models, and in Chapter 5 we present 

our methodology for the prediction of viscosity and solubility. 

1.4.1. Ionic liquids for carbon capture 

Emissions of carbon dioxide (CO2) into the atmosphere impact the environment as their release 

causes the greenhouse effect, leading to global warming. Developing technologies that can 

capture CO2 are now more pressing than ever. One such technology is carbon capture 

utilization and storage, where aqueous amines, such as ethanolamine (MEA) and 

dimethylethanolamine (MDEA) are utilized (Figure 4b).168 However, these solvents have 

several disadvantages such as high volatility, high cost, high energy consumption, 

corrosiveness, and easy degradation.169  

In recent years ILs have been utilized for carbon capturing as an alternative to amine solvents. 

The pioneering work of Blanchard et al.170 showed for the first time that IL 1-butyl-3-

methylimidazolium hexafluorophosphate [BmIm]+[PF6]– can be employed in CO2 capture. 

Since then, a plethora of research in conventional and functionalized ILs has been 

reported,171,172 including imidazolium based cations, with PF6
–,173–175 tetrafluoroborate (BF4

–

),173,176,177  and bis(trifluoromethylsulfonyl)imide (TF2N–)177,178 (Figure 4b). 

Experimental and modeling studies have demonstrated that in conventional ILs, the anion plays 

a crucial role in the dissolution of CO2, while the cation has a secondary role, due to its 

relatively weaker interactions with CO2.179,177–179 Different IL systems show that different 

aspects contribute to CO2 uptake. For example, in TFA– based ILs, this is determined by the 

acid-base interaction between acetate and CO2, in 1-hexyl-3methylimidazolium tris 

(pentafluoroethyl) trifluorophosphate ([HmIm]+[FEP]–), the amount of free volume in the IL 

system is key, while in [HmIm]+[PF6]– and [HmIm]+[FEP]– CO2 uptake seems to be determined 

by hydrogen and halogen bonding interactions (Figure 4b).172  
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Figure 4: a) Advantages and disadvantages of ILs, b) Common molecules used for carbon capturing. MEA and 
DMEA are amine solvents; BmIM, HmIm commonly used cations; PF6, BF6, TF2N, FEP commonly used anions. 

The capture of CO2 by amine compounds can follow either a semimolar mechanism, where the 

cation is tethered with amine moiety, or an equimolar mechanism, where the amine is part of 

the anion (Scheme 1).180–182 In the former, the CO2 first reacts with the amine moiety to form 

carbamic acid, which further reacts with another molecule of amine to yield ammonium 

carbamate as the final product. Thus, for one mole of CO2, two moles of amine are required. 

In the equimolar mechanism, one mole of amine captures one mole of CO2 and stabilizes the 

product as carbamic acid.183 Various studies have claimed multimolar absorption in ILs 

because of the presence of a stabilizing group in the vicinity of NH2-moiety of the amine.184  

 
Scheme 1: Carbon capture mechanisms. a) Semimolar mechanism adapted from Davis et al.,180 and b) Equimolar 
mechanism adapted from Brennecke et al.182 

1.4.2. Machine learning models for ionic liquids property predictions 

ILs have been extensively studied using ML techniques, fostering the development of robust 

predictive models for their physicochemical properties. In 2006, Zhang et al. produced a 
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database of physical properties for 588 ILs obtained from literature. It included information of 

melting, glass transition, decomposition, freezing, and clearing points, as well as density, 

viscosity, surface tension, conductivity, polarity, and electrochemical windows. The authors 

noticed the lack of physical chemical property data and significant deviations for identical 

entries from different sources.185  

Zhang et al. generated a QSPR model employing electrostatic, QM, and topological descriptors 

to predict melting points for 19 [Im]+[BF4]– and 29 [Im]+[PF6]– based ILs. The test sets were 

produced randomly, leaving three compounds as the test set for the [Im]+[BF4]– and four 

compounds as test set for [Im]+[PF6]–, resulting in high correlations (R2 > 0.9).186 In 2007, 

Soloven and co-workers explored a series of algorithms and descriptors to predict the melting 

points in 717 bromides of nitrogen-containing organic cations; unfortunately their model was 

poor (R2 < 0.7).187 Later Lazzus employed a group contribution (GC) method on an 

experimental data set of 400 ILs to predict melting temperatures, obtaining high correlation (R2 

» 0.9).188 Toreccilla and co-workers196 employed NNs with 3D descriptors, to predict melting 

points for 97 ILs (test set was randomly chosen constituting 15% of the total sample), achieving 

high correlation (R2 > 0.9). Finally in the same year Bini et al. 197 predicted melting points for 

126 ILs (26 of which were used as a test set) employing NNs and graph theory and achieved 

good correlations (R2 ~ 0.8). It is important to note that the datasets employed in these studies 

were small and extrapolation on these models should be done cautiously.  

The density of ILs is another property that has been explored over the past years. Wang et al. 

used a GC method to predict densities of imidazolium-based ILs over a range of temperatures 

and pressures achieving good accuracies (AARD1 < 0.6%).189 In 2012, Paduszynski and 

Domanska, generated a GC method to predict densities in a variety of temperatures and 

pressures, with a dataset of 18,500 data points (1,028 unique ILs), resulting to an AARD = 

0.45%, which is the one of the lowest values compared with similar correlations reported in 

literature. Moreover, they were the first ones to make entire dataset openly available.190 In 

2019, Paduszynski published a new GC scheme,191 this time including 41,250 data points and 

achieving small errors AARE2 = 0.9%. Shirazian and co-authors combined a support vector 

 
1 AARD is the average absolute relative deviation and is defined as: 𝐴𝐴𝑅𝐷	 = 	 !

"
∑ '#!$%#"

#"
'"

&'! × 100%. In 
general, a lower AARD value indicates a more accurate model, while a higher AARD value indicates a less 
accurate model. It shows the average deviation of the predictions from the actual values. 
2 AARE is the average absolute relative error and is defined as: 𝐴𝐴𝑅𝐸	 = 	 !

"
∑ '#!$

#"
− 1'"

&'! × 100%. It is 
expressed as a unitless metric, quantifies average error as a proportion of actual values, thereby providing a 
means to evaluate prediction errors relative to the magnitude of the values being predicted. 
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regressor and GC to predict density of 918 ILs in different pressures and temperatures, also 

achieving perfect correlations (R2 = 0.99).192 

The accurate evaluation of the toxicity of ILs is crucial to accurately determine the 

environmental impacts of these compounds.193–195 In recent years, several ML models have 

been reported for the prediction of toxicity. For example, Mujtaba et al. reported a MLR model 

employing 14 QM-based descriptors, to predict toxicities for 17 ILs (9 were used as a test set) 

achieving a perfect correlation.196 With such a small dataset it would be inappropriate to assume 

that their model can extrapolate beyond the IL families included in the study. Later Zhao and 

co-workers generated MLR, SVM and NN models employing 119 ILs (with a 80%-20% data 

split to train and test sets) and QM based descriptors to predict toxicity, achieving high 

correlations (R2 » 0.90).197 In 2022, Chong et al. presented a probabilistic model built from 

deep kernel learning to predict toxicity. The model was built using 24 structural descriptors 

obtained from RDKit,198 for 155 ILs (140 for training and 15 for testing, split randomly), 

resulting in low errors and high correlation (RMSE = 0.23 log EC50 and R2 = 0.94). Moreover, 

the authors made the model freely available through a web-based tool.199 Finally, Yan and co-

workers developed ILTox,200 an online curated dataset containing toxicities of 1,183 ILs (1,199 

today) in different conditions (leading to 6,700 data points; 6,726 today), which was used to 

build a QSPR model, employing MACCS (Molecular ACCess System) fingerprints and PCA. 

Once the predicting capabilities of the model were established, they screened 8 million ILs. 

Tools like OPERA,104 ToxiM201 and TEST202 can also be used to predict toxicity; however, to 

the best of our knowledge, they have not been used for ILs.  

Viscosity predictions  

Viscosity, in particular the dynamic viscosity (η), describes a fluid’s internal flow resistance. 

Simple liquids obey the Arrhenius law, according to which plotting viscosity against the 

reciprocal of temperature (1/T) yields a straight line. However, this is not always true for ILs, 

for which viscosity is better described by the Vogel-Fulcher-Tammann (VFT) equation (Eq. 

1.1): 

𝜂	 = 	𝐴	exp (
𝐵

𝑇	–	𝑇!
,,			(1.1) 

where A, B, and T0 are specific adjustable parameters.203,204  
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Viscosity is a key property that needs to be considered when exploring potential ILs for CO2 

capture, as the use of ILs with high viscosity adversely affects mass transfer and power 

requirements,205,206 as well as decreases the rate of the reaction.203 

Jacquemin et al.207 have studied the effect of different cations paired to the common [TF2N]– 

anion, observing the following trend for viscosity: [imidazolium]+ < [pyridinium]+ < 

[pyrrolidinium]+ < [PH4]+ < [NH4]+. They also report the effect of the anion using the [BmIm]+ 

cation, with viscosity increasing as follows: [DCA]– < [TF2N]– < [SCN]– < [TFA]– < [TFO]– < 

[BF4]– < [NO3]– < [MeSO4]– < [PF6]–. The relatively high viscosity of [BmIm]+[PF6]– is 

interesting, since fluorinated ILs generally show lower viscosities (Scheme 2). Finally, they 

reported that viscosity increases almost linearly with alkyl-chain length for all ILs. 

 

Scheme 2: Viscosity of ILs depending on a) the cation and b) the anion. 

Additionally, the viscosity of ILs exhibits a distinct pressure dependence, a complex 

relationship that has yet to be fully characterized by a comprehensive model. Despite numerous 

attempts, the intertwining factors of viscosity, temperature, and pressure in ILs remain a 

challenging puzzle. Various theoretical and empirical models have been proposed over the 

years, each striving to encapsulate this relationship with increasing precision. It is important to 

note that properties such as density and viscosity are also influenced by the amount of water 

and other impurities present in the IL.208 

Initial models used theoretical approaches (hole theory),209 molecular-based (volume 

approach),210 thermodynamic based information or simple empirical correlations between 

viscosity and other thermophysical properties,211 while more recent approaches have moved to 

generalized correlations,212 QSPR models,153,213–218 GC methods,219–222 and combinations of 
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those.223 In the ensuing discussion, we explore some of the most significant contributions in 

this field from recent years. A summary of these studies is also encapsulated in the 

accompanying table for convenient reference (Table 1). 

Yu et al.224 developed eight QSPR models, employing structural descriptors at different 

temperatures, to predict the viscosity of 344 [TF2N]– based ILs, achieving high correlations (R2 

> 0.82). The study identified interionic electrostatic and hydrogen-bonding (HB) interactions 

as the major factors affecting IL viscosity. In molecular solvents viscosity is primarily 

influenced by intermolecular HBs interactions and steric attributes. It was also noted that the 

significance of these interionic interactions to viscosity fluctuates with temperature; for 

example, Van der Waals (vdW) interactions become more prominent at lower temperatures, 

whereas sterics or geometric factors become more substantial at higher temperatures. 

Chen and colleagues223 established a QSPR model employing GC for the viscosity prediction 

of 26 imidazolium-based ILs across varying temperatures, resulting to 304 data points. Given 

the absence of a designated split between a training set and a test set, it can be inferred that all 

the data points were utilized for model training, hence the reported correlation (R2 = 0.99). 

However, without independent validation, the predictive power of this model cannot be 

accurately assessed, limiting its informative value. 

Mirkhani and Gharagheizi225 established a simple QSPR model which included 435 data points 

of 293 ILs in different temperatures. Although the specific quantity and nature of descriptors 

used remain unclear, the model’s validation process appears to be robust, instilling confidence 

in the reported results (RMSE = 0.23 cP).  

Zhao et al.226 constructed two QSPR models (MLR and SVM) employing the Sσ-profile 

descriptor. These models were developed using a dataset of 1,502 experimental viscosity data 

points, and in contrast to the models mentioned above, which did not include information about 

pressure, covered a broad range of both temperatures and pressures for 89 different ILs. For 

the test set 297 data points were chosen randomly. The SVM model yielded high correlation 

(R² = 0.94, AARD = 6.58%), while the MLR model produced slightly lower correlations (R² = 

0.80, AARD = 10.68%). 

Gharagheizi and colleagues227 utilized a GC along with MLR to predict the viscosity of 443 

ILs in a wide temperature range at atmospheric pressure. The model was trained and evaluated 

on a dataset comprising 1,672 data points, 336 of which were reserved for testing. The results 

revealed a robust correlation (R2 = 0.87, AARD = 6.32%). Lazzus and Pulgar-Villaroel228 



 
 

19 

established a MLR using a GC, which included 1,445 data points for 326 ILs in a wide range 

of temperatures and achieved high correlation (R2 = 0.94) for the test set (335 datapoints). In 

2018, Yan et al.229 employed 64 descriptors arising from molecular graph theory and MLR to 

predict viscosity for 3,228 data points, in a wide range of temperatures and pressures for 349 

ILs. The data were randomly divided into training and test sets, with 2,591 data points chosen 

as training set and the remaining 637 data points being chosen as the test set, achieving high 

correlation (R2 = 0.96 and AARD = 4.6%). 

In 2014, Paduszynski et al.153 compiled and revised a comprehensive set of literature data on 

viscosity as a function of temperature and pressure for 1,484 ILs leading to 13,470 data points. 

By 2019 this dataset was further expanded to encompass 1,974 ILs, bringing the total data 

points to 15,372, however this time all data points were taken at atmospheric pressure.230 In 

this work the GC scheme developed for their previously referenced work on density 

predictions191 was used, coupled with a two-stage modeling protocol where viscosity was 

calculated using a reference term derived from a NN, and a temperature correction computed 

with a SVM model. Both internal and external validation techniques were implemented to 

ensure the robustness of the scheme. Despite achieving satisfactory accuracies, the author 

acknowledged the challenges associated with modeling viscosity in this manner, that is why 

the AARD for each IL family was reported separately, with some results being deemed more 

reliable than others. Lastly, a classification model was developed, demonstrating an overall 

accuracy of 87% for the proposed methodology. 

Table 1: Summary of the relevant literature for viscosity predictions. It includes the publication, the number of 
datapoints tested, the method used, and the reported metrics. The Reliability column is based upon efficient 
validation as reported by the authors. “Not tested” is for models that no validation was performed, “Limitations” 
is for models that only a random split was performed, and “Yes” is for models that were validated sufficiently.  

Authors Data Method  Metrics Reliability 
Yu et al.224 344 QSPR R2 > 0.82 Not tested 
Chen et al.223 304 QSPR + GC R2 = 0.99 Not tested 
Mirkhani & Gharagheizi225 435 QSPR RMSE = 0.23 (cP) Yes 
Zhao et al.226 1502 QSPR+ MLR 

QSPR +SVM 
R2 = 0.94, AARD = 6.6 
R2 = 0.80, AARD = 10.7 

Limitations 
Limitations 

Gharagheizi et al.227 1672 GC +MLR R2 = 0.87, AARD = 6.3 Yes 
Lazzus & Pulgar228 1445 GC +MLR R2 = 0.94 Yes 
Yan et al.229 3228 Graphs + MLR R2 = 0.96, AARD = 4.6 Limitations 
Paduszynski230 15372 GC + NN+SVM Accuracy 87% Yes 

While useful, each of the models discussed above presents different limitations. For example, 

models employing physical chemical descriptors, while providing some interpretability, are 

costly as they require QM calculations to compute these descriptors. Furthermore, many of 
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these physical chemical models do not predict the temperature-dependence of the viscosity, or 

they are valid only for specific families of ILs. On the other hand, QSPR involving only GC 

descriptors are easy to compute because all the occurrences of groups can be easily identified 

from the chemical structures of the cation and anion. However, the lack of clarity and 

consistency in reported models (e.g., using awkward definition of groups) makes it difficult for 

users to employ them for their own predictions successfully. To our knowledge there has not 

been an end-to-end model to predict viscosity, with regression algorithms without having to 

model separate reference and correction terms, or without having to define several GC before 

getting the best results. In Chapter 5, we present our methodology which was tested on the 

2019 dataset of Paduszynski. 

Solubility predictions  

The solubility of CO2 in ILs is a key characteristic determining their efficacy in carbon capture 

and sequestration applications. Solubility is influenced by various factors, including the nature 

of the IL, the partial pressure of CO2, and the temperature. 

A fundamental law describing the solubility of gases in liquids is Henry’s Law. It states that at 

a constant temperature, the amount of gas that dissolves in a liquid is directly proportional to 

the partial pressure of the gas above the liquid. The proportionality constant is known as 

Henry’s Law constant, and it depends on the nature of the gas, the liquid, and the 

temperature.231 The solubility of CO2 in ILs can be expressed as mole fraction (dimensionless), 

molality (mol CO2·kg-1), and volume concentration (mol CO2·L-1). The mole fraction unit has 

been adopted by most of the references relevant to gas solubility in ILs because it can reflect 

the molecular interaction between gas and IL.232  

In terms of the IL composition, ILs containing fluorinated groups (either in the anion or the 

cation) have been shown to exhibit higher CO2 solubilities. This can be attributed to the high 

electronegativity of fluorine, which strengthens the ion-dipole interactions between the 

fluorinated IL and the CO2 molecules.204,233 It has also been observed that vdW forces between 

the ions dominate the behavior of CO2 dissolution in ILs, with electrostatic interactions and 

HB having secondary importance.234 The fluorination of the cation has also been shown to 

improve solubility, although to a lesser degree than anion-fluorination. Finally, the CO2 

solubility increases slightly by increasing the alkyl chain length on the imidazolium cation. 

This increase can be attributed to enhanced dispersion forces between the CO2 molecules and 

the IL, which subsequently promote greater CO2 uptake.235  
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Various models based on thermodynamic and molecular parameters have been developed to 

predict the solubility of CO2 in ILs. A commonly used method for predicting activity 

coefficients in liquid mixtures is UNIFAC (UNIQUAC Functional Activity Coefficients) 

which is based on GCs. However, it can be inaccurate as it does not account for long-range 

interactions between different groups in the mixture. Another approach based on QM 

calculations is COSMO-RS (COnductor-like Screening MOdel for Realistic Solvation). While 

it can be highly accurate, it requires a significant number of computational resources, making 

it time-consuming and computationally expensive for larger systems. Additionally, COSMO-

RS does not account for the effects of intermolecular interactions on molecular structure and 

properties, which can limit its applicability in certain scenarios.236  

Several ML models to predict solubility in ILs have been reported to date. Sedghamiz et 

al.237 developed a NN to predict CO2 solubilities for 2,930 data (39 ILs), and H2S solubilities 

for 664 data (14 ILs) in different temperatures and pressures. Eslamimanesh and co-workers238 

developed a NN to predict CO2 solubilities for 128 data points of 24 ILs at different 

temperatures and pressures. Tatar and co-authors239 generated four ML models (three different 

NNs and a SVM) to predict CO2 solubility in 14 ILs (728 data in different temperatures and 

pressures). Jia and co-workers,240 used deep learning to predict 218 CO2 solubilities for 13 

different ILs. In all cases the same input parameters were used, including pressure, temperature, 

IL critical temperature and pressure, and the acentric factor ω3, and molecular weight, 

achieving high accuracy; however, these models were only tested using one random train-test 

dataset split; raising the question about their true predictive power and ability to extrapolate to 

unseen data. 

In 2020, Zhou et al.241 compiled a comprehensive database of 10,116 CO2 solubility data 

measured in various types of ILs, temperature and pressure ranges. This is the largest dataset 

available including all publications until 2020. They generated a NN-GC and an SVM-GC 

model, both of which achieved low error (R2 = 0.98 and MAE = 0.02).  The authors admit to 

the difficulty of building a GC model as the molecules must be decomposed into building 

groups in advance, manually. Moreover, the authors made the MATLAB code freely available; 

however, a closer look to the dataset they reported indicates that > 600 data points are 

duplicated, many of which coexist between train and test set. 

 
3 acentric factor is a conceptual number introduced by Kenneth Pitzer in 1955, proven to be useful in the 
description of fluids.509 
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A notable recent contribution by Farimani and colleagues explores the use of graph neural 

networks (GNNs) to investigate CO2 solubility in ILs.242 Their work, which closely resembles 

the research presented in Chapter 5 of this Thesis, focuses on the development of fingerprint-

based, GC-based, and GNN-based models for predicting CO2 absorption in ILs. Their dataset 

comprises of the same 10,116 data points mentioned in the work of Zhou et al.241 The authors 

achieved remarkable results, surpassing previous ML models (MAE = 0.01 and R2 = 0.99). To 

construct the input graph for the GNN models, the authors create a unified undirected graph 

that combines the anion and cation components of the IL. They employ different GNN 

architectures such as graph convolutional networks (GCNs), graph attention networks (GATs), 

and graph isomorphism networks (GINs).  

They also developed an IL explainer, which aims to identify the important subgraph and 

determine the contributions of different fragments within the IL molecule to the prediction. To 

do so, the authors adopted a graph classification perspective, where a separate model is used 

for explanation rather than prediction. This approach is chosen due to the limited availability 

of explainability techniques for GNNs in regression tasks.  

At the time of publication of the aforementioned paper, our research objective had already been 

defined and our workflow established. Consequently, we decided to explore and evaluate the 

tool developed by Farimani et al. to comprehend its functionality and assess the effectiveness, 

reliability, and performance of their workflow. Throughout our investigation, we identified 

duplicate instances within their dataset. Although their results are reproducible, it is noteworthy 

that the training process is time-consuming when executed on a CPU (hours of training to reach 

convergence). Additionally, their approach to splitting the dataset into train and test sets 

appears to lack thorough attention, as they simply employ a random split. Therefore, their 

reported results may vary if a different test set is utilized. 

Furthermore, when we attempted to apply their tool to our own data, we encountered 

difficulties. While the authors shared the format of their original data, which includes SMILES 

representations for the cation and anion, and temperature and pressure values, they 

subsequently converted the data into a NumPy file format containing only numerical values. 

We expected the converted format to retain the SMILES representations as strings. However, 

the process of accomplishing this conversion was not clearly elucidated, posing a challenge to 

the further utilization of their tool. 
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1.5. Thesis aims and outline 

In this chapter, the journey from statistics to ML has been introduced. Through a 

comprehensive literature review, existing ML methodologies and their applications in 

organocatalysis and ILs, have been showcased. This literature review serves as a crucial 

foundation for the subsequent chapters, allowing us to build upon the existing knowledge and 

contribute to the field.  

In Chapter 2, the theoretical background of the methods employed in the Thesis is presented. 

First the principles of DFT are introduced, followed by a discussion on ML algorithms. This 

chapter aims to provide a comprehensive understanding of the methods utilized throughout this 

Thesis, as well as suggestions for best practices. 

Chapter 3 introduces Pythia, the ML toolkit, which builds upon the methods and concepts 

discussed in Chapter 2. The toolkit utilizes a range of input features (fingerprints, Mordred, 

and QM descriptors) for training and testing models. It employs a range of shallow learners 

and ensemble models to tackle regression and classification tasks. One of the key advantages 

of Pythia is its accessibility and ease of use. Developed in Jupyter Notebooks, it enables 

researchers with varying degrees of programming experience to interact with the code and 

customize it to suit their needs.  

In Chapter 4, the general applicability of Pythia is illustrated in the context of selectivity 

prediction in organocatalysis. Specifically, we investigate three organocatalytic reactions, 

namely the enantioselective formation of β-fluoramines, the Strecker synthesis of α-amino 

acids, and the Pictet-Spengler cyclisation of hydroxylactams. We describe the process of 

feature engineering and selection and discuss the quality and interpretability power of the 

models. 

Finally, Chapter 5 explores the application of a GNN for the prediction of viscosity and CO2 

solubility in ILs. We present the architecture of the developed GNN model. Then through a 

comprehensive evaluation and comparison with existing approaches, we shed light on the 

effectiveness of GNN models and their potential applications in this domain. Furthermore, we 

provide detailed insights and analysis of the GNN performance, enabling a deeper 

understanding of their predictive capabilities. Finally, we rigorously challenge our models by 

testing their performance on diverse datasets, pushing the boundaries of their predictive 

capabilities.  
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2. Methods and theory 

2.1. Introduction to electronic structure methods  

2.1.1. Ab initio methods 

Computational chemistry is a well-established tool for analyzing the molecular properties of 

complex chemical systems. QM, or first principles or ab initio methods, are being used to 

calculate molecular and periodic systems containing up to thousands of electrons, using a 

variety of approximations depending on the system size.  

The Schrödinger equation governs the behavior of nuclei and electrons of atoms and in its time-

independent form is expressed by (Eq. 2.1):243 

𝐻3𝛹(𝒓) = 𝛦𝛹(𝒓),			(2.1) 

where 𝐻3 is the system’s Hamiltonian describing the kinetic and potential energies of all 

particles described by the wavefunction (𝛹) with energy (𝛦). This equation can only be solved 

exactly for single-electron systems; for larger molecules, approximations must be introduced. 

Given that the nuclei are much heavier than the electrons, one can independently solve the 

equations describing the motion of electrons, whilst keeping the nuclei fixed, which is known 

as the Born-Oppenheimer approximation.244 This decoupling results in the nuclear kinetic 

energy term of the Hamiltonian being neglected and the nuclear repulsion to become a constant, 

giving rise to the Born-Oppenheimer Hamiltonian (Eq. 2.2):  
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The first term corresponds to the electron kinetic energy, the second defines the electron-

nuclear Coulomb attraction, the third the electron-electron Coulomb repulsion, and the fourth 

the internuclear Coulomb repulsion (i, j represent electron indices, A, B are nuclear indices). 

We note that the third term implies correlation between the electrons, in that the interaction 

between electron i and electron j depends on their relative positions. The correlated nature of 

electrons makes such a many-body problem intractable; to overcome this the Hartree-Fock 

(HF) approximation can be invoked. This approximation treats each electron individually; each 

electron experiences an interaction with an averaged field representing the electrons. Utilizing 
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this method, each electron can be described by a one electron wavefunction otherwise known 

as an orbital. We can then construct a molecular wave function as a product of the one electron 

functions. This is known as the Hartree product (Eq. 2.3):245  

𝛹(𝒓1, 𝒓2, 𝒓3	. . . 𝒓𝑛) = 	𝜓1(𝒓1)𝜓2(𝒓2)𝜓3(𝒓3). . . 𝜓𝑛(𝒓𝑛).		(2.3) 

However, Eq. 2.3 has a major problem. One of the fundamental principles of QM, the Pauli 

exclusion principle, sets a requirement for all fermionic wave functions, of which electrons are 

one species of fermion, to be antisymmetric with respect to interchange. The Hartree product 

does not satisfy the antisymmetry requirement for the space and spin coordinates of the 

electrons. Electrons have a spin of ± 1/2 defined as α spin and β spin. If spin is included in the 

orbital definition, then the orbitals are defined as spin orbitals (χi). The molecular wave function 

must be anti-symmetric with respect to interchange of an electron's space and spin coordinates. 

Additionally, the Hartree product also requires that the electrons are distinguishable; this is not 

allowed in QM as electrons are by definition indistinguishable particles. These issues can be 

solved mathematically by representing the wave function in a Slater determinant (Eq. 2.4). The 

columns of a single Slater determinant represent the atomic orbitals (AO) and the rows 

represent the electron coordinates. As a result, each electron is at some point placed in each 

orbital, hence making them indistinguishable. The pre-factor is a normalisation.245  

𝜓,-(𝒓) =
1
√𝑛!

B
𝑥&(𝒓&) ⋯ 𝑥.(𝒓&)
⋮ ⋱ ⋮

𝑥&(𝒓/) ⋯ 𝑥.(𝒓/)
B		(2.4) 

The HF approximation is a valuable one to make, as it makes it possible to “solve” the 

electronic Schrödinger equation. However, we do not obtain the exact solution, because the 

true wavefunction for a many-electron system is not the HF wavefunction. For an exact solution 

Ψ(r) to the Schrödinger equation, the energy E obtained by solving Eq. 2.1 can be rewritten 

according to Eq. 2.5: 

𝐸 = 𝐸 × J𝛹#(𝒓)𝑑𝑟 = 	J𝛹(𝒓)𝐸 𝛹(𝒓)𝑑𝑟 = 	J𝛹(𝒓)𝐻30102345672𝛹(𝒓)𝑑𝑟.					(2.5) 

In this expression the first equality is because the wavefunction is normalized (the sum of 

probabilities associated with all possible combinations of coordinates, or the integral over all 

possible values of r of the square of the wavefunction, is equal to 1). For the second equality, 

because E is a constant, it has simply been inserted into the integral, and the square has been 

written out explicitly. For the third equality the fact that Ψ is a solution of the Schrödinger 

equation, so that 𝛦𝛹 =	𝐻3𝛹, has been used. Given that the energy is not the true energy but 
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rather an approximation as explained above, one can define the “energy” as Eapprox 

corresponding to a given approximate wavefunction Ψapprox (Eq. 2.6): 

𝐸89945: = J𝛹89945:(𝒓)𝐻30102345672𝛹89945:(𝒓)𝑑𝑟.						(2.6) 

It can be shown that this approximate energy must be higher than the true ground state energy 

of the system. This is the variational principle, and it is central to the HF theory. The HF 

wavefunction of a given system is defined as the Slater determinant composed of the set of 

orthogonal molecular orbitals (MO) that return the lowest possible energy and it will be the 

energy closest to the exact one. 

Inserting the Slater determinant expression of Eq. 2.4 for a system with n electrons into Eq. 2.6 

leads after much algebra to the following expression for the energy: 
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Here hij, Jij and Kij refer to various integrals carried out over the different MO. Each of the 

integrals hij only depends on the shape of a single MO χi or ψi and these integrals are called 

“one-electron” terms. They provide a measure of the energy due to Coulombic interaction 

between an electron occupying that orbital and the positively charged nuclei in the system, 

summed with the kinetic energy of the electron. The integrals Jij require consideration of two 

MO each and provide a measure of the Coulombic repulsion energy between the electrons 

occupying these two orbitals: 

𝐽") =U𝜓𝑖(𝒓1)𝜓𝑗(𝒓2)
1

|𝒓& − 𝒓#|
𝜓𝑖(𝒓1)𝜓𝑗(𝒓2)𝑑𝑟&𝑑𝑟# = W𝜓"𝜓)X𝒓&#<&X𝜓"𝜓)Y	.					(2.8) 

Here |𝒓& − 𝒓#| is the distance between points r1 and r2 also written r12. 

Finally, the integrals Kij also depend on two orbitals, and have an expression similar to that of 

Jij but have a smaller magnitude, always > 0, so that the K term in the HF equation lowers the 

energy of the system. They provide a correction to the Jij Coulombic repulsion between 

electrons that arise due to the antisymmetrization of the wavefunction.246 

2.1.2. Density functional theory 

DFT reformulates Eq. 2.1 into one that is easier to solve.247,248 DFT is based upon two 

fundamental theorems, proposed by Hohenberg and Kohn: (i) the ground state energy from 
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Schrödinger equation is a unique functional of the electron density, and (ii) the electron density 

that minimizes the energy of the overall functional is the true electron density corresponding 

to the full solution of the Schrödinger equation.249 

However, the true leap came when Kohn and Sham showed that the many-body electron 

problem, in the presence of the nuclei, can be solved self-consistently in terms of a set of non-

interacting particles in an effective potential. This led to the Kohn-Sham one electron equation 

(Eq. 2.9):250 
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_	𝜑"(𝒓) = 𝜀"𝜑"(𝒓).												(2.9) 

Here, the terms within the bracket denote the kinetic energy of an electron, the interaction 

potential of an electron with surrounding nuclei, the Coulombic interaction of the electron with 

surrounding electrons, and the exchange-correlation potential. The last term VXC compiles the 

missing interactions upon transforming a many-body electron problem to a non-interacting 

single electron problem. 𝜑"(𝒓)	represents the ith orbital (wavefunction) for the non-interacting 

electrons and 𝜀" is the corresponding eigenvalue associated with the energy of the ith orbital. 

Each term in Eq. 2.9 can be computed exactly, except for the exchange-correlation functional. 

While it has been proven that an exact functional exists to return the energy, this functional is 

unknown.251 Over the past decades, there have been several attempts to approximate the 

exchange-correlation term, and research on this subject remains open.252 This has resulted in 

the development of a large number of functionals, pejoratively referred to as the “functional 

zoo”, with different functionals optimized for different tasks. As DFT is not variational, there 

is no certain way of knowing whether one functional returns a more accurate energy than 

another, leading to the necessity to benchmark DFT methods against experiment.252,253 

Whilst there are no guarantees about the relative accuracies of the final energies, 

approximations to the exchange-correlation functional can be ranked in a hierarchy, commonly 

referred to as “Jacob’s Ladder” (Figure 5).254 Key approximations include (i) the local-density 

approximation, where exchange-correlation is described solely by the electron density at a 

given point in space (first rung), (ii) the generalized gradient approximation (GGA eg., PBE,255 

BLYP256,257), where exchange-correlation is dependent upon the gradient of the electron 

density, with respect to position (second rung), (iii) the meta-generalized gradient 

approximation (mGGA eg., TPSS258), where exchange-correlation is dependent on the second 

derivative of the density with respect to position (equivalent to the kinetic energy density – 
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third rung), (iv) the fourth rung is defined by inclusion of ‘exact’ Hartree–Fock exchange 

(hybrid, e.g., PBE0,259 B3LYP,260,261 M06-2X262), and (v) the fifth rung reached by dependence 

on virtual orbitals yielding a double hybrid functional, which usually comes with a significant 

computational cost. 

 
Figure 5: The hierarchy of exchange-correlation functionals represented by the rungs of Jacob's ladder. Adapted 
from Paton et al.263 

Despite their continued evolution, recent developments have focused on achieving accurate 

energetics on benchmark sets, rather than reducing density errors.252 This reduces the 

generalizability of these functionals and makes ‘old’ functionals e.g., PBE0 or B3LYP still a 

good choice without a benchmarking study.264,265  

Another limitation of DFT is the description of dispersion, the inclusion of which is essential 

in weakly-bound systems as, for example, at PBE and B3LYP, the benzene dimer is purely 

repulsive.266 Although in principle the exchange correlation functional should account for 

dispersion, it is a non-local property and thus expensive to include into the functional.267 

Instead, semi-empirical corrections (e.g., D3)268 are generally used to account for the absent 

dispersion contribution. A damping function may be introduced, which has been found to 

increase accuracy on benchmark sets.252 The latest generally implemented dispersion method 

is the damped D3 (D3BJ)269,270 with the most recent D4 method not yet widely available.  

With such a wide variety of functionals available a pragmatic approach is needed. Accepting 

an implicit error on reaction barriers and energies of ∼ 5 kcal mol-1 and ∼ 1 kcal mol-1 on 

double differences for similar systems, the transferability of the functional is more important 

than the absolute accuracy.271,272 For that reason, the non-empirical PBE functional and its 

hybrid variant PBE0 in combination with D3BJ semi-empirical dispersion are used throughout 
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this Thesis. This method has been shown to be both transferable, accurate and is reasonably 

efficient.252 

Despite the fact that the ever-increasing computer power has allowed for the development of 

more accurate and affordable electronic structure methods and software, DFT can still be time-

consuming.273–275  

2.1.3. Basis sets 

DFT methods use a basis set to mathematically describe AO. Basis sets consist of basis 

functions located on each atom and they are typically comprised of Gaussian-type basis 

functions (GTO), with multiple GTOs required to approximate the solution to the Schrödinger 

equation for the hydrogen atom. Although Slater-type basis sets (STO) provide a more accurate 

description of the short- and long-range physical behavior of a hydrogenic orbital, their solution 

is more computationally demanding, requiring a solution of an infinite series to give the correct 

answer.276 Hence, Gaussian-type basis sets are more commonly used to evaluate the electronic 

structure of organic molecules, with split-valence basis sets providing not only additional 

efficiency to the speed of calculations, but a better description of valence electron orbitals, 

which are key for determining the reactivity of a given system.  

Basis set size has a large effect on the cost and accuracy of a computation. A small basis set, 

that has one basis function per AO (single-ζ basis set) does not provide the freedom required, 

to the electrons, to reach a realistic solution, which leads to loss of accuracy. Double-ζ and 

triple-ζ basis sets have double and triple the number of basis functions respectively and are 

both in common use. DFT has the advantage of fast basis set convergence,277 with acceptable 

geometries using a double-ζ quality basis and energies at triple-ζ.278 Once again, there is a 

balance between acceptable accuracy and cost in each calculation. Therefore, the split valence 

def2-SVP basis set will be used for geometry optimizations and the def2-TZVP for single point 

energy evaluations. These choices have been validated previously.279 

2.1.4. Resolution of identity (RI) approximation  

The basis set size required for calculations of synthetically interesting molecules (10s-100s 

atoms) makes the formal scaling of DFT too severe.280 In electronic structure calculations, the 

computation of four-center two-electron repulsion integrals is the most computationally 

expensive step. These integrals describe the Coulombic interaction between one pair of 
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electrons, each electron being located in a different orbital centered on a different atom. The 

cost arises because there are many possible combinations of these two electrons, and each of 

these combinations must be evaluated separately. To reduce this computational cost, a 

resolution of the identity (RI) approximation is used. This expansion effectively approximates 

the four-center integrals in an auxiliary basis as two-center (Coulomb) and three-center 

(exchange) integrals, which can be evaluated much more efficiently. This reduces the overall 

computational cost of the electronic structure calculation while still producing accurate 

results.281 Multiple algorithms for implementing RI are available, with the chain-of-spheres 

exchange (RI-JCOSX) for exact exchange terms being particularly efficient for large 

molecules.282 All calculations in this Thesis were carried out with the ORCA electronic 

structure package (v.4.1.1),283 and RI-JCOSX approximation was employed as standard, which 

uses separate auxiliary basis sets for the Coulomb, exchange and correlation integrals.282 

2.1.5. Semi-empirical methods 

In the past researchers have come up with creative schemes to accelerate ab initio modelling 

of both the thermodynamic and kinetic aspect of materials. Semi-empirical methods make 

explicit and systematic use of experimental (empirical) data in their elaboration, while 

maintaining the quantum mechanical framework. An example of semi-empirical methods 

based on DFT is Tight Binding (TB) DFT, which makes use of a Taylor expansion in the 

density and a minimal basis set to arrive at a general expression (Eq. 2.10):  
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where fa is the occupation number of MO a, ci is an AO coefficient, H is the parametrized 

Hamiltonian matrix,	𝛾'+ 	represents parameters associated with the TB model, 𝑅'+ represents 

internuclear distances, Δq are partial charges and Vrep is a repulsive function depending on 

internuclear distances. This simple functional form for the energy is fast to evaluate but is 

highly parametrized, thus can be non-transferable.284 

Recently, Grimme and co-workers have developed a variant of DFTB denoted GFN2-xTB,285 

parametrized on elements up to radon, which has been successful in a variety of contexts 

including molecular geometries and non-covalent interactions. The GFN2-xTB method uses a 

minimal basis with polarization without pair-specific parameters, making it more applicable 

than standard DFTB.286  
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Semi-empirical methods, sacrifice accuracy for speed and the ability to easily perform 

calculations with hundreds of atoms.287 These attempts however, are not entirely satisfactory. 

For example, employing a minimal basis set generally leads to exaggerated anion instability 

and limited polarisation.288 As such, quantitative predictions from derived energy differences 

are generally not possible. 

2.1.6. Entropic contributions 

Quantum mechanical calculations provide information on the electronic structure at a 

microscopic level, excluding temperature and pressure effects. However, this data alone is 

insufficient for studying real-world applications, such as catalysis and selectivity, which 

involve computing macroscopic properties such as Gibbs free energy, using concepts from 

thermodynamics and statistical mechanics. Bridging the gap between microscopic and 

macroscopic properties requires incorporating the effect of temperature and pressure into the 

results from DFT calculations.  

The key quantity for studying macroscopy properties under constant temperature and pressure 

is the Gibbs free energy G(T,p), comprising enthalpic (H) and entropic contributions(TS) (Eq. 

2.11): 

𝐺(𝑇, 𝑝) = 	𝐻 − 	𝑇𝑆.										(2.11) 

Here, 𝐻	 = 	𝑈	 +	𝑘+𝑇; where U includes electronic (Eel), zero-point (EZPE), vibrational (Evib), 

rotational (Erot), and translational (Etrans) energies. S comprises contributions from translational 

(St), rotational (Sr), vibrational (Sv), and electronic (Se) degrees of freedom. 

Assuming the systems is in thermodynamic equilibrium, a bulk or homogeneous system 

(exhibiting ideal gas behaviour289) can be divided into subsystems, each treated separately 

within quantum mechanics. Entropy can then be calculated via the partition function Q of the 

system using statistical thermodynamics, so that: 

𝑆 = 𝑅 + 𝑅ln(𝑄) + 𝑅𝑇 (
𝜕ln𝑄
𝜕𝑇 ,

G
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Within the ideal gas approximation, the molecular partition function for a rigid molecule is 

approximated using analytic expressions derived from eigenvalues of a particle in a box, a rigid 

rotor, and a harmonic oscillator for translational, rotational, and vibrational contributions, 

respectively.290 This approach yields the total entropy contribution from the translational 

partition function (Eq. 2.13), the total entropy contribution from the rotational partition 

function (Eq. 2.14), and the total entropy contribution from the vibrational partition function 

(Eq. 2.15).290 Where R is the gas constant and T is the temperature in Kelvin.  

𝑆H = 𝑅	(ln(𝑞H) + 1 +
3
2),					

(2.13) 

𝑆D = 𝑅	(ln(𝑞D	) +	
3
2),					(2.14) 

𝑆J	 = 𝑅	(ln(𝑞J) +	𝑇(
𝜕 ln(𝑞J)
𝜕𝑇 )G).				(2.15)	 

It’s essential to acknowledge the approximations made in this process, firstly all the equations 

assume non-interacting particles and therefore apply only to an ideal gas. Secondly, for the 

electronic contributions, it is assumed that the first and higher excited states are entirely 

inaccessible. This approximation is generally not troublesome, but can introduce some error 

for systems with low lying electronic excited states.289 Finally, low-frequency modes, which 

are prevalent in molecules with multiple degrees of freedom, are not well approximated by the 

harmonic oscillator model.290 The partition function is crucial for computing entropy, but 

approximating it poses challenges, especially with increasing degrees of freedom.290 

2.1.7. Implicit solvent models 

Solvent effects play a crucial role in solution-phase reactions, they can be described either 

explicitly or implicitly. Explicit solvation places the solute into a pool of discrete solvent 

molecules, and therefore explicit solute-solvent interactions such as hydrogen bonds are 

present. Explicit solvation gives the closest match to the experimental system; however, it can 

become prohibitively expensive for large systems. Moreover, the configuration of solvent 

molecules must be well-sampled to include multiple configurations of similar energy that may 

be partially populated at a given temperature. There is the potential for an enormous number 

of solvent configurations due to the lack of strong ordering interactions, and errors may also 



 
 

33 

arise in the calculation of entropic contributions due to an abundance of low-energy vibrational 

modes.  

Implicit modeling of solvent effects is an efficient alternative which constructs a charged, 

solvent-accessible cavity around the solute. It has become a more commonplace and less 

computationally demanding alternative for mimicking the effects of solvent on the reactive 

components. Although this technique cannot account for hydrogen-bonding and other explicit 

solvent-solute interactions, it provides several other advantages, including the ability for direct 

optimization of charge distribution and other electronic properties of the system for a given 

solvent environment. For this latter reason, the SMD implicit solvent model was applied 

throughout our own computational investigations to account for solvation of all relevant 

species.276 

2.2. Machine learning algorithms 

In general, when performing ML, we are interested in collecting data on observations and 

leverage this information to make predictions or estimate properties for future, unseen 

observations. This data, also known as predictors, features or descriptors, have attributes 𝑿 =

v
𝑥&,& 𝑥&,# 	… 	𝑥&,F
𝑥#,& 𝑥#,#… 	𝑥/,F x describing processes and their corresponding properties, 𝒚 =

[𝑦&, 𝑦#, … , 𝑦/]. n and p are the total number of observations and the dimensionality of the input 

attributes, respectively. From this data a predictive model can be established, by mapping X 

and y without the need to understand the underlying relationship. To construct an ML model, 

one needs to: (i) acquire data that is accurate and curated, (ii) represent the data in a machine 

comprehensible manner, (iii) choose a learning algorithm, and (iv) validate and verify the 

developed model itself (Figure 6). 

 
Figure 6: Key steps in constructing a ML model. After the data acquisition, descriptors need to be generated and 
the ML algorithm needs to be chosen. Then the model is validated. This process may be repeated if new data arise 
or if the descriptors or ML algorithm fail to generate a robust model. 
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2.2.1. Data set generation; chemical and structural descriptors 

Data collection 

The process of acquiring data and curating it for an ML model is a crucial step in developing 

accurate and effective models. The first step in acquiring data is to identify and collect relevant 

data sources that are representative of the problem being addressed. Data can be collected from 

online databases or through manual input. Once the data is collected, it needs to be cleaned and 

pre-processed to remove any irrelevant or noisy information. This can involve removing 

duplicates, filling in missing values, and correcting any errors. Before continuing with the ML 

and any preprocessing step, the dataset must be split into training and test sets. The training set 

is used to train the ML algorithm, and in some cases, it can be further divided into a validation 

set to fine-tune the model. Finally, the test set is reserved for evaluating the performance of the 

trained ML model (Figure 7).2  

 
Figure 7: A dataset represented in a tabular format. The dataset must be split into training and test sets, where the 
training set is used to train the ML algorithm and the test set to evaluate it.  

Feature generation 

An important challenge during the construction of a model is the selection of features to 

describe the dataset under study. The features must be relevant to the nature of the data and the 

prediction task, otherwise, a relationship between the data and the output cannot be formed. 

Moreover, training ML algorithms on datasets with redundant features is computationally 

inefficient. The feature selection techniques can be categorized into three families: the filter-

based, the wrapper-based, and the embedded methods. 

Filter methods select features independently of the ML model being used. These methods 

evaluate the importance of each feature based on statistical measures such as correlation, 
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mutual information, and variance. Features are then ranked according to their importance, and 

a subset of the most relevant features is selected. Examples of filter methods include 

correlation-based feature selection, chi-squared feature selection, and variance thresholding.291  

Wrapper methods select features by training an ML model and evaluating the performance of 

the model with different subsets of features. These methods can be computationally expensive 

since they involve training a model multiple times but can often lead to better feature subsets 

than filter methods. Examples of wrapper methods include recursive feature elimination and 

sequential feature selection. It is worth noting that here the feature subsets are biased towards 

the ML algorithm used.292  

Finally, the embedded methods perform feature selection during the ML algorithm learning 

process, therefore the computational complexity is lower than in the wrapper-based methods. 

The embedded method is applicable in tree-based ML algorithms and ML algorithms with 

regularization terms, which compute how much each feature contributes to the training set 

performance.291 In addition to these main categories, other dimensionality reduction techniques 

include PCA and independent component analysis, which involve transforming the data to a 

lower dimensional space and selecting the most relevant components. 

In chemistry, the choice of the descriptors is driven by the underlying relation being explored. 

Nowadays, a broad range of chemical features are available, which can be categorized in 5 

classes (Figure 8).293,294 

 
Figure 8: Representation of the five classes of theoretical descriptors and the relationship between their 
dimensionality, the information they provide and the ease of calculation. Figure from Consonni et al.293 
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0D descriptors are the simplest molecular representation which is the chemical formula, 

specifying the chemical elements and their occurrence in a molecule. They do not provide any 

information about the molecular structure or the connectivity of atoms. Some examples of 0D 

descriptors are atom counts, molecular weight, atomic vdW volumes.291  

1D descriptors refer to molecular descriptors that can be calculated from a set of substructures 

such as functional groups, they are usually generated from InChI, SMILES or SELFIES. The 

most common 1D descriptors are fingerprints.291  

2D descriptors refer to descriptors that provide information on molecular topology based on 

the graph representation of the molecules (nodes/vertexes are the atoms and edges are the 

bonds) and structural information that can be computed from the 2D structure (the number of 

benzene rings, the number of hydrogen bond donors). This category of descriptors is sensitive 

to structural features of the molecule (size, shape, and symmetry). 0D, 1D & 2D descriptors 

are easily obtained, however they show a low information content.291 

3D descriptors include all geometrical descriptors that provide information about the spatial 

coordinates of atoms in a molecule. From 3D structures and electronic structure calculations 

(at various levels of theory), different physical chemical descriptors arise, such as partial atomic 

charges, electrostatic potentials, orbital energies, ionization energies, electron affinities, and 

bond orders. However, because of their complexity, the cost/benefit of using 3D descriptors is 

case-dependent and must be carefully evaluated.295 Smooth Overlap of Atomic Positions 

(SOAP)296 descriptors have emerged as an alternative. They are based on a representation of 

the local environment around each atom in a molecule. This is accomplished by dividing the 

space around each atom into a series of overlapping atomic regions, and then computing a set 

of basis functions that capture the distribution of nearby atoms within each region. Other well-

known 3D descriptors are the 3D-MoRSE (Molecular Representation of Structures based on 

electronic diffraction) descriptors.297 

The 4D descriptors are also called grid-based descriptors. These descriptors, in addition to the 

molecular geometry, introduce a fourth dimension. This new dimension usually characterizes 

the interactions between the molecule(s) and the active site(s) of a receptor or the multiple 

conformational states of the molecule(s), such an example is the CoMFA (Comparative 

Molecular Field Analysis).298 An advantage of the 4D descriptors is that they provide more 

information than the other descriptors, however, they are not easy to obtain because of their 

higher complexity. 
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The descriptor categories listed here are not necessarily distinct, many hybrid descriptors have 

been generated that combine one or more categories. For example, Mold2299 calculates 779 1D 

and 2D descriptors, the Mordred calculator uses over 1800 1D, 2D and 3D descriptors,300 and 

the PaDEL-Descriptor generates 797 descriptors (663 1D and 2D descriptors, 134 3D 

descriptors) and 10 types of fingerprints.301 Another examples are the charge indices, described 

by Galvez et al.302 which combine partial charge information and topological connectivity. 

Similarly the charged partial surface area descriptors combine surface area and partial charge 

information.303  

In this Thesis we focus mostly on fingerprint descriptors, Mordred descriptors and physical 

chemical descriptors. In each chapter we describe in detail the features used and the process 

followed to extract them. 

Molecular fingerprints 

Molecular fingerprints are high-dimensional vectors that encode the structure of a molecule 

into binary digit (bits) strings.108 There are different types of molecular fingerprints, with the 

most widely used being circular fingerprints, also known as Morgan fingerprints.304–306 Within 

this approach, the algorithm visits every atom of the molecule, obtains all possible paths 

through this atom with a specific radius, and hashes them into a bitmap (map of bits). The 

larger the radius, the bigger the encoded fragments. Moreover, the larger the bit number, the 

more discriminative the fingerprint can be (Figure 9).  

 
Figure 9: Representation of the calculation of Morgan fingerprints. Figure adapted from Xu et al.307 

MACCS keys308 are based on a predefined set of binary substructure keys that describe specific 

chemical features, such as functional groups and ring systems. Each substructure key is 

assigned a binary value of 1 or 0, depending on whether it is present or absent in the molecule. 

MACCS keys are generally less sensitive to small structural changes than circular fingerprints 
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but are more focused on capturing specific chemical functionalities. The MACCS keys are 

composed of 166 binary bits. 

Extended-connectivity fingerprints (ECFP)309 are another type of fingerprint that aim to capture 

molecular structure through the connectivity of atoms in the molecule. They are generated by 

recursively traversing the molecular graph and encoding the local environment of each atom in 

a fingerprint. ECFP fingerprints are size-invariant and can be generated with different radii to 

represent different levels of detail. They are particularly useful for capturing local structural 

motifs, such as hydrogen bonding patterns and ring systems. 

Atom-pair fingerprints310 are a type of fingerprint that encode the pairwise distances between 

pairs of atoms in the molecule. They are generated by defining a set of atom pairs and 

calculating their Euclidean distance in three-dimensional space. The resulting distances are 

then encoded as a binary vector. Atom-pair fingerprints are highly sensitive to the precise 

spatial arrangement of atoms in the molecule and are useful for capturing global structural 

features. 

Topological fingerprints are based on the concept of encoding the molecular topology, or the 

way in which atoms are connected in the molecule. They are generated by defining a set of 

substructures, such as rings and chains, and encoding their presence or absence in the molecule 

as a binary vector. Topological fingerprints are generally less sensitive to small structural 

changes than other types of fingerprints but are useful for capturing global structural 

features.311 

To compare the similarity of two molecules, we can use the bitmaps generated by the 

fingerprints and the Tanimoto metric (Eq. 2.16).312 The resulting values range from 1 (identical 

molecules) to 0 (two molecules have nothing in common). 

𝑇𝑎𝑛𝑖𝑚𝑜𝑡𝑜	 = 	BC	/	(B1	 + 	B2	 − 	BC).							(2.16) 

Here:  

• B1: bits of fingerprint 1 (F1), the number of 1s in F1  

• B2: bits of fingerprint 2 (F2), the number of 1s in F2  

• BC: bits (F1 and F2), the number of 1s in common between F1 and F2. It is computed 

as the number of bits in common divided by the total number of bits.  



 
 

39 

Mordred descriptors calculator 

In 2018, Moriwaki et al.300 implemented the Mordred descriptors, a freely available software 

via GitHub (a list of the available descriptors can be found at reference313). Mordred have 

shown to be widely applicable as so far they have been used (on their own or in combination 

with other descriptors) to predict the properties of small molecules314 or lead compounds and 

their binding affinities.315,316 They have also been used in environmental studies for the 

prediction of fish bioconcentration factors,317 and capture capacity predictions.318  

From these descriptors, one should only be interested in those that have a notable correlation 

with the target value being investigated. A way to identify these descriptors is to set a Spearman 

or a Pearson correlation cutoff and further analyze these features for significance using a two-

tailed p-test300 over a random sample of permutations using the Spearman/Pearson correlation 

coefficient as the test statistic. With this approach, only features which have a significant p-

value at 95% are considered. Following the feature generation, one-hot encoding for 

categorical features (features with specific increments such as counts) and scaling for 

continuous features should be applied. 

Population analysis 

Charges. Atomic charge is another property often used to rationalize structural and reactivity 

differences. Despite not being directly observable in experiments they are often invoked in 

discussions of bonding, as they are linked to electrostatic properties (e.g., attraction or 

repulsion).319 Approximate charges can be computed by different methods. These methods can 

broadly be divided into two categories:320  

1. Separation of the one particle density matrix in the Hilbert space (e.g., Mulliken, 

Löwdin, natural bond orbital analysis) 

2. Separation of the electron density in real space. (e.g., Hirshfeld) 

Mulliken population analysis distributes the electrons into atomic contributions. The 

contributions from all AO located on a given atom A are summed up to give the number of 

electrons associated with atom A. This sum is then subtracted from the nuclear charge of atom, 

ZA (Eq. 2.17):  

𝑞' =	𝑍' −9(𝑃𝑆)KK
K∈'

,								(2.17) 
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where P and S are density and overlap matrices respectively (in the AO basis) and the sum is 

over orbitals centered on atom A. 

A few common problems when population analysis is based on partitioning the wave function 

in terms of basis functions are the following: 

1. The diagonal elements may be larger than two, implying that more than two electrons 

exist in an orbital, violating the Pauli principle.  

2. The off-diagonal elements may become negative, implying negative number of 

electrons between two basis functions, which is physically impossible. 

3. Dividing the off-diagonal contributions equally between the two orbitals is not a well-

grounded technique as one might argue that the most electronegative orbital should 

receive most of the shared electrons. 

4. A basis function centered on atom A may have a small exponent, describing the wave 

function far from atom A. 

5. The dipole moments are not conserved. 

Based on the above it is preferred to base the population analysis on properties of the wave 

function or electron density itself (and not on the basis set chosen). Hirshfeld charges are based 

on using atomic densities for partitioning the molecular electron density (Eq. 2.18): 

𝑄' = 𝑍' −J
𝜌'
835M72	N06O73P(𝒓)

∑ ρQ
835M72	N06O73P(𝒓)(835MO

'
𝑑𝑟.				(2.18) 

An ambiguity in the Hirshfeld method is the source of the atomic densities. Usually, 

spherically-averaged ground state densities are used for neutral atoms, but in some cases other 

valence configurations may be considered.245,321 Based on the work of Saha et al.322 the 

magnitude of the Hirshfeld charges is in general smaller than for Mulliken, and the Hirshfeld 

charges are also less basis set-dependent, as expected for a density-based population scheme. 

In this Thesis the Hirshfeld charges are used as they are implemented by ORCA (v.4.1.1). 

Bond orders. The bond order (BO) between two atoms is calculated by taking the difference 

between the number of electrons in the bonding and anti-bonding orbitals of the atoms. The 

BO is then calculated as half of the difference. This method assumes that electrons are equally 

shared between the atoms in a bond (Eq. 2.19): 

𝐵𝑂 =	
𝑁R56N76S − 𝑁8637R56N76S

2 .				(2.19) 
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In this Thesis BOs (between atoms of interest - explained in each chapter) are used as they are 

defined by ORCA (v.4.1.1) and its natural bond orbital analysis method. 

Fukui - nucleophilicity descriptor 

Nucleophilicity (electrophilicity) is the tendency to donate (or accept) electrons. 

Nucleophilicity/electrophilicity of an atom can be described by the Fukui functions which 

describe the density changes upon variation in the number of electrons. Fukui functions are 

conveniently computed using a finite difference approximation,323,324 leading to Eq. 2.20 for 

nucleophilicity and Eq. 2.21 for electrophilicity:  

  𝑓D
;: 𝑞"(𝑛 + 1)(𝒓) − 𝑞"(𝑛)(𝒓),							(2.20) 

𝑓D
<: 𝑞"(𝑛)(𝒓) −	𝑞"(𝑛 − 1)	(𝒓),					(2.21) 

where n is the actual target system, n+1 is the anion (one more electron), and n-1 is the cation 

(one less electron). Different studies have shown that nucleophilicity can be an important 

descriptor when it comes to constructing an ML model,325 therefore we investigated if it could 

be a suitable descriptor for our systems. The analysis is presented in Appendix B1, and we 

concluded that the nucleophilicity/electrophilicity descriptor should not be considered for our 

ML models, as it showed poor correlation with our target values (ee) and it required time 

consuming calculations. 

Frontier molecular orbital 

Examining the MOs involved in a reaction can provide further insight. MOs can be obtained 

from a WFT or DFT calculation (delocalized MOs), with the highest occupied MO (HOMO) 

of one molecule acting as an electron donor and the lowest occupied MO (LUMO) of another 

molecule acting as an electron acceptor. The overlap between the HOMO and LUMO 

determines the strength of the interaction and therefore the reactivity of the molecules. 

Generally, molecules with a high-energy HOMO and a low-energy LUMO are more reactive 

than those with a low-energy HOMO and a high-energy LUMO. The HOMO-LUMO gap can 

be used to rationalize the activation enegry.326,327 Natural Bond Orbital (NBO) theory can 

transform DFT-derived MOs into localized representations of lone pairs and bonds, similar to 

a Lewis representation of chemical structure.328 However, the physical significance of MOs is 

debated329,330 since there is no unique definition and the connection to experiment is 

complex,322 at the same time, while canonical MOs can be understood quite clearly in small 
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molecules, they become much harder to interpret for larger molecules, due to delocalization 

and lack of high symmetry, so caution is necessary to ensure any chemical interpretations are 

not heavily dependent on the chosen method. The HOMO and LUMO are also included as 

descriptors in the following chapters. 

Steric descriptors 

Steric effects in chemical and biological systems have been a topic of debate within the 

scientific community for several years. Different parameter sets have been developed both 

experimentally and computationally, each with varying degrees of success. Among these are: 

(i) the A-values, which were derived from the study of mono-substituted cyclohexane rings by 

Winstein and Holness,331 (ii) the interference values, which are experimentally determined 

steric parameters based on the heat-induced half-life of racemization in 2,2′-substituted 

biphenyl systems, 332,333 (iii) the molar refractivity, which is a steric parameter defined by the 

Lorentz-Lorenz equation and has been used in many early QSAR studies, but only describes 

the total steric volume and ignores molecular shape,92 (iv) the Tolman cone angle, which may 

be limited to phosphine ligands,334,335 and (v) the Taft parameter,336,337 which has been subject 

to various redefinitions and manipulations. Notably, Charton found a correlation between 

Taft’s experimentally measured rates and the calculated minimum vdW radii of each 

symmetrical substituent in esters.86,338,339 Charton corrected the experimental values of non-

symmetrical substituents to agree with the calculated vdW radii, creating a set of computational 

but experimentally rationalized parameters. Hansch validated Charton’s parameters by 

extrapolating Charton’s correlation to previously unmeasured substituents, resulting in 

agreement between predicted and measured values.340 

In the 1970s Verloop and colleagues criticized the parameters used in the past to quantify steric 

effects for their inability to provide meaningful steric-based LFERs, possibly due to the 

complex nature of steric effects. In response, they developed the Sterimol program,341,342 which 

calculates various dimensional properties for a single substituent based on Corey-Pauling-

Koltun atomic models CPK.343 Instead of grouping all spatial information into a single 

cumulative value, Sterimol created subparameters, each of which describes a different 

dimensional property of interest. The three Verloop parameters are composed of two width 

parameters (B1 and B5) and a length parameter (L) (Figure 10). The width subparameters are 

determined based on the substituent’s profile when viewed down the axis of the primary bond. 

B1 represents the minimum profile width of the substituent from the primary bond axis, and 
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B5 represents the maximum width from the same axis. B1 is influenced by branching at the 

first carbon center and increases with increasing substitution. The length parameter is the total 

length of the substituent along the primary bond axis. In 2012, Sigman and co-workers 

introduced Sterimol parameters to construct a QSAR between sterics and enantioselectivity.92 

Since then, Sterimol parameters have also been applied in medicinal chemistry and asymmetric 

catalysis.344,345  

 
Figure 10: Illustration of the Sterimol parameters. B1 and B5 are the minimum and maximum widths of the group 
when viewed in profile looking down the primary axis and L is the total length along the same axis illustrated. 
Figure adapted from Sigman et al.92 

In 2019 Paton and co-workers346 developed the wSterimol, an automated software to extract 

sterimol descriptors. Discussion on how we have used wSterimol is provided in the Appendix 

B2. 

NMR shifts 

In NMR spectroscopy, a magnetic field is applied to align the nuclear spins, then excitation 

with radio waves takes place and the frequency of the emitted radio waves is measured 

providing information about the chemical environment of the atoms in the molecule. The 

chemical shift is a measure of this absorption or emission relative to a reference compound. In 

computational chemistry NMR shifts are typically calculated using WFT or DFT methods. The 

NMR shieldings are calculated using the Gauge-Including AO (GIAOs method, sometimes 

also referred to as London orbitals)347–349 which involves adding a gauge term to the 

Hamiltonian of the molecule, accounting for the effect of the magnetic field.350 The GIAO 

method is advantageous because it is relatively efficient and accurate for calculating NMR 

chemical shifts. However, it is important to note that the results obtained from the GIAO 

method are dependent on the choice of basis set and functional used in the calculation. Careful 

selection of these parameters is necessary to obtain reliable results.351,352 The ORCA software 

uses the absolute shielding (isotropic chemical shieldings) where the value for a given nucleus 

is defined as the difference between the magnetic field experienced by that nucleus and the 

external magnetic field, expressed in parts per million (ppm). The calculated absolute shielding 

B 1
B 5 L



 
 

44 

values are then converted to NMR chemical shifts using a reference compound or experimental 

data.353 

Normalization of data set 

After discussing the available chemical descriptors suitable for ML, it is important to consider 

data preprocessing techniques to ensure optimal model performance. Feature engineering 

techniques such as scaling and normalizing may be required to transform the data into a more 

appropriate format and bring the descriptors’ values within a consistent range, preventing any 

particular descriptor from dominating the model due to its larger scale. Similarly, normalizing 

the target values can help ensure equal importance is given to different ranges of the target 

variable, leading to more robust and reliable predictions.354 

Scaling is a process of transforming the data so that it fits within a specific range. Normalizing 

is a process of transforming the data so that it has a mean of zero and a standard deviation of 

one. There are different forms of scaling and normalizing data, such as: 

Min-max scaling, which scales the data to a specific range, usually between 0 and 1 (Eq. 2.22): 

𝑋O2810N 	= 	 (𝑋	 −	𝑋M76)	/	(𝑋M8: 	− 	𝑋M76),						(2.22) 

where Xscaled is the scaled value, X is the original value, Xmin is the minimum value in the data, 

and Xmax is the maximum value in the data. 

Z-score normalization, which scales the data so that it has a mean of zero and a standard 

deviation of one (Eq. 2.23): 

𝑋654M 	= 	 (𝑋	 −	𝑋M086	)	/	𝑋O3N	,						(2.23) 

where Xnorm is the normalized value, X is the original value, Xmean is the mean value of the data, 

and Xstd is the standard deviation of the data. 

Log transformation, which transforms the data using a logarithmic function (Eq. 2.24): 

𝑋15S 	= 	log(𝑋),					(2.24) 

where Xlog is the transformed value and X is the original value. 

Feature curation is an ongoing process that involves monitoring and updating the model as new 

information becomes available. It is important to ensure that the features remain relevant, and 

representative of the problem being addressed. This can involve regular re-training of the ML 
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model to ensure that it remains up-to-date and effective. At this point we would like to 

summarize some of the most important points associated with the choice of descriptors: 

• Descriptors should correlate with the targets.  

• Descriptors should generate dissimilar values for structurally different molecules. 

• Not all descriptors are suitable for all sizes of molecules. Some descriptors are only 

useful when applied to small molecules, whereas other descriptors are defined 

specifically for large molecules such as polymers and proteins.355  

• The amount of data required in a ML project is highly related to the complexity of the 

problem. For a small dataset, high-dimensional descriptors are not recommended. In 

fact, they increase the dimensionality of the problem and thus make the data sparser. 

The training becomes more complex and therefore more data are needed to obtain a 

model with a satisfying predictive performance. In general, the amount of data points 

must be four times larger than the number of parameters356 otherwise, the model will 

be too flexible for the amount of training data. 

2.2.2. Machine learning algorithms for supervised learning 

The learning algorithm is another important ingredient in developing accurate ML models. 

Depending upon the scientific question that one intends to solve, the learning algorithms 

broadly fall under two classes: (i) supervised learning3,357,358 (linear and non-linear regression, 

classification), and (ii) unsupervised learning3 (cluster analysis, PCA, feature selection). The 

former is used when the desired output is known, and the latter is used for data with no 

historical labels, and where the goal is to explore the data and find patterns within (Figure 11). 

In this Thesis we focus on supervised learning, which can be further subdivided into regression 

and classification tasks.  

 
Figure 11: On the left hand-side in blue the two major supervised categories: regression and classification, and 
on the right hand-side in orange the two major unsupervised categories: clustering and dimensionality reduction. 
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Before proceeding further, it is important explain the concepts of over-fitting and underfitting 

in the context of ML. Over-fitting occurs when a model becomes overly complex and fits the 

training data extremely well, to the point where it fails to generalize effectively to new, unseen 

data. This can lead to poor performance and inaccurate predictions in real-world scenarios. On 

the other hand, underfitting refers to a situation where the model is too simplistic and fails to 

capture the underlying patterns in the data, resulting in suboptimal predictive 

performance.359,360 Regularization methods, can introduce constraints or penalty terms to the 

learning process, discouraging excessive complexity and promoting a more generalized 

model.6 Over the next paragraphs we will be referring to these terms. 

Regression 

Regression algorithms are applied to data with continuous outputs. In regression, the goal is to 

find the relationship between the input variables (also known as independent variables or 

predictors) and the output variable (also known as dependent variable or response).  

The most basic and widely used regression algorithm is linear regression. It assumes that the 

relationship between the independent and dependent variables is linear, i.e., a straight line can 

be used to model the data. It tries to find the best-fit line that minimizes the sum of the squared 

errors between the predicted and actual values. This relationship can be represented by the 

equation (Eq. 2.25): 

𝑦	 = 𝛽𝑥 + 𝛼,				(2.25) 

where y is the dependent variable and x is the independent variable, β is the slope and α is y-

the intercept. 

In higher dimensions, where we have more than one independent variables x, the line is called a 

plane or a hyper-plane. This relationship can be represented by the equation (Eq. 2.26): 

𝑦	 = 	𝛽&𝑥& + 𝛽#𝑥# +⋯+ 𝛽/𝑥/ + 𝛼.			(2.26) 

The goal is to estimate the values of β and α that minimize the sum of the squared errors 

between the predicted and actual values of y, also known as the residual sum of squares (RSS) 

(Eq. 2.27): 

𝑅𝑆𝑆	 = 	9(𝑦" 	− 	𝛼	 −	𝛽"𝑥")#.
/

"%&

						(2.27) 
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By taking the partial derivatives of the sum of squared differences with respect to β and α, set 

them equal to zero and solving for β and α we get: 

𝛽� 	= 	9(𝑥" −	𝑥̄)(𝑦" 	− 	ȳ)
/

"%&

/9(𝑥" 	− 	 𝑥̄)#,
/

"%&

					(2.28) 

𝑎� = 	ȳ	 −	𝛽�𝑥̄,				(2.29) 

where x̄ and ȳ are the mean values of x and y, respectively. If 𝛽�  > 0, then x and y have a positive 

relationship. If 𝛽�  < 0, then they have a negative relationship. We note here that, the difference 

between β and 𝛽� is that β represents the true population regression coefficients, while 𝛽�  is the 

estimated regression coefficients based on the sample data. In practice, we use 𝛽�  as an estimate 

of β, because we do not have access to the true population regression coefficients. 

LASSO regression. To enhance the prediction accuracy of least squares and introduce 

constraints, regularization techniques can be introduced. The least absolute shrinkage and 

selection operator (LASSO)6 penalizes large feature coefficients, which mathematically means 

it minimizes the least squares-penalty plus the regularization term (Eq. 2.30). LASSO estimates 

sparse coefficients and reduces the number of variables the model depends on, by shrinking 

the coefficients of some parameters toward zero. Variables with a coefficient equal to zero are 

excluded from the model. On the other hand, variables with non-zero coefficients are used in 

the model.  

𝛽� 18OO5 = argminT9 �𝑦" −9𝑥")𝛽)
)
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#
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+ 𝜆9 X𝛽)X

F

)%&
	.						(2.30) 

Here, λ denotes the amount of shrinkage. If λ = 0 it is implied that all features are considered, 

and it is equivalent to the linear regression (only the residual sum of squares is considered). If 

λ = ∞ it is implied that no feature is considered. Therefore, as λ closes to infinity it eliminates 

more and more features. The bias increases with increase in λ, and variance increases with 

decrease in λ. 

Ridge regression. An alternative to LASSO is Ridge regression.6 The difference between the 

two is that Ridge regression adds a penalty equivalent to the square of the magnitude of 

coefficients (Eq. 2.31) This practically means that the shrinkage penalty will shrink all of the 

coefficients towards zero, but it will not set any of them exactly to zero (unless λ = ∞). 
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Elastic net regression. Elastic net regression6 was created as a combination of both LASSO 

and Ridge regressions. In Eq. 2.32 there are now two λ terms. λ₁ is the value of penalty for the 

LASSO part of the regression and λ₂ is the value of penalty for the Ridge regression. The final 

penalty is a ratio of λ₁:λ₂. When setting the ratio = 0 it acts as a Ridge regression, and when the 

ratio = 1 it acts as a LASSO regression. Any value between 0 and 1 is a combination of Ridge 

and LASSO regression (Figure 12). 

𝛽�01603 = 	argminT9 �𝑦" −9𝑥")𝛽)
)

�

#
/

"%&
+ 𝜆&9 X𝛽)X

F

)%&
+ 𝜆#9 𝛽)#		.					(2.32)

F

)%&
 

 
Figure 12: Graphical representation of geometrical analysis of LASSO (salmon), Ridge regression (pink) and 
elastic net (yellow). Figure adapted from Dehmer et al.361 

In the cases where the data do not follow a linear relationship, polynomial regression should 

be considered. It allows for non-linear relationships between the independent and dependent 

variables, by using polynomial functions of degree greater than one to model the data. 

Classification 

Classification algorithms are used when the data outputs are discrete, i.e., the data are separated 

into classes, and they automatically learn to map the data to specific classes. They can be 

categorized into linear models, DT, neighbor-based, generative models, NN, and others.  

Linear models generate a formula that optimally separates the classes. They create a decision 

boundary based on the linear combination of data features (Eq.2.33):  



 
 

49 

𝑦	 = 	𝑓	 �9𝑤)
)

	𝑥) 	�,						(2.33) 

where 𝑥) 	 is the value of feature 𝑗, 𝑤) is the weight of feature 𝑗, and 𝑓(∙) is a threshold function 

that assigns the dot product 
U
→	∙	

V
→ in a specific class, for example a sign function. The weight 

vector 
U
→ is optimized based on the training set. Optionally, another parameter b, called bias, is 

also summed but it is omitted herein for simplicity. For binary classification, the problem is a 

weight optimization task (Eq. 2.34):362 

min	𝑓(𝒘) ≡ 	𝑟(𝒘) + 	𝐶	9𝐿(𝒘?𝒙" , 𝑦")
"

,				(2.34) 

where xi is the feature vector of sample i, yi the class of sample i, w the weight vector, 𝐿(∙) is a 

loss function that measures the deviation/error between the predicted output from the true label, 

𝑟(∙) is a regularization term, and 𝐶 is a constant that balances the regularization term and the 

sum of the losses. Depending on the loss function and the optimization algorithm that finds the 

best weight values, different classifiers occur. If the loss function is the logistic function (Eq. 

2.35):  

𝐿(𝒘?𝒙, 𝑦) = 	logP1	 +	𝑒<W𝒘(𝒙S	,			(2.35)	

then the logistic regression (LR) algorithm results,363 and if the loss function is the hinge loss 

(Eq. 2.36):  

𝐿(𝒘?𝒙, 𝑦) = 	max(0,1	 − 	𝑦𝒘?𝒙)	, (2.36) 

then the SVM algorithm results.364 For the LR and SVMs classifiers (Figure 13) various 

optimization algorithms can be applied,362,365,366 including the stochastic gradient descent 

(SGD). SGD enables online learning, allowing the model to be trained with individual samples 

or mini-batches of samples at each step. This feature enables continuous learning when new 

samples become available. Several variations of the abovementioned classifiers have emerged, 

for example, non-linear SVMs that apply non-linear kernel functions, and LR and SVMs with 

SGD.367–369 
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Figure 13: Graphical representation of a) logistic regression where the decision boundary is 0.5 and the data fall 
into class 0 or class 1 and b) support vector machines, where the two classes are separated by a hyperplane shown 
here in a grey. 

ML classifiers can also be generative, meaning that they try to learn the probability distribution 

of the input data. From a statistical point of view, instead of calculating the joint distribution 

𝑝(𝑦, 𝒙) from Eq. 2.37:  

𝑝(𝑦, 𝒙) = 	𝑃(𝑦|𝒙)𝑝(𝒙),				(2.37) 

 in generative learning the joint distribution 𝑝(𝑦, 𝒙) is calculated from Eq. 2.38:  

𝑝(𝑦, 𝒙) = 	𝑝(𝒙|𝑦)𝑃(𝑦),				(2.38) 

where 𝒙 is the feature vector of a sample, 𝑦 its class, 𝑃(𝑦) is the class probability and 𝑝(𝒙|𝑦) 

is the conditional distribution of the input given the class label. In Bayesian classification, the 

Bayes’ theorem is applied (Eq. 2.39):  

𝑃(𝐴, 𝐵) = 	𝑃(𝐴|𝐵)𝑃(𝐵) = 	𝑃(𝐵|𝐴)𝑃(𝐴),				(2.39) 

where 𝑃(𝐴|𝐵) is the probability of event 𝐴 occurring given 𝐵, 𝑃(𝐵|𝐴) is the opposite, and 𝑃(𝐴) 

and 𝑃(𝐵) are the probabilities of 𝐴 and 𝐵, respectively. Resulting in the a-posteriori probability 

(Eq. 2.40):  

𝑃(𝑦|𝒙) = 	
𝑝(𝑦, 𝒙)
𝑝(𝒙) = 	

𝑝(𝒙|𝑦)	𝑃(𝑦)
𝑝(𝒙) .						(2.40) 

Then, the error is minimized by partitioning the feature space so that an unknown pattern, 

represented by the feature vector 𝒙, is assigned to class i. If (Eq. 2.41),  

𝑃(𝑦 = 𝑖|𝒙) > 	𝑃(𝑦 = 𝑗|𝒙)	∀	𝑖 ≠ 𝑗,			(2.41)	
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the LDA classifier (Linear Discriminant Analysis)370 assumes that the conditional density 

𝑝(𝒙|𝑦)	follows the multivariate Gaussian distribution and share the same covariance matrix Σ 

(Eq. 2.42):  

𝑃(𝒙|𝑦) = 	
1

¨(2𝜋)Z|𝜮|
exp «−

1
2
(𝒙 − 𝝁𝒌)?𝜮<&(𝒙 − 𝝁𝒌)­,						(2.42)

		

where 𝑑 is the number of features and 𝝁𝒌 is the mean vector of class k. The generalization of 

LDA, where the covariance matrices differ, is called quadratic discriminant analysis.371 

The conditional density 𝑝(𝒙|𝑦)	cannot be solved easily and the previous ML algorithms suffer 

from the curse of dimensionality.5 This issue is addressed in the naive Bayes algorithm which 

assumes that all features x are mutually independent given the class label, resulting in Eq. 2.43:  

𝑝(𝒙|𝑦) = 	®𝑝P𝑥)X𝑦S
)

,			(2.43) 

and in Eq. 2.44: 

𝑃(𝑦|𝒙) = 	
∏ 𝑝(𝑥)|𝑦)𝑃(𝑦))

𝑝(𝒙) .					(2.44) 

The 𝑝(𝒙) does not depend on 𝑦 and can be omitted and the resulting formula can be rewritten 

and solved using the maximum a-posteriori rule (Eq. 2.45): 

𝑦̂	 = 	argmax\ 	𝑃(𝑦	 = 	𝑘|𝒙) 	= 	argmax\®𝑝P𝑥) 	X𝑦S𝑃(𝑦)			(2.45)
)

 

The decision tree (DT) classifier is a set of if/else decision rules that continuously splits the 

training set according to a criterion that maximizes the separation of the data.372 The result is a 

tree-like structure where branches represent the data split and leaves represent the outcomes. 

A DT is built by recursively partitioning the data into subsets based on the values of one or 

more input features. The algorithm splits the data into smaller subsets based on the feature that 

provides the most information gain. Information gain is the difference between the impurity of 

the parent node and the sum of the child node impurities. The lower the impurity of the child 

nodes, the larger the information gain. This process is repeated until the subsets are pure, or a 

stopping criterion is met (Figure 14a). A DT with a larger maximum depth or a smaller 

minimum number of samples in a leaf node will have more leaf nodes, which may lead to over-

fitting of the training data. On the other hand, a DT with a smaller maximum depth or a larger 

minimum number of samples in a leaf node may underfit the training data. 
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Finally, neighbor-based algorithms like k-nearest neighbors (kNN) classify a sample based on 

the majority vote of its k nearest neighbors (Figure 14b).373 A variation of kNN is the radius 

nearest neighbors algorithm, which classifies a sample based on the majority vote of the 

neighbors within a fixed radius. A different approach is followed by the nearest centroid 

algorithm, where each class is represented by the centroid of its samples. Then, the new sample 

is classified based on the class of the nearest centroid. 

 
Figure 14: a) Example of decision tree with four features in a binary classification task, b) graphical representation 
of kNN algorithm the new data point (in purple) is classified according to its neighbors. In red the distances 
between the new point and its k=5 nearest neighbors. 

Here, it is worth mentioning certain algorithms that were originally developed for classification 

but have found application in regression as well. One such algorithm is the support vector 

regressor (SVR) algorithm, which utilizes the SVM to map the input data into a higher 

dimensional space. The basic idea behind SVR is to find the best fit line, which is the hyperplane 

that has the maximum number of points. Unlike other regression models that try to minimize 

the error between the real and predicted value, the SVR tries to fit the best line within a threshold 

value. The threshold value is the distance between the hyperplane and boundary line.  

Bayesian regression is another regression technique that leverages the Bayesian inference for 

estimating regression coefficients and make predictions. This method involves specifying a-

priori distribution for the regression coefficients, and then updating this distribution based on 

the observed data to obtain a posterior distribution. DTs have also been adapted for regression. 

DT regression involves splitting the feature space based on decision rules to create a tree-like 

structure. The predicted value in regression is obtained by traversing the DT based on the 

features of the new data point. Finally, K-nearest neighbor regression makes predictions based 

on the k nearest neighbors to the new data point. The predicted value is the average of the 

dependent variable values for the k nearest neighbors. 
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Limitations of shallow learners 

The aforementioned regressors and classifiers (shallow learners) are powerful tools for 

predictive modeling, nonetheless, they pose their own challenges. Linear and logistic 

regression, excel in cases where the data exhibits linearity or simplicity. However, they may 

encounter difficulties when faced with complex and high-dimensional datasets, or non-linear 

relationships.6,363 

A drawback of SVMs is their computational complexity, especially when dealing with large 

datasets. As the number of samples increases, the training time and memory requirements of 

the algorithm can become significant. Additionally, SVMs may struggle when faced with 

datasets that have a large number of features or when the classes are overlapping or inseparable, 

making it challenging to find an optimal hyperplane to separate the data points accurately. 

SVMs also lack inherent interpretability, as the resulting models often provide limited insights 

into the underlying relationships within the data.364 

DTs are susceptible to over-fitting, especially when the model becomes overly complex and 

closely fits the training data. DTs are also sensitive to small variations in the training data. A 

small change in the training dataset can potentially lead to a significantly different DT. This 

instability can make DT less robust and prone to high variance in the predictions.372 

kNN struggles with datasets that have imbalanced class distributions, since it makes predictions 

based on the majority class among the k nearest neighbors, imbalanced data can lead to biased 

predictions favoring the majority class. Bayesian classification methods may also face 

challenges when dealing with imbalanced datasets or when prior assumptions are not well-

informed.373 

Class imbalance problem  

When the size of one class outnumbers the size of the other, ML algorithms tend to under-

predict the infrequent class. To tackle this issue, the classes must be transformed into balanced 

classes, either by over-sampling the minority class or by under-sampling the majority class. An 

approach to perform over-sampling is to generate synthetic samples based on the feature values 

of the minority class samples until both classes consist of an equal number of samples. The 

most common algorithm for generating synthetic samples is the Synthetic Minority Over-

sampling Technique (SMOTE) technique, which synthesizes artificial new minority samples 

between existing minority samples (Figure 15).374  
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Figure 15: Illustration of the SMOTE algorithm. Starting from the original data, it generates synthetic samples 
(purple) for the minority class (black). This is done by generating a synthetic point between two original points. 
The points are “connected” with red.374 

Another algorithm for over-sampling is the adaptive synthetic sampling algorithm, which is 

similar to SMOTE, but attempts to infer which points in the minority class would be the most 

difficult for a model to learn and attempts to place a higher ratio of synthetic data close to these 

points.375 

To under-sample the majority class one can randomly delete samples until both classes have 

an equal number of samples. A more sophisticated selection technique is the condensed nearest 

neighbor method, which iteratively uses the k nearest neighbor rule to decide if a majority 

sample should be removed or not.376 If the majority of the nearest neighbors are in the minority 

class, then the majority sample is kept, otherwise, the majority sample is discarded. Another 

selection technique is the instance hardness threshold, where a ML algorithm is trained on the 

training set and removes the samples with the lowest probabilities.377 

An alternative approach is to use a combination of over- and under-sampling techniques. 

Because over-sampling using synthetic sample generation algorithms may lead to the 

generation of noisy samples, an under-sampling method may be used afterwards to clean the 

training set.  

Finally, a different approach for dealing with the class imbalance problem in classification is 

to use penalization with class weights. In this approach, when a sample is misclassified, a 

weighted cost is imposed on the model, biasing the model to emphasize the minority class. In 

the scikit-learn Python package378 the weights can be automatically assigned according to Eq. 

2.46:  

w] =
n_samples

n_218OO0O ∗ n_samples]
, (2.46) 
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where w is the weight of class j, n_samples is the total number of samples of the j training set, 

n_classes is the total number of classes, and n_samplesj is the total number of samples in class 

j in the training set.  

Graph neural networks 

A special case of ML is deep learning or artificial neural networks, or simply referred to as 

NNs, which are inspired by the brain. In the neuron, information comes from the dendrites, this 

information is summed in the cell body, and the response is output to the axon and to other 

neurons, via an electrical signal (Figure 16a). The simplest NN is called a perceptron and 

follows the same principles as the biological neuron (Figure 16b). The relationship between 

the input vector i and output o of a single perceptron is given by Eq. 2.47. The inputs are 

weighted (weight vector: w), summed, and then an activation function is applied leading to the 

output. An activation function is a mathematical equation, for example the sigmoid function, 

that determines whether a node should be activated or not. If a node is activated, it will pass 

data to the nodes of the next layer. The activation function can be calculated by multiplying 

input and weight and adding a bias.  

𝑜 = 𝑓 �9𝑤)
)

∙ 𝑖) 	+ 𝑏� = 𝑓(𝒘𝒊 + 𝑏).			(2.47) 

 
Figure 16: Analogy between (a) a biological neuron and (b) a perceptron i: inputs; w: weights; o: output; f(Σ): 
activation function. Figure adapted from Gemm et al. 379 
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The combination of multiple perceptrons provides a multi-layer perceptron (MLP) (Figure 17a 

and Eq. 2.48). 

𝒚 = 𝒇#[𝑾# ∗ 𝒇&(𝑾& ∗ 𝒙 + 𝒃&	) + 𝒃#].			(2.48)	 

Where 𝒚 is the model output vector; 𝒙 is the model input vector; 𝒇& and 𝒇# are the activation 

functions, 𝒃& and 𝒃# are the bias vectors, for layer 1 (hidden layer) and layer 2 (output layer), 

respectively. If the MLP consists of more than one hidden layers a deep learning MLP is 

produced (Figure 17b). 

Figure 17: Comparison of (a) a shallow MLP with (b) a deep learning MLP showing the feed forward and back 

propagation techniques. Figure adapted from Gemm et al.379 

MLPs belong to the category of feedforward algorithms, wherein inputs are combined with 

initial weights in a weighted sum, and subject to an activation function. This process is 

propagated through successive layers, to the output layer, with each layer feeding the next with 

the result of its computation, forming an internal representation of the data.  

However, simply propagating the results to the output layer is not sufficient for effective weight 

adjustment to minimize the loss function. To train MLPs, the optimal weights must be found, 

typically through an iterative process called backpropagation. During backpropagation, the 

gradient of a loss function is computed, and in each iteration, the weights are adjusted to 

minimize this gradient. The loss function needs to be a differentiable convex function. The 

derivate of a function at x is the slope of the graph of the function at point (x, f(x)). The slope 

of a linear function is the rate at which it rises or falls, describing the direction of that function.  
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As an example, a loss function can be the mean squared error (MSE) (Eq. 2.49) and the gradient 

method to minimize the loss can be the gradient descent algorithm (Eq. 2.50). 

 

𝑀𝑆𝐸	 =
1
𝑛9(𝑦𝑖	 − 	𝑦̂𝑖)2

/

"%!

,			(2.49) 

where n is the number of predictions.  

𝑤	 = 	𝑤	 − 	𝑎
𝑑𝐽
𝑑𝑤,					

(2.50) 

where w are the weights, J is the loss function, in this case the MSE, and α is an adjustable 

parameter called learning rate, determining the step size at each iteration. When the learning 

rate is too big, the algorithm is taking big steps, risking stepping over the minima, similarly 

when the learning rate is too small, the algorithm is taking tiny steps, and therefore taking 

longer to reach the minima. 

Here it is worth mentioning that the advantage of gradient decent lies in its simplicity, as it 

only requires the derivative of the loss function. However, it can be inefficient, especially when 

dealing with very small gradients. More advanced methods, such as Newtonian methods like 

BFGS (Broyden–Fletcher–Goldfarb–Shanno), offer improvements over gradient descent by 

taking adaptive steps based on the Hessian matrix, which contains second-order derivative 

information. Nevertheless, these methods are computationally expensive.380 Adam (short for 

Adaptive Moment Estimation) is another optimization algorithm that adapts the learning rate 

for each parameter, allowing for different learning rates for each parameter rather than using a 

global learning rate like traditional gradient descent. Additionally, Adam incorporates 

momentum, which helps accelerate the optimization process by accumulating a decaying 

moving average of past gradients.381  

In each iteration, after the weighted sums are forwarded through all layers, the gradient of the 

MSE is computed across all input and output pairs. Then, to propagate it back, the weights of 

the first hidden layer are updated with the value of the gradient. This process continues until 

the gradient for each input-output pair has converged. 

In classification, the output layer consists of neurons equal to the number of classes in the 

dataset. Each neuron in the output layer represents the probability of belonging to a particular 

class. The output is often passed through a softmax activation function to obtain probabilities 

that sum up to one. In regression, the MLP is configured to produce a single output value, 
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representing the continuous prediction. A common choice for the activation function in this 

scenario is either the linear activation function or having no activation function at all.  

Another class of NNs are the convolutional neural networks (CNNs).382 In CNNs, usually an 

image is represented as a matrix containing the image pixel values. Each pixel value 

corresponds to the intensity or color of a specific location in the image. These pixel values form 

the input data for the CNN. Then a filter, or kernel, is applied to capture the spatial features 

from the image to produce feature maps. These feature maps are then reduced in size with a 

process called pooling, which separates the feature maps into subregions and merges the 

features of each subregion. Finally, the pooling layers are flattened and an MLP is applied 

(Figure 18).  

 
Figure 18: Example of a CNN for image classification. The pixels from the image are passed through a kernel at 
the convolution stage and then through a max pooling they are reduced in size. Finally, an MLP is used. Figure 
adapted from Santos et al.383 

Fifteen years ago, a new concept for applying NNs in graph data structures emerged, called 

graph neural network (GNN).384,385 GNNs are highly influenced by Networks CNNs and graph 

embedding. In many scientific fields, including chemistry and biology, data can be naturally 

represented by graph structures. In software engineering for example, a linked structure of 

websites can be viewed as a graph, Amazon used GNNs to detect fraud and LinkedIn uses 

GNNs to make social recommendations and understand the relationships between people’s 

skills and their job titles. At the same time biopharma company GSK maintains a knowledge 

graph with nearly 500 billion nodes that is used in many of its ML models. In Chemistry, 

Duvenaud et al.386 proposed neural graph fingerprints (Neural FPs), which calculate 

substructure feature vectors to get overall representations, while Kearnes et al.387 modeled 

atom-atom pairs, independently, to emphasize atom interactions. Do et al.,388 used graph 

transformation policy network that encodes the input molecules and generates an intermediate 

graph with a node pair prediction network and a policy network, to predict reaction products, 

and Jaakkola et al.,389 evaluated various graph-to-graph translation models for molecular 
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optimization. Fout and co-workers390 proposed a GNN method to learn ligand and receptor 

protein residue representation, and others have used GNNs for molecular property 

predictions.142,391  

In all cases a graph can be thought of as a data structure that is used to describe relationships 

between entities. Molecular graphs represent the atoms of the molecules with nodes and their 

bonds with edges (a set of nodes V and a set of edges E). We denote nodes (vertices) with v Î 

V and edges connecting two nodes v, w with evw Î E (Figure 19). In addition, each node and 

edge are assigned a feature vector that stores specific atom and bond information, respectively. 

The node feature vector is denoted by fV(v) and contains, for example, information about the 

atom type or the formal charge of the atom. Note that hydrogen atoms are not represented as 

nodes but are treated implicitly as atom features by means of the count of hydrogen atoms 

bonded to a heavy atom. Analogously, the edge feature vector is denoted by fE(evw) and 

typically includes information about the bond type. The set of nodes and edges with the 

corresponding feature vectors describes the attributed molecular graph G(m) = {V,E,fV ,fE} for 

a molecule m.392,393 

 
Figure 19: Illustration of a molecule turned into a graph, with the atoms being represented as nodes (v) and the 
bonds as edges (evw). 

Message Passing Neural Networks 

Many different GNN variants have been proposed and finally were unified under the same 

framework called message passing neural network (MPNN).392 The MPNN framework 

consists of a message passing phase and a readout phase. In the message passing phase, 

structural information within the molecular graph is encoded by means of graph convolutions. 

The fV(v) and fE(evw) of each node and edge aggregate messages from their neighbors iteratively 

and update the neighborhood. The updated feature vector of a node, after passing a graph 
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convolutional layer l, is typically referred to as the hidden state, ℎJ^ . The update process of a 

hidden node state within a graph convolution layer l can be depicted as message information 

from the neighborhood passed to a node and is denoted by (Eq. 2.51), where a message function 

Ml produces a message from the hidden state of the neighbor node w of the previous graph 

convolution layer ℎU^<& , and from the corresponding fE(evw); then the sum of all messages is 

passed to the node and is combined with the hidden state vector of the node from previous 

graph convolution layer ℎU^<&. Then an update function Ul is applied, resulting in the updated 

hidden state of the node ℎJ^ . 

ℎJ^ =	𝑈^(ℎJ^<&, 9 𝑀^
U∈$(J)

(	ℎU^<&, 𝑓a(𝑒JU))	).				(2.51) 

In recent years, GRU-like update functions (Gated Recurrent Unit)394 are used to incorporate 

information from the other nodes and from the previous layers to update each node’s hidden 

state alleviating the exploding problem.  

The most commonly used GNN architecture is the graph convolutional network (GCN).395 By 

stacking multiple graph convolutional layers, the GCN allows each node to receive information 

from its neighbors. Each additional layer increases the local neighborhood information passed 

to a node by one additional hop (from node to node) along an edge. However, more 

sophisticated MPNN architectures have been introduced such as the Graph Attention 

Networks396 and the GraphSAGE,397 but these are beyond the scope of this Thesis. 

In the readout phase, the local structure information of the individual nodes is aggregated into 

a continuous vector representation of the graph, the molecular fingerprint. This aggregation of 

the single node hidden states is conducted by means of a pooling function (node-wise, 

max/mean/sum/attention operations) that is applied on node features to get a global graph 

representation. There are other types of pooling that go beyond the scope of this Thesis.394 

Finally, this molecular fingerprint serves as an input to a feedforward NN, typically a 

multilayer perceptron (MLP). In Chapter 5, we demonstrate in detail how we built our GNN 

for the prediction of viscosity and CO2 solubility in ILs. 

Open problems in GNNs 

Although GNNs have achieved great success in different fields in this section, we list some 

open problems that researchers need to be cautious with.398 
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Robustness. As a family of models based on neural networks, GNNs are also vulnerable to 

adversarial attacks. Compared to adversarial attacks on images or text which only focuses on 

features, attacks on graphs further consider the structural information. However, in the last few 

years researchers have made efforts to alleviate such issues.399  

Interpretability. By their nature NNs are hard to interpret and researchers have only recently 

stopped treating them as black boxes. Using a GNN inserts an additional layer of difficulty 

when it comes to generating interpretable models, as graphs can be particularly complex. Only 

a few methods have been proposed to generate example-level explanations for GNN models.400 

The available techniques answer questions like which input edges or nodes are important, 

which edges or nodes features are important, and what graph patterns will maximize the 

prediction of a certain class. Unfortunately, all these questions cannot yet be answered at once. 

Graph Pretraining. NN-based models require abundant labeled data, which is costly to obtain. 

Self-supervised methods have been proposed to guide models to learn from unlabeled data 

which is easier to obtain from websites or knowledge bases.395,401  

Complex Graph Structures. Graph structures are flexible and complex in real life 

applications. Dynamic graphs or heterogeneous graphs have been proposed to deal with 

complex graph structures.  

Ensemble machine learning  

To improve the predictive performance, ensemble ML methods have been developed that 

combine multiple ML models. This approach is applicable to both shallow learners and deep 

NNs or GNNs. There are three main strategies for performing ensemble ML: bootstrap 

aggregation (bagging), boosting, and stacking.  

In bootstrap aggregation, multiple models are trained, each one with a subset of samples and 

features, selected through sampling with replacement.402 Then, the majority vote of the models 

gives the final prediction. An example of an ensemble model using DTs and bootstrap 

aggregation is the RF (Figure 20a).35 RF splits the nodes based on the best split among a random 

subset of features at each node, adding an element of diversity to the ensemble. An alternative 

to RF is the Extremely Randomized Trees403 or Extra Trees (ET). Unlike RF, ET does not 

bootstrap observations. Furthermore, nodes in ET are split based on random splits rather than 

the best splits. The randomness in ET does not arise from bootstrapping the data, but rather 

from the random splits of all observations. This makes ET robust in the presence of noisy 



 
 

62 

features, which is why it finds utility in this Thesis for maintaining higher performance under 

such conditions. 

The second strategy is called boosting, where multiple models are trained sequentially, with 

each new model being influenced by the performance of the previous models.404 Again, the 

majority vote of the models draws the final predictions, but the votes are weighted based on 

the models’ performances. An example is AdaBoost,405 where the output of “weak learners” 

(usually DT) is combined into a weighted sum that represents the final output of the boosted 

model. A modern version of AdaBoost is extreme gradient boosting (XGBoost)406 algorithm, 

which has increased speed and performance, as it introduces regularization parameters to reduce 

over-fitting (Figure 20b). 

In stacking, a meta-estimator is trained on the predictions of previous ML models (RF, a kNN, 

and a SVMs). For example, the LR model can be trained on the predictions of a DT, a kNN, 

and a SVM (Figure 20c).407 

 
Figure 20: Representation of Ensemble learning algorithms. a) The bagging technique represented by RF. b) The 
boosting technique represented by AdaBoost and XGBoost. c) The stacking technique using DT, and kNN and 
SVM. 

Hyper-parameter optimization  

Each ML algorithm has hyper-parameters, which are parameters that control the behavior of 

the training algorithm and affect the model's capability to identify patterns and correlations. 

Examples of hyper-parameters include the number of the neighbors (k) in the kNN classifier, 

the kernel type in SVMs, the maximum tree depth in the DT classifier, and the number of DT 

in RF. Depending on the hyper-parameters, the model may capture the trends in the data, or it 

may suffer from under-fitting or over-fitting. Thus, the hyper-parameters must be tuned. 

Tree 1 Tree 2 Tree 3
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Final prediction

Data set

Tree 1 Tree 2 Tree 3
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The main strategies for hyper-parameters tuning are the grid search and randomized search. In 

grid search, fixed parameter combinations are selected a-priori, while in randomized search a 

range of values for each parameter is specified and a finite number of parameter combinations 

are randomly selected from these ranges. Each parameter combination results in a different 

model. Then, each model is trained and validated and the model with the best performance is 

selected. Depending on the dataset, not all hyper-parameters are significant.408 Randomized 

search is preferred over the grid search when the number of parameter combinations that can 

be evaluated is finite because the sampling of the important hyper-parameters is more effective.  

It should be mentioned that more sophisticated techniques for hyper-parameter tuning exist409 

such as the Bayesian hyper-parameter optimization,410 but these are beyond the scope of this 

Thesis.  

2.2.3. Performance metrics for evaluating machine learning models  

As shown in Figure 6, after selecting the appropriate descriptors and choosing a learning 

algorithm one needs to evaluate and validate that the correct choice of descriptors and 

algorithm has been made. Performance metrics serve as quantitative measures that capture 

various aspects of model performance. In both regression and classification tasks, different 

metrics are employed due to the distinct nature of the problems. Regardless of the task at hand, 

it is crucial to ensure the reliability and generalizability of the model’s performance assessment.  

This is achieved through the process of validation, which provides insight into how the model 

is likely to perform on unseen data. Validation can be categorized into internal and external 

validation. Internal validation is considered necessary but not sufficient.356 Hence, external 

validation must be carried out prior to application of the model. During internal validation, also 

called cross-validation, the dataset is randomly split into k subsets (k-fold). In every iteration, 

a subset is the test set and the remaining of the subsets compose the training set. The error of 

the predictions is recorded in every iteration. The average of the k recorded errors is called the 

cross-validation error and will serve as the performance metric for the model (Figure 21). 
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Figure 21: Graphical representation of the dataset split into Training and Test sets. The training set is split further 
for k-fold cross-validation, and the results are used for the external validation (test set). 

To perform external validation, a set of data that has not been used to train the model is used 

(called test set). This set is held out of the original data set and is often chosen randomly. It is 

important to note that when the training and test sets are chosen randomly the error metrics 

may vary due to the inherent variability in the data. To establish a reliable conclusion about the 

model’s performance, it is recommended to perform multiple splits of the data into training and 

test sets. For instance, in some of the projects described here, we adopt the practice of 

conducting 100 such splits. On the other hand, if the test set is chosen explicitly for a particular 

reason, such as representing a specific subset of data or mimicking a real-world scenario, 

repeating the runs may not be necessary. In such cases, a single evaluation with the chosen test 

set can suffice. 

Regression 

In most real-world problems, the error cannot be precisely calculated, and it must be estimated. 

It is therefore essential to choose an appropriate estimator of the error. Least-squares is a 

common method for model construction (Eq. 2.52). The goal of this method is to find the set 

of parameters that minimizes the sum of the squared residuals between the observed data and 

the predictions of the model. In other words, it seeks to find the line (or plane or hyperplane) 

that best fits the data (Figure 22).6 
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Figure 22: Illustration of the least squares method. The data points are away from the best fit line, highlighting 
the vertical distances (yellow) between each observed point and the corresponding point on the best-fit line, 
symbolizing the minimization objective defined by Equation 2.51. 

Minimize:	9(𝑌" − 𝑌b3)#
/

"%&

.			(2.52) 

The most common statistical measure of good fitness is the correlation coefficient, R2 (Eq. 

2.53). If R2 > 0.5, this means that the explained variance is greater than the unexplained 

variance. A good linear correlation (R2 close to 1.0) between the predicted values and the 

measured values indicates that the obtained model adequately approximates the system under 

study. The acceptable value is up to user’s judgement (recommended value by Tropsha is R2 

>0.6).411  

𝑅# = 1.0 −	
∑ P𝑌" − 𝑌¾"S

#/
"%&

∑ (𝑌" − 𝑌¿)#/
"%&

,							(2.53) 

where 𝑌",	𝑌¾",	𝑌¿ are the measured, predicted and averaged dependent variable, respectively and 

n equals the number of data points. 

The performance of a model can also be measured in terms of prediction error. The MAE (mean 

absolute error - Eq. 2.54) represents the average of the absolute difference between the actual 

and predicted values in the dataset, and it measures the average of the residuals in the dataset.6 

𝑀𝐴𝐸 =	
∑ X𝑌" − 𝑌¾"X$
"%&

𝑁 .				(2.54)		 

MSE (mean squared error - Eq. 2.55) represents the average of the squared difference between 

the original and predicted values in the data set and it measures the variance of the residuals.6 

𝑀𝑆𝐸 = 	
∑ (𝑌", − 𝑌¾)#$
"%&

𝑁 .		(2.55)		 



 
 

66 

The RMSE (root mean square error - Eq. 2.56) is the square root of the variance of the residuals, 

and it can be interpreted as the standard deviation of the unexplained variance. It has the useful 

property of being in the same units as the response variable. Lower values of RMSE indicate 

better fit. RMSE is a good measure of how accurately the model predicts the response, and it 

is the most important criterion for fit if the main purpose of the model is prediction.6 

𝑅𝑀𝑆𝐸 = À∑ (𝑌", − 𝑌¾)#$
"%& 	

𝑁 .						(2.56) 

Classification 

In binary classification, the predicted probabilities or scores from a model can be converted 

into class predictions by applying a threshold (0-1, usually 0.5). Instances with predicted 

probabilities above the threshold are classified as positive, while those below the threshold are 

classified as negative. The predictions can be summarized into a confusion matrix, where TP 

stands for true positives, FP for false positives, FN for false negatives, and TN for true 

negatives (Figure 23a).412  

The performance metrics for a ML binary classifier are computed from the confusion matrix. 

The most common performance metric is accuracy (Eq. 2.57), which is the fraction of correct 

predictions over the total predictions:  

Accuracy	 =
𝑇𝑃 + 𝑇𝑁

Total	predictions	 .					(2.57) 

The accuracy score metric may be misleading in imbalanced datasets. For example, consider 

that the number of samples of the minority class (e.g., positive class) is 100 and the number of 

samples of the majority class (negative class) is 9,900. If the algorithm classifies all samples to 

be in the negative class, the corresponding confusion matrix is shown in Figure 23b. 
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Figure 23: a) Confusion Matrix. b) An example where accuracy is a misleading metric as explained by Eq. 2.57. 

and the accuracy score is derived as (Eq. 2.58):  

Accuracy	 =
0 + 9,900
10,000	 = 0.99,				(2.58) 

which does not represent the actual performance of the model as the samples of the minority 

class were wrongly labeled in their entirety. To overcome this limitation of the accuracy score, 

more sophisticated metrics have been introduced.  

Recall (or sensitivity) expresses the amount of correctly predicted TP (Eq. 2.59), while 

precision expresses the predicted true positives that are actually true (Eq. 2.60).  

recall	or	sensitivity = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑁,			(2.59) 

precision = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑃.			(2.60) 

Increasing precision often comes at the expense of recall, as raising the threshold for classifying 

positive instances leads to fewer FP but potentially more FN. Similarly, emphasizing recall 

may result in higher FP but fewer FN.412   

The F score is derived by taking the harmonic mean of the precision metric and the recall 

metric.412 The general formula of the F score is derived based on a positive real variable 𝛽, 

where 𝛽 determines the importance of recall over precision (Eq. 2.61). When 𝛽 = 1 (F1 score), 

recall and precision are weighted equally (Eq. 2.62), when 𝛽 < 1 more weight is given in 

precision, and when 𝛽 > 1 recall is favored.  

𝐹c = (1 + 𝛽#)
precision ∗ recall

(𝛽# ∗ precision) + recall 	 , (2.61) 
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𝐹& = 2
precision ∗ recall
precision + recall .				(2.62) 

The F1 score measures the performance in each class separately, thus the macro F1 score (Eq. 

2.63) which is the average performance of all classes is calculated with values ranging between 

0 and 1:  

Macro	𝐹&	score =	< 𝐹&score > ,				 (2.63) 

where angle brackets denote average over each class F1 score.  

The geometric mean (g-mean) of sensitivity (Eq. 2.59) and specificity (Eq. 2.64) can also be 

measured and it is formulated as (Eq. 2.65): 

specificity = 	
𝑇𝑁

𝑇𝑁 + 𝐹𝑃,				(2.64) 

g − mean	 = 	¨sensitivity	 ∗ 	specificity	.				(2.65)  

Another metric is the Matthews correlation coefficient (MCC), which receives values between 

-1 and 1 and is formulated as (Eq. 2.66):  

𝑀𝐶𝐶	 = 	
(𝑇𝑃 ∗ 	𝑇𝑁	– 	𝐹𝑃 ∗ 	𝐹𝑁)

¨(𝑇𝑃	 + 	𝐹𝑃)	(𝑇𝑃	 + 	𝐹𝑁)	(𝑇𝑁	 + 𝐹𝑃)(𝑇𝑁	 + 	𝐹𝑁)
	.		(2.66) 

Another way to evaluate the skill of a classifier is by plotting the ROC curves (or receiver 

operating characteristic curve) which summarize the performance of a binary classification 

model (Figure 24). The x-axis indicates the FP rate, and the y-axis indicates the TP rate 

(sensitivity or recall). Ideally, the TP rate will be 1 and the FP rate will be 0, achieving perfect 

skill. By evaluating the TP and FP for different threshold values, a curve can be constructed 

that stretches from the bottom left to top right and bows toward the top left. This curve is called 

the ROC curve. A classifier that has no discriminative power between positive and negative 

classes will form a diagonal line. Models represented by points below this line have worse than 

no skill. The ROC curve is a popular diagnostic tool for classifiers on balanced and imbalanced 

binary prediction problems alike because it is not biased to the majority or minority class. 

However, it can be challenging to compare two or more classifiers based on their curves. 

Instead, the area under the curve (AUC) can be calculated to give a single score for a classifier 

model across all threshold values. The score is a value between 0 and 1. 
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Figure 24: Example of a ROC curve. The classifier gains skill fast as it bows towards the top left. The AUC is 
also high (close from 1) for both classes. 

A precision-recall curve (or PR Curve) is a plot of the precision (y-axis) and the recall (x-axis) 

for different probability thresholds. A skillful model is represented by a curve that bows 

towards a coordinate of (1,1). A no-skill classifier will be a horizontal line on the plot with a 

precision that is proportional to the number of positive examples in the dataset. For a balanced 

dataset this will be 0.5. The focus of the PR curve on the minority class makes it an effective 

diagnostic for imbalanced binary classification models. The precision-recall AUC summarizes 

the curve as a single score. 

2.2.4. Interpretation of machine learning models 

In the words of E. Wigner: “It is nice to know that the computer understands the problem, 

but I would like to understand it too”.413 

Interpretability of ML models is an important area of research that has received significant 

attention in recent years. While the models can be highly accurate in predicting various 

chemical properties and reactions, it is often difficult to understand how they make their 

predictions. Lack of interpretability can limit the usefulness of these models, making it 

challenging to gain insights into the underlying chemical mechanisms, or to use the models for 

the design of new compounds or reactions. In organocatalysis there have been several attempts 

to offer interpretable models, among them Sigman89,94,97 and Fey414 have managed to capture 

and explain in detail the most important descriptors of their models, allowing for a holistic 

approach in predictive models. 
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One approach to address this challenge is to use visualization techniques to represent the 

model’s predictions and to highlight the chemical features that are most relevant. Heat maps, 

PCA,16 t-distributed stochastic neighbor embedding (t-SNE),415 and tmap416 are some of these 

techniques. 

Heat maps are a type of graphical representation that use color to visualize the magnitude of 

values in a matrix. Heat maps are often used in combination with clustering algorithms to group 

similar samples or compounds together based on their feature profiles. PCA transforms high-

dimensional data into a lower-dimensional space while preserving as much of the original 

variance as possible. This allows complex data sets to be visualized in two or three dimensions, 

making it easier to identify patterns or clusters in the data. In Chapter 3, we give an example 

of how heat maps and PCA are employed by Pythia. 

t-SNE is a nonlinear dimensionality reduction technique that is commonly used for data 

visualization. Like PCA, t-SNE transforms high-dimensional data into a lower-dimensional 

space, but it does so in a way that preserves the relationships between individual data points. 

This allows t-SNE to produce high-quality visualizations that reveal subtle patterns and 

relationships in complex data sets (Figure 25). tmap is a package for creating thematic maps 

and geographic visualizations. In chemistry, tmap can be used to visualize the spatial 

distribution of chemical species in a sample or to plot the location of chemical or biological 

assays on a map (Figure 26). 
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Figure 25: Illustration of a t-SNE map. The small clusters represent data that are structurally similar. The map is 
constructed from the solubility data in Chapter 5. 

 
Figure 26: Illustration of a tmap. The clusters represent data that are structurally similar. Data that are not the 
same but have structural similarities are connected. The map is constructed from the solubility data in Chapter 5. 
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Another approach is to use feature importance analysis, which can be obtained from common 

ML packages like Scikit-learn. It involves identifying the chemical features that are most 

important for the model’s predictions. Recursive feature elimination is another easy way to 

identify how the model changes with respect to feature changes. It works by recursively 

removing features and building a model on the remaining features until the desired number of 

features is reached and it can be used in any type of ML.  

SHapley Additive exPlanations (SHAP) is a technique that provides a unified framework for 

explaining the output of ML models.417 SHAP assigns each input feature an importance score 

that describes its contribution to the model’s output, allowing users to gain insights into the 

underlying mechanisms of the model. In classification the Shapely values are calculated based 

on class 1, which usually represents good performance. Each training point is plotted for every 

feature. Points in red have high value of the feature and points in blue have low value of the 

feature. The Shapely values for each point are on the x axis. Positive Shapely values mean that 

this feature contributed positively to predicting this point is in class one, and the opposite for 

negative values. In Chapter 3, we give an example of how SHAP is employed by Pythia, and 

its results are further explained. 

NNs are known for their black-box nature. However, interpretability techniques have been 

developed to help understand and explain their inner workings. One popular method is called 

saliency mapping or gradient-based attribution.418 This method uses the gradient of the output 

with respect to the input to identify which features of the input were most important in making 

the prediction. This allows for the visualization of the parts of the input that contributed the 

most to the final output. Another technique is layer-wise relevance propagation,419 which uses 

a backward propagation algorithm to attribute the output to the input, allowing us to understand 

how each layer of the NN contributes to the final prediction. These techniques go beyond the 

scope of this Thesis as we do not focus on NNs. 

Finally, it is important to acknowledge that caution must be exercised when interpreting models 

that lack fundamental physical or chemical theory. Users should be wary of drawing definitive 

conclusions solely based on trends observed in non-physicochemical data. 
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3. Pythia, a machine learning toolkit 

The code presented in this chapter has been written by myself. Zonghua Bo and Bernadette Lee 

have tested and used the code for their own research, their results are not presented in this 

Thesis. I am thankful to them for their constructive criticism and bug reporting. 

This chapter introduces Pythia, a ML toolkit for chemistry, based on open-source software and 

the Jupyter environment.420 It employs fingerprints, Mordred, and QM descriptors as input 

features and offers various options for shallow learners and ensemble models for regression 

and classification tasks. One of the key advantages of Pythia is its user-friendly format, made 

possible by its development in Jupyter Notebooks. This enables users to easily interact with 

the code and modify it to suit their needs. This user-friendly design makes the toolkit especially 

valuable for researchers who may not have extensive programming experience but are 

interested in applying ML techniques in their work. We would like to believe that just like 

Pythia, the legendary high priestess of the Greek god Apollo, who provided prophetic 

guidance, our Pythia, the ML toolkit, offers insights and predictions that can guide researchers 

in their quest for new discoveries in chemistry. 

In the following sections, we will discuss other tools that offer ML predictions for chemistry, 

identify the existing gap, and highlight the need for a tool like Pythia. We will then illustrate 

Pythia's implementation and its use through tutorial-like examples. The chapter closes with 

general conclusions and a discussion for future implementations. 

3.1. Literature review 

In Chapter 1, we discussed several works on predicting chemical properties. Most of them use 

standard techniques, features, and ML algorithms, but do not make their codes publicly 

available. Others employ toolkits such as DeepChem,75 ChemML,421 ML4Chem,422 

ChemProp106 and OpenChem.423 These tools have played a critical role in providing users with 

helpful platforms for deep learning in drug discovery, quantum chemistry, material sciences 

and biology. While such tools have revolutionized the way chemistry is performed, they often 

lead to black box models which can be overwhelming for an inexperienced user. Below we 

briefly describe these tools, their range of applicability, advantages, and limitations. 

DeepChem75 is an open-source platform for drug discovery and materials science that uses 

deep learning and other ML methods to predict molecular properties, reactions, and structures. 
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The platform provides a range of tools and algorithms for cheminformatics and bioinformatics, 

including molecular featurization, graph convolutions, and generative models. One of the 

strengths of DeepChem is that it allows researchers to integrate new data and models into the 

platform. It also provides a user-friendly interface for data exploration and visualization, as 

well as a range of pre-trained models for common tasks, such as predicting toxicity and protein-

ligand binding affinity. However, developing a new model with DeepChem requires writing a 

considerable amount of Tensorflow code. In addition, DeepChem does not allow modular 

design features, such as encapsulation and reusability of standard deep NN blocks (e.g., 

encoders, decoders, and embedding layers).422 Finally, from our own experience, DeepChem 

cannot be used in combination with other non-integrated tools. For example, descriptors 

available in DeepChem are non-readable by other Python libraries. 

Since 2014, Hachmann and co-workers have been developing a software ecosystem that 

combines computational modeling, virtual high-throughput screening and big data analytics 

which is composed from ChemLG, ChemHTPS, ChemBDDB, and ChemML. ChemML421 is 

an advanced Python toolkit that uses deep learning (including active and transfer learning) to 

extract structure-property relationships.  

ML4Chem422 is another tool that implements deep learning algorithms for chemistry. Unlike 

DeepChem and ChemML, ML4Chem offers an atomistic module, where ML algorithms learn 

underlying relationships between molecules and properties, treating atoms as central objects, 

with the use of SOAP descriptors and autoencoders. 

Jensen and co-workers have explored deep learning either in the form of NNs or GNNs, and 

over the years have built upon their codes resulting in ChemProp.106 They have implemented 

MPNNs to predict the likelihood of a molecule to inhibit the growth of E. coli424, molecular 

toxicity105 and, very recently, the viscosity of binary liquids mixtures.425 

OpenChem423 is a PyTorch-based deep learning toolkit for computational chemistry and drug 

design available on GitHub.426 It enables ML model building, compound generation, and 

property optimization in a single framework. The wide applicability of OpenChem has been 

illustrated for several tasks,423 including: (i) logP predictions, for which they trained a GNN 

using 14,500 molecules obtained from the public version of the PHYSPROP database,427 (ii) 

prediction of bioactivity for 12 receptors using data from the Tox21 challenge and an RNN, 

(iii) prediction of melting temperatures, using a MolecularRNN model pretrained on the 

curated ChEMBL24 data set of 1.5 million molecules.  
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While these highly advanced tools have revolutionized ML in chemistry and achieved state-of-

the-art performance in numerous tasks, they are not a universal solution for all datasets. In 

many cases, simple techniques and shallow learners can provide comparable performance with 

much lower computational costs and greater interpretability. This is particularly true for 

datasets with relatively few features and a limited amount of training data, as deep learning 

models require significant computational resources and large amounts of labeled data to 

achieve optimal performance. Therefore, it is important for researchers to carefully evaluate 

the suitability of deep learning and other advanced techniques for a given dataset, considering 

factors such as the dataset size, feature complexity, and model interpretability. Ultimately, the 

choice of method should be based on a careful analysis of the dataset and the specific research 

question at hand. 

In 2022, Asparu-Guzik, Sigman and co-workers released kraken, a discovery platform 

designed to explore monodentate organophosphorus (III) ligands.428 Using semiempirical and 

DFT data to compute property descriptors for over 1,500 ligands they trained ML models to 

predict the properties of over 300,000 new ligands. The authors highlight how existing datasets 

can be leveraged to accelerate ligand selection during reaction optimization. They utilized 

several ML models such as regression models, RF, Gaussian Process (GP), graph CNN (using 

ChemProp), and finally ensemble models (stacking regressor), the later yielding the highest 

correlation and lowest errors. This example illustrates that deep learning is not always the 

ultimate solution, and there are instances where more traditional methods can yield significant 

power. 

Pythia was developed, with the aim to bridge the gap between available ML frameworks and 

their use by the wider chemistry community. By leveraging simple ML techniques, Pythia aims 

to facilitate the development of data-driven prediction models for chemistry and enhance the 

efficiency and accuracy of such predictions while making them accessible to the broader 

chemical research community. 

3.2. Description of Pythia 

Pythia is a modular toolkit, implemented in Python v.3.7 and organized in Jupyter 

Notebooks.420 It takes advantage of available open-source libraries, such as RDKit198 

v.2019.09.3 and scikit-learn378 v.1.0.2, pandas429 v.1.2.3, NumPy430 v.1.21.6, Matplotlib431 

v.3.0.2, imbalanced-learn374 v.0.10.1, statsmodels432 v.0.14.0, SciPy433 v.1.7.3. The ML 
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algorithms available in Pythia (through scikit-learn) are LASSO with cross-validation 

(LASSOCV), LR, SVM, kNN, GP, Bayesian Regression, DT, RF, ET, and AdaBoost. They 

have been selected for their ability to handle high-dimensional data, their effectiveness in 

handling noise and outliers and their low computational cost. While XGBoost was initially 

included, it was later removed from our default notebooks due to its higher computational cost. 

However, users can add additional ML algorithms based on their needs. 

Pythia is organized in six modules, each consisting of relevant functions that can be called 

from the Jupyter Notebooks. These modules are documented and structured according to their 

intended purpose, ensuring ease of use for both experienced and novice users. This approach 

keeps the Jupyter Notebooks uncluttered, while providing users with the flexibility to add their 

own functions to the appropriate module. In Table 2 we provide the description for each 

module. 

Table 2: Description of Pythia's modules. 

Module Description 

classification metrics calculation of confusion matrix, accuracy, g-mean, precision, recall, 
generalized f, MCC, AUC 

fingerprints generation of Morgan, rdkit, atom pair, torsion fingerprints and 
MACCS keys with rdkit 

molecules and images SMILES to molecules and images with rdkit 

plot sklearn plot of parity plots, ROC curves, confusion matrix with matplotlib 

scaling z, min-max, logarithmic scaling 

workflow functions correlation tests, training for regression and classification, ensemble 
learning with sklearn 

Pythia's Jupyter Notebooks are also organized, and named after their intended purpose, 

offering standard workflows for regression and classification. Users have the flexibility to 

customize the workflow, by adding or removing steps, as needed for their specific research 

question. By structuring the Notebooks in this manner, Pythia provides users with a clear and 

flexible framework for implementing the various modules and functions included in the toolkit. 

In Table 3 we provide the description for each Notebook. 
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Table 3: Description of Pythia's Jupyter Notebooks. 

Jupyter Notebook Description 

data analysis data exploration, visualization, scaling 

regression-fingerprints regression with fingerprints, data set split, ensemble models 

regression-Mordred regression with Mordred, feature elimination techniques, data set split 

regression-DFT regression with DFT descriptors, PCA, data set split 

classification-fingerprints classification with fingerprints, feature exploration, synthetic data, 
data set split 

classification- Mordred classification with Mordred, feature elimination and exploration, 
synthetic data, data set split 

classification-DFT classification with DFT descriptors, synthetic data, data set split, 
interpretability 

Irrespective of the chosen descriptors, model training across different notebooks follows a 

consistent methodology. Two primary approaches are offered for model training and 

evaluation: (i) employing cross-validation on the complete dataset through the utilization of 

the kfold test regressor with optimization and kfold test classifiers with 

optimization functions from the workflow functions module, and (ii) adopting a train-

test split without cross-validation on the training set using the split test regressors with 

optimization and split test classifiers with optimization functions from the 

workflow functions module.  

In technique (i), the data is partitioned into k-folds of equal size. The model is trained on k-1 

folds and assessed on the remaining fold. This process is repeated k times, with each fold 

serving as the validation set once. The final performance measure is obtained by averaging the 

performance scores derived from each fold. This approach presents the advantage of leveraging 

the entire dataset for both training and evaluation. Consequently, it provides a dependable 

estimation of the model's performance and facilitates an assessment of its generalization 

capabilities. 

In technique (ii), the dataset is divided into two distinct subsets: a training set and a test set. 

The training set is utilized to train the model, while the test set remains separate and is 

employed to evaluate the model's performance. Unlike cross-validation, the training set is not 

further divided into multiple folds for validation. This approach offers simplicity and 

computational efficiency compared to cross-validation. However, it does possess certain 

limitations. The performance estimate acquired from a single train-test split may fluctuate 

based on the specific instances encompassed within the training and test sets. This inherent 
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randomness in the split can introduce a bias in the performance estimation, particularly when 

dealing with small or imbalanced datasets. Nevertheless, this technique proves valuable when 

a specific test set is predetermined. Alternatively, it is advisable to employ this technique 

multiple times and obtain the average metrics from all splits, thereby mitigating the impact of 

randomness and attaining more reliable performance estimates. 

In both techniques, grid search optimization is executed to determine the optimal parameters 

for each algorithm, enhancing its performance. For each algorithm, the predictions either from 

the k-fold cross-validation and/or the single set of predictions, are stored in a dedicated folder. 

These predictions are then utilized to calculate metrics, which are then plotted using the 

metrics for regression, get confusion matrix and calculate confusion-based 

metrics functions from the workflow functions and classification metrics modules 

respectively. The generated folders aid in organizing the predictions, enabling easy retrieval 

and analysis of the metrics, which offer valuable insights into the performance of the models 

and facilitate informed decision-making. The availability of specialized functions for 

calculating metrics and generating visualizations streamlines the evaluation process, ensuring 

the comprehensive assessment of the model's performance.  

For classification a bound needs to be determined by the user. Often, classes are imbalanced, 

so we utilize synthetic sampling methods to generate additional sampling points for the 

minority class or under-sample the majority class. Based on whether the descriptors are non-

categorical, both categorical and non-categorical, and only categorical, the SMOTE, 

SMOTENC and SMOTEN algorithms are implemented respectively. For small datasets, we 

suggest oversampling the minority class instead of removing points from the majority class. A 

new data frame containing the synthetic points is created and used for the training and 

evaluation of the model in the manners described earlier. Finally, the function which are 

misclassified from the workflow functions module, can be used to identify data points 

that have been misclassified and interrogate the model further. 

We also provide methods, such as PCA and SHAP, to gain a deeper understanding of the 

generated models, uncovering the underlying patterns and factors driving the predictions. 

Pythia is available on GitHub (https://github.com/duartegroup/PythiaChem) streamlining the 

setup process and ensuring that dependencies are properly managed. Its modular structure 

allows for seamless integration with other Python toolkits, without disrupting the core 

functionality. Furthermore, detailed comments are provided throughout the code and Jupyter 
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Notebooks. Additionally, a description of Pythia is given in the README file, offering users 

a comprehensive guide to utilizing the toolkit. Please note that the GitHub page is subject to 

updates, and the version of Pythia described in this Chapter is the one provided in the 

supplementary material. 

3.3. Discussion of the Jupyter Notebooks 

In this section we discuss in detail the seven Jupyter Notebooks available in Pythia. We 

illustrate the capabilities of each Notebook, using as an example a dataset of enantioselective 

Strecker synthesis of α-amino acids,434–438 containing 119 reactions, composed of 19 catalysts 

and 63 substrates in different temperatures. The target values for ee are reported in ΔΔG‡ 

(kJ/mol). For classification, the bound is set to ΔΔG‡ < 4 kJ/mol (class 0) and ΔΔG‡ >= 4 

kJ/mol (class 1). Here, this dataset is solely used to showcase the workflow and functionality 

of the code. A comprehensive discussion of the models generated, their accuracy, and key 

findings are presented in detail in Chapter 4 (§4.3). 

Notebook 1: Data analysis 

The purpose of this Notebook is to offer comprehensive data exploration, visualization, and 

statistical analysis, enabling users to uncover patterns, trends, and valuable insights from 

complex datasets.  

First, the necessary modules (scaling, fingerprints and molecules and images) are 

imported. After this, the dataset is imported as a .csv file containing the SMILES entries for 

the molecules under study, along with any other information (e.g., in our case temperatures). 

Pythia can identify and remove duplicate entries and then a histogram displaying the frequency 

of the target values is generated, enabling users to understand the distribution of good or bad 

data points. For example, Figure 27, shows that there are about 23 data points with ΔΔG‡ values 

between 0 and 1 and only two with a ΔΔG‡ value of > 10 kJ/mol. This suggests that a model 

constructed from this dataset may struggle to accurately predict reactions with ΔΔG‡ values 

higher than 8 kJ/mol as there are not enough examples in this region.  
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Figure 27: The ΔΔG‡ values are represented with a histogram to identify the frequency of occurrences. High 
values (above 8 kJ/mol) are rare. 

Similarly, the number of unique catalysts and substrates and their frequency of occurrence can 

be identified. The model might struggle to predict the outcomes of less frequently occurring 

molecules and it useful to identify these molecules early on. 

Assessing the structural similarity of the molecules in the dataset is also important, as it may 

help estimate the general applicability of the model. For example, there might be cases where 

catalysts differ only by small substitutions, in which case the model might struggle to 

accurately predict structurally diverse catalysts. To determine the molecular similarity, we 

utilized Morgan fingerprints and Tanimoto similarity, which can be calculated by calling the 

bulk_similarity function from the fingerprints module. The code returns a list of tuples 

containing the index of the substrate or catalyst, and the average similarity metric for that 

molecule compared to the rest. Figure 28, shows the output of the corresponding cell, indicating 

that catalyst number 5 has the lowest Tanimoto similarity, while catalyst 17 has the highest. 

Therefore, we could expect catalyst 5 to be an outlier.  

 
Figure 28: Output of cell where the average Tanimoto similarity between the catalysts is calculated. 
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Applying PCA to fingerprint data can provide insights into the underlying structure and 

relationships between the molecules in the dataset. It can help visualize molecular similarities 

and identify potential clusters or trends. This is especially useful when exploring the chemical 

space or assessing the diversity of a compound library. We note here that in this case, the 

principal components (PC) serve as a means of capturing the variance in the dataset and 

identifying patterns, rather than providing direct insights into the molecular properties. 

Interpreting the meaning of the PC derived from fingerprints can be challenging, as they may 

not correspond to easily interpretable molecular features. Pythia provides a way to perform 

PCA and plot the chemical space based on fingerprints. Figure 29, illustrates the corresponding 

plot for the catalysts. The plot is interactive and by placing the mouse on the datapoint the user 

can see the number of the corresponding catalyst. The results from the average Tanimoto 

similarity (Figure 28) are not to be confused with the PCA plot (Figure 29) as the first shows 

the similarity between a molecule and all the other molecules, whereas the latter plots each 

point individually. 

 
Figure 29: Visualization of the chemical space of the catalysts under study, using PCA and Morgan fingerprints. 
Data points are clustered together, indicating similarity among certain datapoints. However, non-clustered points 
also exist (e.g., left hand-side of the plot), suggesting diverse chemical characteristics within the dataset. 

In certain cases, it may be necessary to apply scaling to datasets, either on the target value or 

the features, to bring the values within a consistent range (§2.2.1). To do so, we have 

incorporated a scaling module that encompasses various functions to perform different types 

of scaling, including z-scaling, min-max scaling, and logarithmic scaling. In this 
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demonstration, our focus is on utilizing the function specifically tailored for scaling the target 

value. In subsequent notebooks, we will also explore feature scaling. 

We recommend starting with this Notebook, as the analysis it includes enables the user to 

identify potential biases or outliers in the data set, which is critical for developing robust and 

accurate ML models. 

Notebook 2: Regression-Fingerprints 

Regression Notebooks are useful when the target values are continuous. For this Notebook we 

leverage the versatility of fingerprints, which allow for the prediction of various properties, 

establishing a strong foundation for baseline models. Additionally, it incorporates ensemble 

learning to enhance predictive performance. 

Once all necessary modules (fingerprints, regression metrics, plotting sklearn, 

workflow functions, classification metrics, molecules and images) have been 

imported the users can load their free of duplicates dataset (created by Notebook 1). The 

SMILES for the substrates and catalysts will be read and Morgan fingerprints will be generated, 

alternatively, the user can choose between RDKit fingerprints, MACCS keys, atom pair 

fingerprints, and torsion fingerprints, from the fingerprints module. Bits that correspond to 

0 for all molecules will be automatically removed and a concatenated data frame containing 

fingerprints both for the substrate and the catalyst will be generated. Following, the regression 

algorithms are trained, and model evaluation is performed, as described in §3.2 (Figure 30). 

 
Figure 30: Workflow for generating fingerprints and performing model evaluation. Starting from the SMILES, 
fingerprints are generated with RDKit and the model is evaluated based on correlation and error. 

In this Notebook, we introduce an approach to perform ensemble learning. While the code 

provided can be applied in various notebooks, we present it exclusively here to mitigate 

redundancy. Our methodology involves aggregating predictions from individual regressors on 

the test set, computing their mean values, and subsequently assessing performance metrics by 

contrasting these means with the corresponding actual values. We emphasize the importance 
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of discerning and excluding underperforming algorithms, as their predictions may not 

contribute meaningfully to the overall model. 

Notebook 3: Regression-Mordred 

In this Notebook, we harness the power of Mordred descriptors due to their ability to offer a 

diverse and comprehensive set of features, encompassing topological, geometric, and 

electronic properties. With the Mordred calculator generating over 1,800 descriptors, we seize 

the opportunity to introduce a feature elimination technique. This technique allows us to 

streamline and optimize our modeling process by selecting the most relevant descriptors, 

thereby enhancing the efficiency and interpretability of our predictive models.  

To execute it, the user needs to import the Mordred library, along with the previously 

mentioned libraries and modules. Here, Mordred descriptors are generated for each of the 

SMILES corresponding to substrates and catalysts. Data cleaning is performed by: (i) dropping 

descriptors (columns) containing more than 90% of missing values (sometimes the Mordred 

calculator fails to generate descriptors for all molecules resulting to missing values), and (ii) 

columns with standard deviation less than 0.5 (as they may exhibit limited variability and thus 

contribute less valuable information to the analysis). 

As not all descriptors will be relevant for the prediction of our target, an important step is to 

determine which descriptors correlate with the target value. This is done by calling the function 

find correlating features from the workflow functions module. This function takes 

as input the Mordred descriptors and returns a list of features that have a Pearson or Spearman 

correlation coefficient with the target values greater than or equal to a specified threshold 

(defined by the user). We suggest using Pearson correlation for continuous data and Spearman 

correlation for categorical data. The function can also plot the features with high correlation. 

Additionally, it can process numerical features that Mordred could not calculate for all 

molecules, by filling missing values with the mean value of the column. If the significance 

parameter is set to True, the function also performs a significance test to evaluate whether the 

correlations between the features and target values are statistically significant, given a 

significance level of 0.05 (p-value). This is a way to eliminate irrelevant features. A data frame 

containing only the significant features for the catalysts and substrates is then created. 

Following this, one-hot encoding for categorical features (features with specific increments 

such as counts) and min-max scaling for continuous features is applied. Following, the 
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regression algorithms are trained, and model evaluation is performed, as described in §3.2 

(Figure 31). 

 
Figure 31: Workflow for generating Mordred descriptors and performing model evaluation. From the SMILES, 
Mordred are generated, and feature elimination is performed. The model is then evaluated. 

Notebook 4: Regression-DFT 

This Notebook focuses on training regression models with pre-calculated descriptors. These 

descriptors can include QM or MD calculated descriptors, or even descriptors calculated with 

a software not currently integrated in Pythia. This demonstrates Pythia’s flexibility to 

accommodate various types of data and highlights its capability to handle diverse descriptor 

sources. We also take the opportunity to introduce code for performing PCA. By incorporating 

this functionality, Pythia enables users to effectively analyze and interpret complex datasets. 

In this study, we employ DFT descriptors which are imported in a .csv format, along with the 

corresponding target values. To reduce the dimensionality of the data and mitigate the effects 

of collinearity among descriptors, we employ PCA. Figure 32a corresponds to a representative 

output plot that shows how many components are needed to achieve 95% variance. A table 

(Figure 32b) is also produced indicating which features compose the PCs. These features are 

employed to train the models. Finally, the regression algorithms are trained, and model 

evaluation is performed, as described in §3.2. 
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Figure 32: Example of a PCA output. a) On the x-axis the number of components, on the y-axis the variance 
achieved after each component is introduced. Once the threshold has been reached there is no need for extra 
components. b) The principal components that contribute to 95% variance sorted according to their contribution. 

Notebook 5: Classification- Fingerprints 

Classification Notebooks are valuable in scenarios where the target values are discrete or when 

the target values can be divided into two or three distinct categories. Here, we focus on binary 

classification. This Notebook demonstrates how feature exploration techniques, tailored for 

categorical data analysis, can be employed. To do so, we utilize MACCS keys that offer a 

reduced feature vector, enabling a streamlined approach to feature exploration. However, it is 

important to note that alternative fingerprinting techniques can also be utilized within the 

Notebook. These feature exploration techniques empower users to conduct in-depth analyses 

of patterns and relationships within the data, ultimately enhancing the accuracy and 

interpretability of the classification models. 

Once the MACCS keys are generated, bits containing a value of 0 across all molecules are 

eliminated and the substrates and catalysts keys are merged into a unified data frame. We use 

the describe function from the pandas library to obtain descriptive statistics for each feature 

(bit) in the dataset, including count of non-null values, mean, standard deviation, minimum, 

maximum. These statistics provide insights into the range, spread, and skewness of the data in 

each column, and can help in identifying any potential outliers or anomalies. 

As MACCS keys correspond to categorical data, we analyze the frequency distribution of each 

feature with respect to the binary class labels. In general, by examining the cross-tabulations, 

we can identify features that have a stronger association with one class than the other. Figure 

33 illustrates this analysis for three features (22, 34, 119) in our dataset. When feature 22 is not 
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present (0-x axis), more than 40 molecules belong to class 0, while about 70 molecules fall into 

class 1. However, when the feature is present (1-x axis), only a few molecules fall into class 1, 

and none fall into class 0. Similarly, when feature 34 is not present (0-x axis), about 35 

molecules fall in class 0, and roughly 55 belong to class 1. When the feature is present (1-x 

axis), 10 molecules belong to class 0, and approximately 19 molecules fall into class 1. Finally, 

for feature 119, which is always present (only 1-x axis), approximately 45 datapoints to fall in 

class 0 and about 70 datapoints fall into class 1. Hence, this data point suggests a stronger 

association with class 1.   

 
Figure 33: Representation of the frequency distribution of each feature (22, 34, 119) with respect to the binary 
class labels. For each plot, in the x-axis there are two options, 0 (feature not present) and 1 (feature present). Red 
represents the data points falling in class 0 and blue the ones in class 1. When feature 22 is not present more points 
fall in class 1. For feature 34 when the feature is not present more data fall in class 1 at the same time when it is 
present again more data fall into class 1, this feature needs further investigation. Feature 119 is always present 
and more data fall into class 1. 

The chi-squared statistic is used to measure the degree of association between two categorical 

variables. The chi2_contingency function from the scipy.stats module is used to compute 

the chi-squared statistic and p-value. A higher value indicates a stronger association between 

the two variables, while a small p-value (< 0.05) suggests that the observed association is 

statistically significant. A new data frame that contains only the features that passed the chi-

squared and p-value test is created. As always it is up to the user to decide if they want to 

perform this feature reduction or if they prefer to skip it and use all MACCS keys as they are 

generated. 

As explained in §3.2 the classes in our dataset are imbalanced therefore, after constructing the 

feature vector, the SMOTEN algorithm is implemented for the generation of synthetic points. 

Once the synthetic points data frame is constructed, the classification algorithms are trained, 

and model evaluation is performed, as described in §3.2. 
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Notebook 6: Classification- Mordred 

In contrast to Notebook 5, this Notebook offers feature exploration techniques tailored for 

continuous data analysis. 

Here, Mordred descriptors are generated and filtered, for the substrates and the catalysts, as 

described in Notebook 3. It is important to note that Mordred descriptors contain both 

categorical and continuous features, however, to avoid redundancy, we focus only on the 

exploration techniques for continuous data. Users can refer to Notebook 5 and selectively 

incorporate other feature exploration techniques as needed. 

The simplest technique for exploring continuous features is to calculate a correlation matrix 

for the features and create a heatmap to visualize it. Figure 34 shows the heatmap generated 

for our dataset when 21 Mordred features are considered for both the substrates and the 

catalysts. The colormap ranges from red (high positive correlation) to white (no correlation) to 

blue (high negative correlation) helping to detect multicollinearity issues between the features. 

In this case for example, many of the features are highly correlated (>0.9). 

 
Figure 34: Representation of a correlation matrix as it is produced by the Notebook. Red implies perfect 
correlation between features, white implies no correlation and blue implies negative correlation. 
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It is worth noting that high negative correlation (blue) can lead to instability in the estimated 

coefficients and inflated standard errors, making it difficult to determine whether a predictor is 

statistically significant. Diagnostic tests such as variance inflation factor (VIF) can assess 

multicollinearity. VIF is calculated using the variance_inflation_factor function from the 

statsmodels.stats.outliers_influence module. The choice of VIF threshold depends on 

the specific context and goals of the analysis. As a rule of thumb, VIF thresholds of 5 or 10 are 

used to identify variables that may be contributing to multicollinearity. In practice, the user 

needs to try several different VIF thresholds (e.g., 2.5, 5, 10) and evaluate the impact of 

removing variables on model performance. If the goal is to identify a small set of highly 

predictive variables for a classification task, a more stringent VIF threshold may be appropriate. 

Alternatively, if the goal is to identify all variables that are significantly associated with the 

outcome, a less stringent threshold may be more appropriate to avoid potentially biased 

estimates of the coefficients. 

To gain insights into feature distribution across different classes, we generate histograms for 

the features based on the class labels. First, histograms depicting the overall distribution of the 

features across all classes are generated (Figure 35a). Next, histograms illustrating the 

distribution of the features for samples belonging to class 1 (Figure 35b) and class 0 (Figure 

35c) are generated. These histograms facilitate a comparison of the distribution of the features 

between the two classes, which can be useful in identifying features that are particularly 

important for distinguishing between the classes. 
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Figure 35: Histograms showings a comparison of the distribution of the features between the two classes for each 
feature. a) The overall distribution of the features across all classes. b) Histograms illustrating the distribution of 
the features for samples belonging to class 1. c) Histograms illustrating the distribution of the features for samples 
belonging to class 0. 

As a last step we provide a way to a graphically represent the pairwise relationships between 

the features, with each feature plotted against every other feature (Figure 36). By incorporating 

class labels into the plot, it can also aid in identifying any features that are particularly 

important for distinguishing between the two classes. When scatter plots seem to be following 

a straight diagonal line, strong linear relationship between two variables is indicated. However, 

it is important to note that the presence of a linear relationship does not necessarily imply 

causation between the two variables. There may be other factors or variables that affect the 

relationship between the two variables, and it is important to consider these factors when 

interpreting the relationship.  

For each feature along the diagonal a kernel density estimation (KDE) plot is also plotted. It is 

a non-parametric way to represent the distribution of that variable and estimates the probability 

density function using a Gaussian kernel (i.e., a bell-shaped curve). The height of the curve at 

a particular point represents the estimated probability density of the variable taking that value. 

The KDE plot can be useful for detecting any deviations from a normal distribution allowing 

to compare the distribution of each variable between the two classes (as indicated by the 

different colors). 
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Figure 36: Pairwise relationships between the features, with each feature plotted against every other feature. 
Along the diagonal the KDE represents the distribution of that variable and estimates the probability density 
function using a Gaussian kernel. Here, only five features are shown for simplicity. 

Based on the investigation described above, users can select which features they want to 

include in their model and proceed with generating synthetic data using SMOTENC, 

considering both categorical and non-categorical data.  

Once the synthetic points data frame is constructed, the classification algorithms are trained, 

and model evaluation is performed, as described in §3.2. Here, it is important to scale the data. 

Scaling the data ensures that all features are on a similar scale, which helps prevent any 

particular feature from dominating the analysis or influencing the model disproportionately. 

This can be easily done by setting the scale flag to True when calling the kfold test 

classifiers with optimization function.  
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It should be noted that feature elimination techniques are more effective when used in 

combination with training, as there is no one-size-fits-all solution to selecting the best features 

for a given model. Therefore, it is recommended that users experiment with different 

combinations of feature selection and model training to identify the most effective approach 

for their specific application. 

Notebook 7: Classification- DFT 

Similarly to Notebook 4, this Notebook also utilizes pre-processed descriptors. However, it 

differentiates itself by focusing specifically on providing a comprehensive workflow for 

performing classification tasks. In addition to the classification workflow, this Notebook offers 

an approach to leverage SHAP for model interpretation. Interpreting the models is particularly 

important when working with DFT descriptors, as they often have intuitive physical meanings 

and can provide valuable insights. This interpretability feature adds a valuable layer of 

transparency and understanding to the classification models developed. 

Once the DFT descriptors and the target values are imported, synthetic data are generated using 

SMOTE, as DFT descriptors are typically non-categorical. The classification algorithms are 

then trained, and model evaluation is performed, as described in §3.2.  

The SHAP summary plot, provides insights into the feature importance scores. These scores 

are centered around 0, serving as a reference point for understanding the contribution of each 

feature. The plot visualizes the relationship between feature values and their impact on the 

prediction of class 1 (Figure 37). Positive SHAP values indicate a higher association with class 

1, suggesting that these features contribute to higher predicted probabilities for this class. 

Conversely, negative SHAP values are indicative of a stronger association with class 0, as they 

contribute to lower predicted probabilities. The color gradient employed in the plot enhances 

the interpretability by encoding the feature values. Red hues represent higher feature values, 

while blue hues represent lower feature values. This color spectrum aids in identifying the 
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range and distribution of feature values within the dataset, enabling a comprehensive 

understanding of their influence on the prediction. 

 
Figure 37: SHAP representation of feature interpretation. In blue features with low values, in red features with 
high values. On the x-axis the shaply values, centered around 0. On the y-axis the feature index. 

Finally, a dependence plot is generated showing the effect a single feature has on the 

predictions made by the model. In Figure 38 each dot is a single datapoint prediction. The x-

axis is the value of feature 13. The y-axis is the SHAP value for that feature. The color 

corresponds to a second feature (27) that may have an interaction effect with the feature we are 

plotting (by default this second feature is chosen automatically). Here it is suggested that the 

effect of feature 27 on feature 13 is not constant and varies nonlinearly. However, the points 

show distinct clusters that suggest the presence of interaction effects. In this case, the effect of 

the feature 13 on the prediction depends on the values or interactions of feature 27, leading to 

non-additive relationships. 
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Figure 38: Dependence plot showing the effect a single feature has on the predictions made by the model. The x-
axis represents the value of feature 13. The y-axis represents the SHAP value for that feature. The color 
corresponds to a second feature (27). 

Generally, if the dependence plot does not show a clear, linear relationship and instead displays 

non-linear patterns, distinct clusters, irregular dispersion, or complex interactions, it suggests 

the absence of independence or additivity between the features, requiring further analysis to 

understand their combined effect on the prediction. It is essential to exercise caution when 

interpreting the results of the SHAP analysis. While SHAP offers valuable interpretability, it 

is worth noting that some classifiers may exhibit complex decision boundaries that are 

challenging to interpret. Additionally, certain classifiers may produce unreliable or 

uninterpretable feature importance scores. Therefore, it is crucial to interpret the SHAP 

analysis results carefully, irrespective of the classifier used. 

3.4. Conclusions  

In this chapter we introduced Pythia, an opensource platform for the development of data-

driven predictive ML models, useful particularly when working with small datasets. 

Pythia’s distinctive features include its high level of automation, flexibility, and ease of use 

through Jupyter Notebooks, making it an accessible resource for beginners, while also offering 

experts the possibility to customize the toolkit to their specific requirements. Moreover, the 

utilization of data elimination techniques, shallow learning algorithms and ensemble modeling, 

enable users to analyze and interpret the models generated, which is crucial in chemistry 

applications, where understanding the models often takes a backseat. 

While Pythia was primarily designed for applications in organocatalysis, its range of 

applicability has extended to other tasks, such as bioactivity and molecular property 
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predictions. Looking ahead, we envision the integration of Pythia with other open source tools 

(e.g., Morpheus),439 and deep learning models. This expansion would unlock the potential for 

Pythia to tackle more complex and diverse datasets, providing improved accuracy and 

performance. Additionally, the incorporation of multi-objective prediction capabilities would 

enhance Pythia's versatility in scenarios where multiple properties or targets need to be 

predicted simultaneously. Furthermore, integrating Pythia with external chemical databases, 

would facilitate seamless data retrieval and integration into the modeling workflow. These 

advancements would solidify Pythia's position as a comprehensive and state-of-the-art 

platform for data-driven predictive ML models in various domains, offering both beginners 

and experts a powerful tool for their research and analysis needs. 

Pythia represents a significant step forward in the application of ML techniques in the field of 

chemistry. It embodies our belief that a user-friendly, flexible, and interpretable toolkit can 

foster a broader adoption and deeper understanding of ML.  
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4. Predicting enantioselectivity with machine learning 

The development and implementation of the workflows presented in this Chapter, including 

DFT calculations, and generation of ML models, as well as chemical interpretation of the 

results was carried out by myself. Another student in the group, Tom Watts, contributed with 

some DFT calculations and interpretation of the results in §4.2. A visiting student, Emanuele 

Casali, performed some of the DFT calculations presented in §4.3 and §4.4, as well as to their 

analysis.  

4.1. Introduction to organocatalysis 

Catalysis is the acceleration of a chemical reaction by a substance that is not consumed in the 

reaction and can therefore continue to act repeatedly. As a result, normally only sub-

stoichiometric amounts of a catalyst are required to alter the reaction rate. The catalyst provides 

an alternative reaction pathway with a lower activation energy, than the non-catalyzed 

mechanism. Usually, the catalyst forms an intermediate, which then regenerates the original 

catalyst in a cyclic process.440–444 

Catalysts can be divided into two categories based on whether the catalyst and reactants are in 

the same or different phases. Heterogeneous catalysts involve a solid catalyst and liquid or 

gaseous reactants, which facilitates the separation of the catalysts from the reaction mixture.445 

As a result, they have been widely adopted in the chemical industry446–449 playing a key role in 

the synthesis of fertilizers,450–452 clothing materials,453–455 and fuels.456 In the last few decades, 

this class of catalysts has also been applied to the pursuit of sustainable, eco-friendly energy 

solutions such as the remediation of atmospheric CO266 and the renewable production of 

H2.459,460  

In homogeneous catalysis, the catalyst exists in the same phase with the reactants.461 This 

allows for precise control over catalyst concentrations, and high activity and selectivity is 

achieved. Additionally, reactions can proceed under milder conditions facilitating easier 

monitoring through spectroscopy techniques. Some notable examples of homogeneous 

catalysis include, carbonylation, hydroformylation, liquid phase hydrocarbon oxidation, C-C 

coupling reactions (Heck and Suzuki), oligomerization, and metathesis and polymerization 

reactions.462  
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Both heterogeneous and homogeneous catalysts have their respective limitations in catalytic 

processes. Heterogeneous catalysts can face challenges related to mass transfer limitations, 

limiting the access of reactants to active sites, and resulting in lower reaction rates. 

Additionally, selectivity can be an issue due to the presence of multiple active sites, leading to 

unwanted side reactions and the formation of byproducts.446–449 On the other hand, 

homogeneous catalysts suffer from difficulties in catalyst separation and recovery since they 

are in the same phase as the reactants and products. Catalyst stability can also be an issue due 

to reactions with other components in the reaction mixture. Furthermore, some homogeneous 

catalysts may rely on rare or toxic metals, raising environmental concerns.463  

To overcome the limitations associated with heterogeneous and homogeneous catalysis, 

researchers have explored the potential of phase transfer catalysis (PTC) as a versatile approach 

to enable the reaction between molecules located in different phases. Since first reported more 

than 50 years ago, PTC has been extensively used in academia and industry, particularly in the 

area of asymmetric synthesis.464 

Commonly employed PTC catalysts include quaternary ammonium salts or crown ethers. 

These species possess both hydrophilic and hydrophobic properties, enabling them to act as 

shuttles to transfer reactants of reactive ions into an organic phase where the reactants are in 

high concentration. The mechanism of PTC involves the formation of a tight ion pairing for 

interface crossing. PTC enables the utilization of reactants that are typically insoluble or poorly 

soluble in a specific solvent. By enhancing the contact between reactants, PTC can significantly 

improve reaction rates and yields, making it effective for reactions that would otherwise be 

slow or inefficient. Additionally, PTC can provide selectivity in reactions by controlling the 

transfer of specific reactants and hence safeguarding sensitive functional groups.464–467  

Among others, the application of PTC in asymmetric reactions has enabled the synthesis of 

unnatural amino acids through alkylation of α-imino esters,468 the asymmetric epoxidation of 

enones using a chiral ammonium salt and an aqueous solution of sodium hypochlorite as the 

oxidant,469 the formation of highly enantioenriched fluorinated β-keto esters by utilizing chiral 

ammonium salts,470 and the asymmetric fluorinations of insoluble salts by employing chiral 

phosphates.471 Despite extensive investigations, achieving enantioselective C-F bond 

formation using solubilized fluoride salts with chiral phase-transfer catalysts has proven 

challenging due to the difficulties in controlling the reactivity of the resulting naked fluoride 

species. 
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HB catalysis is a major subdiscipline of organocatalysis. It focuses on the use of small molecule 

H-bond donors to accelerate the rate of a reaction. HB catalysis is closely related to Brønsted 

acid catalysis, with the distinction lying in whether the catalyst fully protonates the substrate 

in the mechanism – a distinction that is not always clear.472 The H-bond donors can be alcohols, 

amines, (thio)ureas and phosphoric acids which are typically used to bind an electrophile, 

lowering its LUMO, and thus increasing its reactivity towards nucleophiles.473,474 Use of a 

chiral H-bond donor can facilitate an asymmetric transformation by providing a chiral 

environment.  

A number of approaches employing HB474,475 and PTC471,476 separately have been reported. 

Merging HB and PTC has led to the field of hydrogen bonding phase-transfer catalysis (HB-

PTC). Here, HB interactions are used for tuning reactivity and enantioselectivity, while PTC 

enables the reaction to occur by bringing together otherwise immiscible solvents (Figure 39).477 

 
Figure 39: Hydrogen bonding phase transfer catalysis (HB-PTC). Figure adapted from Gouverneur et al.478 

Traditionally, DFT modeling has been employed to characterize and understand the 

mechanisms of organocatalysis. However, the utilization of DFT poses significant challenges, 

including the high computational cost associated with accurately describing the complex 

reaction pathways. Additionally, accurately modeling solvation effects remains a challenging 

task. These limitations have motivated researchers to explore alternative methods for predicting 

selectivity and reactivity in such systems.479 As discussed in §1.3, ML techniques have 

emerged as promising tools for tackling these challenges. ML models can capture complex 

relationships between reactant structures and reaction outcomes, enabling efficient prediction 

of selectivity in organocatalysis. The application of ML in the field offers a more cost-effective 

phase transfer

Hydrogen Bonding 
Phase-Transfer

Catalysis

N N

O
ArAr

H H

N N

O
ArAr

H H

M+ X-

X-

N N

O
ArAr

H H

X-

insoluble metal 
salt

soluble & chiral
reactive complex

enantioenriched
organic compound

M+ LG- E LG

ion pairing
hydrogen bonding E+

E X



 
 

98 

and time-efficient approach compared to traditional DFT methods, opening new avenues for 

accelerating catalyst discovery and optimization.479 

In this chapter, we will employ ML to investigate three distinct systems: the enantioselective 

formation of β-fluoramines, the Strecker synthesis of α-amino acids, and the Pictet-Spengler 

cyclization of hydroxylactams. Our objective is to demonstrate that ML can predict selectivity 

in these systems and provide valuable chemical insights. 

4.2. Enantioselective formation of β-fluoroamines 

Small molecules bearing fluorine on a stereogenic carbon are ubiquitous in the agrochemical 

and pharmaceutical industry, with as many as 35% of agrochemicals and 20-25% of marketed 

drugs, containing one or more fluorine atoms. C-F bonds can enhance the biological, chemical, 

and physical properties of organic molecules by increasing solubility, metabolic stability, and 

bioavailability.480,481  

Incorporating fluorine into a molecule at a late stage, so-called “late-stage fluorination”, allows 

an intermediate to be diversified by fluorination at various positions. An application where 

late-stage fluorination is essential is for 18F positron emission tomography (PET).482,483 PET is 

a medical imaging technique used to aid diagnosis. A radionuclide, most commonly an 18F–

labeled tracer molecule, is injected to the patient and allows location of the PET tracer in the 

body from coincident gamma rays emitted by positron-electron annihilation events. Due to the 

relatively short half-life of 18F (110 minutes), the radioisotope must be incorporated into an 

already elaborated tracer molecule, before purification and administration to the patient.484 

However, the selective introduction of a fluorine at this later stage remains a challenge due to 

the difficulties in controlling reactivity and selectivity.485  

Current methods for fluorination can be divided into those that use electrophilic (“F+”) or 

nucleophilic (“F–”) sources of fluorine (Figure 40). The latter includes the low-cost alkali metal 

salts (CaF2), which are promising alternatives to more reactive and less safe sources, but suffer 

from poor solubility.486,487 
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Figure 40: The origins of fluorine. Fluorine derives from fluorite, with varying degrees of processing.486 

In 2018, Gouverneur and co-workers employed HB-PTC to afford enantioenriched fluorinated 

compounds using cheap and readily available CsF and KF sources. They developed urea-based 

catalysts which, through HB, enhanced the availability and controlled the reactivity of fluoride 

towards episulfonium and aziridinium intermediates (Scheme 3).488,489 Through this process 

they converted racemic stilbene-derived β-haloamines and sulfides to the corresponding 

enantioenriched fluorinated products.  

 
Scheme 3: The reaction under study is a urea-based catalyzed ring opening. 

The Gouverneur group shared with us experimental data for 33 substrates and 80 catalysts 

(Scheme 4 – Scheme 5), leading to 257 experimentally tested reactions. The reactions were 

tested at various temperatures, ranging from -35 to 25 °C, and two different solvents, 

dichloromethane (DCM) and difluorobenzene (DFB). The experimental work in this chapter 

was performed by members of the Gouverneur group, Dr. Gabriele Pupo, Dr. Francesco Ibba, 

Dr. Anna Chiara Vicini and Dr. Lukas Pfeifer.  
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Scheme 4: Experimentally tested substrates used by the Gouverneur group. 
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Scheme 5: Experimentally tested catalysts. 
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Although the substrates and catalysts investigated share a common structural core, their diverse 

substitution results in a diverse chemical space, as evident by the average Tanimoto similarity 

value of 0.6. As shown in Eq. 2.11, this metric can range from 1 (identical molecules) to 0 (two 

dissimilar molecules). This can also be graphically seen by performing PCA on the Morgan 

fingerprints. Both for the catalysts (Figure 41 - left) and the substrates (Figure 41 - right), the 

plots exhibit distinct cluster formations; however, the clusters are not densely populated. This 

indicates that compounds within each cluster share certain similarities or common 

characteristics, facilitating their grouping. Nevertheless, diversity is observed within each 

cluster, suggesting that compounds within the same cluster may possess distinct structural 

features or variations in chemical properties. 

 
Figure 41: PCA analysis plotting the chemical space with Morgan fingerprints for the catalysts and the substrates. 
While clusters can be observed not all of them all densely populated implying structural differences within the 
dataset. 

The experimental entioselectivity values (in enantiomeric ratio, e.r.), reported in literature488,489 

or shared to us by the Gouverneur group, are converted to their corresponding ΔΔG‡ using the 

following relationship (Eq. 4.1)490: 

𝛥𝛥𝐺‡ (
𝑘𝐽
𝑚𝑜𝑙, = −𝑅𝑇ln(𝑒. 𝑟. )							(4.1) 

where e.r. is the enantiomeric ratio, T is the temperature (K) at which the reaction was 

performed, and R is the gas constant (8.3145 J/K×mol). Upon converting the data to ΔΔG‡, no 

further scaling is necessary, as the values already span in a range from 0 kJ/mol to 8.6 kJ/mol. 

However, as depicted in Figure 42, it is evident that the majority of the target values are situated 

in proximity to 0, while only a few extend beyond 7 kJ/mol. This observation indicates that our 

dataset includes a limited number of successful experiments, which may pose challenges when 
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predicting high values. Nevertheless, it suggests that predicting unfavorable values should not 

be a significant challenge at the very least. 

 
Figure 42: Histogram plot showing the occurrences of the target value. Only a few data points have a high 
ΔΔG‡, while the majority is situated around 0. 

4.2.1. Computational workflows 

This section describes the process of generating a ML model to predict the ΔΔG‡ of the 

nucleophilic fluorination for both episulfonium and aziridinium substrates. Moreover, it aims 

to infer underlying reactivity of these reactions by analyzing the ML model. 

DFT calculated descriptors and Morgan fingerprints are used to characterize the data set. As 

discussed in §2.2, determining the most appropriate descriptors to accurately represent a 

reaction is not always straightforward. Hence, multiple models (nine) incorporating different 

descriptors, at different levels of theory, were constructed (Table 4). In all models, the 

substrates are treated independently of the catalyst-F– complex, excluding any consideration of 

the substrate-catalyst-F– system. The descriptors calculated for the substrates, and catalyst-F– 

complex, and information regarding the solvent and the temperature for each reaction are 

combined into a unified reaction matrix (Figure 43). To represent the solvents, we employ a 

binary system, where DCM is denoted as 0, and DFB is denoted as 1. All models were run 100 

times, each time the training set and the test set were split randomly (90% of the data consist 

the training set and 10% of the data consist the unseen test set). In all 100 runs LASSOCV and 

10-fold cross validation was used. The important descriptors that arise after LASSOCV are 

calculated on the entire data set. 
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Figure 43:Graphical representation of the generation of a reaction matrix. Information about the substrates and 
the catalysts-F– complexes are combined into one reaction matrix, along with information for the solvent and 
temperature. 

Table 4: Summary of the models investigated in this section. In the columns Substrates and Catalyst-F– the level 
of DFT used is explained or the use of fingerprints. In the column Solvent model, it is identified if implicit solvent 
was used during the calculations. In column Complex generation we report the way the initial catalyst-F– complex 
was generated and whether conformational sampling was performed. Finally in the column Descriptors we report 
if the descriptors used were averaged or not. 

Model Substrates Catalyst-F- Solvent Complex generation Descriptors 

1 fingerprints fingerprints N/A N/A N/A 

2a fingerprints A Yes fit to core analytical 

2b fingerprints A Yes conformational analytical 

3a B A Yes fit to core average 

3b B A Yes conformational analytical 

3c B A Yes conformational average  

4 B C Yes conformational average  

5a B B No conformational analytical 

5b B B No conformational average  

A PBE-D3BJ/def-TZVP//PBE-D3BJ/def2-SVP 

B PBE-D3BJ/def2-SVP 

C PBE-D3BJ/ma-def-TZVP//PBE-D3BJ/ma-def2-SVP 



 
 

105 

Model 1 

Model 1 was generated by utilizing Morgan fingerprints for the substrates and catalysts, 

resulting in a feature set of 2,048 variables. Subsequently, bits with a constant value of 0 across 

all reactions were excluded, resulting in a reduced set of 292 informative features.  

It is important to note that there were some challenges with the recognition of certain catalysts 

(e.g., catalysts 57) using RDKit. However, fingerprints were still generated for these catalysts. 

Therefore, the outcomes derived from this model should be interpreted with caution, 

considering the potential limitations associated with catalyst representation. 

Model 2a 

Model 2a was generated using Morgan fingerprints for the substrates, and physical chemical 

descriptors for the catalyst-F– complexes. To calculate the catalyst descriptors, we follow the 

workflow shown in Figure 44. 

 
Figure 44: Workflow for obtaining parameters for each catalyst. 

The crystal structure of catalyst 1 (Scheme 5) was used as a template, where the core is defined 

by the atoms marked in blue and salmon in Figure 45. These cores were used as a reference to 

fix the coordinates of the catalysts. In total, 48 catalysts were fitted to the two-urea core (Figure 

45a) and 21 catalysts were fitted to the one-urea (Figure 45b). Catalysts that did not contain 

urea motifs or contained many atoms in their structures, making it difficult to fit to either core 

(11 catalysts), were handled manually. The fluoride ion was added to these structures, and the 
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complex formed was used as an input for electronic structure calculations using the ORCA 

(v.4.1.1 package).283  

Geometry optimizations were performed at the PBE-D3BJ/def2-SVP level of theory255,278 and 

RI- JCOSX282 was applied. Solvent effects were accounted for with the SMD solvent model276 

with parameters appropriate for DCM. Single point energy calculations on the optimized 

geometries were carried out at the SMD(DCM)-PBE-D3BJ/def-TZVP level of theory. This 

level of theory was chosen for its generalizability and good tradeoff between accuracy and 

computational cost.264,265 Catalysts that did not converge were excluded from the models, 

leaving 247 reactions to be investigated further. 

 
Figure 45: The coordinates of the catalysts were fitted to the coordinates of a template catalyst. a) Two-urea 
core marked in blue, b) One-urea marked in salmon. 

From the electronic structure calculations, five types of descriptors were calculated, leading to 

up to 45 features per catalyst (Table 5). Those include 1) HOMO and LUMO energies, 2) dipole 

moment, 3) 1H, 13C and 19F NMR shifts for the urea moiety and the fluoride, 4) BO of the HB 

interactions between the fluoride and the urea hydrogen atoms (BOHF), BO of the nitrogen-urea 

hydrogen atoms (BONH), and BO of the nitrogen-urea carbon atoms (BOCN) (Figure 46) and 5) 

atomic charges of the fluoride and the urea hydrogens. 

 

Figure 46: Representation of the calculated bond orders (BO). In blue the fluoride-urea hydrogen atoms (F–-
H(N)), referenced here as BOHF. In red the urea N–H bonds (H-N(CONH)), references here as BONH. In green the 
urea N–C bonds (C-N(CONH)), referenced here as BOCN. 
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Table 5: Catalyst descriptors extracted from ORCA. 

Catalyst’s Descriptors Method Units 
NMR shifts GIAO ppm 
Atomic charges Hirshfeld e 
Bond Order (BO) Mayer - 
Dipole Moment - Debye 
HOMO/LUMO - eV 
Steric parameters Sterimol Å 

Finally, steric descriptors we added. They are calculated as explained in Appendix B2. For 

these catalysts the bonds scanned are shown in Figure 47, these include the N-C bonds of the 

urea moiety and the N-R bond of the urea (marked in maroon). In total, 15 sterimol type 

descriptors are used. 

 

Figure 47: Bonds along which sterimol type descriptors are calculated. 

As the numbers of atoms differ between the catalyst scaffolds, the number of descriptors varies 

for each system, for instance a monourea catalyst has only two BOHF whereas a bisurea catalyst 

has four BOHF. This inconsistency in the number of descriptors used for each complex, was 

solved by representing missing features by 0. In total 52 features describing the catalysts arise 

from this method. This alignment was performed manually, and it is an exceptionally time-

consuming step. An alternative solution was to take into consideration the average values of 

the features (average NMR shifts for each atom, the average charges for the hydrogen atoms 

of the urea groups, and the summation of the BO descriptors). This latter approach is used for 

Models 3a, 3c, 4 & 5b and employs 27 descriptors for the catalysts. 

Model 2b 

This model follows the workflow described in Model 2a with the difference that 

conformational sampling is performed to ensure that the lowest energy catalyst-F– complex is 

considered for the generation of the descriptors. This was done using GFN2-xTB (v.6.2).285 

Each complex was subjected to simulated annealing. A threshold of RMSD > 1 Å was used to 
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identify unique structures; conformers where the anion is not accessible to the electrophiles 

were also excluded. For the remaining conformers, single point energies at the PBE-

D3BJ/def2-SVP level of theory were calculated, and Boltzmann weighted. Only the 

conformers that contribute up to 90% of the population were optimized at the SMD(DCM)-

PBE-D3BJ/def2-SVP level of theory. For those systems, the lowest energy conformation was 

subjected to a single point energy calculation at the SMD(DCM)-PBE-D3BJ/def2-TZVP level 

of theory (Figure 48). The descriptors extracted are the same as in Model 2a (Table 5). 

 
Figure 48: Workflow for obtaining parameters for the lowest energy conformation of each catalyst. 

Model 3a, 3b, and 3c 

Model 3a relies fully on physical chemical descriptors for both substrates and catalyst-F– 

complexes. The geometries for the catalyst were taken from Model 2a, where the catalysts were 

fitted to a core. Descriptors for the lowest energy substrates, after simulated annealing, were 

calculated at the SMD(DCM)-PBE-D3BJ/def2-SVP level of theory. The descriptors extracted 

from the substrates are presented in Table 6. For the catalysts the same types of descriptors 

were extracted as before however this time we used the average NMR shifts for each atom 

type, the average charges for the hydrogen atoms of the urea groups, and the summation of the 

BO descriptors.  
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Table 6: Substrate descriptors extracted from ORCA. 

Descriptors Method Units 
Atomic Charges Hirshfeld e 

Dipole Moment - Debye 

HOMO/LUMO - eV 

Steric parameters Sterimol Å 

Model 3b uses the catalyst geometries from Model 2b and calculates analytical descriptors (not 

averaged). The previously calculated descriptors from Model 3a are used for the substrates. 

Model 3c uses the catalysts and substrates geometries from Model 3b however it uses average 

descriptors for the catalysts.  

Model 4 

Model 4 follows Model 2b and performs simulated annealing, however it uses the 

SMD(DCM)-PBE-D3BJ/ma-def2-SVP level of theory to optimize the catalyst conformers that 

contribute up to 90% of the population after the Boltzmann weighting. For those systems, the 

lowest energy conformation was subjected to a single point energy calculation at the 

SMD(DCM)-PBE-D3BJ/ma-def-TZVP level of theory. In this model, the average values of the 

NMR shifts (per atom type), the average values of charges (per atom type) and the summation 

of the values of BOs (per bond type), are extracted. Physical chemical descriptors for the 

substrates are included as described above. 

Model 5a - Model 5b 

Model 5a was generated as a faster alternative compared to the methodologies described above. 

In this model, conformers for the catalyst-F– complexes are obtained as described in Model 2b, 

performing conformer sampling, and single point energies at the PBE-D3BJ/def2-SVP level of 

theory were calculated. Descriptors are extracted from the lowest energy conformation of each 

catalyst, after this energy calculation. No geometry optimization takes place. Physical chemical 

descriptors for the substrates are included as described above. Model 5a, uses analytical values 

of the NMR shifts, the charges, and the BOs. Model 5b uses the same geometries as Model 5a 

however it uses average descriptors for the catalysts.  
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4.2.2. Results and discussions  

In the following paragraphs, we evaluate the performance of the different models. Our focus is 

on Model 5b, for which we analyze the most important descriptors derived from LASSOCV. 

For the remaining models, we do not provide chemical interpretation, as they are not explored 

further. Their data are included in the supplementary material (subdirectory Chapter 4.2). A 

comprehensive summary of the performance metrics for all models can be found in Table 7. 

By thoroughly investigating multiple models and considering both the interpretability and 

predictive performance, our study highlights the trade-offs and strengths associated with 

different modeling approaches.  

Table 7: A summary of all the models and their metrics presented in this section. 

 Train set Test set 

Model RMSE (kJ/mol) R2 RMSE (kJ/mol) R2 

1 0.41 0.95 0.75 0.80 

2a 0.78 0.83 0.89 0.75 

2b 0.77 0.83 0.85 0.76 

3a 0.93 0.75 1.04 0.67 

3b 0.97 0.74 1.03 0.70 

3c 0.94 0.75 1.01 0.69 

4 0.95 0.74 1.05 0.66 

5a 1.00 0.71 1.04 0.68 

5b 1.01 0.71 1.03 0.67 

It is important to note that while the correlations achieved by the models are not particularly 

high, the corresponding errors are remarkably low. Evaluating the robustness of a model is 

better determined by examining the error metrics rather than relying solely on correlation. The 

R2 value serves as a relative measure of fitness, whereas RMSE provides an absolute measure 

of fitness. In this regard, RMSE proves to be a more reliable metric for comparing and assessing 

the performance of different models. This perspective is shared by Winkler et al.,491 who 

emphasize that the usefulness of a model is better determined by its RMSE rather than relying 

solely on the value of R2. The lower the RMSE, the better the model’s predictive accuracy and 

its ability to capture the underlying trends and patterns in the data. 
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Model 1 

Model 1 yields high correlations and low errors both for the training (R2 = 0.95, RMSE = 0.41 

kJ/mol) and the test set (R2 = 0.80, RMSE = 0.75 kJ/mol, Figure 49). While models based on 

fingerprint descriptors can be generated within minutes and with minimal computational cost, 

they can be hard to interpret. Often the same bits of a fingerprint represent different sets of atoms. 

In our data set where most of the catalysts are highly symmetric, it would be impossible to 

identify which part of the catalyst is represented by specific bits. This led us to the conclusion 

that Model 1 can be a cheap and easy approach to identify the behavior of a data set if the desired 

outcome is a prediction. However, if one would like to explain and interpret the underlying 

chemistry, we do not suggest a model based solely on fingerprints.  

 
Figure 49: Model 1 – Fingerprints for both the substrates and the catalysts. In grey the training set (90% of the 
data) shows good correlation (R2) and low error (RMSE < 1kJ/mol). In blue the unseen test set (10% of the data) 
confirms the predictive power of the model. 

Model 2a 

This model consists of 156 descriptors of those only 50 descriptors were selected by 

LASSOCV. Model 2a yields good correlations and low errors both for the training set (R2 = 

0.83, RMSE = 0.78 kJ/mol) and the test set (R2 = 0.75, RMSE = 0.89 kJ/mol, Figure 50).  
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Figure 50: Model 2a - Fingerprints for the substrates and physical chemical descriptors of a fitted conformation 
for the catalysts. In grey the training set (90% of the data) shows good correlation (R2) and low error (RMSE < 
1kJ/mol). In blue the unseen test set (10% of the data) confirms the predictive power of the model. 

Model 2b 

The same descriptors are considered for this model as for Model2a; and it yields similar results 

for the training (R2 = 0.83, RMSE = 0.77 kJ/mol) and the test set (R2 = 0.76, RMSE = 0.85 

kJ/mol, Figure 51). This is something we expected to see, as the conformations of the catalysts 

are not that different and it indicates that conformational sampling is not necessary, as fitting 

the catalyst to a crystal structure already provides the most chemically relevant information.  

Model 2a has the advantage that no additional computational time is needed to identify the 

lowest energy conformation. However, it is general practice to use the lowest energy 

conformation of a given structure, additionally crystal structures are not always available. As 

the purpose of this project is to identify the most cost effective and accurate model, we suggest 

that if the crystal structure is known, fitting the structures to this geometry can serve as an 

alternative to searching for the lowest energy conformation, as the two models perform equally 

well. 
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Figure 51: Model 2b - Fingerprints for the substrates and physical chemical descriptors of the lowest energy 
conformation for the catalysts. In grey the training set (90% of the data) shows good correlation (R2) and low error 
(RMSE < 1kJ/mol). In blue the unseen test set (10% of the data) confirms the predictive power of the model. 

Model 3a 

From the 42 descriptors generated for this model, following LASSOCV, only 15 remain. Model 

3a yields moderate correlations and low errors both for the training set (R2 = 0.75, RMSE = 

0.93 kJ/mol) and the test set (R2 = 0.67, RMSE = 1.04 kJ/mol, Figure 52). We see that as 

LASSOCV considers less features the model straggles to keep high correlations, yet the errors 

are still small. 

 
Figure 52: Model 3a - Physical chemical descriptors of the lowest energy conformation for the substrates and 
physical chemical descriptors of a fitted conformation for the catalysts. In grey the training set (90% of the data) 
shows good correlation (R2) and low error (RMSE » 1kJ/mol). In blue the unseen test set (10% of the data) 
confirms the predictive power of the model. 
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Model 3b 

From the 67 descriptors generated for this model, following LASSOCV only 18 remain. Model 

3b yields very similar results to Model 3a, with good correlations and low errors both for the 

training set (R2 = 0.73, RMSE = 0.97 kJ/mol) and the test set (R2 = 0.70, RMSE = 1.03 kJ/mol, 

Figure 53). It would be best to not draw any definitive conclusions with such small differences 

in the R2 and RMSE. In principle the small differences could be attributed to the features 

considered by LASSOCV. 

 
Figure 53: Model 3b - Physical chemical descriptors of the lowest energy conformation for the substrates and 
physical chemical descriptors of the lowest energy conformation for the catalysts. In grey the training set (90% of 
the data) shows good correlation (R2) and low error (RMSE » 1kJ/mol). In blue the unseen test set (10% of the 
data) confirms the predictive power of the model. 

Model 3c 

From the 42 descriptors generated for this model, following LASSOCV only 15 remain. Model 

3c yields good correlations and low errors both for the training set (R2 = 0.75, RMSE = 0.94 

kJ/mol) and the test set (R2 = 0.69, RMSE = 1.01 kJ/mol, Figure 54). 

At this stage, it is evident that all three variations of Model 3 yield similar results. This finding 

is encouraging because it suggests that there is no need to calculate analytical descriptors, 

which require much manual work for their alignment, as the average descriptors suffice and 

perform equally well. 



 
 

115 

 
Figure 54: Model 3c - Physical chemical descriptors of the lowest energy conformation for the substrates and 
average physical chemical descriptors of the lowest energy conformation for the catalysts. In grey the training set 
(90% of the data) shows good correlation (R2) and low error (RMSE » 1kJ/mol). In blue the unseen test set (10% 
of the data) confirms the predictive power of the model. 

Model 4 

From the 42 descriptors generated for this model, following LASSOCV only 14 remain. Model 

4 yields good correlation and low error for the training set (R2 = 0.74, RMSE = 0.95 kJ/mol) 

but slightly lower correlation for the test set (R2 = 0.66, RMSE = 1.05 kJ/mol) compared to 

previous models (Figure 55). This result shows that descriptors calculated at a higher level of 

theory do not necessarily yield better results. 

 
Figure 55: Model 4 - Physical chemical descriptors of the lowest energy conformation for the substrates and 
average physical chemical descriptors of the lowest energy conformation for the catalysts. In grey the training set 
(90% of the data) shows good correlation (R2) and low error (RMSE » 1kJ/mol). In blue the unseen test set (10% 
of the data) performs slightly worse, with lower correlation and higher error. 
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Model 5a 

From the 67 descriptors generated for this model, following LASSOCV only 17 remain. Model 

5a yields moderate correlations and low errors both for the training (R2 = 0.71, RMSE = 1.00 

kJ/mol) and the test set (R2 = 0.68, RMSE = 1.04 kJ/mol, Figure 56). This model is considerably 

cheaper than the previous models and still yields similar accuracies. 

 
Figure 56: Model 5a - Physical chemical descriptors of the lowest energy conformation for the substrates and 
physical chemical descriptors of the lowest energy conformation without optimization for the catalysts. In grey 
the training set (90% of the data) shows moderate correlation (R2) and low error (RMSE » 1kJ/mol). In blue the 
unseen test set (10% of the data) confirms the predictive power of the model. 

Model 5b 

In contrast to Model 5a, this model uses average descriptors, 13 of which represent the 

substrates, 27 represent the catalysts and one binary descriptor is used to represent the solvent 

and one for the temperature. LASSOCV takes under consideration only 15. Model 5b yields 

moderate correlations and low errors both for training (R2 = 0.71, RMSE = 1.01 kJ/mol) and 

the test set (R2 = 0.67, RMSE = 1.03 kJ/mol, Figure 57), showing that the average descriptors 

are sufficient to describe the reaction. 
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Figure 57: Model 5b - Physical chemical descriptors of the lowest energy conformation for the substrates and 
average physical chemical descriptors of the lowest energy conformation for the catalysts. In grey the training set 
(90% of the data) shows moderate correlation (R2) and low error (RMSE » 1kJ/mol). In blue the unseen test set 
(10% of the data) confirms the predictive power of the model. 

Based on the low computational cost of this model and most importantly the low error, we 

selected it as our final model. We therefore investigated it further and we embarked on 

identifying the chemical features that may affect selectivity. To do so we analyzed the most 

relevant coefficients arising from LASSOCV (Eq. 4.2). Here, the descriptors in blue represent 

the substrates, in black the catalysts:  

𝛥𝛥𝐺‡ = 0.66 + 1.25Solv + 0.01Temp + 0.59𝑁#𝑅(𝐿) + 0.54𝑁𝐶&(𝐵&) + 0.28𝑁e𝐶(𝐵&) +

0.25𝑁#𝑅(𝐵&) + 0.12𝑁#𝐶(𝐵f) + 0.09𝑁&𝐶(𝐵&) + 0.07𝑁#𝑅(𝐵f) + 0.06𝑁𝐶&(𝐿) +

0.02𝑁𝐶#(𝐿) − 0.08𝐿𝑈𝑀𝑂OgR − 0.11𝑁#𝐶(𝐵&) − 0.5𝐻𝑂𝑀𝑂OgR − 0.61𝐻2h84S0   (4.2) 

Eq. 4.2 illustrates the inclusion of the most significant descriptors and their corresponding 

coefficients. It is important to note that these coefficients are dependent on the actual values 

that the descriptors can assume. While the model’s training process involves normalization of 

the descriptor values, the subsequent analysis is conducted using the real values. This approach 

allows for a more comprehensive understanding of the importance and impact of the 

descriptors, as a large coefficient alone does not necessarily imply a highly influential 

descriptor.  

Firstly, the 𝑆𝑜𝑙𝑣	parameter is present, we remind the reader that DFB is represented by 1 (DCM 

is represented by 0) and corresponds to larger ΔΔG‡ according to the optimized experimental 

conditions reported by the Gouverneur group, our model seems to be able to capture this 
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information. The temperature is also present, with a small coefficient showing that the model 

recognizes the changes in temperature. 

The steric descriptors L and B1 around the C2 and C1 carbons of the substrates are found to 

affect the selectivity positively (Figure 58a). These descriptors indicate the relative sizes of 

each substituent, with bulkier moieties leading to higher ees. Furthermore, the steric parameters 

at the C2 position differentiate between cyclohexyl and stilbene derived, with the later 

outperforming cyclohexyl systems. This can be explained by conformational flexibility in 

stilbene substrates, which reduce steric repulsion between the protecting groups and the 

backbone. Furthermore, the presence of stabilizing pi-pi interactions between stilbene substrate 

and catalyst (shown in Figure 58b-c) are absent in the cyclohexyl substrate, which 

unequivocally lacks the two aromatic cores necessary to establish them. 

 
Figure 58: Representatives of the substrates under study. a) A 3D representation noting the carbon numbering 
according to Eq. 4.2. b) Interactions between stilbene and c) cyclohexyl based substrates. 

The HOMO and LUMO of the substrates are two other descriptors that affect selectivity 

according to our model. As they decrease, the selectivity increases. Indeed, stilbene substrates, 

which present lower HOMO and LUMO compared to their cyclohexane counterparts, generally 

outperform their cyclohexyl equivalent in terms of selectivity. Therefore, we believe HOMO 

and LUMO to be a proxy for the type of substrate backbone.  
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In Figure 59 we show a representative catalyst and the numbering around the carbon, nitrogen, 

and hydrogen atoms for clarity. The BOs calculated between the atoms of interest, are shown 

with the magenta arrows. In spheres the sterimol type values are marked, to calculate them we 

follow the direction of the magenta arrows as well. 

 
Figure 59: Representative catalyst and atom numbering for reference according to Eq. 4.2. In pink the direction 
for the calculation of steric descriptors and the BOs. 

Eight catalyst descriptors are found to be important, seven steric descriptors and the average 

𝐻2h84S0 of the NH urea groups. The coefficient of the 𝐻2h84S0 is negative, keeping in mind that 

the actual value of an 𝐻2h84S0 is negative, higher absolute values of 𝐻2h84S0 lead to increased 

selectivity. Catalysts forming three or four HBs with the fluoride show higher selectivities, 

compared to the monourea catalysts where only two HBs are formed. At the same time the 

values of L, B1 and B5 for the 𝑁#𝑅 steric descriptor (R being alkyl groups) show that bulkier 

alkyl groups in this position are more advantageous for selectivity, allowing only three HBs to 

coordinate with the fluoride. This substitution pattern is particularly important as it affects the 

geometry of the catalyst and the way the orbitals interact during the nucleophilic addition of 

the fluoride to the substrate. At the same time the charge of the F– is regulated with HB 

interactions making it a better nucleophile. All the above are consistent with experimental 

findings.492 

Lastly larger values for B1 steric descriptor for the 𝑁&𝐶 and 𝑁e𝐶, suggest that bulky groups on 

the left-hand side of the molecule favor selectivity (Figure 59). At the same time the presence 

of the B1 steric descriptor for both the 𝑁&𝐶 and 𝑁e𝐶 shows that symmetric catalysts are 

preferred, which is consistent with experimental findings as catalysts that are not symmetric 

perform poorly. The negative sign of the N2C(B1) descriptor suggests that substitutions on the 

3-3’ position will reduce selectivity. The prevalence of steric descriptors suggests that a model 
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generated solely from steric descriptors could perform equally well. Therefore, we explored an 

additional model that only uses steric descriptors. 

Steric Descriptors Model 

As expected, the predictive power of this model is equivalent to Model 5b (Figure 60). Here 

the LASSOCV analysis considers 14 descriptors, including 7 steric descriptors for the catalysts, 

5 descriptors for the substrates, the solvent and temperature. 

 
Figure 60: Model 5b-sterics. Physical chemical descriptors of the lowest energy conformation for the substrates 
and steric descriptors for the lowest energy conformation for the catalysts. In grey the training set (90% of the 
data) shows moderate correlation (R2) and low error (RMSE » 1kJ/mol). In blue the unseen test set (10% of the 
data) confirms the predictive power of the model. 

Descriptors associated with the bulkiness of alkyl groups around the urea moiety N2R(L), 

N2R(B1), N2R(B5) have positive sign, consistent with the findings in Model 5b (Figure 61a). 

N1C(B1) and N4C(B1), which have the same value for symmetric systems, represent 

substitutions on the left-hand side of the molecule (Figure 61b). These descriptors indicate the 

bulkiness of the substituent group at this position and agree with the N2C(B5) descriptor, which 

represents the overall size of the catalyst. It suggests that bulky groups on that side of the 

catalyst will increase ΔΔG‡. Finally, the negative sign of the N2C(B1) descriptor suggests that 

substitutions on the 3-3’ position will reduce selectivity as Model 5b suggested (Figure 61c). 

Experimental findings confirm a significant drop in selectivity when bulky groups are used as 

substituents on the 3-3’ position. 
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Figure 61: Important steric descriptors identified for the catalysts. a) Sterics for the alkyl groups at the urea 
moiety. b) Sterics for the groups used to substitute N1 and N4, when the catalysts are symmetric the values of L, 
B1 and B5 are the same, which favors selectivity. c) Sterics when the 3-3’ position is substituted, when the B1 
value is big (therefore the position is substituted) the selectivity drops. 

To conclude this investigation, we examined the extrapolation ability of Model 5b to a 

completely unseen dataset of eight catalysts and one substrate (Scheme 6). The experimental 

study was conducted by Dr. Anna Vicini, after generating the ML models. The reactions were 

performed in DCM and room temperature. In Figure 62 we present the performance of the test 

set. Model 5b successfully extrapolate to this unseen dataset, demonstrating improved 

performance with a high correlation coefficient and significantly reduced errors (R2 = 0.80, 

RMSE = 0.76 kJ/mol). One key factor contributing to the improved performance of the model 

is the utilization of the entire original dataset. By incorporating all available data points into 

the training set we were able to provide the models with a robust foundation for learning 

patterns and making accurate predictions. 
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Scheme 6: External data set. a) Substrate under study. b) Catalysts under study. 

 
Figure 62: The predictive model that arises from Model 5b for the external validation set. Each data point is 
represented by a different color. In order the colors that correspond to the catalysts are: 80: purple, 81: blue, 82: 
sky-blue, 83: levander, 84: olive-green, 85: blue-green, 86: grey, 87: magenta.  
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To assess the potential over-fitting of our model, we performed y-randomization as a final step. 

This technique ensures that the model's predictive power is unbiased. Similarly, to the models 

before, 100 runs were conducted and the average metrics were analyzed, with the model 

exhibiting no predictive power for the test sets (R2 = 0.39, RMSE = 1.60 kJ/mol). This decline 

in predictive capabilities during y-randomization further supports our confidence in the 

robustness of the original model. 

Conclusions 

In summary, we systematically developed and evaluated nine ML models to predict selectivity 

in the enantioselective formation of β-fluoroamines. The models differ in the type of 

descriptors and levels of theory employed. Fingerprint-based approaches were computationally 

efficient to generate and exhibited greater predictive power. However, their limited 

interpretability posed challenges in gaining insights into the underlying factors driving the 

predictions. Notably, the predictive performance of Model 4, which employed a higher level 

of theory DFT calculated descriptors, was not better than the other models. On the other hand, 

Model 5b, which is computationally more efficient, was found to be robust, despite displaying 

moderate correlation during training and it was able to extrapolate to unseen data points. These 

findings emphasize that models trained at a higher level of theory do not necessarily translate 

into superior predictive capabilities. 

4.2.3. Investigating novel catalysts  

The results obtained using Model 5b with a completely new dataset, sparked our interest in 

taking this study a step further. Our aim was to identify a novel catalyst that in combination 

with substrate 0 (Scheme 6), would result to higher ee, under the conditions considered before, 

room temperature and DCM solvent. 

We generated 244 catalysts by substituting the 3-3’ (162 catalysts) and 6-6’ positions (82 

catalysts) with the X groups in Scheme 7, and the urea N with alkyl (R) groups in Scheme 7. 

3,5-bis(trifluoromethyl)phenyl were used on the opposite side of the BINAM as according to 

the important descriptors that arise from LASSOCV, they are preferred for higher ee (Scheme 

7). 



 
 

124 

 
Scheme 7: Modifications made to generate a dataset of 244 novel catalysts. 

These catalysts were generated using the molfunc function in autodE,493 where the 

functionalization is performed by replacing a monovalent atom in the xyz input file for a 

fragment (provided in a SMILES format). For each of the generated structures, energy 

minimization is performed with purely rigid body rotations, to avoid clashes. After all the 

structures were generated, the ee was predicted using Model 5b.  

The 3-3’ modifications did not yield high ΔΔG‡ values (highest ΔΔG‡ = 5.51 kJ/mol, Figure 

63a). This is consistent with our previous discussion where we explained that the negative sign 

of the N2C(B1) descriptor suggests that substitutions on the 3-3’ position will reduce selectivity 

(Figure 61a). 

The 6-6’ modification proved more promising with the highest ΔΔG‡ = 9.06 kJ/mol (Figure 

63b). Catalysts with electron withdrawing groups on the BINAM are predicted as the highest 

scoring catalysts (Figure 64). Indeed, electron withdrawing groups have been experimentally 

proven to be better catalysts, as they increase the acidity of the urea and consequently the 

strength of the HBs. Different levels of alkylation at the urea nitrogen yield negligible changes 

on the ΔΔG‡. Such differences are unfortunately within our model’s error and therefore strict 

assumptions as to which modification should be preferred should not be made. 
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Figure 63: Histograms showing the occurrences of the predicted ΔΔG‡ values; a) Catalysts with modifications on 
the 3-3’ position show low ΔΔG‡ values, b) Catalysts with modifications on the 6-6’ position show high 
ΔΔG‡values. 

 
Figure 64: Top two high scoring catalysts with 6-6’ modifications presenting electron withdrawing groups on 
the BINAM. 

Due to the COVID-19 pandemic, experimental validation of our predictions was not feasible 

at the time. I believe that combining computational and experimental approaches, could further 

explore the underlying mechanisms and provide a more comprehensive understanding of the 

suggested catalytic structures. 

 

 

predicted ΔΔG‡  = 9.06 kJ/mol predicted ΔΔG‡  = 9.02 kJ/mol

predicted ΔΔG‡  = 8.51 kJ/mol
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4.3. Enantioselective Strecker synthesis of α-amino acids 

To demonstrate the applicability of Model 5b, as well as our automated tool Pythia, we 

embarked on predicting the selectivity of the asymmetric variant of the Strecker synthesis of 

α-amino acids, first reported by Jacobsen and co-workers in the early 2000s.434–438 This reaction 

remains one of the most widely used approaches to generate α-amino acids motifs. It involves 

the addition of hydrogen cyanide to imines, resulting in the formation of an α-aminonitrile 

intermediate, that upon hydrolysis yields the desired the α-amino acid derivative (Scheme 

8a).494 

Achieving control over the stereochemical outcome of these reactions is challenging in 

synthetic processes; especially when considering a broader range of unnatural α-amino acids 

that are not easily accessible through conventional chemo-enzymatic methods. To address this 

issue, Jacobsen and co-workers developed an asymmetric variant utilizing chiral (thio)ureas as 

HB donors that coordinate the cyanide anion, facilitating its nucleophilic addition to the 

iminium cation and lead to the formation of a stereochemically defined C-C bond (Scheme 

8b).435,494 Since the early 2000s, Jacobsen and his team have extensively employed this reaction 

with high yields and ee values exceeding 98%.434–438 

 
Scheme 8: Strecker synthesis of α-amino acids. a) Uncatalyzed and b) Thiourea-catalyzed variant. 

Computational studies showed two different pathways: the direct imine activation by the 

thiourea and the cyanide/isocyanide binding by the thiourea Figure 65.435,495 The first one was 

found to be the less favored (23.2 kcal/mol higher than the second one). In the favored pathway, 

a proton transfer from the thiourea-bound HCN (or HNC) to imine occurs by generating a 

catalyst-bound cyanide·iminium ion pair.495 The resulting ion pair undergoes a rearrangement 
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that determines the enantioselectivity of the reaction. The separation of the two charged species 

occurs through the transfer of the HB interaction of the iminium ion from the cyanide to the 

carbonyl of the catalyst amide. The subsequent step is a simultaneous stereospecific collapse 

to form the α-aminonitrile product. 

 
Figure 65: Mechanistic studies to explain the observed enantioselectivity: a) two ways of potential activation 
mechanism. Figure from Jacobsen et al.494 

4.3.1. Computational workflows 

Data were extracted from five publications by Jacobsen and co-workers, consisting of 63 

substrates and 14 catalysts (Figure 66a, c).434–438 The reactions were reported in four different 

temperatures -78, -75, -70 and -30 °C in all cases using  toluene as a solvent. ee was converted 

to ΔΔG‡ as described in Eq. 4.1. Overall, these publications lack negative results, for this reason 

we decided to include four catalysts with no chiral centers or with symmetric substitutions on 

both sides of the thiourea or on the amide group, which are expected to show no selectivity 

(Figure 66b). This resulted in a final data set consisting of 119 reactions, with 63 substrates 

and 18 catalysts.  
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Figure 66: Data set under study. a) Experimentally tested catalysts extracted from literature. b) Unreactive 
catalysts made computationally. c) Experimentally tested substrates extracted from literature.434–438 
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5J-s     R = Ph; R’ = Ph; X = H; Y = 1-adamantly
6J-s     R = Ph; R’ = Ph; X = H; Y = cyclohexyl
7J-s     R = Ph; R’ = Ph; X = H; Y = p-OMeC6H4
8J-s     R = Ph; R’ = Ph; X = H; Y = p-MeC6H4
9J-s     R = Ph; R’ = Ph; X = H; Y = C6H5

10J-s    R = Ph; R’ = Ph; X = H; Y = p-ClC6H4
11J-s    R = Ph; R’ = Ph; X = H; Y = p-CF3C6H4
12J-s    R = Ph; R’ = Ph; X = H; Y = p-CNC6H4
13J-s    R = Ph; R’ = Ph; X = H; Y = p-BrC6H4
14J-s    R = Ph; R’ = Ph; X = H; Y = o-OMeC6H4
15J-s    R = Ph; R’ = Ph; X = H; Y = o-BrC6H4
16J-s    R = Ph; R’ = Ph; X = H; Y = m-BrC6H4
17J-s    R = Ph; R’ = Ph; X = H; Y = 2-furyl
18J-s    R = Ph; R’ = Ph; X = H; Y = 3-furyl
19J-s    R = Ph; R’ = Ph; X = H; Y = 2-thiophenyl
20J-s    R = Ph; R’ = Ph; X = H; Y = 1-cyclohexenyl
21J-s    R = Ph; R’ = Ph; X = H; Y = (E)-1-methyl-pent-1-enyl
22J-s    R = Ph; R’ = Ph; X = H; Y = (E)-cinnamyl
23J-s    R = Ph; R’ = Ph; X = H; Y = (E)-hexenyl
24J-s    R = vinyl; R’ = H; X = Me; Y = C6H5
25J-s    R = vinyl; R’ = H; X = Et; Y = C6H5
26J-s    R = vinyl; R’ = H; X = Me; Y = napthalen-2-yl
27J-s    R = vinyl; R’ = H; X = Me; Y = 4-phenylpropan-1-yl
28J-s    R = Ph; R’ = H; X = Me; Y = C6H5
29J-s    R = Ph; R’ = H; X = Me; Y = p-MeC6H4
30J-s    R = Ph; R’ = H; X = Me; Y = p-BrC6H4
31J-s    R = Ph; R’ = H; X = Me; Y = p-NO2C6H4

32J-s    R = Ph; R’ = H; X = Me; Y = p-OMeC6H4
33J-s    R = Ph; R’ = H; X = Me; Y = p-CF3C6H4
34J-s    R = Ph; R’ = H; X = Me; Y = m-BrC6H4
35J-s    R = Ph; R’ = H; X = Me; Y = o-BrC6H4
36J-s    R = Ph; R’ = H; X = Me; Y = t-Bu
37J-s    R = p-OMeC6H4; R’ = H; X = Me; Y = C6H5
38J-s    R = p-CF3C6H4; R’ = H; X = Me; Y = C6H5
39J-s    R = p-t-BuC6H4; R’ = H; X = Me; Y = C6H5
40J-s    R = p-BrC6H4; R’ = H; X = Me; Y = C6H5
41J-s    R = vinyl; R’ = H; X = H; Y = C6H5
42J-s    R = vinyl; R’ = H; X = H; Y = p-OMeC6H4
43J-s    R = vinyl; R’ = H; X = H; Y = p-BrC6H4
44J-s    R = vinyl; R’ = H; X = H; Y = napthalen-2-yl
45J-s    R = vinyl; R’ = H; X = H; Y = cyclohexyl
46J-s    R = vinyl; R’ = H; X = H; Y = t-Bu
47J-s    R = vinyl; R’ = H; X = H; Y = m-OMeC6H4
48J-s    R = vinyl; R’ = H; X = H; Y = o-OMeC6H4
49J-s    R = vinyl; R’ = H; X = H; Y = p-MeC6H4
50J-s    R = vinyl; R’ = H; X = H; Y = m-MeC6H4
51J-s    R = vinyl; R’ = H; X = H; Y = o-MeC6H4
52J-s    R = vinyl; R’ = H; X = H; Y = m-BrC6H4
53J-s    R = vinyl; R’ = H; X = H; Y = o-BrC6H4
54J-s    R = vinyl; R’ = H; X = H; Y = p-t-BuC6H4
55J-s    R = Ph; R’ = H; X = H; Y = t-Bu
56J-s    R = Ph; R’ = H; X = H; Y = cyclohexyl
57J-s    R = Ph; R’ = H; X = H; Y = 1-cyclohexenyl
58J-s    R = Ph; R’ = H; X = H; Y = (CH3)3CCH2
59J-s    R = Ph; R’ = H; X = H; Y = CH3(CH2)4
60J-s    R = Ph; R’ = H; X = H; Y = i-Pr
61J-s    R = Ph; R’ = H; X = H; Y = cyclopropyl
62J-s    R = Ph; R’ = H; X = H; Y = cyclooctyl
63J-s    3,4-dihydroisoquinoline

c) Experimentaly tested substrates



 
 

129 

In this section, three types of descriptors were investigated, Mordred descriptors, Morgan 

fingerprints, and DFT descriptors generated following Model 5b (§ 4.2.2). To interpret the DFT 

model, LASSOCV was employed to identify the most important descriptors. 

For the Mordred descriptors, a correlation analysis was performed to identify descriptors that 

exhibited a significant correlation with ΔΔG‡. Pearson correlation coefficients were computed 

between the Mordred descriptors of each substrate and catalyst and the respective ΔΔG‡ value. 

Descriptors with a correlation coefficient of 0.36 or higher were considered for the substrates, 

while descriptors with a correlation coefficient of 0.55 or higher were considered for the 

catalysts. The difference in the criteria was based on the number of descriptors correlating. We 

further analyzed these features for significance using a two-tailed p-test over 5,000 random 

sample permutations using the Pearson’s correlation coefficient as the test statistic. Following 

feature generation, we applied one hot encoding for categorical features and min-max scaling 

for continuous features, as described in Pythia (§3.3 – Notebooks 3&6).  

A range of ML algorithms were employed to determine the most predictive model. They 

included, regressors such as Bayesian, DT, kNN, Support Vector (SV), GP, and LASSOCV, 

and classifiers such as Ada Boost, ET, LR, DT, GP, and kNN. Regression models were 

evaluated based on R2 and RMSE, while classification models were assessed based on 

accuracy, sensitivity, specificity, ROC curves, MCC and g-mean (please refer to §2.2.3 for 

explanation of the metrics). 

In the case of classification, a binary approach was employed, with class 1 representing ΔΔG‡ 

>= 4 kJ/mol and class 0 representing ΔΔG‡ < 4 kJ/mol. For the 119 reactions in our data set, 

44 fell into class 0, and 75 fell into class 1. To address class imbalance, additional sampling 

points were generated for the minority class using SMOTE for non-categorical features and 

SMOTEN for categorical features. Once the synthetic data points have been added, there is a 

total of 148 data points, with 29 synthetic samples used.  

As previously described in Pythia (§3.2), the entire dataset was cross-validated for training, 

while 10% of the data points (12 reactions) with the lowest Tanimoto similarity were reserved 

for testing. Among the 107 remaining reactions, 38 are classified as 0 and 69 as 1. Additionally, 

29 synthetic data are generated, resulting in a training set of 136 data points.  

Classifiers are expected to outperform regressors as classification problems are generally more 

tractable. Additionally, synthetic data oversampling was applied to class 0, enabling classifiers 

to better predict low reactivity catalysts compared to regressors. It’s worth noting that utilizing 
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classification models for predicting continuous endpoint values, such as ΔΔG‡, deviates from 

standard practice and does not align with conventional methodologies. However, in the case of 

Pythia, these models were constructed based on the available data. Therefore, the inclusion of 

classification models in this analysis is primarily intended to showcase Pythia’s versatility and 

capabilities. While we provide a summary of the results, we refrain from engaging in further 

critical discussion, as this study is primarily focused on regression tasks rather than 

classification. 

4.3.2. Results and discussion 

As a starting point, a LASSOCV model was trained on the original 99 reactions extracted from 

literature. However, the model’s accuracy was poor (R2 = 0.55 and RMSE = 1.46 kJ/mol) and 

it was not considered further (please refer to the supplementary material, subdirectory Chapter 

4.3). Therefore, only the models generated from the 119 reactions were considered further. 

These are discussed based on the type of descriptor employed (Mordred, fingerprints and DFT). 

We present first the results for the classifiers and then the results for the regressors. A summary 

of the best performing models can be found in Table 8. 

Table 8: Summary of the best performing algorithms, for the unseen dataset, according to the different descriptor 
models. 

Descriptors Model Metrics 

Mordred 
GP accuracy = 0.92 

kNN R2 = 0.70, RMSE = 1.64 kJ/mol 

Fingerprints 
ET accuracy = 0.83 

LASSOCV R2 = 0.80, RMSE = 1.34 kJ/mol 

DFT 
ET accuracy = 0.83 

LASSOCV R2 = 0.76, RMSE = 1.44 kJ/mol 

Mordred descriptors  

When considering the entire data set, 55 Mordred features are shown to be statistically 

significant, two of which are considered as categorical. After the one hot encoding the feature 

set extends to 61 as each unique value of the categorical features becomes a binary feature 

array. When the 12 reactions are kept outside the dataset, 38 Mordred features are considered. 

The list of features considered in each case is given in the supplementary material (subdirectory 

Chapter 4.3). 
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Table 9 shows that all classifiers achieve high accuracies (>0.8). GP gives the highest accuracy, 

while Ada Boost and ET perform similarly. Additionally, all three models have high 

sensitivities and specificities. The MCC values demonstrate that all models perform better than 

random (values well above 0). Finally, all classifiers tested were found to have a g-mean > 0.8 

and therefore are considered to perform well. We remind the reader that g-mean penalizes 

classifiers that have imbalanced performance across classes. A high g-mean indicates that the 

classifier performs well in terms of both positive and negative class predictions. 

Analysis of the confusion matrices shows that each of the top three performing classifiers 

predicts a slightly different amount of FN and FP predictions (Appendix C - Figure 88). This 

suggests that GP will predict more FN, while ET and Ada Boost will predict more FP. 

Generally, the latter is more desirable as it means that we might perform more unnecessary 

experiments, but we will not lose a good candidate. On the other hand, if a reaction is predicted 

falsely negative, it is likely that it will not be tested experimentally. Analysis of the ROC curves 

indicates that both GP and Ada Boost exhibit high classification performance (AUC of 0.94 

and 0.93 respectively). This demonstrates that both models possess high discriminatory 

abilities and rapidly improve their classification skills as the decision threshold varies. Both 

models are well-suited for the binary classification task, and the small difference in AUC values 

highlights their comparable abilities. ET follows with an AUC of 0.88 suggesting a slightly 

weaker ability to discriminate between classes (Appendix C - Figure 88). 

Table 9: Performance of the different classifiers when using Mordred descriptors for the training set. 

Classifier Accuracy Sensitivity Specificity MCC Precision g-mean 
kNN 0.82 0.85 0.78 0.64 0.80 0.82 
GP 0.89 0.88 0.91 0.78 0.90 0.89 
DT 0.81 0.73 0.89 0.63 0.87 0.81 
ET 0.86 0.93 0.78 0.72 0.81 0.85 

Ada Boost 0.86 0.88 0.85 0.73 0.86 0.86 
LR 0.84 0.92 0.76 0.68 0.79 0.83 

For the test set, most classifiers perform well with high accuracies and perfect sensitivity. With 

the exception of Ada Boost, which surprisingly underperforms in terms of accuracy (0.67), 

specificity (0.33), MCC (0.45), precision (0.60) and g-mean (0.58), especially when compared 

to GP, which performs the best in all metrics showing the highest accuracy (0.92), specificity 

(1.00), MCC (0.85), precision (0.86) and g-mean (0.91) (Table 10). GP’s perfect AUC (1.00) 

further validates its effectiveness in distinguishing between reaction classes. From the 

confusion matrices (Appendix C - Figure 89) it is evident that Ada Boost has more FP 

predictions, which is in accordance with the metrics discussed above, however it shows better 
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classification skill (AUC = 0.78), compared to ET (AUC = 0.67), which interestingly performs 

better in every metric, as shown in Table 10. This disagreement in the metrics could be 

attributed to the fact these endpoints (ΔΔG‡) are inherently continuous and not explicitly 

designed for classification tasks.  

Table 10: Performance of the different classifiers when using Mordred descriptors for the test set. 

Classifier Accuracy Sensitivity Specificity MCC Precision g-mean 
kNN 0.83 1.00 0.67 0.71 0.75 0.82 
GP 0.92 1.00 0.83 0.85 0.86 0.91 
DT 0.75 1.00 0.50 0.58 0.67 0.71 
ET 0.83 1.00 0.67 0.71 0.75 0.82 

Ada Boost 0.67 1.00 0.33 0.45 0.60 0.58 
LR 0.83 1.00 0.67 0.71 0.75 0.82 

Based on these findings, it can be concluded that while the classifiers can offer some insights, 

it’s essential to interpret their performance in the context of the specific task at hand and 

consider the limitations inherent in applying classification methodologies to continuous 

endpoint prediction. Despite the challenges GP stood out as the top-performing model across 

multiple metrics, exhibiting the highest accuracy, specificity, MCC, precision, g-mean, and 

AUC. 

When the same features are considered to train the regressors, the models perform moderately 

except for GP, which is unable to make any predictions (RMSE = 161.52 kJ/mol). SV performs 

slightly better than the rest, with R2 = 0.71 and RMSE = 1.52 kJ/mol (Appendix C - Figure 90). 

Based on these results we do not expect the models to perform adequately when used to predict 

unseen data. As expected, all regressors except for kNN (R2 = 0.70 and RMSE = 1.64 kJ/mol) 

lack substantial predictive capability (Appendix C - Figure 91). We therefore conclude that 

Mordred descriptors are weak when used in combination with regression models for this type 

of predictions and are not discussed further. 

Morgan fingerprints 

After removing features represented by 0 along all reactions, 227 features remain to describe 

each reaction. Among the classifiers ET performs better in all metrics, while LR outperforms 

GP in sensitivity, but not in specificity (Table 11). Analysis of the confusion matrices of the 

top three performing classifiers, reveals that while both LR and GP perform well, LR gives 

fewer FN predictions and GP gives fewer FP predictions (Appendix C - Figure 92). 

Interestingly, ET only misclassifies two reactions as FN.  
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Table 11: Performance of the different classifiers when using Morgan fingerprints for the training set. 

Classifier Accuracy Sensitivity Specificity MCC Precision g-mean 
kNN 0.86 0.92 0.80 0.72 0.82 0.86 
GP 0.91 0.93 0.88 0.81 0.88 0.91 
DT 0.85 0.81 0.89 0.71 0.88 0.85 
ET 0.92 0.97 0.86 0.84 0.88 0.92 

Ada Boost 0.89 0.93 0.84 0.77 0.85 0.88 
LR 0.91 0.95 0.86 0.81 0.88 0.90 

For the test set, all classifiers, except DT, perform similarly across all metrics Table 12. 

However, analysis of the ROC curves indicates that GP gains skill faster (AUC = 0.97), 

followed by ET (AUC = 0.86) and then LR (AUC = 0.81) (Appendix C - Figure 93). 

Interestingly, Ada Boost, which showed lower accuracy when using Mordred descriptors for 

the test set, now performs well. The striking similarity in performance across the majority of 

classifiers may suggest feature redundancy. It’s plausible that the 227 binary features used for 

constructing the models contain considerable redundancy or irrelevance, leading to all models 

learning similar decision boundaries and achieving comparable performance levels. 

Table 12: Performance of the different classifiers when using Morgan fingerprints for the test set. 

Classifier Accuracy Sensitivity Specificity MCC Precision g-mean 
kNN 0.83 1.00 0.67 0.71 0.75 0.82 
GP 0.83 1.00 0.67 0.71 0.75 0.82 
DT 0.75 1.00 0.50 0.58 0.67 0.71 
ET 0.83 1.00 0.67 0.71 0.75 0.82 

Ada Boost 0.83 1.00 0.67 0.71 0.75 0.82 
LR 0.83 1.00 0.67 0.71 0.75 0.82 

All regressors perform relatively well (R2 > 0.7, RMSE < 1.55 kJ/mol, Appendix C - Figure 

94) for the training set, with the exception of GP. GP exhibits high errors and low correlation 

(RMSE = 2.9 kJ/mol, R2 = 0.3), probably due to the small amount of data and large number of 

descriptors employed. When predicting on the unseen dataset, GP is still the least predictive 

model. LASSOCV shows its robustness even with a small training set, avoiding over-fitting 

(R2 = 0.80, RMSE = 1.34 kJ/mol, Appendix C - Figure 95). Despite achieving predictive 

performance, employing regression tasks with Morgan fingerprints allows limited room for 

improvement in terms of accuracy and interpretability. 

Generally, when employing Morgan fingerprints, both the classifiers and the regressors 

perform better than when utilizing Mordred descriptors, however one should not ignore the 

difference in the feature vector (61 Mordred feature vs 277 fingerprint bits). The number of 

features in the vector affects the model’s complexity, information representation, and ability to 
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capture relevant patterns. A larger feature vector can potentially provide a more comprehensive 

representation of the data, allowing the model to extract more nuanced patterns and make better 

predictions. Based on the above we conclude that Morgan fingerprints describe this reaction 

better than Mordred descriptors. However, relying solely on fingerprints presents challenges 

when attempting to extract chemical insights from them. 

DFT descriptors 

To describe the reactions with DFT descriptors, 43 features are employed. For the substrates,10 

features including HOMO, LUMO, N charge, dipole moment, and steric descriptors calculated 

along the maroon arrows in Figure 67a are used. Additionally, for the catalysts, 33 features are 

included such as HOMO, LUMO, dipole moment, charges for the (thio)urea Hs and the CN-, 

average NMR shifts for the Hs and Cs of the (thio)urea moiety and the C of the CN-, BO and 

steric descriptors along the highlighted bonds in Figure 67b. 

 
Figure 67: Representation of the structural descriptors calculated for this dataset; a) for the substrates and b) for 
the catalysts. In green, red, and blue the different BOs considered. In maroon the bonds scanned for sterics starting 
from the Ns. 

Analysis of the different metrics across the classifiers demonstrates they all have high 

accuracies (> 0.82), sensitivities, specificities and g-mean (Table 13). The MCC values show 

that all models perform better than random (values well above 0). LR and ET perform similarly 

well, with LR outperforming ET in sensitivity (better at identifying TP), while ET outperforms 

LR in specificity (better at identifying TN). Ada Boost and GP follow. Furthermore, the ROC 

curves show AUC close to 0.9 for the three top performing classifiers indicating that all of 

them gain skill fast (Appendix C - Figure 96). 
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Table 13: Performance of the different classifiers when using DFT descriptors for the training set. 

Classifier Accuracy Sensitivity Specificity MCC Precision g-mean 
kNN 0.82 0.84 0.80 0.64 0.81 0.82 
GP 0.85 0.91 0.80 0.71 0.82 0.85 
DT 0.84 0.93 0.76 0.70 0.79 0.84 
ET 0.86 0.89 0.84 0.73 0.85 0.86 

Ada Boost 0.85 0.88 0.82 0.70 0.83 0.85 
LR 0.86 0.91 0.82 0.73 0.84 0.86 

For the test set all classifiers accurately predict the 12 unseen data points (Table 14). kNN, DT 

and ET perform similarly well however, DT gains skill faster (AUC = 0.81), suggesting that 

the model can reliably distinguish between the classes (Appendix C - Figure 97). At the same 

time GP, Ada Boost and LR follow, performing similarly in all metrics (Table 14). Most 

importantly none of the classifiers has data points classified as FN. In the context of chemical 

reactions and ΔΔG‡ prediction, FN occur when the model fails to identify reactions resulting 

in high ΔΔG‡ values. This can lead to missed opportunities for further investigation or 

optimization of reactions, which here is avoided. 

Conversely, the low number of FP signifies a particularly positive outcome. In chemical 

experimentation, FP would correspond to predicted reactions with high ΔΔG‡ values that do 

not actually exhibit such energetics when tested experimentally. Having two FP out of 12 test 

points, indicates that the model is effectively filtering out reactions that are unlikely to have 

the predicted ΔΔG‡ values. This is especially valuable, where experimental resources can be 

limited and costly. By minimizing FP, it is ensured that experimental efforts are focused on 

reactions with a higher likelihood of exhibiting the predicted ΔΔG‡. 

Table 14: Performance of the different classifiers when using DFT descriptors for the test set. 

Classifier Accuracy Sensitivity Specificity MCC Precision g-mean 
kNN 0.83 1.00 0.67 0.71 0.75 0.82 
GP 0.75 0.83 0.67 0.51 0.71 0.75 
DT 0.83 1.00 0.67 0.71 0.75 0.82 
ET 0.83 1.00 0.67 0.71 0.75 0.82 

Ada Boost 0.75 0.83 0.67 0.51 0.71 0.75 
LR 0.75 0.83 0.67 0.51 0.71 0.75 

When the regressors are employed for the training set, kNN performs well with high correlation 

and low error (R2 = 0.77, RMSE = 1.35 kJ/mol) and LASSOCV follows (R2 = 0.74, RMSE = 

1.44 kJ/mol). Not surprisingly, and in accordance with what we observed previously (Mordred 

and Morgan fingerprints regression models) GP does not perform well, showing high errors 

(Appendix C - Figure 98). When asked to predict the test set, the models exhibit good predicting 
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power, achieving high R2 and low RMSE across all regressors (Appendix C - Figure 99). kNN 

and LASSOCV show the highest correlation and lowest error (R2 = 0.76, RMSE » 1.45 kJ/mol). 

We remind the reader that kNN makes predictions based on the similarity of data points in the 

feature space. It does not learn explicit relationships between features and the target variable 

but instead relies on the proximity of neighboring data points. As a result, interpreting the 

predictions of a kNN model can be challenging, especially when considering the contribution 

of individual features to the predictions. On the other hand, LASSOCV provides interpretable 

models due to its regularization and feature selection properties. Therefore, LASSOCV is 

chosen as our final model for the prediction of ΔΔG‡ in this set of reactions (Figure 68). 

 
Figure 68: Final model to predict ΔΔG ‡ with DFT features and LASSOCV. Lowest energy conformation for 
the substrates and catalysts at the PBE-D3BJ/def2-SVP level of theory - Model 5b. Both the training (in grey) 
and the test set (in blue) show high R2 and low RMSE. 

To identify the chemical features that may affect selectivity, we analyzed the important 

coefficients obtained from LASSOCV (Eq. 4.3). Here, descriptors for the substrates are shown 

in blue and descriptors for the catalysts in black: 

𝛥𝛥𝐺‡ = 1.05 + 10.5𝑁&charge + 0.6𝑁&𝐶!(𝐵&) + 0.1𝑁&𝐶!(𝐿) − 0.3𝑁&𝐶#(𝐵&) − 0.8LUMO
+ 4.6𝑁i𝐶j(𝐵&) + 1.1𝑁&𝐶e#(𝐵&) + 0.6	𝑁f𝐶e(𝐿) + 0.4	𝑁f𝐶e(𝐵f) − 0.3	𝐻charge
− 0.8	𝐶𝑁charge − 0.7𝑁f𝐻#k(𝐵f) − 0.4𝑁i𝐻#l(𝐿) − 2.5𝑁i𝐻#l(𝐵&)						(4.3) 

In Figure 69 the atoms Eq. 4.3 refers to are shown, both for the substrates and the catalysts. 

The analysis of the substrate parameters indicates that the charge on the N1 contributes the most 

(Figure 69a). This highlights the importance of stabilizing the iminium ion during the reaction 

especially when electron withdrawing, and electron poor groups are present. Additionally, 

aldimines, which have a lower charge on the nitrogen, exhibit lower ΔΔG‡ compared to 

ketoimines. We believe that the LUMO is a proxy for differentiating between aldimines and 
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ketoimines. Based on Eq. 4.3 LUMO has a negative coefficient, as the actual value of LUMO 

is negative, substrates with higher absolute LUMO values (ketoimines) outperform substrates 

with lower LUMO values (aldimines). 

The presence of positive coefficients in N1C0(B1) and N1C0(L) suggest the need for steric bulk 

to achieve high selectivity; however, caution is needed when adding bulky groups as indicated 

by the small coefficient for N1C0(L). From literature we know that bulky ketoimines are less 

reactive and selective due to steric congestion at the reaction center. Feature N1C2(B1) 

represents groups where steric bulk on the imine protecting group can cause steric congestion, 

as indicated by the negative coefficient, which plays an important role in determining the point 

of attack of the nucleophile. 

 
Figure 69: Representation of the important descriptors that influence the ΔΔG‡. The atoms of interest are 
marked a) For the substrate the and b) For the catalyst according to Eq. 4.3. 

For the catalysts, based on Eq. 4.3 and Figure 69b, we propose that bulkier groups are desired 

when substituting on the N8C9 as indicated by the positive coefficient of B1 which suggests the 

presence of an aromatic group with further substitutions, in agreement with the experimental 

data. At the same time, descriptors N8H26(B1), N8H26 (L) and N5H27 (L) have a negative 

coefficient implying that the area around the H-CN- needs to be free of steric bulk. Steric 

information from the N1 accounts for the different substitutions around the amidic nitrogen. 

Here, N1C42(B1) is present with a positive coefficient, and it depicts the overall size of the 

functional groups substituted on the N1, indicating that larger functional groups, such as 

phenyls, lead to higher selectivity. DFT analysis conducted by the Jacobsen group, supports 

the idea that substitutions on the amide core of the catalyst play a significant role in the ee. 

Indeed they demonstrated that the origin of the observed enantioselectivity is the variation in 

the distances of the iminium cation from the carbonyl moiety of the catalyst and the cyanide 

ion.496 
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Features N5C4(L) and N5C4(B5) have positive coefficients and are directly related with the 

chiral information expressed on carbon C4 and on the size of the substituent selected on that 

position (t-butyl more advantageous than Me). Finally, ΔΔG‡ is influenced by the charge of the 

two thiourea hydrogens, which are directly involved in the coordination of the anion, and the 

charge of the cyanide ion itself. Indeed, a possible deprotonation of the catalyst promoted by 

the anion could result in loose protons H26 and H27, and in a corresponding decrease in 

selectivity. Contemporarily, if the cyanide is not properly coordinated, the high charge on it 

can induce a similar result.  

Our LASSOCV analysis has revealed a set of important descriptors with their corresponding 

coefficients. These descriptors not only contribute to the predictive power of our model but 

also provide valuable insights into the underlying factors governing the selectivity of the 

reaction under study. This demonstrates that our model is not only predictive but also 

informative and highly interpretable. By aligning the identified descriptors with previous 

experimental and computational studies, we can establish meaningful connections between the 

model's findings and the existing knowledge in the field.  

Conclusions 

Here, we developed ML models for the prediction of selectivity for the Strecker synthesis of 

α-amino acids. A careful comparative study was conducted comparing the performance of three 

distinct types of descriptors and various ML algorithms. Initially we investigated how Mordred 

descriptors and Morgan fingerprints perform and we concluded that while Mordred descriptors 

perform adequately with classifiers, they do not perform as well with regressors. On the other 

hand, Morgan fingerprints perform well both with regressors and classifiers. 

Following this analysis, we employed DFT descriptors (calculated based on Model 5b). 

LASSOCV demonstrated its robustness despite its relative simplicity. The utilization of DFT 

descriptors also facilitated interpretability, enabling us to gain insights into the underlying 

factors influencing selectivity, for example the importance of stabilizing the iminium ion 

during the reaction. This study can serve as a foundation for future endeavors, in designing 

novel catalysts for this set of reactions, positioning our model as a valuable tool that can guide 

researchers in developing more selective catalysts. 
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4.4. Pictet-Spengler cyclisations of hydroxylactams 

To further challenge Pythia and Model 5b (§ 4.2.2) and detect its limitations, we investigated 

its ability to predict selectivity in the Pictet-Spengler cyclisation of hydroxylactams reaction, 

which plays a significant role in the synthesis of six-membered heterocyclic, including various 

natural products.497  

This reaction involves the cyclization of electron-rich aryl groups onto iminium electrophiles. 

The asymmetric variant of this reaction, originally developed by Jacobsen and Taylor, utilized 

chiral thioureas as catalysts to facilitate the cyclization of indoles onto N-acyliminium ions 

(Scheme 9a). Using this methodology, the authors successfully achieved the total synthesis of 

(+)-yohimbine (Scheme 9b). To expand the applicability of this reaction, the authors explored 

the possibility of generating N-acyliminium ions through the in situ dehydration of 

hydroxylactams (Scheme 9c).495 

 
Scheme 9: a)Thiourea catalysed acyl-Pictet-Spengler reaction, b)(+)-yohimbine structure, c)Thiourea-catalysed 
enantioselective Pictet-Spengler cyclisation of hydroxylactams.495 

In the proposed mechanism by the Jacobsen et al., the hydroxylactam undergoes an exchange 

of the alcoholic group with the chloride anion deriving from the HCl or TMSCl, which are used 

as in situ chlorinating agents (Scheme 10 – steps 1 & 2). After an equilibration step, where the 

Cl– is removed by the catalyst’s thiourea moiety (Scheme 10 – step 3), the resulting iminium 

ion undergoes intramolecular cyclisation promoted by the nearby indolic/pyrrolic group 

(Scheme 10 – step 4). The resulting cyclized product then deprotonates and restores the 

aromaticity of the system (Scheme 10 – step 5).497 
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Scheme 10: Proposed chlorolactam formation and anion-binding mechanism.497 

1H NMR studies of a hydroxylactam substrate in the presence of TMSCl indicated that the 

formation of the corresponding chlorolactam is fast and irreversible. Furthermore, the increase 

in reactivity of the alkylated (R = Me) vs the reduced amine (R = H) suggested an SN1-type 

mechanism in the cyclization step.497 Although these experiments confirmed the presence of 

an N-acyliminium ion during the reaction pathway, the way the catalyst interacts with the 

substrate during the enantiodetermining step was still undefined. To explore this further, the 

authors performed DFT calculations. However, attempts to compute some of the N-

acyliminium ions bound to the thiourea failed to converge. A notable interaction was identified 

between the thiourea and the chlorolactam, involving the α-chloro substituent. Therefore it was 

proposed that the reaction occurs via an ion pair constituted by the chiral thiourea-bound and 

N-acyliminium chloride.497 This specie results from the dissociation of the chloride in α-

position induced by the thiourea’s proton catalyst. To support the idea of an anion-binding 

model, the authors highlighted halide counterion effects which increased as the dimension of 

the anion increased (i.e., Cl, 97% ee; Br, 68% ee; I, <5% ee) together with solvent effects 

(MTBE, 97% ee; CH2Cl2, <5% ee). Moreover, in agreement with the proposed SN1-type 

mechanism, a rate acceleration was observed with the increase in substituents at the 

electrophilic center.495,497 

4.4.1. Computational workflows 

A total of 90 experimentally tested reactions (35 substrates – Scheme 11 and 45 catalysts – 

Scheme 12), extracted from two different papers,497,498 compose our new data set. MTBE 

(Methyl tert-butyl ether) was used as solvent and the temperatures tested were at -78°C, -55°C, 

-30°C, and 0°C. ee was converted to ΔΔG‡ as described in Eq. 4.1.  
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Scheme 11: Experimentally tested substrates for the 90 reactions under study.497,498 
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Scheme 12: Experimentally tested catalysts for the 90 reactions under study.497,498 
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For this data set most of the reactions have an average ΔΔG‡ ranging from 4 kJ/mol to 7 

kJ/mol). A few reactions perform particularly well with ΔΔG‡ > 8 kJ/mol, while around 20 

show low selectivity, with ΔΔG‡ < 3 kJ/mol (Figure 70). Among the tested substrates (Scheme 

11), 6 is the most frequently used (55 reactions), while in terms of catalysts (Scheme 12), 1  is 

the most prevalent. The substrates show high Tanimoto similarity indicating structural 

similarities; the lowest average Tanimoto index (0.44) corresponds to substrate 30, and the 

highest (0.66) to substrate 6. On the other hand, catalyst 7 exhibits the lowest average Tanimoto 

index (0.23) and catalyst 20 the highest (0.75). Based on this information, we defined our 

external test set to comprise 10% of the data, leading to 9 reactions (see datasets in the 

supplementary material, subdirectory Chapter 4.4). 

 
Figure 70: Histogram showing the frequency of occurrences of ΔΔG‡ values for the experimentally tested 
reactions. Only a few reactions perform well (ΔΔG‡ > 8 kJ/mol). 

To describe the catalysts and substrates, we investigated two types of descriptors, Morgan 

fingerprints and DFT descriptors generated based on Model 5b (§ 4.2.2). In the DFT model, 

catalysts and substrates are treated separately, although the reaction involves a transfer of 

chloride from the substrate to the catalyst. To accurately capture this transition, we introduced 

a chloride anion coordinated to the catalyst and a chlorine atom linked to the substrate. To 

identify the most important DFT descriptors we employed LASSOCV. Mordred descriptors 

were considered initially; however, they were disregarded due to poor performance 

(supplementary material - subdirectory Chapter 4.4). 

The same ML algorithms and evaluation metrics used in §4.3 are considered here. Most 

regressors demonstrated limited predicting power when applied to the external test set with the 

DFT descriptors, therefore, only the results from LASSOCV are presented here. For 

classification, a binary approach was employed, with class 1 representing ΔΔG‡ >= 4 kJ/mol 

and class 0 representing ΔΔG‡ < 4 kJ/mol. For the 90 reactions in the data set, 34 fall into class 
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0, and 56 fall into class 1. To address the class imbalance, additional sampling points were 

generated for the minority class. After the synthetic data points are added, there are in total 112 

data points, meaning 22 synthetic samples are used. As previously described in Pythia (§3.2), 

the entire dataset was cross-validated for training, and 9 reactions were reserved for testing. 

From the 81 remaining reactions, 30 are classified as 0 and 51 as 1. 21 synthetic data are 

generated, resulting in a training set of 102 data points.  

As explained in §4.3 utilizing classification models for predicting ΔΔG‡, is not conventional 

and the inclusion of classification models in this analysis is primarily intended to showcase 

Pythia’s output. The focus of this study is on the regression task and more specifically on 

LASSOCV. 

4.4.2. Results and discussion 

This section presents the ML models generated to predict selectivity in the Pictet-Spengler 

cyclisation of hydroxylactams reactions. The models are based on two types of descriptors: 

Morgan fingerprints and DFT, which were trained with classifiers and LASSOCV. A summary 

of the best performing models can be found in Table 15. 

Table 15: Summary of the best performing algorithms, for the unseen dataset, according to the different descriptor 
models. 

Descriptors Model Metrics 

Fingerprints 
kNN accuracy = 0.89 

LASSOCV R2 = 0.78, RMSE = 1.11 kJ/mol 

DFT 
ET accuracy = 0.83 

LASSOCV R2 = 0.76, RMSE = 1.44 kJ/mol 

Morgan fingerprints 

After removing features represented by 0 across all reactions, each reaction is described by 241 

bits. GP and LR present the highest accuracy (0.85) as well as similar MCC (0.70) and g-mean 

(0.85). Ada Boost follows closely with high accuracy (0.83), MCC (0.66) and g-mean (0.83) 

(Table 16). The confusion matrices show that while both GP and LR perform well, LR has 

higher sensitivity with more TPs but also more FPs, while GP has higher specificity with less 

FP but also less TP predictions. GP also has a higher AUC (0.92) indicating that it learns faster 

(Appendix D - Figure 100).  
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Table 16: Performance of the different classifiers when using Morgan fingerprints for the training set. 

Classifier Accuracy Sensitivity Specificity MCC Precision g-mean 
kNN 0.82 0.91 0.73 0.65 0.77 0.82 
GP 0.85 0.89 0.80 0.70 0.82 0.85 
DT 0.78 0.77 0.79 0.55 0.78 0.78 
ET 0.79 0.91 0.68 0.61 0.74 0.79 

Ada Boost 0.83 0.86 0.80 0.66 0.81 0.83 
LR 0.85 0.91 0.79 0.70 0.81 0.85 

For the test set, GP and Ada Boost exhibit consistent high accuracy (0.89) and excellent 

specificity and precision, making only one false prediction. They also show high MCC (0.80) 

and g-mean (0.98) (Table 17). Interestingly, kNN shows similar metrics but slightly higher 

AUC (0.97, compared to 0.95 for GP and Ada Boost, Appendix D - Figure 101). On the other 

hand, LR shows lower accuracy (0.78) and is no longer among the top three models (Table 17). 

Further analysis reveals that LR’s lower accuracy is due to one reaction being classified as FP, 

while GP, Ada Boost and kNN have no FPs. Despite the lower accuracy, the AUC of LR is 

still high (0.9) indicating that LR is still able to separate well between the classes, although not 

as well as GP and Ada Boost (Appendix D - Figure 101). 

Table 17: Performance of the different classifiers when using Morgan fingerprints for the test set. 

Classifier Accuracy Sensitivity Specificity MCC Precision g-mean 
kNN 0.89 0.80 1.00 0.80 1.00 0.89 
GP 0.89 0.80 1.00 0.80 1.00 0.89 
DT 0.67 0.60 0.75 0.35 0.75 0.67 
ET 0.78 1.00 0.50 0.60 0.71 0.71 

Ada Boost 0.89 0.80 1.00 0.80 1.00 0.89 
LR 0.78 0.80 0.75 0.55 0.80 0.77 

Finally, LASSOCV shows good correlation and low error both for the training (R2 = 0.72, 

RMSE = 1.17 kJ/mol) and the test set (R2 = 0.78, RMSE = 1.11 kJ/mol, Figure 71). These 

results indicate that the ML models considering Morgan fingerprints can effectively predict 

selectivity without over-fitting. However, relying solely on fingerprints presents challenges 

when attempting to extract chemical insights from them, which is a crucial aspect of this 

analysis. 
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Figure 71: LASSOCV model with Morgan fingerprints. Both the training (in grey) and the test set (in blue) 
show good correlations and low errors. 

DFT descriptors 

To describe the reactions using DFT computed descriptors, 60 features are employed for the 

catalysts and the substrates. The substrates are represented by 18 features, including HOMO, 

LUMO, N (chlorolactam) and C2 (indole numbering system) charges, dipole moment, and 

steric descriptors calculated along the maroon arrows in Figure 72a. The catalysts are 

represented by 42 features, including HOMO, LUMO, dipole moment, H and Cl– charges, 

average NMR shifts for the H and C of the thiourea moiety and the Cl–, BOs and steric 

descriptors calculated along the maroon arrows in Figure 72b.  

 
Figure 72: Graphical representation of the descriptors calculated for the reactions under study. a) For the 
substrates; b) For the catalysts. In green, red, and blue the different BO. In maroon the bond scanned to calculate 
steric descriptors. 

When employing DFT descriptors with classifiers, GP shows the highest performance across 

all metrics, offering a well-balanced prediction capability for both positive and negative 

outcomes. It gives an accuracy, sensitivity, specificity, precision, and g-mean of 0.79, and an 

MCC of 0.57. Ada Boost and LR follow with small differences in their metrics ( 
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Table 18). The ROC curves show that the three classifiers gain skill fast and can separate well 

between classes (AUC > 0.80, Appendix D - Figure 102).  

Table 18: Performance of the different classifiers when using DFT descriptors for the training set. 

Classifier Accuracy Sensitivity Specificity MCC Precision g-mean 
kNN 0.71 0.71 0.71 0.42 0.71 0.71 
GP 0.79 0.79 0.79 0.57 0.79 0.79 
DT 0.71 0.66 0.75 0.41 0.73 0.70 
ET 0.71 0.68 0.73 0.41 0.72 0.70 

Ada Boost 0.75 0.77 0.73 0.50 0.74 0.75 
LR 0.73 0.70 0.77 0.47 0.75 0.73 

For the test set, GP performs excellent, kNN, shows good accuracy (0.78) and excellent 

specificity and precision as it shows no FP predictions (Table 19, Appendix D - Figure 103). 

ET shows a moderate performance, with a g-mean of 0.67, indicating a fair ability to identify 

both positive and negative cases correctly. The underperformance of Ada Boost is unexpected; 

it exhibits the lowest performance among the models, with an accuracy of 0.44 and sensitivity 

of 0.20. The model seems to struggle in identifying positive cases and maintaining a balance 

between sensitivity and specificity, as evidenced by the g-mean of 0.39. The MCC score is 

negative (-0.06), further highlighting the model’s difficulties in providing a balance between 

FP and FN errors (Table 19). Upon further analysis of the prediction scores, it is revealed that 

the model misclassifies four out of the nine reactions, assigning them with low probabilities. 

Table 19: Performance of the different classifiers when using DFT descriptors for the test set. 

Classifier Accuracy Sensitivity Specificity MCC Precision g-mean 
kNN 0.78 0.60 1.00 0.63 1.00 0.77 
GP 1.00 1.00 1.00 1.00 1.00 1.00 
DT 0.56 0.40 0.75 0.16 0.67 0.55 
ET 0.67 0.60 0.75 0.35 0.75 0.67 

Ada Boost 0.44 0.20 0.75 -0.06 0.50 0.39 
LR 0.56 0.40 0.75 0.16 0.67 0.55 

Finally, the most informative model is generated when using DFT descriptors with LASSOCV. 

As already discussed, LASSOCV allows for the identification of features influencing the 

reactions and provides robust models for prediction tasks. Here, the model demonstrates good 

correlations and low errors both for the training (R2 = 0.73, RMSE = 1.15 kJ/mol) and the test 

set (R2 = 0.71, RMSE = 1.28 kJ/mol). The model exhibits good generalization capabilities, with 

only a slight decrease in performance from the training set to the test set (Figure 73). While the 

fingerprints model showed a slightly higher correlation and lower error for the test set (R2 = 
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0.78 and RMSE = 1.11 kJ/mol, Figure 71), the model based on DFT descriptors provides a 

deeper understanding of the underlying patterns in the data. By analyzing the important 

coefficients derived from LASSOCV, we obtained Eq. 4.4, where descriptors for the substrates 

are shown in blue and the descriptors for the catalysts and temperature are shown in black 

(Figure 74). 

 

Figure 73: DFT model with physical chemical descriptors of the lowest energy conformation for the substrates 
and catalysts at the PBE-D3BJ/def2-SVP level of theory (Model 5b). In grey the training set (90% of the data) 
shows good correlation and low error. In blue the unseen test set (10% of the data) confirms the predictive power 
of the model. 

𝛥𝛥𝐺‡ = 1.78 + 193𝑁#charge + 61𝐶&jcharge + 	1𝐶&j𝐻#k	(𝐵&) + 0.15𝑁&𝐶e#(L) 	
+ 0.2𝑁#l𝐶f!(𝐵f) + 0.1𝑁#l𝐶f&(𝐵f) − 0.02Temp			(4.4) 

 
Figure 74: Representation of the important atoms that according to Eq.4.4 influence the ΔΔG‡ a) For the 
substrates; b) For the catalysts. 

From Eq. 4.4, the charges of the N2 and the indolic/pyrrolic C19 substrate centers play an 

important role in determining the ΔΔG‡. The large coefficients should not confuse the reader 

as the charges’ values are very small (» −0.05) and therefore the actual effect is much smaller. 
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The N2 is involved in stabilizing the iminium cation (Figure 74a), while the C19 charge 

descriptor corresponds to the nucleophilic center. Notably, even if the descriptors do not 

consider the species as ionic couples (catalyst-substrate adduct), the model identified the most 

important atoms involved in the cyclization step and the charge modifications associated to 

them. Finally, the B1 descriptor for C19H27, representing the steric parameter orthogonal to the 

bond C−H, correlates with the substitutions on the indole/pyrrole highlighting that presence of 

protecting groups on the nearby N atom (i.e., TIPS groups) can increase selectivity. 

For the catalysts, N1C42 (L), N26C50 (B5) and N26C51 (B5) are important in determining 

selectivity (Eq. 4.4, Figure 74b). Feature N1C42 (L) is related to the dimensions of the 

substituents on the N of the amide, defining the chiral space. Features N26C50 and N26C51, 

correspond to the substitutions on the pyrrole core, which have been found to increase 

enantioselectivity.497,498 It is interesting to see that our model recover these two most relevant 

parts of the catalyst defining the chiral space, suggesting that fine-tunning these two regions  

dramatically influences the stereochemical outcome. Finally, the temperature is an important 

parameter, as increasing temperatures has a negative effect on ee.  

Conclusions 

In conclusion, we employed Morgan fingerprints and DFT descriptors to predict selectivity in 

the Pictet-Spengler cyclisation of hydroxylactams. While Morgan fingerprints slightly 

outperformed DFT descriptors, the difference in accuracy was marginal, both for classifiers 

and regressors; therefore, we further investigated the DFT models to gain chemical insights. 

This reaction is an intramolecular reaction where the anion is delivered from the substrate to 

the catalyst. Thus, the catalyst simply prepares a chiral environment around the substrate, 

where the intramolecular reaction takes place. The analysis of the important descriptors agrees 

with mechanistic features of this reaction, despite it having no knowledge of the reaction 

pathway. For instance, the substrate charges play a major role in determining selectivity, which 

agrees with the fact that both descriptors are associated to atoms involved in the 

enantiodetermining cyclization step. Additionally, the substituents on the amide moiety of the 

catalyst are fundamental in defining the chiral space and induce selectivity. Interestingly in the 

Strecker’s reaction (§4.3) similar descriptors were found to define selectivity, suggesting the 

existence of similar interactions between the amide, the chloride, and the iminium-cation 

intermediate. 
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4.5. Summary and conclusions 

In this chapter, we investigated three distinct HB organocatalytic reactions, including the 

enantioselective formation of β-fluoroamines, Strecker synthesis of α-amino acids, Pictet-

Spengler cyclisation of hydroxylactams. The objective was to establish a general and efficient 

workflow for predicting selectivity.  

For the enantioselective formation of β-fluoroamines, we evaluated the effect of using either 

fingerprints or DFT descriptors (e.g., charges, HOMO, LUMO and steric effects), on the 

accuracy and efficiency of our models. The utilization of DFT descriptors offers interpretability 

advantages that are absent when employing fingerprints. We investigated DFT descriptors at 

different levels of theory and found that more expensive computational approaches do not 

necessarily translate into superior predictive performance. Our final regression model, Model 

5b, employing LASSOCV and DFT descriptors, yielded RMSE » 1 kJ/mol and allowed for the 

identification of crucial electronic and steric effects governing selectivity (Figure 58, Figure 

59, Figure 61). For example, electron withdrawing groups on the BINAM enhance selectivity, 

which aligns with experimental observations. Based on these results new catalysts were 

suggested which remain to be tested.  

Our protocol, using Model 5b, was subsequently applied to predict enantioselectivity in the 

Strecker synthesis of α-amino acids. For this system we obtained slightly higher error than 

before (RMSE » 1.44 kJ/mol), but still good correlation (R2 = 0.76). We hypothesize this is 

likely due to the smaller number of experimentally tested reactions. The ability to stabilize the 

iminium ion, measured by the charge on the N1 of the substrate (Figure 69a), was found to be 

the main factor affecting selectivity, consistent with both experimental observations and 

previous computational analyses.  

Finally, we investigated the Pictet-Spengler cyclisation of hydroxylactams, a chemically 

distinct and less computationally explored reaction. Model 5b yielded RMSE » 1.28 kJ/mol 

and captured the crucial chemistry underlying this reaction for example, substitutions on the N 

of the amide, of the catalyst, define the chiral space (Figure 74b). For the last two reactions, 

we explored several regression and classification methods, utilizing both fingerprints and 

Mordred descriptors, in addition to DFT-computed descriptors. Mordred descriptors exhibited 

lower accuracy and higher errors compared to fingerprints and DFT descriptors. 
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Overall, this chapter established a comprehensive framework for ee prediction in HB-

organocatalysis providing valuable interpretations to improve our understanding of catalytic 

systems and aid their further design.  

Our work builds on previous works in the field by experts such as Sigman,97,98 Sunoj,136  and 

Doyle132,133 which have used ML models to predict ee for nucleophilic additions to imines,97 

regioselectivity for difluorination reactions of alkenes,136 and reaction yields for alcohol 

deoxyfluorination reactions132 (as discussed in detail in §1.3). This work distinguishes itself in 

several aspects. Firstly, it targets the enantioselectivity of HB reactions, which has been studied 

using DFT models by Paton and coworkers488,489 but not studied using ML. Secondly, while 

we use similar descriptors to those employed by Sigman and Doyle, we demonstrate that low-

level DFT computed descriptors at the minima are sufficient, and there is no need to employ 

TS descriptors as done by Sigman. Drawing inspiration from Sigman and Sunoj’s efforts on 

interpretability, we developed models that prioritize interpretability, avoiding those that lack 

true feature learning and instead rely on capturing patterns in the data.134 In contrast to other 

works, which focused on specific protocols for specific reactions, we successfully applied our 

methodology to three distinct reactions without modifications. We demonstrated our 

methodoly’s robustness and generalizability, paving the way for broader applications in 

catalyst design. Because of the variation in datasets, descriptors, and ML algorithms across 

these studies, direct comparison is not feasible, however, it is evident that each model excels 

in predicting the reactions it was trained on. 
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5. Predicting viscosity and CO2 solubility in ionic liquids 

with graph neural networks 

This chapter showcases the implementation of graph neural networks (GNNs) for predicting 

the viscosity and CO2 solubility of ionic liquids (ILs). ILs exhibit extraordinary properties and 

hold immense potential across diverse applications. However, accurately predicting their 

physicochemical characteristics, including viscosity and solubility, poses a formidable 

challenge due to the complex dependence of these properties on temperature and pressure. The 

ideal IL should have low viscosity and high CO2 solubility and predicting these properties early 

on is essential for future developments. 

While several ML models exist for IL property predictions, many of them lack sufficient testing 

or use small datasets for training, which limits their ability to extrapolate to structurally diverse 

ILs. Others require extensive manual work, such as laborious identification of group 

contributions. Here, we present a GNN-based model that accurately predicts viscosity and 

solubility. The model is built using published data sets on viscosity230 and solubility,241 and the 

architecture is inspired by the work of Mitsos et al.391 We provide an automated, end-to-end 

approach for predicting properties of ILs, which enables robust predictions and facilitates 

advancements in IL research. 

5.1. Data collection 

The datasets presented in this chapter have been cleaned and curated to remove duplicates and 

inconsistencies introduced in previous publications. The datasets are available in the 

supplementary material (directory Chapter 5 - Data) 

Viscosity dataset 

For viscosity, 15,213 data points were gathered from literature230 at different temperatures (253 

K – 573 K) and atmospheric pressure (1 bar). The data set covers a wide range for viscosity 

values (0.66 mPa s – 77,441 mPa s). To make this property more amenable to ML, we focused 

on predicting the natural logarithm of viscosity (ln η), which follows a Gaussian distribution 

ranging from −0.22 to 11.26 (Figure 75a-b). The temperature data were normalized using min-

max scaling (Figure 75c-d). 
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Figure 75: Scaling of the viscosity and temperature as they present high variations in their values. a) For the 
viscosity values the natural logarithm has been applied and once scaled the data follow the gaussian distribution. 
b) The temperature data have been normalized with min-max scaling. 

The viscosity data include 24 different cationic families and 15 different anionic families 

(Table 20 and Scheme 13). The most well-represented cationic family is the imidazolium, while 

tetrazolium only occurs once. For the anions, the most well-represented family is the [TF2N]–, 

while borates are the most underrepresented.  

We utilized Tanimoto similarity index to assess the structural similarities between ILs with 

high viscosity (>2,046 mPa s, 34 datapoints at an average temperature of 302 K) and low 

viscosity (<10 mPa s, 1,333 datapoints at an average temperature of 350 K). Analysis of the 

anions and cations of the 34 datapoints with high viscosity, show low Tanimoto similarity 
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indices, with none exceeding 0.37 and 0.45, respectively4. For the anions, sulfonates were the 

most frequently occurring family (53%), followed by the inorganics family (30%). The cations 

belonged to either imidazolium, ammonium, or phosphonium families. From the 1,333 

datapoints with low viscosity the most frequently occurring anionic family was the 

carboxylates (30%), followed by the pyrrolidinium family (29%). Notably the imidazolium 

family remains the most popular cation (43%). From this analysis it can be speculated that 

sulfonate anions result in high viscosities, while carboxylate anions may contribute to lower 

viscosities in ILs. 

Table 20: Viscosity data set. The cations and anions have been categorized in families. Each of the families is 
present in several ILs. 

Cation Family Number of IL Anion Family Number of IL 
amidium 16 alkoxides 124 
ammonium 2061 aminoacids 375 
azepanium 167 BF4 derivatives 1069 
bicyclic 127 carboxylates 1500 
cyclic amidium 14 dicyanamides 811 
cyclic phosphonium 4 heterocyclic amines 510 
cyclic sulfonium 60 inorganics 1106 
cyclopropanium 263 metal complexes 340 
guanidinium 209 methanides 172 
imidazolium 6426 TF2N derivatives 5540 
morpholinium 336 organic borates 95 
oxazolidinium 12 PF6 derivatives 1043 
phosphonium 1780 phosphates 431 
piperazinium 5 sulfates 1008 
piperidinium 554 sulfonates 1183 
pyrazolium 108   
pyridinium 1444   
pyrrolidinium 1162   
quinolinium 58   
sulfonium 217   
tetrazolium 1   
thiazolium 37   
thiouronium 87   
triazolium 159   
Total Families 24 Total Families 15 

Solubility dataset 

For solubility, a total of 9,499 data points were collected at various temperatures (243 K – 453 

K) and pressures (0.008 bar – 500 bar) from literature.241 CO2 solubility is measured in molar 

fraction, which is a unitless quantity ranging from 0 to 1. A total of 8 different cationic families 

 
4 We note here that the similarity index value ranges from 0 to 1, with 0 being no similarity at all and 1 being the 
same molecule. 
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and 10 different anionic families are present in the solubility dataset (Table 21 and Scheme 

13). The most well-represented cationic family is the imidazolium, while the most 

underrepresented is the piperidinium. For the anions, the most well-represented family is the 

[TF2N]–, and the most underrepresented is the phosphates.  

We utilized Tanimoto similarity index to assess the structural similarities between ILs with 

high solubility (>=0.9, 17 datapoint at average temperature of 312 K and average pressure of 

110 bar), and low solubility (<0.01, 306 datapoints at an average temperature of 317 K and 

average pressure of 0.31 bar). For the high solubility category, we identified 17 datapoints. The 

anions belong to the [BF4]– family (15/17) and the [TF2N]– family (2/17). The cations belonged 

to the imidazolium family (15/17) and to the pyridinium family (2/17). For the low solubility 

category, we identified 306 ILs. The families for both anions and cations were diverse, and we 

hypothesize that the low solubilities might be related to low pressures. 

Table 21: Solubility data. The cations and anions have been categorized in families. Each of the families is present 
in several ILs. 

Cation Family Number of IL Anion Family Number of IL 
ammonium 411 BF4 derivatives 1134 
imidazolium 7472 carboxylates 278 
phosphonium 533 dicyanamides 220 
piperidinium 36 inorganics 523 
pyrazolium 75 methanides 776 
pyridinium 156 TF2N derivatives 4072 
pyrolidinium 777 PF6 derivatives 929 
sulfonium 39 phosphates 87 
  sulfates 411 
  sulfonates 1069 
Total Families 8 Total Families 10 
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Scheme 13: Structural representation of the cationic and anionic families that exist in our datasets. 

Training and test set creation 

To test the prediction accuracy of our model, we use 20% of the total data set as an unseen test 

set. Additionally, we apply a 90% - 10% random split for the training/validation data set to the 

remaining data. We repeat 40 times taking the average metrics for each split, to ensure 

generalizability (Figure 76a). We will be referring to this model as Generalization model.  
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To evaluate the extrapolation capability to molecular structures, we performed another split, 

into a training/validation sets and test set. This time, the test set includes molecules that have 

not be seen by the training/validation set. Specifically, for the test set, we randomly select 5% 

of the unique SMILES of both anions and cations5, while the remaining data points are used as 

the training/validation set. Analogously to the test set, we randomly select 5% of unique 

molecules from the training/validation set to create the validation set. Therefore, the three sets 

contain ILs not included in the other sets. Note that for each random training/validation split in 

the extrapolation analysis, the number of data points in the validation set typically varies 

because the number of anion/cation molecules involved may vary for different IL (Figure 76b). 

We refer to this model as Extrapolation model. 

 
Figure 76: Train - validation -test set splits a) for the Generalization model where the same ILs might exist in all 
sets under different conditions, and b) for the Extrapolation model where only unique ILs exist in the test sets. 

Finally, we employ ensemble learning, a technique that aggregates predictions from multiple 

models. Ensembles can increase the robustness of prediction models, by averaging out under- 

and over-predictions.402,499,500 Specifically, we randomly split the data not used for testing into 

 
5 For viscosity, there are 1,107 unique SMILES, leading to 55 unique SMILES in the test set, leading to 2,499 
data points containing these SMILES. For solubility there are 84 unique SMILES in total, leading to 4 unique 
SMILES in the test set, leading to 167 data points containing these SMILES. 
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a training and validation sets before the training of each model. After training, the outputs of 

all models are averaged to obtain the reported property prediction. We found that the validation 

MAE tends to stabilize after including 40 models. 

5.2. GNN architecture 

As explained in §2.2.2 the first step in developing a GNN is to transform the molecules into 

graphs. Nodes (atoms) are denoted with v Î V, and their feature vector as fV(v), while edges 

(bonds) connecting two nodes v, w are denoted with evwÎ E and their feature vector as fE(evw). 

The set of nodes and edges with their corresponding feature vectors describes the attributed 

molecular graph G(m) = {V,E,fV ,fE} for a molecule m.392,393 To generate the feature vectors, 

the atom and bond features shown in Table 22 are generated with RDKit.391,392,501 

Table 22: Features used for the nodes and edges to create the feature vector for each molecule. 

Feature Description Dimension 
Atom type C,O,N,F,S,Cl,P,B,Br,Al,Sb,I, 

H,Si,Fe,Ta,Nb,W,Mo 
19 

Atom in ring whether the atom is part of a ring 1 
Is aromatic whether the atom is part of an aromatic system 1 

Charge formal charge of the atom (-3,-2,-1, 0, 1,2,3) 6 
Hybridization sp, sp2, sp3, or sp3d2 4 

#Hs number of bonded hydrogen atoms 4 
Bond type single, double, triple, or aromatic 4 
Conjugated whether the bond is conjugated 1 
Bond in ring whether the bond is part of a ring 1 

 

The GNN model employed here is implemented in Python and utilizes the geometric deep 

learning package PyTorch Geometric (PyG) developed by Fey and Lenssen.502 After 

converting the molecules into graphs and establishing their feature vectors, they are given as 

an input to the GNN. In the message passing phase of the GNN, we use two separate graph 

convolutional layer channels, one for the molecular graph of the cation and one for the anion. 

Thus, the same graph convolutional layers are applied independently to the molecular graph of 

the anion and the molecular graph of the cation (Figure 77). For the graph convolutions, we 

apply a gated recurrent unit (GRU) with the GINE-operator401,503 that utilizes an MLPGINE to 

map the ε-scaled hidden state of a node (ε being a learnable parameter) and the received 

information from the neighborhood (transformed by an activation function σ) to the updated 

hidden state (ℎJ^ ,	for a given node v and layer l), leading to the following update function (Eq. 

5.1):  
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Note that here both the initial hidden node states and the edge features are linearly transformed 

by a learnable parameter matrix (θ) to match the dimension of the following hidden states, i.e., 

ℎJ! = 𝜃J ∙ 𝑓G(𝑣)	and 𝑓E)* = 𝜃a ∙ 𝑓a(𝑒JU)	respectively. 

After the graph convolution layers sum pooling is applied, capturing the collective information 

of the atoms and bonds, yielding the molecular fingerprint of the cation (hc) and the anion (ha). 

Then, the interactions between the cation and anion molecules are modeled with MLPIL, a MLP 

that transforms and concatenates the two molecular fingerprints. The output of this interaction 

MLP is then concatenated with the normalized temperature, and pressure of the IL and 

subsequently fed into MLPTP, an MLP providing the prediction for viscosity or solubility 

(Figure 77). 

 

Figure 77: Graphical representation of the GNN architecture. Figure adapted from Mitsos et al.391 

Hyperparameter optimizations 

Following the work of Mitsos et al., the hyperparameters were tuned in a two-step process.391 

In the first step, a grid search is performed to determine the optimal hyperparameters for the 

GNN architecture, including the graph convolutional type Î {NNConv, GINEConv}, number 

of graph convolutional layers Î {1, 2, 3}, usage of GRU in graph convolutions Î {True, False}, 

dimension of molecular fingerprint Î {64, 128}, number of layers in MLP-channels in 

interaction network Î {1, 2, 3}, activation function Î {Leaky ReLU, ReLU, ELU}.  
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The number of neurons for the interaction MLPIL is fixed to 256 for all MLP-channel layers. 

The structure of the MLPTP is not varied and set to three layers with 258 (two additional 

dimension for the temperature and pressure), 128, and 1 neurons. The following training 

hyperparameters are applied: initial learning rate 0.001, learning rate decay of 0.8 with a 

patience of 3 epochs, batch size 64, maximum number of epochs 100 for viscosity and 120 for 

solubility, optimizer adam, early stopping patience of 25 epochs, dropout rate in both MLPs of 

0.05.  

The first step of the hyperparameter search results in a final model architecture with the graph 

convolutional type GINEConv employed in two layers in combination with a GRU, a 

fingerprint dimension of 64, a number of layers in MLP-channels of 3, and Leaky ReLU as 

activation function. In the second step of the hyperparameter tuning, a grid search to fine-tune 

the GNN training parameters is conducted, i.e., varying the initial learning rate Î {0.01, 0.001, 

0.0001}, the batch size Î {32, 64, 128}, and the dropout rate Î {0.1, 0.05, 0}. We select the 

best model based on the validation error with a random split of the initial data set into training 

and validation sets. This leads to an optimal initial learning rate of 0.001, a batch size of 64, 

and a dropout rate of 0. In Figure 78 we present the loss curves that helped us identify the 

number of epochs needed to train the models. 

 
Figure 78: Loss curves depicting the training epochs required for datasets. a) The viscosity dataset shows minimal 
variations post the 80th epoch, with no further change after 100 epochs. b) The solubility dataset exhibits slight 
fluctuations after the 100th epoch, stabilizing thereafter with no significant change after 120 epochs. 

We also tested a single graph GNN where the anion and cation are represented by a one graph 

(Appendix E1). However, this approach did not yield better accuracies than previous viscosity 

prediction models. This led us to construct the two graph GNN. It is also worth noting that we 

initially trained a LASSOCV model with Morgan fingerprints, for the viscosity dataset. This 
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was an early attempt to establish a baseline model for our data set. However, it was discarded 

as it proved to be less accurate than previously published models (Appendix E2). 

5.3. Results and discussion 

5.3.1. Viscosity  

For the Generalization model the dataset was split randomly into training (70% of the data), 

validation (10% of the data), and test (20% of the data). This was done 40 times, and the 

average metrics were obtained. The results demonstrate high predictive power as evident by 

the excellent correlation coefficient and low errors for the test set (R2 = 0.98, MAE = 0.07 and 

RMSE = 0.21, Figure 79a). 

The Extrapolation model, exhibits worse correlation and higher errors (R2 = 0.62, MAE = 0.71 

and RMSE = 0.92) for the test set compared to the train/validation set (R2 = 0.97, MAE = 0.18 

and RMSE = 0.29, Figure 79b). However, we attribute this difference to the fact that the test 

set contains structurally diverse and unseen molecules, compared to the training set. 

Nonetheless, the model still demonstrates its extrapolation capabilities. We do not believe that 

this correlation indicates over-fitting, instead it underscores the moderate yet significant 

extrapolation capabilities of our model. 

 
Figure 79: Viscosity results for a) The Generalization model that shows excellent correlation and low errors; b) 
the Extrapolation model that shows higher errors and worse correlation, displaying clusters of outliers. 
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To understand the poorer performance of the Extrapolation model we investigated further. We 

identified clusters of outliers in the test set, which we color coded according to anion and cation 

families (Figure 80). The bottom blue/pink clusters correspond to alkoxides and phosphonium 

respectively. While both families are well represented in our dataset, the combination of the 

two is less so (in total only 71 datapoints contain alkoxides and phosphonium). For the middle 

clusters no clear family trends are observed. Finally, the top cluster contains guanidinium and 

cyclopopanium families which are underrepresented in general. These findings suggest that 

these outliers arise because of the limited data available for them. We have no evidence that 

the temperature plays a significant role for these outliers.  

 
Figure 80: Color coded families help us identify in which families the outliers belong to; a) For the anions we 
observe that alkoxides, BF4-, and methanides form the main outliers. b) For the cations the phosphonium, the 
guanidinium and the cyclopropenium form the main outliers. 

Upon careful examination of Figure 80, it seems that higher viscosity values deviate more. This 

observation is expected due to the scarcity of high viscosity values in our dataset, resulting in 

greater variability in the predictions for such cases. Based on this observation, we conducted a 

final test to evaluate the model’s performance in predicting extreme values. We used the five 

ILs with the lowest and highest viscosity as an unseen test set. Although the correlation is high 

(R2 = 0.85), we observe high errors (MAE = 1.7, RMSE = 2.16). These errors arise primarily 

from the highest viscosity data points. For example, the largest viscosity value 11.26 was 

predicted as 8.2. This indicates that our model faces challenges in accurately predicting high 

viscosity values, as already observed in Figure 80. 

In conclusion, these results suggest that while the Generalization model outperforms those 

previously reported in the literature (as detailed in §1.4.2), the Extrapolation model could 
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benefit from further refinement. It’s important to underscore, that the Extrapolation model has 

been tested on a diverse set of molecular structures. This represents a significant departure from 

prior studies in this field, which often did not challenge their models with such structurally 

varied test sets. As such, our work not only pushes the boundaries of model testing but also 

illuminates avenues for future improvements in model robustness and generalizability. It is 

important to acknowledge that our current model lacks consideration of pressure variations. 

Future efforts should include development of a model that accounts for variations in pressure. 

5.3.2. CO2 Solubility  

Similarly to viscosity, the solubility dataset was randomly split 40 times to training validation 

and test sets and the average metrics were obtained to construct the Generalization model, 

which resulted in a highly predictive model as it displays excellent correlation and low errors 

for the test set (R2 = 0.99, MAE = 0.02 and RMSE = 0.03, Figure 81a). 

The Extrapolation model also exhibits perfect correlation and very low errors both for the 

train/validation set (R2 = 0.98, MAE = 0.02 and RMSE = 0.03) and the test set (R2 = 0.98, 

MAE = 0.03 and RMSE = 0.04, Figure 81b), despite the highly different structural molecules 

included in the test set compared to the train set.  

 
Figure 81: Solubility results. a) The Generalization model and b) The Extrapolation model show excellent 
correlation and very low errors. 
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To further challenge the solubility model, we used as a test set 436 data points that contain the 

two anions and the three cations with the lowest average Tanimoto similarity. Pleasingly the 

correlation stays high and the errors low for this test set (R2 = 0.88, MAE = 0.04 and RMSE = 

0.04, Table 23). Next, we used as a test set the six anions that show the lowest average Tanimoto 

similarity, which are present in 2,376 data points. In this case we observe a lower correlation 

(R2 = 0.66) compared to the previous models; however, the errors continue to be small (MAE 

= 0.06 and RMSE = 0.11, Table 24), which implies that even when the model is pushed to 

predict highly diverse structures it still gives accurate predictions. Additionally, we 

investigated how the model predicts extreme values, meaning the five highest and lowest 

solubility values, yielding an excellent correlation and low errors (R2 = 0.99, MAE = 0.02, 

RMSE = 0.03, Table 25). These results confirm the robustness of our model. 

Table 23: Metrics for the solubility model when the test set contains ILs composed by the two anions and the 
three cations with the lowest Tanimoto similarity, resulting in 436 structurally diverse datapoints. 

Data set MAE RMSE R2 
Train  0.02 0.02 0.98 
Validation 0.01 0.02 0.99 
Test 0.04 0.06 0.88 

Table 24: Metrics for the solubility model when the test set contains ILs composed by the six anions with the 
lowest Tanimoto similarity, resulting in 2,376 structurally diverse datapoints. 

Data set MAE RMSE R2 
Train  0.02 0.03 0.98 
Validation 0.02 0.02 0.99 
Test 0.06 0.11 0.66 

Table 25: Metrics for the solubility model when the test set contains data points responsible for the five highest 
and five lowest solubility values. 

Data set MAE RMSE R2 
Train  0.02 0.03 0.98 
Validation 0.02 0.02 0.99 
Test 0.02 0.03 0.99 

A final test was performed to evaluate our model’s ability to predict the CO2 solubility of 24 

experimentally tested ILs that have been used for carbon capture.171 These ILs were tested 

under a range of experimental conditions, from temperatures of 298K to 323K and pressures 

from 9 bar to 29.5 bar. This diverse test set not only demonstrates the real-world applicability 

of our model, but also confirms its effectiveness within the specific context of IL research and 

carbon capture applications. The results obtained are highly encouraging. With a good 

correlation and low errors (R2 = 0.70, MAE = 0.04, and RMSE = 0.07, Table 26), our model 

shows considerable promise for future use in carbon capturing. 
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Table 26: Metrics for the solubility model when the test set contains 24 ILs that have been tested for carbon 
capture capacity. 

Data set MAE RMSE R2 
Train  0.01 0.02 0.99 
Validation 0.01 0.02 0.99 
Test 0.04 0.07 0.70 

Interpretability 

We attempted to interpret our predictions, employing GNNExplainer504 and XGNN.505 The 

former provides input-dependent explanations at an instant level, monitoring the change of 

prediction with respect to different input and determines input importance scores. XGNN505 

identifies the general decision-making patterns and structures within the GNN model. 

However, we were unable to apply these explaining tools to our model. As it is built on two 

distinct graphs representing anions and cations separately, while these techniques are designed 

for homogenous graphs. Moreover, these techniques are not well-suited for regression tasks 

such as the ones we have used.  

One potential alternative approach would involve constructing a second GNN, similar to the 

work conducted by Farimani et al., which employs a single graph and performs classification 

tasks.242 However, it is important to note that this approach would be limited in terms of 

explaining the predictions of our regression-based model. As the two models serve different 

prediction purposes, utilizing a classification based GNN to explain the predictions of a 

regression model may not provide a comprehensive understanding of the factors influencing 

the regression model’s predictions.  

To interpret our GNN model, we tried training a RF, as they are known for their good 

performance and interpretability, though they have not been used for IL property 

predictions.132,133,140 We used the feature vectors for the anions and cations from the pooling 

step (previously mentioned as hc and ha in Figure 77), along with temperature and pressure 

information. Although this method does not identify chemical groups, it can discern wether 

important features are related to the anion or cation. Notably, temperature and pressure stood 

out as key solubility descriptors. The other 10 top features belonged to the anion. We would 

like to note here that the RF model for solubility shows worse correlation than the GNN and 

slightly higher errors (R2 = 0.88, MAE = 0.05, RMSE = 0.08). Unfortunately, the RF for 

viscosity showed bad correlation and high errors (R2 = 0.32, MAE = 1.04, RMSE = 1.37) so it 

was not considered further.  
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This evidence the urgent need for tools explaining more complex GNN architectures, which 

could significantly increase the impact of the studies under this architecture.  

5.4. Conclusions 

Our study introduced a GNN model to train two independent models for predicting viscosity 

and CO2 solubility of ILs. We report that our model for viscosity yielded R2 = 0.98 and MAE 

= 0.07 and for solubility R2 = 0.99 and MAE = 0.02, for the test sets. We evaluated the 

generalization and extrapolation capabilities of our GNN models by testing them on unseen 

and dissimilar molecules. The trained models discussed in this chapter are accessible in the 

supplementary material (Chapter 5). Once formally published, researchers will have the 

opportunity to utilize these models for their own predictive analyses. 

While other models have been developed to predict viscosity, including QSPR and group 

contribution (GC) models paired with regression algorithms, many of these models were 

trained on small datasets and/or validated on limited unseen data. As an exception Paduszynski 

et al.,230 employed the largest dataset available to date (41,250 data points). They developed a 

two-stage modeling protocol involving a NN-derived reference term and a SVM for 

temperature correction. Our aim was therefore to develop an end-to-end model for viscosity 

prediction, without the need to model reference and correction terms or define numerous group 

contributions. 

Other models have also been trained to predict CO2 solubility of ILs, using NN-GC and SVM-

GC models, however, their testing has been confined to a single randomized train-test dataset 

split. This limitation prompts questions regarding the models’ predictive capacity and ability 

to generalize to unseen data. Zhou et al.241 compiled a comprehensive database of 10,116 CO2 
solubility data, however, during our study over 600 data points were found to be duplicated. 

Despite this, it stands as the largest dataset available (which we also employ), encompassing 

publications up to 2020. The authors acknowledged the inherent challenges associated with 

constructing a GC model, as it necessitates the prior decomposition of molecules into 

constituent building groups, a process that typically requires manual intervention. 

In our approach, we represent anions and cations as graphs, a technique previously utilized 

only by Farimani.242 They applied a similar method to a solubility dataset (originally from Zhou 

et al.241), achieving remarkable metrics (MAE = 0.01 and R2 = 0.99), similar to ours. However, 

their random split of training and testing sets raises questions about the model generalizability. 
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Additionally, our attempts to adapt their model to our dataset were unsuccessful. They convert 

their data into a NumPy file format containing only numerical values, which are then used by 

the GNN. However, they don’t provide a consistent method for this conversion, implying 

potential limitations in its application to diverse datasets. Furthermore, our models run in about 

20 minutes on a 2 GHz Quad-Core Intel Core i5 MacBook Pro, whereas their model takes more 

than a day, most probably due to the architecture they have chosen to employ. 

Future research could be directed towards improving the accuracy of the viscosity model, by 

expanding the dataset to include a wider range of IL structures and incorporating information 

about pressure. Additionally, achieving interpretability with GNNExplainer, could extend its 

applicability. Moreover, we envision the development of a general model capable of 

simultaneously predicting viscosity, solubility, density, and absorption capacity of ILs. Instead 

of optimizing individual properties researchers can aim for ILs that exhibit a combination of 

desirable properties. However, the challenges of such an approach might include balancing 

competing objectives and ensuring that improvements in one property do not negatively impact 

others, which demands understanding of the IL behavior and structure-property relationships.   
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6. Conclusions 

Significant progress in computer science has propelled the field of computational chemistry, 

revolutionizing traditional modeling approaches and offering a compelling alternative to time- 

and resource-intensive experiments. In recent decades, ML models have been extensively 

developed and applied in various subfields of chemistry for property and reaction outcome 

predictions. 

In this Thesis we have devised Pythia, a user-friendly and adaptable framework designed to 

streamline the application of ML in chemistry. It brings together several ML algorithms and 

representation methods. Pythia integrates feature elimination techniques and interpretability 

tools such as SHAP to enhance model interpretability. To our knowledge there is no other 

open-source tool designed to offer such capabilities while at the same time prioritizes 

accessibility to novice users. Initially used for selectivity predictions, Pythia has evolved to 

incorporate new functionalities such as protein-ligand binding affinity predictions and property 

estimations, demonstrating its adaptability and versatility across diverse chemistry domains. 

The unique combination of features and functionalities make Pythia a powerful and accessible 

ML toolkit, empowering researchers to leverage ML techniques in their chemistry-oriented 

endeavors.  

In Chapter 4, we showcased the use of Pythia in predicting selectivity in three organocatalytic 

reactions, demonstrating accurate predictions in regression models using LASSOCV and DFT 

descriptors. Predicting enantioselectivity of HB reactions, using ML techniques, is an 

unexplored area. We investigated the enantioselective formation of β-fluoramines (RMSE »1 

kJ/mol), the enantioselective Strecker synthesis of α-amino acids (RMSE » 1.44 kJ/mol), and 

the Pictet-Spengler cyclisation of hydroxylactams (RMSE = 1.28 kJ/mol). We show that even 

low level DFT descriptors are sufficient for predicting ΔΔG‡. While previous studies have 

utilized similar techniques to predict selectivity, our work stands out for its broader application 

across diverse systems. Moreover, for the enantioselective formation of β-fluoramines, we 

designed new catalysts taking into consideration our model’s suggestion to add electron 

withdrawing groups on the BINAM. Indeed, these changes have been experimentally proven 

to improve selectivity, as they increase the acidity of the urea and consequently the strength of 

the HBs.  
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In Chapter 5 we explored the use of GNNs for predicting viscosity and CO2 solubility in ILs. 

These systems have emerged as promising candidates for carbon capture technologies; 

however, the effective design and implementation of such technologies necessitates a thorough 

understanding of their viscosity and solubility. To address this gap, we developed a 

comprehensive end-to-end workflow for the accurate prediction of these properties. The 

models developed showcase exceptional correlation with experimental data, with minimal 

errors (for viscosity R2 = 0.98 and MAE = 0.07, and for solubility R2 = 0.99 and MAE = 0.02). 

Our models will be made accessible through pre-trained formats, facilitating their adoption by 

researchers seeking to forecast these properties for their specific IL compositions. Moreover, 

the same architecture could be adapted to predict additional properties such as density and 

absorption capacity in ILs, thereby broadening its utility and impact within the materials 

science domain. Future research could focus on developing more interpretable models to 

understand the molecular features that govern viscosity and solubility. The inclusion of 

uncertainty quantification methods is also a relevant aspect necessary to further enhance the 

accuracy and reliability of predictions. These advancements will not only enhance our 

understanding of IL properties but also bolster their practical application in tackling pressing 

environmental challenges. 

Overall, this Thesis serves as a comprehensive exploration of ML workflows in computational 

chemistry, including organocatalysis and the design of carbon capture technologies based on 

ILs. The development of Pythia streamlines applications of ML in chemistry. As ML models 

continue to advance in terms of their robustness, reliability, and popularity, we hope 

experimental chemists will increasingly and rigorously employ these models, challenging their 

use in novel chemical systems, and identifying new avenues for further improvement. 
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Appendix A 

The supplementary data for this Thesis can be accessed at the following location: 

File Name: 'Zavitsanou_thesis_data.zip' 

Detailed data references for each chapter are as follows: 

1. Data for Methods Chapter: 

• Directory: 'Methods-nucleophilicity.zip' 

• Contents: Optimized structure coordinates and raw/processed data tables used for the    

correlations ('nucleophilicities.xlsx'). 

2. Data for Chapter 3: 

• Directory: 'Chapter3.zip' 

• Contents: Pythia code (Modules and Jupyter Notebooks), 'DDG.csv,' 'DFTdata.csv,' 

and 'First_set_full.csv' (input data for Jupyter Notebooks). 

3. Data for Chapter 4: 

• Directory: 'Chapter4.zip' 

• Contents: 

o 'Chapter4.2.zip': Contains optimized structure coordinates ('Coordinates'), 

raw/processed data for MLModels and results ('Raw-Preprocessed_data.xlsx'), and 

code for data processing/regression ('Scripts'). Please refer to the README file for 

instructions on running the code. 

o 'Chapter4.3.zip': Contains optimized structure coordinates ('Coordinates'), 

raw/processed data for MLModels ('Raw-Preprocessed_data.xlsx'), saved models, 

Jupyter Notebooks, and metrics/results ('MLModels'). 

o 'Chapter4.4'.zip: Contains optimized structure coordinates ('Coordinates'), 

raw/processed data for MLModels ('Raw-Preprocessed_data.xlsx'), saved models, 

Jupyter Notebooks, and metrics/results ('MLModels'). 

4. Data for Chapter 5: 

• Directory: 'Chapter5.zip' 

• Contents: 
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o 'Data': Contains 'solubilitydata.xlsx' and 'viscositydata.xlsx,' which include original and 

processed data for the two datasets. 

o 'gnn-final': Includes code for training the GNN model (for solubility and viscosity) and 

the final results presented in this thesis under the 'final_results' subdirectory. Please 

refer to the README file for instructions on running the code. 

o 'gnn-onegraph': Contains code for training the GNN model when considering one graph 

to represent both the anion and the cation. Note that these results are only presented in 

Appendix C1 and are not part of the main Thesis. 

o 'Regression-Fingerprints': Includes the Jupyter Notebook (part of Pythia) used to train 

the LASSOCV model and its results. Note that these results are only presented in 

Appendix C2 and are not part of the main Thesis. 
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Appendix B 

B.1. Fukui - nucleophilicity descriptor 

We initially focused on the calculation of nucleophilic Fukui function on the fluoride ion bound 

to the catalysts considered in Chapter 4.2. The nucleophilicity was not found to correlate with 

reaction yields (Figure 82, R2 = 0.0). The main reason for the lack of correlation is the fact that 

the HOMO of the catalyst-F– complex is located at the urea moiety which in turn is responsible 

for the nucleophilicity index value. Secondly, given the “hard” nature of the nucleophile, it is 

not surprising that descriptors based on orbital interactions behave poorly. In these cases, other 

electronical properties, like charges, are more suitable. 

 
Figure 82: The yield of the 257 reactions against the nucleophilicity. 

A poor correlation was observed between the fluoride charge and nucleophilicity (Figure 83, 

R2 = 0.54). These results suggest that the nucleophilic Fukui function is not a good descriptor 

for evaluating reactivity on the fluoride centre and, therefore, it was not used as a descriptor 

for the ML models. 
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Figure 83: Nucleophilicity against fluoride ion charge for the experimentally tested catalysts. Monourea catalysts 
in orange, two urea catalysts in blue.  

Fluoride-diarylurea & fluoride-alcohol complexes  

To select relevant descriptors we also investigated homoleptic fluoride-diarylurea complexes 

that follow the SN2/E2 mechanism but that do not undergo PTC (Scheme 14 – catalysts 1-3).1 

Correlation between the degree of complexation and the charge on the fluoride was examined 

(Figure 84a, R2 = 0.90); the six complexes that have an amide functional group or a squaramide 

structure (Scheme 14 – catalysts 2-3) were disregarded as no BO was found in those cases. The 

reaction rate and the fluoride charge (Figure 84b, R2 = 0.85) also show high correlation, leading 

to the conclusion that the fluoride charge highly correlates with the BO and the reaction rate. 

 
Scheme 14: Representatives of the urea-fluoride (1-3) and alcohol-fluoride complexes (4-7). 
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Figure 84: Top: Analysis of the fluoride-diarylurea complexes. a) Summation of H-F– BO against the fluoride 
charge. In blue the di-coordinate catalysts, in orange the mono-coordinate catalysts. b) Reaction rate in ΔG‡ 
against the fluoride charge. Bottom: Analysis of the fluoride-alcohol complexes. c) Summation of H-F- BO 
against the fluoride charge, d) Reaction rate in ΔG‡ against the fluoride charge.  

We then investigated the hydrogen-bonded fluoride-alcohol complexes (Scheme 14 – catalysts 

4-7).2 The correlation between the fluoride charge and the sum of hydrogen BOs was once 

again confirmed (Figure 84c, R2 = 0.72). Finally, a weak correlation between the reaction rate 

and the fluoride charge was obtained (Figure 84d, R2 = 0.04). From the above we conclude that 

the summation of the BO is a valuable descriptor.  

Based on the above findings we decided that nucleophilicity/electrophilicity will not be 

considered as a descriptor for our ML models, whereas the BO will be included. 

B.2. Steric descriptors 

To calculate the B1, B5, and L values of the 3,5-bis(trifluoromethyl)phenyl in the blue circle 

(Figure 85a), with wSterimol,3 one must define the bond from the N (atom A in yellow) to the 

H (atom B in yellow). The wSterimol code is designed to assume that atom A is a H (which in 

Figure 85a is not the case), for this to be true the catalyst has to be ‘cut’ at atom A and replace 
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the N with a H (Figure 85b). Then wSterimol calculates the distances between atom A and 

every atom present in the molecule and defines the maximum and minimum distances. It is 

obvious that these distances cannot be the same in the two cases of Figure 85. 

 

Figure 85: To calculate B1, B5, and L values of these two structures we have to identify a bond to scan along. a) 
The entire catalyst is considered, and the R group of interest is marked in the blue circle. The bond we scan along 
is between atoms A and B in yellow. b) Only the phenylthingy is considered and the bond we scan along is 
between atoms A and B in yellow. This time atom A is a H, as the sterimol script assumes. 

To identify what B1, B5, and L values illustrate when the entire molecule is considered, we 

generated a script that depicts the atoms as spheres and the vectors as arrows (Figure 86). In 

this three-figure panel, the same catalyst is shown from different angles of the cartesian space. 

It seems as the B5 vector is reaching to the other 3,5-bis(trifluoromethyl)phenyl of the catalyst 

and not the one for which we scanned the bond along. Such a thing could cause inconsistencies 

between the descriptors as different catalysts have different sizes and orientation and the B5 

vector can in fact end up showing anywhere on the catalyst. 

 

Figure 86: Three different angles of the Cartesian space illustrating the atoms as spheres and the B1, B5, and L 
vectors as arrows. The B5 vector is pointing away from the R group of interest 3,5-bis(trifluoromethyl)phenyl. 
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Previous works consider a ‘cut’ R group and calculate sterimol values only for this group.4 

However, the molecules in these works have a single consistent core, and only specific 

substitutions take place. The cores of our catalysts differ to great degree ((mono) ureas, 

thioureas, squareamides) and therefore such a traditional practice cannot be implemented.  

To overcome this challenge, we included the idea of directionality along a bond. We decided 

that using Graph networks would be a quick and efficient method to identify which part of the 

molecule the calculations should be performed on. We exploited the fact that the Sterimol script 

already extracts the atoms and bonds from the optimised structures, and we therefore could 

draw a graph of the molecules where the nodes are atoms, and the edges are the bonds. As the 

atoms of interest (A-B) are known to us, we can delete the edge between them resulting in two 

subgraphs (Figure 87). The subgraph which contains atom B is the subset of atoms we are 

interested in, so all atoms of this subgraph are input for the Stermoil script and the B1, B5, and 

L values are calculated for this subgraph. 

 

Figure 87: Graphical representation of a graph where the nodes represent the atoms, and the edges represent the 
bonds. By deleting the edge between atoms, A and B two subgraphs result. The subgraph which contains atom B 
is the subset of atoms we are interested in. 

In short, the wSterimol code was modified to automatically identify the carbon and hydrogen 

atoms that are connected to the nitrogen atoms of the ureas, thioureas and squareamides, 

returning a list of atom ids for each catalyst. The script identifies which bond can be deleted 

based on the atom list given, resulting to two subgraphs of the same molecule. Finally, it 

calculates the B1, B5, and L values for the subgraph of interest. The bonds scanned to extract 

sterimol values are introduced in detail in each chapter separately.  
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Appendix C 

C.1. Mordred descriptors 

 
Figure 88: The confusion matrices and the ROC curves for the top three classifiers, with Mordred descriptors, on 
the training data. 
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Figure 89: The confusion matrices and the ROC curves for the top three classifiers, with Mordred descriptors, 
on the test set. The ROC curve for the GP does not show the purple line (AUC class 0) as it overlaps with the 
green line (AUC class 1). 
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Figure 90: Regression models for the training set with Mordred descriptors. 
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Figure 91: Regression models for the test set with Morgan descriptors. 
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C.2. Morgan fingerprints 

 
Figure 92: The confusion matrices and the ROC curves for the top three classifiers, with Morgan fingerprints, 
for the training set. 



 

 xiii 

 
Figure 93: The confusion matrices and the ROC curves for the top three classifiers, with Morgan fingerprints, 
for the test set. The ROC curve for the GP does not show the purple line (AUC class 0) as it overlaps with the 
green line (AUC class 1). 
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Figure 94: Regression models for the training set with fingerprints. 
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Figure 95: Regression models for the test set with fingerprints. 
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C.3. DFT descriptors 

 

 
Figure 96: The confusion matrices and the ROC curves for the top three classifiers, with DFT descriptors for 
the training set. 
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Figure 97: The confusion matrices and the ROC curves for the top three classifiers, with DFT descriptors, for 
the test set. 
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Figure 98: Regression models for the training set with DFT descriptors. 
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Figure 99: Regression models for the test set with DFT descriptors. 
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Appendix D 

D.1. Morgan fingerprints 

 
Figure 100: The confusion matrices and the ROC curves for the top three classifiers, with Morgan fingerprints, 
for the training set. 
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Figure 101: The confusion matrices and the ROC curves for the top three classifiers, with Morgan fingerprints, 
for the test set. 
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D.1. DFT descriptors 

 

 
Figure 102: The confusion matrices and the ROC curves for the top three classifiers, with DFT descriptors, for 
the training set. 
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Figure 103: The confusion matrices and the ROC curves for the top three classifiers, with DFT descriptors, for 
the test set. The ROC curve for the GP does not show the purple line (AUC class 0) as it overlaps with the green 
line (AUC class 1). 
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Appendix E 

E.1. GNN with one graph 

An alternative way to build the GNN is to generate one graph that represents both the anion 

and the cation. This practically means that the SMILES strings for the two molecules are 

concatenated in one SMILES string. RDKit5 features are extracted in the same manner to create 

the feature vectors of the nodes and edges in the IL. The GNN architecture in this case is shown 

in Figure 104. For the graph convolutional a GINEConv was employed in two layers in 

combination with a GRU and fingerprint dimension of 64. The structure of the MLPTP is not 

varied and set to three layers with 66 (two additional dimension for the temperature and 

pressure), 32, and 1 neurons. The following training hyperparameters are applied: initial 

learning rate 0.001, learning rate decay of 0.8 with a patience of 3 epochs, batch size 64, 

maximum number of epochs 100 for viscosity and 120 for solubility, optimizer adam, early 

stopping patience of 25 epochs, dropout rate in the MLPTP of 0.05. Training of this model was 

faster than the two graphs model (7 minutes and 24 minutes respectively in CPU).  

 

Figure 104: Architecture of GNN model, when one graph is considered both for the anion and the cation. 

This model showed to be less accurate compared to the one suggested in our main Thesis for 

the viscosity dataset, especially for the Extrapolation model (Tables 27 & 28). We assume that 

this architecture does not allow the model to learn the interactions between the anions and the 

cations. 
Table 27: Average metrics for Generalization results for viscosity for 40 models. 

Data set MAE RMSE R2 
Train  0.34 0.52 0.89 
Validation 0.34 0.53 0.89 
Test 0.35 0.54 0.88 
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Table 28: Extrapolation results for viscosity. 

Data set MAE RMSE R2 
Train  0.38 0.57 0.87 
Validation 0.64 1.10 0.66 
Test 0.90 1.19 0.36 

 

E.2. Regression model with Morgan fingerprints 

Before we attempted building a GNN for the prediction of viscosity and solubility of ILs we 

wanted to ensure that a simple regression model with fingerprints could not perform 

adequately. We therefore created a model on the viscosity data, that uses Morgan fingerprints 

for each anion and cation and LASSOCV. Information about the temperature was also 

included. The dataset was split randomly to 80% train set and 20% test set and yield indeed 

adequate results but no better than other published literature has achieved. For the test set the 

correlation was relatively high, however the errors were significantly higher compared to the 

GNN model (R2 = 0.83, MAE = 0.47, RMSE = 0.64). This model was not considered further. 
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