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Abstract 

Computational organic chemistry has grown vastly in the last two decades, with the 

development of larger and more powerful models and more accessible experimental datasets. 

Advances in both Density Functional Theory (DFT) and Machine Learning (ML) have resulted 

in the ability to predict reaction selectivities and a range of molecular properties with ever-

increasing levels of accuracy. 

This thesis focuses on different DFT and ML approaches to predict enantioselectivity, NMR 

shifts and coupling constants for a range of fluorine-containing small molecules. In Chapter 3, 

both DFT and ML are used to predict the enantioselectivity of the Hydrogen Bonding Phase 

Transfer Catalysis (HBPTC) reaction.  We then interrogate the model’s learnt parameters to 

suggest a selection of potential catalysts and substrates that maximise the enantioselectivity for 

the synthesis of alkyl  beta-fluoroamines.  Chapter 4 further explores the study of the HBPTC 

complexes by developing an approach to calculate the 19F NMR shifts of the fluoride anion and 

the 1JHF coupling constants across the H-F hydrogen bond. Finally, in Chapter 5, a BERT model 

for the prediction of 19F NMR in a range of organic molecules is introduced. Integrated 

Gradients (IGs) are then used to understand if the model has learnt chemistry. Finally, the 

model is applied to identify which regioisomer is produced from late-stage fluorination 

reactions purely from 19F NMR.   

This thesis shows how a range of different ML and DFT options can be utilised by 

computational chemists to solve a series of challenging chemical problems, while also giving 

direction for future research in the field.  
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Chapter 1  Overview, Background and Theory 

for DFT in Organic Chemistry 

1.1 Overview 

Computational chemistry can be of great aid to experimental chemists, through the 

identification of reaction paths and transition states and by rationalising selectivity. In 

particular, computational chemists can work in collaboration with experimentalists to identify 

and improve enantioselectivity through modelling transition states and suggesting 

modifications to better differentiate between major and minor transition states.1-8 Alongside 

work on aiding reaction development and optimisation, computational chemists can help in the 

identification of reaction products through the calculation of experimentally measurable 

properties, including NMR, allowing for the differentiation between diastereomers or 

reassignment of natural products.9  

This thesis covers the study of fluorine containing compounds through the use of both 

traditional DFT-based methods alongside more modern machine learning concepts.  Overall, 

the aim of the work described in the following chapters is to develop workflows and methods 

that can help experimental chemists to rationalise both selectivity and structure of 19F-

containing compounds. Chapters 3 and 4 focus on hydrogen bonded fluoride complexes, while 

Chapter 5 is broader covering most organofluorine compounds.    

Chapter 1 starts with an overview of fluorine-containing molecules and their importance in 

organic chemistry. This is followed by a discussion on hydrogen bonding phase transfer 

catalysis before an overview of the prediction of 1H, 13C and 19F NMR using computational 

means is described. The theory and background of Computational Chemistry, including wave 
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function theory and density functional theory, are introduced, along with the calculation of 

molecular properties.  

Chapter 2 introduces machine learning techniques to study organic reactivity and properties, 

looking at the prediction of yield, enantioselectivity and NMR shifts. Before the background 

theory underpinning machine learning algorithms, data selection and overfitting are discussed.  

In Chapter 3 focuses on the development of a workflow to aid in the enantioselective synthesis 

of trans-β-fluoroamines which is a key target motif for medicinal chemistry and drug discovery. 

A data mining and machine learning approach was used, utilising both published and 

unpublished experimental data obtained by the Gouverneur group.  This model was trained to 

predict the enantioselectivity for a range of epi-sulfonium and aziridinium substrates achieving 

accuracies below 1.1 kJ/mol. By interrogating this model, we were able to generate a linear 

energy relationship between substrate, catalyst structure, and enantioselectivity, before 

computationally screening catalysts to identify future potential synthetic targets.   

In Chapter 4 we further studied the HBPTC catalysts in solution with the goal to develop a 

computational model that could predict 1JHF coupling constants and 19F NMR shifts. This 

project required us to first develop a computational workflow and methodology that could both 

sample the conformational space of the catalyst complex in solution before identifying an 

appropriate level of DFT theory that could reproduce experimental NMR shifts and coupling 

constants.  

In Chapter 5 we aimed to develop a general machine learning model for the prediction of 19F 

NMR shifts in a range of fluoro-containing organic molecules. Our approach is based on the 

RxnBERT (Reaction Bidirectional Encoder Representations from Transformers)10 neural 

network architecture, originally developed to predict reaction classes and later adapted to 

predict reaction yields from SMILES only. We envisaged that this architecture could be 

adapted to the prediction of NMR shifts, focusing on the prediction of 19F NMR shifts, which 
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currently have not been reported in the literature. We demonstrate that the model can both 

predict the 19F NMR shift with low errors and show the model is learning the subtle balancing 

of electron-donating and withdrawing effects within its prediction. The model is then applied 

to the identification of regioisomers in late-stage fluorination reactions.  
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1.2 Fluorine-containing molecules in organic chemistry 

1.2.1 Importance of fluorine containing molecules  

Fluorine-containing molecules make up a large proportion of both pharmaceuticals and 

agrochemicals. For the pharmaceutical industry, 18% of all pharmaceuticals and 22% of small-

molecule drugs contain at least one fluorine atom,11 while the agrochemical industry shows a 

much greater coverage with 54% of chemicals containing at least one fluorine atom.12 The fact 

that the C-F bond is one of the strongest bonds in organic chemistry (a bond dissociation energy 

of 105.4 kcal mol–1,)13 has resulted in it being widely used to replace C-H bonds, and increase 

the metabolic stability and lifetime of drugs in the body.14 Fluorine, with its high 

electronegativity, results in the C-F bond being highly polarised.13 This polarisation can be 

harnessed to modulate both the pKa and the lipophilicities of a drug molecule, which can benefit 

the potency and uptake of pharmaceuticals.14 The experimental study and discovery of new 

methods to synthesise fluorine-containing compounds in a selective and specific manner is 

therefore of great importance to both academia and industry. Methods that either result in new 

fluorine-containing building blocks, enantioenriched products, or late-stage mild fluorination 

methods,  are of intense study and interest, especially if those methods are also sustainable and 

require fewer toxic reagents.15-25  

Alongside the development of new and novel synthesis applications, the analysis and 

identification of reaction products are also key in understanding chemical reactivity. One of 

the major methods for the analysis of fluoro-containing molecules is nuclear magnetic 

resonance (NMR). 19F is the only naturally occurring isotope of fluorine and has a spin = ½ 

meaning the nucleus is NMR active. 19F also has a high gyromagnetic ratio, similar to that of 

1H,26 meaning that 19F NMR therefore is both sensitive and produces clear and narrow peaks, 

resulting in easy-to-identify spectra.27  
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1.2.2 Development of Hydrogen Bonding Phase Transfer Catalysis  

In 2018, the Gouverneur group developed an elegant urea-catalysed enantioselective 

nucleophilic fluorination reaction with metal alkali salts, also known as Hydrogen Bonding 

Phase Transfer Catalysis (HBPTC).16 This method, inspired by the fluorinase enzyme,28, 29 uses 

an insoluble CsF salt which is brought into solution via the use of a chiral BINAM derived 

catalyst. This work combined two previously widely used concept in organocatalysis: firstly 

Hydrogen Bonding Catalysis (HBC), where hydrogen bonds are used to deliver a reactant to a 

starting material in a enantioselective manner.30-32 The second concept is Phase Transfer 

Catalysis (PTC), where organocatalysts move between phases, bringing reactants together and 

resulting in an enantioselective reaction.33-37 In HBPTC the fluoride, once brought into 

solution, is in a chiral environment and so can be added to a range of electrophiles in an 

enantioselective transformation. 

The initial discovery was that Schreiner′s Urea (Figure 1A, 1) could catalyse the addition of 

fluoride to an in-situ generated epi-sulfonium intermediate (Figure 1A). After a large amount 

of experimental screening, catalyst design, and optimisation to identify an active chiral 

backbone, the BINAM based catalyst 2a was identified as a promising candidate. Alongside 

experimental work Density Functional Theory (DFT) and Molecular Dynamics (MD) 

simulations were crucial in understanding the underlying reaction pathway along with the key 

interactions which resulted in a high enantioselectivity. A key computational insight was 

discovered when using MD to investigate the binding modes of the catalyst to the CsF. When 

the catalyst is non alkylated R = H (Figure 1A, 2a), the urea can interchange between the anti-

anti form and the anti-syn conformer (Figure 1C). DFT calculations performed on the two 

possible conformers suggested that the tri dentate binding (anti-syn conformer, 2b) would be 

more energetically favourable. When alkylation of the catalyst was carried out experimentally, 

followed by a series of further optimisations, the enantiomeric ratio increased from 82:18 to 
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95.5:4.5. To experimentally determine the binding mode of the tridentate catalyst 2b, the 

complex with a TBA cation was successfully crystallised and characterised by its X-ray 

structure, showing the three hydrogen bonds to fluoride.    

 

Figure 1A) Overview of the discovery of the HBPTC Reaction developed by the Gouverneur group16 along with 

selected catalysts, yields and e.r’s. DFB = difluorobenzene B) Extension to the synthesis of beta fluoroamines 

using HBPTC38 C) syn-syn and anti-syn conformer of catalyst 2a, anti-syn conformer showed stronger bonding 

to fluoride, 
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To identify the transition state (TS) of the reaction and the major contributions to a high 

differentiation between the energy of the major and minor TS’s, DFT calculations were then 

carried out using optimisations carried out with the CPCM(CH2Cl2)-M062X/def2-

SVP(TZVPPD) level of theory, before free energy calculations were performed using the 

COSMO(CH2Cl2)-ωB97X-D3/ma-def2-TZVPP level of theory.  Two major noncovalent 

interactions were identified from the DFT calculations: firstly, a cation-π interaction between 

the substrate and the BINAM backbone of the catalyst. The other major noncovalent interaction 

is a CH-π interaction between the hydrogens on the aromatic R1 groups of the catalyst and the 

stilbene aromatic groups. While these interactions are present in both the major and minor TS, 

there are shorter distances in the major TS thus in line with preferential binding and a lower 

TS. Furthermore, only in the major TS can the phenyl rings from the stilbene remain conjugated 

to the reaction centre which results in a lower energy conformer than in the minor TS. Overall, 

a combination of these factors results in an excellent differentiation between the major and 

minor TS, resulting in a high enantioselectivity. This work was extended to the addition of 

fluoride to aziridinium intermediates using both KF and CsF salts (Figure 1B).38 Further 

catalyst optimisation was required, with larger R groups required to reach the high 

enantioselectivities (3).  

1.2.3 Studying the catalyst in solution 

To understand how the catalyst behaves in solution, the Gouverneur group then performed a 

series of NMR studies to identify how the fluoride sits in the catalyst complex.39 In particular 

they were able to measure both the 1H and 19F NMR shifts of a range of urea- fluoride 

complexes along with the 1JHF coupling constants over the H-F hydrogen bonds (Figure 2A). 

This allowed for an identification of where the anion was positioned in regard to all the 

hydrogens in the catalyst along with the strength of each hydrogen bond (HB), giving insight 

into the resting state of the catalyst in solution. NMR titrations were used to determine the 
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binding constant for the catalyst to fluoride. This study also identified that the non-alkylated 

catalyst forms two strong hydrogen bonds to the fluoride, leading to efficient reactivity but low 

enantioselectivity. However, when the catalyst is alkylated a trifurcated hydrogen-bonded 

fluoride complex is formed which is rigid, efficient for phase transfer and capable of high 

enantioselectivities. Using quantitative 1H-19F HOSEY experiments the length of each H-F 

HBs were able to be experimentally determined, showing that the structures in solution are 

similar to the crystal structures obtained previously (Figure 2B). From NMR experiments they 

were also able to identify the presence of a small amount of a catalyst’s dimer complex with 

fluoride, a possible off cycle resting state for the catalytic cycle.  

 

 

Figure 2 A) Measurement of 1JHF coupling constants from the Gouverneur group on catalyst 2a. B) Measurement 

and determination of H-F hydrogen bond lengths using quantitative 1H-19F HOSEY experiments. Both images 

reproduced from Ibba et al.39 
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Using 13 variations of the catalyst Ibba et al.39 were able to alter the electronics of the urea 

catalyst, resulting in the ability to tune the strength of each hydrogen bond and alter the position 

that the fluoride occupies in the complex. By studying the efficacy of each catalyst, a structure-

activity relationship was able to be identified which showed that the contributions of each 

hydrogen bond to the overall selectivity was not uniform, implying that tuning the strength of 

individual HBs is important for overall catalyst selectivity.  

1.3 Computational chemistry for NMR prediction 

1.3.1 1H and 13C NMR calculations 

A large body of work has focused on the accurate prediction of 1H and 13C NMR shielding 

constants to aid in the structural elucidation of unknown compounds. Large databases of 1H 

and 13C experimental NMR data have been assembled to benchmark and identify the best 

computational methods available. From these studies the functionals PBE0, B3LYP, and 

mPW1PW have been identified as accurately calculating experimental NMR shifts.9, 40-45  To 

aid in the prediction of NMR shifts a range of computational workflows such as those from the 

groups of Goodman46-49 and Grimme50, 51 have been developed. These workflows use 

forcefields or semi-empirical methods to generate conformational ensembles before DFT 

optimisations and the calculation of the isotropic shielding constants are performed.  The NMR 

shifts from all the conformers are usually then Boltzmann weighted to generate weighted 1H 

and 13C NMR shifts. Overall the DFT based methods are able to achieve small error for both   

13C and 1H NMR with Root Mean Square Errors (RMSEs) of <3 ppm and <0.2 ppm 

respectively,40, 49, 52 which corresponds to < 2% error over the range of experimental scale for 

both 1H and 13C predictions. 
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An important use of the computational prediction of 1H and 13C NMR is for the elucidation of 

complex molecules and natural products, in particular where a large number of possible 

diastereomers could be present. Through combinations of conformational sampling followed 

by a comparison between predicted values and experimental, a complete assignment of 

complex molecules including the absolute stereochemistry of complex ring systems is 

possible.48, 53, 54 Pioneered by the Goodman group, DP448 used Bayesian statistical methods to 

assign a probability to a selection of different possible structures given reference experimental 

data. By taking into account computed 1H and 13C NMR shifts, along with the known 

computational errors, the model returns a probability for each potential structure. In 2022 the 

Goodman group extended this further with DP547 which uses machine learning techniques 

alongside 13C NMR calculations to predict the probability that the structure is correct based on 

the experimental data.   

1.3.2 19F NMR prediction  

The calculation of 19F NMR spectra has been much more limited than that of 1H and 13C due 

to a lack of accurate and reliable experimental data. Recently this lack of reproducible 19F NMR 

data was noted in a seminal study by Togni.55 The authors note that multiple measurements of 

the same sample by separate groups can show errors of >1 ppm depending on the lab and 

machine performing the measurement. Such significant levels of error means that large scale 

collection of 19F NMR data could result in an intrinsic error which computational calculations 

would not be able to quantify.  

Bagno et al.56, 57 computed 19F NMR signals on a wide range of fluorinated compounds. In 

their first contribution,56 they studied a wide range of small organic and inorganic fluoride 

compounds spanning the entire range of known 19F NMR shifts (ca 1300 ppm, from ClF to 

FOOF) and so allowed for a broad investigation into the computational methods needed to 

calculate 19F NMR accurately. They compared a range of DFT functionals from simple GGA 
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functionals (BP86) to the more complex meta-hybrid functionals (M06). They also performed 

selected calculations using wave function theory (MP2), but this was only used as a 

comparative benchmark for a select number of compounds. Relativistic effects were also 

included using zero order regular approximation (ZORA), given the presence of heavy metals 

in the dataset. The best performing functional was ZORA-PBE0/TZ2P (Mean Absolute Error 

(MAE) = 21 ppm: 2% error). The overall differences between all the methods are small with 

all showing an MAE between 20-40 ppm (2-3% error over the range). However, as noted in 

the paper, “the overall accuracy values remain significantly lower and may compromise 

applicability to structural problems”.  

Table 1 Overview of prediction of 19F NMR shifts. “Method” describes NMR calculation level, “Solvation” 

indicates if implicit solvation was used during calculations, “Conformational Sampling” indicates whether any 

sampling was used (sometimes is used when only certain flexible molecules were sampled).  

 

Bagno et al.57 then followed up on their previous publication by focusing solely on the 

prediction of 19F NMR for larger organic molecules. ZORA-BLYP/TZ2P was used to predict 

19F NMR shifts over the range of ca 300 ppm (TMS-CH2F -277 ppm to CF2I2 18.6 ppm). This 

dataset includes alkyl monofluorides (primary, secondary, and tertiary), alkyl difluorides 

(primary and secondary), trifluoromethyl derivatives, and fluorobenzene derivatives.  Overall, 

this approach had an MAE of 35 ppm which was corrected to 6.2 ppm using linear fitting. 

Conformationally flexible compounds exhibited had the largest error, likely due to a lack of 

conformational sampling.  
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Tantillo et al.58 reported a method for the calculation of 19F NMR shifts for a range of 

fluorinated heterocycles at the B3LYP/6-31+G(d,p)//B3LYP/6-31+G(d,p) level of theory.  

Covering a range of 152 ppm and a range of mono and multi-fluorinated heterocycles, their 

approach gave an MAE of 2.1 ppm for the corrected 19F NMR shifts. The inclusion of implicit 

solvation in the NMR calculation had a negligible impact on the overall accuracy of the model, 

however they did include conformational sampling, and the predicted values for each 

compound were weighted according to a Boltzmann distribution of the conformers.  

Recently Dumon et al.59 used ωB97X-D/aug-cc-pVDZ to calculate the 19F isotropic shielding 

constants for a range of small organic molecules, including some boron-fluorine bonds. This 

method achieves a fitted RMSE of 3.57 ppm. This model also extends well to cationic 

structures where their error is no larger than the methods RMSE, however, anionic structures 

perform less well, with some errors larger than 10 ppm. The explanation for this 

underperformance with anionic species is the lack of the inclusion of the counterion in the 

structure, which while difficult to model computationally could have a significant effect on the 

electron density around the anion. For molecules which were conformationally flexible, the 19F 

NMR shifts were weighted according to a Boltzmann distribution of the conformers.   

While the study of 19F NMR has recently become an area of more active research, there is 

limited work on the study of the fluoride anion in solution and how hydrogen bonding and 

coordination affect the 19F NMR shift.  Gerken et al.60  reported a protocol for the calculation 

of 19F NMR shifts of tetramethylammonium fluoride (TMAF) complexes in a range of solvents.  

 

Figure 3 Experimental 19F data of TMAF complexes in a range of solvents, along with the dielectric constant (ε) 

which not correlate with the NMR shift 
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Using an MP2/6-31++G(d, p) methodology they generated complexes of one solvent molecule 

with a fluoride anion before optimising and calculating the 19F NMR with an accuracy of 10 

ppm after linear fitting. An important conclusion was that the 19F NMR shielding constant does 

not correlate with the dielectric constant of the solvent, but that the mono solvation of fluoride 

gave results which would correlate with experimental data (Figure 3).  

1.3.3 Computational calculation of 1JX-H coupling constants 

NMR prediction of spin-spin coupling has been instrumental in the analysis and assignment of 

unknown molecules. For example, 1JCH 3JHH and 4JHH couplings have been implemented in a 

range of methods for the stereochemical assignment of natural products.52, 61-66 These methods 

can predict the coupling constants with errors of < 1 Hz. However, heteroatom-hydrogen 

coupling has been much less studied.   

The study of 1JHF coupling has focused on the calculation of coupling constants within HF 

clusters. Work initially carried out by the Limbach group67 experimentally determined the 1JHF 

coupling constants for FHF-, F(HF)2
-, F(HF)3

- and F(HF)4
- in solution (Figure 4A). Using 

MP2/6+31+G(p,d) to obtain geometries before using the PW86-P86 functional to calculate 

NMR shielding constants and coupling constants. While this method does reproduce the 

shielding constants for the proton spectra, it is unable to predict the coupling constants across 

the hydrogen bonds, with errors of > 50 Hz. Complete active space calculations did improve 

the predicted 1JHF for the FHF cluster, however the expense of such a calculation prohibited 

further study.  

The extensive work by Bartlett et al. on the use of equation of motion coupled cluster (EOM-

CC) calculations68, 69 resulted in a methodology for the calculation of both NMR shielding 

constants and coupling constants.70 They expanded this work onto the calculation of 1JHF 

couplings to predict the values obtained by Limbach.71 Geometry calculations were carried out 

at the CCSD(T)/aug-cc-pVDZ level before the spin-spin coupling calculations were carried out 
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using EOM-CCSD/qz2p. This method was able to predict the experimental 1JHF coupling 

constants within 30 Hz of their experimental values and with the correct sign (Figure 4B).  

 

 

Figure 4 A) Four hydrogen bonded complexes identified by Limback et al.67 B) Example data of experimental vs 

computed 1JHF coupling constants. DFT is work by Limbach et al.67, EOM-CCSD is work by Bartlett et al.71 and 

MCSCF is work by Leszczynski et al.72   

Leszczynski et al. approached the problem of 1JHF couplings using a multiconfiguration self-

consistent field (MCSCF) approach.73 To achieve high accuracy they had to use the large aug-

cc-pVDZ basis set. For FHF- and F(HF)2
- this method is very accurate and within experimental 

error of 2 Hz, however upon moving to larger structures such as F(HF)3
- and F(HF)4

- the error 
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increases to 10 and 40 Hz respectively. Geometries for this set of calculations were taken from 

both experimentally determined distances and previous calculations.  

  

Computation of N-H-X couplings across hydrogen bonds has also been studied using DFT 

methods. Alkorta et al.74 studied the couplings in a series of N-H-N complexes with N donors 

including pyrrole, cyanide, and ammonia. The authors performed calculations on neutral, 

cationic, and anionic systems with both symmetrical and asymmetric systems. Geometry 

optimisations were carried out at the MP2/6-311++G (d, p) level of theory before NMR 

calculations were performed using three different methods. B3LYP was used in combination 

with either the 6-311++G (d, p) or aug-cc-pVTZ basis sets.  Overall, all three methods 

performed equally well with only the cyano groups being inaccurately predicted with errors 

more than 20 Hz. The larger aug-cc-pVTZ basis set did reduce the overall error slightly by <5 

Hz, however compared to the smaller Pople basis set this is insignificant as it only corresponds 

to a < 1% error reduction over the range of coupling constants measured. However, this study 

was only carried out on the monomers as no experimental data was available for the dimers 

which show the N-H-N bridge.  

Studying the more complex species of an N-H-F hydrogen bond in a [F(NH4)2]
 + complex, Del 

Bene and Elguero75 found that the equilibrium geometry had an error of 8 Hz compared to the 

similar (collidineH:F:Hcollidine)+ structure. Using the optimum geometry for this system 

resulted in a slightly worse prediction with an error of 9 Hz. However, fixing the N-H and H-

F bond distances at the values report by Limbach76 resulted in an error of 4 Hz for these 

complexes. This detailed analysis of the effects of varying both the H−F and N−H distances 

shows that small fluctuations can change the calculated coupling constant - as the H-F bond 

length changes from 1.4 Å to 1.0 Å the 1JHF coupling constant varies from -70.5 Hz to 452.6 

Hz. 
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A more recent paper is a collaboration between Alkorta, Elguero, and Limbach.77 Here they 

studied intramolecular hydrogens bonds of the type N-H-F in fluorinated molecules that show 

a weak hydrogen bridge. Both optimisations and NMR calculations were carried out at the 

B3LYP/6-311++G** level of theory. Only one data point was used to directly study the N-H-

F coupling, but this model was still accurate with the coupling constants predicted within 2 Hz 

of the experimentally determined value.  

A large body of work by Cremer78-82  has focused on a method for the decomposition of the 

NMR coupling constants into different bonding contributions called J-OC-PSP.82   This method 

uses either B3LYP81 or BLYP(60:40)82 and a specially designed decontracted basis set to give 

an improved description of the core electrons. These methods have been used in a variety of 

systems including proteins and small H−F molecules. In all cases, an average error for the 

prediction of couplings constants is 23 Hz for the 1JHF coupling while the 1JNH and 3JCN coupling 

in proteins was found to be lower at < 5 Hz error.   
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1.4 NMR databases 

The choice of NMR dataset is important to ensure the model is both accurate and general to 

many environments. Databases assembled from QM calculations should be free from 

misassignment errors and should contain data for every 1H or 13C atom, removing the need to 

consider symmetry during data preparation. However, the limitations of these databases are 

threefold: firstly, the database of compounds needs to cover chemical space well, secondly, the 

compounds need extensive conformational sampling to generate a Boltzmann weighted NMR 

prediction, and finally, the level of theory needs to be accurate to reproduce experimental NMR 

errors, and any error from the QM calculations needs to be considered. A QM derived databases 

from Glezakou83 use compounds from the QM9 database, which only contains HCNOF atoms, 

and their lowest energy conformer. Another QM derived database is that from Beran,84 where 

the model has an error of only 0.7 ppm compared to computed 13C NMR, however that error 

increases to 4.8/2.3 ppm when compared to the experimental values in CDCl3/DMSO. This 

shows that the implications of solvation are not considered in models trained on these datasets.   

Paton et al.85 have also reported a computational database that contains 8k molecules with over 

200k individual NMR shifts for both 1H and 13C. These 8k molecules were selected as a diverse 

set from the NMRShiftDB,86 with molecules with a MW > 500 and charged species being 

excluded. Confirmational sampling was performed before DFT calculations were performed at 

the mPW1PW91/6-311+G(d,p)//M06-2X/def2-TZVP levels of theory. This generated the 

complete set of weighted NMR shifts for each molecule.   

Experimental datasets remove the need to calculate Boltzmann weighted NMR values as they 

provide an ensembled-averaged values. They also consider solvent effects which not all 

computational databases consider. One potential downside of experimental datasets is that 

overlapping signals can lead to either ambiguous or incorrect assignments which are carried 



Chapter 1  

 

18 

 

over into computational predictions. Online databases such as SDBS87 or NMRShiftDB86 are 

available for a wide range of compounds with the associated data attached.  

In this thesis we test both experimental and computational datasets, but our final models only 

use experimental data sets as the error in computational calculations can be negated and the 

models showed no loss in accuracy.  
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1.5 Background on computational chemistry 

1.5.1 Computational theory  

A large part of Computational Chemistry theory is heavily based upon Quantum Mechanics, 

which was developed throughout the 20th century. The seminal discovery was the Schrödinger 

equation, first published in 1926,88 which describes how the energy of a molecule is quantised 

and can be obtained by using the Hamiltonian operator 𝑯 on the wavefunction 𝜓 of the 

molecule (Equation 2.1).  

𝑯𝜓 =  𝐸𝜓 (2.1) 

While simple in appearance the equation is impossible to solve outside a few simple examples. 

Therefore, for more complex systems, like molecules, approximations must be made to solve 

the equation.  

The first is the Born-Oppenheimer approximation89 which postulates that the difference in mass 

between electrons and nuclei means that on the time scale of electrons moving the nuclei can 

be considered as fixed. This means that the Hamiltonian can be partitioned into separate 

contributions from the nuclei and the electrons (Equation 2.2):  

𝑯 = 𝑻𝑛 + 𝑻𝑒 + 𝑽𝑛𝑒 + 𝑽𝑒𝑒 + 𝑽𝑛𝑛 (2.2) 

where 𝑻 is the kinetic energy and 𝑽 is the potential energy and the subscript n is for the nuclei 

contribution and the e is the electronic contribution.  Given the nuclei are frozen in this 

approximation, the kinetic energy of the nuclei is zero.  

Therefore, the full equation of the Hamiltonian is described in Equation 2.3: 

𝑯 = −
1
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𝟐
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− ∑ ∑
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𝑁

𝑖=1

+ ∑∑
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𝑟𝐴𝐵

𝑁
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𝑀

𝐴=1

(2.3) 

where i and j are electron indices, A and B are nuclear indices, r is the distance between two 

bodies, and 𝑍𝐴 is the atomic number of the nucleus. However, while this equation is solvable 
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for hydrogenic wavefunctions, i.e. only one electron, the electron-electron Coulomb term is 

not solvable, as both positions of the two electrons must be known, and therefore other 

approximations must be used to solve the equation for molecules with more than one electron.  

Approaches to solve the Hamiltonian for complex molecules can be divided into two types: 

wave functional theory (WFT) and density functional theory (DFT). 

Wave Function Theory 

To approximate the many-electron wave function, we can make use of the Hartree-Fock (HF) 

approximation. In HF electrons are considered as independent particles which only interact 

with the average field of all the other electrons.  The electronic wave function is represented 

by a Slater determinant of the antisymmetrised product of one-electron wave functions 

(Equation 2.4).  

𝛹𝐻𝐹 =
1

√𝑁
|
𝜒1(𝑥1) ⋯ 𝜒𝑁(𝑥1)

⋮ ⋱ ⋮
𝜒1(𝑥𝑁) ⋯ 𝜒𝑁(𝑥𝑁)

| (2.4) 

Each electron is represented as a spin-orbital, which is expanded as a basis and must be solved 

variationally until the energy of the system convergences. This method is also known as the 

Self-Consistent Field (SCF) approach.  

The final HF energy (𝐸𝐻𝐹) is calculated according to Equation 2.5: 

𝐸𝐻𝐹 = ∑𝜀𝑖

𝑁

𝑖

−
1

2
∑(𝑱𝒊𝒋 − 𝑲𝒊𝒋) + 𝑽𝒏𝒏

𝑁

𝑖𝑗

 (2.5) 
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𝑁

𝑗

 (2.6) 

 

Where 𝜀𝑖 is the energy of orbital i, 𝑍𝐴 is the atomic number of atom A, 𝑟𝑖𝐴 is the distance 

between atom A and orbital I and 𝑽𝒏𝒏 is the nuclear repulsion energy. Here two important 
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operators have been included, the Coulomb operator 𝑱𝒊𝒋 which represents the electron repulsion 

by the mean field of the remaining electrons, while the 𝑲𝒊𝒋 operator represents the electron 

exchange. While this approximation works well, HF does not consider electron correlation and 

therefore dispersion is poorly modelled.  

Post-HF methods such as Møller-Plesset90 and Coupled Cluster91 were developed to overcome 

these limitations. These methods use electron excitations from occupied orbitals to virtual 

orbitals to further derive corrections to the HF Wavefunction which describes how electronic 

correlation will affect the energy of the system.  

Coupled Cluster calculations can include Single (S), Double (D), Triple (T) or Quadruple (Q) 

excitations. One of the most common is CCSD(T)92 where both the S and D excitations are 

calculated explicitly while the T contribution is calculated using perturbation theory. This has 

become a Gold Standard in Computational Chemistry,93-95 however, the scaling factor of N7 

for the number of electrons makes it prohibitionary expensive for systems with > 50 atoms.  
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Density Functional Theory 

Alongside the development of WFT was the development of density functional theory (DFT). 

DFT is based on the theory by Kohn and Hohenberg that the energy of a molecule is dependent 

on the electron density of the molecule.96  In theory, the ground state electron density depends 

solely on the three spatial coordinates of the system and therefore should scale better than 

comparable WFT methods.  Kohn-Sham further developed this work by proposing a method 

with non-interacting electrons which would have the equivalent electron density as the system 

with interacting electrons.97 While this does result in more accurate energies than orbital-free 

methods, the reintroduction of orbitals does result in more computationally intensive 

calculations.  This allowed for the partitioning of the energy calculation into the kinetic energy 

(𝑻), potential energy (𝑽), Coulomb energy (𝑱) and the exchange-correlation energy (𝐸𝑋𝐶) 

(Equation 2.7).   

𝐸𝐷𝐹𝑇 = 𝑻 + 𝑽 + 𝑱 + 𝑬𝑿𝑪 (2.7) 

However, while 𝑻, 𝑽 and 𝑱 can all be calculated explicitly, the exact 𝐸𝑋𝐶 energy is not known 

and therefore must be approximated. This has led to a wide range of functionals which all 

calculate the 𝐸𝑋𝐶 energy differently, also known as the functional zoo.98, 99  

One way to describe the approach to DFT functional development is the Jacob's ladder of 

functionals (Figure 5).100 The bottom rung is the local density approximation (LDA) where 𝐸𝑋𝐶 

is dependent only on the electron density of an electron gas. The second rung is the generalised 

gradient approximation (GGA), where 𝐸𝑋𝐶 is also dependent on the gradient of the electron 

density. The third rung is meta-GGA which also include dependence on the second derivative 

of the electron density, which is equivalent to the kinetic energy of the density. The fourth rung 

is hybrid GGA which include explicit HF exchange in the 𝐸𝑋𝐶  calculation. The kinetic energy 

of the density is also sometimes added to generate hybrid-meta-GGA functionals.  
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More recently double hybrid DFT has been developed which mix perturbation theory and DFT 

calculations.101  In this case the Exchange energy is calculated using single excitations of 

electrons which allows for a more accurate description of the energy.  Recent advances in 

computational power have allowed access to these more computationally intensive 

calculations.  

 

Figure 5 Jacob’s ladder of DFT functionals, from HF to chemical accuracy with examples of DFT functionals for 

each rung on the ladder 

While the deployment of more complex functionals has improved the energy calculation of 

molecules, dispersion energy is still not appropriately accounted for. For that reason, a range 

of empirical methods have been developed by Grimme et al.102-104 These apply distance-

dependant corrections to the energy based on pairwise distances or three body interactions 

between atoms with no needed to provide bonding structure.  
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Basis sets 

In the case of either DFT or WFT calculations, a basis set must be chosen to represent the 

electronic orbitals for each atom. While Slater orbitals were originally developed to correctly 

represent the electronic wave function, they are computationally expensive to calculate 

integrals for. Therefore, in place of a Slater basis set a Gaussian basis set can be used. While 

Gaussian functions do not describe the cusp correction and do not exhibit exponential decay, 

they are much faster to calculate integrals for and therefore multiple Gaussians can be 

combined to represent one Slater orbital, with minimal loss in accuracy.   

Basis sets are usually described according to the number of basis functions per electronic 

orbital in an atom. Single Zeta basis sets are the simplest but usually are not adequate to 

describe chemical reactions. Double, Triple or Quadruple Zeta basis sets have multiple basis 

functions per electron orbital and therefore are more flexible to accurately calculate molecule 

energy and properties.  

More recently the use of split-valence basis sets such as Ahlrichs105 def2-XVP have been 

developed where core electronic orbitals are represented by a single-zeta basis set and valence 

electronic orbitals have double (X = S), triple (X = TZ) or quadruple-zeta (X = QZ) basis sets.  

Furthermore, specific basis sets for molecule properties such as NMR,106 coupling constants,107 

and electron spin resonance108 have been optimised to reproduce experimental calculations.  

1.5.2 Analysis tools  

With the electron density in hand, it then can be useful to calculate a range of molecular 

properties, such as charges, bond orders and HOMO/LUMO levels to understand and predict 

reactivity. 

Charges 

There are two broad categories of charges which can be calculated from DFT: ones based on 

the density matrix obtained from DFT calculations (Mullikin109 and Löwden110 charges), and 
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ones which compare the electron density around an atom to a reference density (Hirshfeld111 

charges). The main advantage of Hirshfeld charges is that they are less susceptible to changes 

in basis set size and are therefore more reliable. The calculation of Hirshfeld atomic charges is 

shown in Equation 2.8: 

𝑞𝑎 = 𝑍𝑎 − ∫
𝜌𝐴

0(𝒓)

∑ 𝜌𝐵
0(𝒓)𝑁

𝐵

𝜌(𝒓) 𝑑𝒓 (2.8) 

Where 𝑍𝑎 is the atomic number, 𝜌𝑋
0  is the reference density on atom X, 𝜌(𝒓) is the molecular 

density. All calculated charges in this thesis are Hirshfeld charges.  

Bond orders 

Alongside charges, another chemical property used to explain reactivity and bonding is the 

bond order between two atoms. One method used in this thesis is the Mayer bond order112 

which defines the bond order between two atoms ( Equation 2.9). 

𝐵𝐴𝐵 = 2 ∑ ∑ (𝑫𝑺)𝜆𝜔(𝑫𝑺)𝜔𝜆

𝜔 𝜖 𝐵𝜆 𝜖 𝐴

(2.9) 

 

Where D and S are the density and overlap matrices respectively.  
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1.5.3 NMR calculations in DFT  

Calculation of NMR shielding 

The nuclear shielding parameter σ is an important second-order derivative of the energy of a 

molecule (Equation 2.10).  

𝜎𝑠𝑡 =
𝜕2𝐸

𝜕𝐵𝑆 𝜕𝜇𝑡 
|𝐵=𝜇=0 (2.10) 

Where the shielding constant σ varies as a function of the total electronic energy E with respect 

to the magnetic field 𝐵 and the nuclear magnetic moment of nucleus N, 𝜇𝑁 , in a coordinate 

system st. The Hamiltonian is modified to include a dependency upon the field, which can be 

then used to solve the shielding tensor for all possible 9 interactions between B and µ (Equation 

2.11).113 

𝝈𝒔𝒕 = (

𝜎𝑥𝑥 𝜎𝑥𝑦 𝜎𝑥𝑧

𝜎𝑦𝑥 𝜎𝑦𝑦 𝜎𝑦𝑧

𝜎𝑧𝑥 𝜎𝑦𝑧 𝜎𝑧𝑧

) (2.11) 

The NMR tensor is then diagonalized to give shielding constants with respect to the external 

laboratory frame of reference (Equation 2.12). 

𝝈𝒔𝒕 = (
𝜎11 0 0
0 𝜎22 0
0 0 𝜎33

) (2.12) 

In solution, the rapid tumbling of the molecule means that these 3 constants are averaged over 

time to give 𝜎𝑖𝑠𝑜(Equation 2.13). 

𝜎𝑖𝑠𝑜 =
𝜎11 + 𝜎22 + 𝜎33

3
 (2.13) 

 This is the origin of the isotropic shielding constant. One important effect of the modification 

of the Hamiltonian is its dependence on the origin (or gauge) of the magnetic field. By changing 

the origin of the magnetic field, there would also be a corresponding change in the isotropic 

shielding constant, but this is non-physical and needs to be accounted for. One of the most 
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popular methods is the gauge invariant (including) atomic orbitals (GIAO) method,114 where 

the atomic orbitals are modified by the inclusion of a dependence on the magnetic field 

(Equation 2.14):  

𝛹𝑖(𝐵⃗ , 𝑟 ) = ∑𝑐𝑖𝛼(𝐵)

𝛼

𝜔𝛼(𝐵, 𝒓) (2.14) 

where: 

𝜔𝛼(𝐵, 𝒓) = 𝑒𝑥𝑝 [−
𝑖

2
(𝐵 × 𝑅𝛼) ∙ 𝒓] 𝜒𝛼(𝒓)  (2.15)  

𝜒𝛼  is a set of atomic orbitals, 𝒓 is the electronic position operator, c is the expansion 

coefficients, and 𝑅𝛼 is the position vector of the atom where orbital 𝜒𝛼 is located. The 

modification of the atomic orbitals by the field-dependant phase factor 𝜔𝛼(𝐵, 𝒓) results in the 

expectation values which are gauge invariant.    

This shielding constant is the absolute value of the nuclear magnetic shielding. However, in 

NMR experiments the observed ppm shift is the shielding of a given molecule compared to a 

reference, which is TMS for 1H and 13C and CFCl3 for 19F.  

∆𝛿 = 𝜎𝑟𝑒𝑓 − 𝜎𝑖𝑠𝑜 (2.16) 

Hence experimental NMR shifts Δδ are related to the isotropic shielding constant (σiso) 

according to Equation 2.16 where σref is the isotropic shielding constant of the reference 

molecule, Usually TMS for 1H and 13C NMR and CFCl3 for 19F NMR). 
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Calculation of coupling constants 

When considering the calculation of coupling constants we calculate the nuclear spin-spin 

coupling tensor JMN as the second derivative of the energy with respect to the nuclear magnetic 

moment of each nucleus M and N (Equation 2.17). 

𝑱𝑀𝑁 =
𝜕2𝐸

𝜕𝜇 𝑀 𝜕𝜇 𝑁 
|𝜇⃗⃗ 𝑀=𝜇⃗⃗ 𝑁=0 (2.17) 

As seen with the 𝜎𝑖𝑠𝑜 calculations, we only observe the averaged value of the JMN tensor and 

therefore the JMN value is calculated in Equation 2.18. 

𝐽𝑀𝑁 =
𝐽𝑀𝑁11 + 𝐽𝑀𝑁22 + 𝐽𝑀𝑁33

3
 (2.18) 

Where 𝐽𝑀𝑁11, 𝐽𝑀𝑁22, 𝐽𝑀𝑁33, are the diagonal elements of the JMN tensor. The JMN can be 

portioned into four contributions widely known as the Ramsey terms115, 116: Fermi contact (FC), 

spin-dipole (SD), diamagnetic spin-orbit (DSO) and paramagnetic spin-orbit (PSO). While a 

complete description of the terms is beyond the requirements here, a brief description is given, 

and further details can be found in these papers.115-118  

The FC term can be considered a direct coupling between electrons and the nucleus and is 

usually the major contribution to the coupling constants.119 The SD term couples together the 

nucleus's magnetic moment with the electrons' spin. The FC and SD terms are linked as they 

both describe coupling due to the spin polarisation of the system. The FC term considers the 

effect of the magnetic field inside the nucleus, while the SD term considers the extended dipole 

field outside the nucleus.120 The DSO and PSO terms are derived from the interactions between 

the nuclear magnetic moments and the orbital magnetic moments and are calculated for the 

diamagnetic and paramagnetic contributions respectively.  

One interesting property of the 𝐽𝑀𝑁 coupling constant is that it can be both negative and positive 

in value. The 𝐽𝑀𝑁 is as positive if the coupling stabilises anti-parallel spins, while if parallel 

spins are stabilised, the coupling constants are negative. 
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1.5.4 Solvation effects in DFT calculations 

Solvent and counterions can also affect the calculated 19F NMR values and their consideration 

is particularly relevant when studying fluorides. Solvent effects can be modelled 

computationally using either an explicit or implicit (analytical) description of the solvent 

environment (Figure 6). In implicit solvation the solvent is treated as a continuum with a certain 

dielectric and interfacial properties. Two examples of implicit solvent methods are CPCM121, 

122 and SMD.123  The solute cavity is generated based on the radii of each atom, the surface of 

this cavity is split into tesserae using the GEPOL algorithm.124 The surface charges on each 

tesserae are calculated from atomic partial charges and the interaction between these charges 

and the dielectric constant of the solvent is the basis for the CPCM methodology. The SMD 

method adds extra parameters that account for the surface tension between the surface charge 

and solvent which are specific for each solvent.123  

The crucial point is that all the charge is contained within the cavity so no charge can 

“escape”.125 Therefore any stabilisation of the charge by the solvent is directly dependant on 

the dielectric constant of the solvent, rather than by explicit interactions which remove electron 

density.  

 

 

Figure 6 Examples of Implicit, Explicit, Micro and Mixed solvation methods for Fluoride in Water 
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For explicit solvation methods, solvent molecules are explicitly modelled surrounding a 

molecule or ion of interest, with the size of the explicit solvation left up to the user to design. 

Furthermore, large-scale simulations of explicit solvation can be challenging for computational 

calculations. One possible option is micro solvation, where only a small amount of a molecule 

is explicitly solvated, and no implicit solvation is used however the challenge is deciding on 

the number of solvent molecules required, which can be based on chemical intuition or 

benchmarking. Finally, mixed solvation uses explicit solvation to model solvent effects around 

the molecule of interest, while implicit solvent is used to treat the remaining bulk solvent effect.  

1.5.5 Conformational sampling 

Given the wide number of conformers many molecules can exhibit, a method to sample the 

conformational space is needed. Two methods are described here which are used throughout 

this thesis.  

Semi-empirical methods 

Semi-empirical methods are computational techniques which aim to simplify either HF or DFT 

calculations. Most commonly these simplifications are taken either by reducing the number of 

integrals to calculate, such as removing three or four electron integrals, and then reducing the 

complexity of the overlap matrix. The rest of the terms are then parameterised based on 

element-specific terms, either for atomic energies, atomic orbital overlap, or dispersion 

interactions. This has led to a variety of methods for the calculation of molecular energies, 

including AM1,126 PM3,127 and PM6.128  

The other possible approximation that can be made in semi-empirical methods is an 

approximation in the Fock matrix. This is widely seen in Density Functional Tight Binding 

theory (DFTB)129, 130 where three and four electron integrations are set to zero. Furthermore, 

only the valence electrons are considered, with the core electrons being only included as a 

repulsion potential, fitted from experimental data. The method used throughout this thesis is 
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GFN2-xTB,50 developed by the Grimme group as part of the xTB50, 51, 131 package. GFN2-xTB 

is built on DFTB3,132 including a charge correlation term expanded to the third order. GFN2-

xTB uses a minimal valence basis set of Gaussian functions to approximate Slater functions 

(STO-mG) and includes polarisation functions for main group elements. Dispersion 

interactions are modelled using the D4 model, and only element-specific parameters are used.  

The overall energy for a molecule using the GFN2-xTB methods 𝐸𝐺𝐹𝑁2−𝑥𝑇𝐵 is calculated in 

Equation 2.19: 

𝐸𝐺𝐹𝑁2−𝑥𝑇𝐵 = 𝐸𝑅𝑒𝑝 + 𝐸𝑑𝑖𝑠𝑝 + 𝐸𝐼𝑋𝐶 + 𝐸𝐼𝐸𝑆 + 𝐸𝐴𝑋𝐶 + 𝐸𝐴𝐸𝑆 + 𝐺𝐹𝑒𝑟𝑚𝑖+𝐸𝐸𝐻𝑇 (2.19) 

Where 𝐸𝑅𝑒𝑝 is the repulsion energy, 𝐸𝑑𝑖𝑠𝑝 is the dispersion energy, 𝐸𝐼𝑋𝐶 is the isotropic 

exchange energy, 𝐸𝐼𝐸𝑆 is the isotropic electrostatic energy, 𝐸𝐴𝑋𝐶 is the anisotropic exchange 

energy, 𝐸𝐴𝐸𝑆 is the anisotropic electrostatic energy, 𝐺𝐹𝑒𝑟𝑚𝑖 is the Fermi smearing energy and   

𝐸𝐸𝐻𝑇 is the extended Hückel type energy.  

As with DFTB3, the model is dependent on atomic distances, orbital overlap, atomic charges, 

dipole moment, and multipoles. As the latter three variables are not known they must be solved 

in a self-consistent manner.  

Conformational sampling in xTB can be carried out using two methods: simulated annealing 

(SA) or CREST.  SA uses three molecular dynamics simulations, set at three different 

temperatures for 50 ps where conformations are saved every ps. This gives up to 150 

conformers which are optimised by GFN2-xTB and are then sorted and anything above 20 

kcal/mol of the lowest energy conformer is excluded.  

The CREST workflow is a meta-dynamics workflow, where an RMSD (Root Mean Square 

Distance) bias is used to explore new conformer space. Multiple different biases are used before 

MD simulations are carried out around the lowest six conformers. Finally, Z-matrix crossing 

and geometry optimisations, along with filtering, is used to generate the full conformational 

ensemble.  
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Molecular dynamics 

Classical molecular dynamics simulations make use of a ball and stick method, where atoms 

are treated as charged particles, and bonds or interactions between atoms treated using a 

classical force field mimicking a spring. The force field therefore is key in being able to 

reproduce and analyse molecular movement over time. A large number of different forcefields 

have been developed including AMBER,133, 134 CHARMM,135 UFF,136 GAFF,137 and OPLS-

AA.138, 139 These forcefields separate out the contributions to the overall energy into bonding 

and non-bonding components. The bonding parameters are for bonds, angles and dihedrals, 

while the non-bonding terms are the Van der Waals and electrostatic terms (Equation 2.20).    

𝐸𝑀𝐷 = 𝐸𝐵𝑜𝑛𝑑 + 𝐸𝐴𝑛𝑔𝑙𝑒𝑠 + 𝐸𝐷𝑖ℎ𝑒𝑑𝑟𝑎𝑙 + 𝐸𝑉𝐷𝑊 + 𝐸𝐸𝑙𝑒𝑐𝑡𝑟𝑜𝑠𝑡𝑎𝑡𝑖𝑐 (2.20) 

The fact that the energy can be broken down into such simple parts means that large-scale 

simulations, with explicit solvent, are feasible with millions of atoms being simulated. 

However, while efficient the accuracy of the simulations depends solely on the forcefield used, 

due to the nature of the system bond breaking and forming cannot be modelled. While mixed 

QM-MD methods are possible, they are not a focus in this work.  
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Chapter 2  Machine Learning: Background and 

Theory 

2.1 Machine learning in organic chemistry 

Fast, accurate and efficient prediction of chemical properties is a central goal of computational 

chemistry. Significant advances in computing power have enabled the use of high-level 

electronic structure methods, such as Double Hybrid Density Functional Theory (DH-DFT) 

and Coupled Cluster calculations (CCSD(T)), which approach chemical accuracy in a wide 

range of situations.140-145 However, the cost of scaling of these methods prohibit their 

application to systems with larger than 150 atoms for energy calculations and even less for 

gradient calculations. Machine Learning (ML) models promise to bridge this gap, reaching 

chemical accuracy at a fraction of the computational cost of DFT and CCSD(T) methods. ML 

methods have been applied to a range of chemical problems including reactivity,146-151 reaction 

yield,152-156 chemical selectivity,146, 157-161 energy barriers,162-172 frequency calculations173-177 

and NMR spectroscopy.87, 178-185  

2.1.1 Machine learning models 

To accurately predict a range of chemically relevant qualities a selection of different ML 

models has been employed. In a range of Quantitative Structure Activity Relationship (QSAR) 

papers, linear regression models have been utilised to predict enantioselectivity and yield,186 or 

a range of biological properties.187-191 As datasets have increased in size more complex models 

have been used such as support vector machines, decision trees, and kernel-based methods. 

These have been used to create models to predict a range of chemically relevant values such as 

predicting energy and forces for molecular simulations,192-195 yield,154, 155, 159 and protein 

binding.196-199 The next level of complexity comes from Neural Network (NN) based models. 

NNs have been widely used in MD to replace force field-based models.200-205 NNs have also 
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found wide use in the prediction of molecular properties146, 180, 206, 207 and binding affinity of 

different proteins.208, 209 Graph Neural Networks (GNN), which either use the 2D or 3D 

structure of a molecule, have found wide applicability in chemistry, with uses for predicting 

bond dissociation energies,166, 167 retrosynthesis210-212 and molecular properties213, 214 such as 

NMR.85, 215 

More recently models originally developed for Natural Language Processing (NLP) have been 

utilised in a range of retrosynthesis planning, yield prediction, and classification tasks. The 

majority of these models  use the Transformer216 as their underlying architecture: a model 

which is used widely in text based tasks such as translation to generate readable, sensible, and 

understandable text based on a given input.217, 218 The aim of the Transformer is to learn how 

words in sentences relate to each other rather than just based on the previous word. This 

therefore gives better context for the word in a sentence and allows for better prediction for 

text-based tasks such as translation, chat bots, and search functions.  

In chemistry these were originally utilised for retrosynthesis prediction where SMILES 

(Simplified Molecular Input Line Entry System) strings are used as the text input. The concept 

of learning the importance of words in a sentence is converted into learning the importance of 

atoms and bonds in a molecule. The translation task is similarly changed into a retrosynthesis 

step, as that is a translation from products back to the original reactants. These models are now 

the leading models for reaction and retrosynthesis prediction and with the first known as the 

Molecular Transformer.149 This work has now been adapted to be able to predict the yield of a 

reaction10 or classify the type of reaction219, 220 and to suggest methods to synthesis a molecule 

in response to a question.221  

Recently Natural Language Processing techniques have been applied to a range of chemical 

problems such retrosynthesis prediction,149, 222 molecule generation,207, 223-228 the prediction of 
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pharmacokinetic properties,207, 209, 229-231 solvation free energy and solubility,232 and reaction 

classification.219, 220, 233, 234    

2.1.2 Machine learning to predict enantioselectivity and yield 

A large body of research has been carried out in prediction of reaction selectivity and yield. 

Work from the Sigman group has focused on developing multivariate linear regression models 

to predict enantioselectivities for a wide range of systems,186, 235 including the  

desymmetrisation of bisphenyls,236 allylations of aceophenone,236  kinetic resolution of benzyl 

alcohols and synthesis of allylic fluorines,237 and a range of organocatalysed asymmetric 

reactions.238-241 Usually, these models use descriptors derived from quantum mechanics (QM) 

calculations, however Sigman et al. have also developed a range of parameters to describe non-

covalent interactions and steric bulk. The Stermoil parameters are one such descriptor which 

represent steric bulk through three parameters B1, B5, and L.236 For a given bond X-Y B1 

represents the shortest distance perpendicular from the primary axis of attachment (i.e. the 

minimum width of a substituent), B5 represents the longest distance (maximum width of a 

substituent), and L is the total distance following the primary axis of attachment (length). These 

methods are able to predict the enantioselectivity of a particular transformation with an RMSE 

of below 0.2 kcal/mol and R2 of greater than 0.95.186, 236 
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Figure 7 Selected examples of machine learning methods for the prediction of yield and enantioselectivity. 

More recently high throughput experiments have allowed for the generation of large diverse 

datasets and the building of more complex models. Doyle et al. have used QM-derived 

descriptors and Random Forest models to predict the yield of Buchwald-Hartwig couplings155 

and deoxyfluorination reactions.159 Both of these two methods achieved RMSEs of 7.8 % and 

7.4 % with an R2 of 0.92 and 0.93 respectively. Denmark et al. took the concept further by 

developing their own descriptors based on the positions of atoms in 3D space for a range of 

phosphoric acid catalysts. These descriptors are utilised by support vector machines to predict 

the enantioselectivity for the nucleophilic addition of thiols to N-acyl imines.158, 161, 242, 243 This 
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method was able to predict the enantioselectivity of the reaction with a MAE of 0.16 kcal/mol 

and a R2 of 0.92.  

In 2021 Schwaller et al. published YieldBert,10 a Transformer-based model which could be 

used to predict the yield of Buchwald Hartwig couplings based on the dataset generated by 

Doyle et al.155 This model used a Transformer that was pre-trained on a large amount of data 

from the USPTO database, before an additional regression layer was finetuned to predict yield. 

This pretraining allowed the model to learn about chemical space in a non-supervised manner 

and then apply that knowledge during finetuning to identify what parts of the molecule would 

contribute to a high or low yield. This method was very successful, achieving an error of 6% 

(RMSE) and a R2 of 0.96. This work has also been reproduced with other datasets to predict 

the yield of Suzuki reactions.10, 220 

2.1.3 Prediction of 1H and 13C NMR shifts using machine learning 

The widespread use of NMR spectroscopy in structural elucidation has led to increasing interest 

in the use of ML to facilitate the prediction of 1H and 13C NMR shifts. ML methods that can 

optimise this process and match computed spectra to experimentally determined structures 

would significantly speed up experimental discovery and structure confirmation when 

compared to DFT based methods. 

ML-NMR has focused on the prediction of 1H or 13C spectra and follows two main approaches: 

density-based, and graph-based methods (Figure 8). We define density-based methods as those 

which take atomic coordinates and generate descriptors based on the distance between atoms 

and the atom type, This therefore can be considered as a representation of the electronic density 

around each atom.84, 184, 244 Butts et al.185 have employed smooth overlap of atomic positions 

(SOAP) descriptors,195 in combination with kernel ridge regression, to predict 1H and 13C NMR 
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shifts on a DFT derived dataset. Overall, this method worked very well with RMSEs of 0.35 

ppm and 3.88 ppm for 1H and 13C predictions compared to their DFT calculations.  

Graph-based methods instead use graph representations of the molecules, where atoms are 

described as nodes and bonds as edges on a graph,182, 245 with node descriptors such as atomic 

number, number of neighbours, and charge.  

 

Figure 8 Overview of machine learning predictions for 1H and 13C NMR. All dataset sizes are reported as number 

of shifts, expect when signified by a * which indicates total number of molecules. Train:Test shows the split of 

the Dataset (numbers indicated a separate set of molecules).  

Kuhn et al,182 used a GNN with atomic features calculated in RDKit246 to predict the 1H and 

13C NMR shifts of a range of molecules taken from the NMRShift86 database. The model also 

predicted a confidence value for each NMR shift prediction. Overall, the model worked well, 

with RMSEs of 0.4 ppm for 1H NMR and 1.3 ppm for 13C NMR. The work of Kang et al.180, 
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206 used a message-passing neural network (MPNN), a type of GNN, to predict both 1H and 13C 

NMR shifts. Their first contribution180 used a 2D graph with a range of descriptors for both the 

bonds and atoms in the graph. For atoms, these include atomic numbers, formal charges, 

implicit valence, and ring size, while bonds include descriptors such as bond type if the bond 

is aromatic or in a ring. The follow-up paper from Kang et al.206 changed the underlying method 

of the network so that the MPNN learnt atomic features during training rather than having to 

be calculated beforehand. Therefore, only the structure is needed to create the 2D graph and no 

further descriptors are calculated. Both two methods perform equally well with MAEs of 0.22 

ppm and 0.22 ppm for 1H NMR and  1.35 ppm and 1.36 ppm for 13C NMR, respectively.  

Paton et al.85 used a GNN similar to that in SchNet247 where a 3D graph is generated from 3D 

atomic coordinates. Atomic descriptors are calculated using radial basis functions between all 

atoms within 5 Å of each other. These are used as inputs within the GNN which is then used 

to predict both 1H and 13C NMR, with RMSEs of 0.16 ppm and 2.15 ppm for 1H and 13C NMR 

respectively. 

The final type of models are Δ-ML approaches. This is where an ML method takes the 

molecular structure and NMR prediction at the low level of theory and predicts the difference 

between the low level of theory and the NMR shifts if they had been calculated using higher 

levels of theory or experimental data. The work of Zhang et al.83 used an NN which takes hand-

selected descriptors from the surrounding atoms. The lower level of theory is taken from QM 

calculations at the B3LYP/cc-pVDZ//B3LYP/cc-pVDZ level of theory, and the NN predicted 

the difference between this method and the experimentally obtained values. This NN predicted 

the experimentally obtained NMR shifts for each atom with RMSEs of 0.18 ppm and 2.10 ppm 

for 1H and 13C respectively.  

Beran et al.84 use a similar approach, however, the input to the NN was the atomic environment 

vector (AEV)248 of the atom of interest which was a set of calculated descriptors based on the 
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atom’s surrounding environment. This model corrects between two levels of DFT theory: 

PBE0/6-31G to PBE0/6-311+G(2d,p). This model performed exceptionally well with RMSEs 

of 0.11 ppm and 0.70 ppm for 1H and 13C respectively. 

2.2 Background on machine learning 

2.2.1 Molecular representations in machine learning    

To develop a ML model for a chemical process firstly the molecules need to be represented in 

a way in which the algorithm can process the data. While multiple methods exist to generate 

molecule representations they can loosely be broken down into 4 types, 1D, 2D and 3D 

descriptors and Molecular fingerprints (Figure 9).  

 

Figure 9 Generation of molecular descriptors A) 1D descriptors such as SMILES, Mordred and DFT descriptors 

B) 2D descriptors using a 2D graph network C) 3D descriptors generate 3D coordinates before deriving either 

graphs or atomic descriptors such as SOAP. D) Fingerprint generation from an input structure. 

1D descriptors take the form of vectors or strings, SMILES (Simplified Molecular-Input Line-

Entry System249) strings are an example of this. SMILES is a way to represent molecules using 

text characters. Atoms are signified using their elemental symbols (H, C, N, As), with hydrogen 

generally being implied based on the valence of each atom. Lower case atom letters (c,n) show 

that those atoms are aromatic. Adjacent letters in a SMILES string are joined by single bonds, 

while = is used to represent a double bond and # represents a triple bond. Chirality is 
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represented using the @ symbol, where @ indicates the R stereocentre and @@ the S.  

Numbers are used to indicate the closure of a ring. These simple building blocks are used to 

create strings of characters that can describe complex molecules such as amoxicillin as seen in 

Figure 10.  

 

Figure 10 SMILES Representation of molecules, showing ChemDraw representation and the corresponding 

SMILES String. Amoxicillin is shown with the structures and atoms highlighted in SMILES string 

Other 1D representations of molecules can include lists of physical organic properties such as 

Log P, polar surface area, number of polar hydrogens, etc., or those derived from QM 

calculations such as HOMO, LUMO, atomic charges, or bond vibrations. The Mordred Python 

package250, calculates a wide range (1800) of 1D descriptors including SlogP, the number of 

rings, molecular weight, molecular volume and atom counts. These descriptors can be screened 

to identify those which correlate well with experimentally observed parameters.   

2D representations start with a 2D representation of a molecular structure, such as a ChemDraw 

structure, and either create a 2D adjacently matrix or a molecular graph consisting of atomic 

nodes and bond edges. For graph-based neural networks, alongside the graph structure each 

node and edge also takes a range of descriptors such as atom type, valency, and types of bonds. 
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3D representations take a 3D structure, such as those obtained from force fields or DFT 

calculations, and either create a graph in 3D or take atomic positions as inputs. Smooth Overlap 

of Atomic Positions (SOAP) are a type of 3D representations which take the local environments 

of each atom to create a descriptor for each atom in the molecule.  

 

Figure 11 Generation of Molecular Fingerprints using the Morgan method, blue circle shows centre of each 

fragment 

The final type of molecular representation is molecular fingerprints. The main type is the 

Morgan fingerprint,251 Which breaks the molecule down into fragments with a set maximum 

radius. These fragments are then hashed to create a bit vector of a specific length. The bit vector 

therefore encodes a fragment of a molecule either as a 0 or a 1.  One possible issue in the 

generation of fingerprints is a bit clash, where multiple fragments are hashed into the same bit. 

This can mean that when comparing fingerprints, it can be difficult for models to learn a direct 

relationship between structures and activities.   
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One use of fingerprints is in the calculation of molecular similarity. The Tanimoto similarity 

score252, 253 is used within this work to calculate the similarity between two fingerprints 

(Equation 2.21).  

𝑇𝑎𝑛𝑖𝑚𝑜𝑡𝑜 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 =  
|𝑨 ∩ 𝑩|

|𝑨| + |𝑩| − |𝑨 ∩ 𝑩|
 (2.21) 

 

Where A and B are bit vectors, and the |A∩B| is the intersection of A and B, i.e. the number of 

bits in common.  

2.2.2 Regression models 

Linear Regression  

Regression models are focused on the prediction of numerical outputs with a continuous range. 

The models attempt to identify a relationship between the input variables and the output value. 

The simplest form of this is simple linear regression:  

𝑦 = 𝑚𝑥 + 𝑐 (2.22) 

where 𝑦 is the output, 𝑥 in the input, 𝑚 is the gradient of the slope and 𝑐 is the y-intercept.  

Multiple linear regression results as the linear combination of multiple input variables:  

𝑦 =  𝑚1𝑥1 + 𝑚2𝑥2 + ⋯+ 𝑚𝑛𝑥𝑛 + 𝑐. (2.23) 

When trying to fit a linear model to the data the model aims to minimise the difference between 

the predicted output values of the model (𝑦̃) and the true values of the output (𝑦). This takes 

the form of the sum of squared residuals (SSR):   

𝑆𝑆𝑅 =  ∑(𝑦𝑖 − 𝑦̃𝑖)
2 = 

𝑛

𝑖=1

∑(𝑦𝑖

𝑛

𝑖=1 

− 𝑚𝑥𝑖 − 𝑐)2 (2.24) 

Therefore, to obtain estimates for m and c SSR must be minimised:  

(𝑚̂, 𝑐̂) = 𝑎𝑟𝑔𝑚𝑖𝑛(𝑆𝑆𝑅) (2.25) 
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where 𝑚̂ and 𝑐̂ are the best estimates for 𝑚 and 𝑐 respectively. To obtain these Equations 2.26 

and 2.27 can be used: 

 𝑐̂ = 𝑦̅ − (𝑚̂𝑥̅) (2.26) 

𝑚̂ =  
∑ (𝑥𝑖 − 𝑥̅)(𝑦𝑖 − 𝑦̅)𝑛

𝑖=1

∑ (𝑥𝑖 − 𝑥̅)2𝑛
𝑖=1

 (2.27) 

where 𝑥̅ and 𝑦̅ are the average of the 𝑥 and 𝑦 data respectively.  

Lasso Regression  

LASSO (Least Absolute Shrinkage and Selection Operator) regression is a method which 

includes regularisation in the minimisation function. The assumption is that the coefficients m 

are sparse and close to zero, adding a penalty for large coefficients in the model. This means 

LASSO is also carrying out feature selection; by setting some coefficients to zero, they are 

being removed from the model:  

(𝑚̂𝑙𝑎𝑠𝑠𝑜 , 𝑐̂) = 𝑎𝑟𝑔𝑚𝑖𝑛 (𝑆𝑆𝑅 +  𝜆∑|𝑚𝑖|

𝑛

𝑖=1

) (2.28) 

Where the λ parameter represents the shrinkage of the model and is tuneable, either set by the 

user or optimised using cross-validation. When λ = 0 the model is equivalent to linear 

regression and when λ = ∞ all the coefficients would be reduced to zero.  
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2.2.3 Neural networks 

Networks 

In the past 30 years since the discovery of the backpropagation algorithm,254 Neural Networks 

(NNs) have been successfully applied to tasks in finance, medical imaging, social networks, 

search engines and translation. At its core NNs are based upon two fundamental requirements: 

that a complex differentiable function can be defined that maps inputs to outputs, and that the 

model can form a Directed Acyclic Graph (DAG).  

 

Figure 12 A Simple Neural Network which takes 2 inputs and returns 1 prediction. The network has 1 hidden 

layer with 6 nodes 

For example, consider the toy neural network in Figure 12. This is a simple feedforward 

network where two inputs are mapped to one output. The centre contains one hidden layer of 

size six and a bias unit which is a constant similar to c in Equation 2.22 . This is a fully 

connected network as all the nodes are connected to the hidden layers. We can write this NN 

in a mathematical formula which allows for a simpler explanation for much deeper networks.  
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For each layer in our NN we describe we can get the formula for that layer :  

𝑓𝑙(𝒙) = 𝑓(𝒙; 𝜽𝒍) = 𝑊𝑙𝜙𝑙(𝒙; 𝜽𝒍
𝟐) + 𝒃 (2.29) 

Where 𝜙𝑙(𝒙; 𝜽𝒍
𝟐) is the activation function of the layer where 𝜽𝒍

𝟐 contains the parameters which 

describe the function performed on the inputs 𝒙. 𝑊𝑙 are the weights associated with the layer 

and 𝒃 is the bias added to each layer.  

To package this more efficiently, 𝜽𝒍 contains all the parameters for layer 𝑙 according to 

Equations 2.30 and 2.31: 

𝜽𝒍 = (𝜽𝒍
𝟏, 𝜽𝒍

𝟐) (2.30) 

𝜽𝒍
𝟏 = (𝑾,𝒃) (2.31) 

Thus for the toy network in Figure 12 the network can be written as:  

𝑓(𝒙; 𝜽) = 𝑓𝐻(𝑓𝐼(𝒙)) (2.32) 

where 𝐻 is the hidden layer, 𝐼 is the input layer and 𝜽  contains all the parameters of each 

layer 𝜽𝒍.  

The power and flexibility of NNs come from the wide variety of activating functions; linear, 

softmax, ReLU, Tanh are a few of the many examples of simple functions which can be put 

together in a NN to generate a complex overall function able to predict nonlinear relationships.  
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Figure 13  An example set of activation functions used in NNs 

The term Deep Neural Networks (DNNs) refers to a subset of NNs which have a large number 

of hidden layers and can be generally written as: 

𝑓(𝒙; 𝜽) = 𝑓𝐿 (𝑓𝐿−1(⋯ (𝑓𝐼(𝒙))⋯ )) (2.33) 

Backpropagation 

Backpropagation is the method by which the NNs update the weights for each layer during 

training. By optimising the weights, the model can converge on the best weights to predict the 

target.  Firstly, one needs to define a loss function (also known as a cost function) which is to 

be minimised using the mean square error (MSE, Equation 2.34). For non-regression tasks 

more complex functions such as cross-entropy loss or K-L Divergence can be used.  

𝐿𝑜𝑠𝑠 =
1

𝑛
‖𝑦 − 𝑦‖2 (2.34) 

Where n is the number of samples, 𝑦 is the true values and 𝑦 are the predicted values. Both 𝑦 

and 𝑦 are vectors of length n. To get a more accurate model one needs to calculate the gradient 

of the loss function with respect to all the parameters in the NN. This is where the 

backpropagation algorithm comes into play as the chain rule can be used to simplify the maths. 

Using our toy model in Figure 12 the model can be split up into constituent mathematical 
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operations. These are either activation functions or multiplication by the weights, and the input 

layer has only weights and no activation function. The NN for the toy model is therefore written 

in Equation 2.35: 

𝑦 = 𝑾𝟐𝜙𝐻(𝑾𝟏𝒙) (2.35)  

The loss of the NN therefore can be written as composition of functions where each function 

is one mathematical operation: 

𝐿𝑜𝑠𝑠 = 𝒇𝟒 ∘ 𝒇𝟑 ∘ 𝒇𝟐 ∘ 𝒇𝟏 (2.36) 

where: 

𝒙𝟐 = 𝑓1(𝒙; 𝜽𝟏) = 𝑊1𝒙 (2.37) 

𝒙𝟑 = 𝑓2(𝒙𝟐; 𝜽𝟐) = 𝜙𝐼(𝒙𝟐) (2.38) 

𝒙𝟒 = 𝑓3(𝒙𝟑; 𝜽𝟑) = 𝑊2𝒙𝟑 (2.39) 

𝐿𝑜𝑠𝑠 = 𝑓4(𝒙𝟒; 𝒚) =
1

𝑛
‖𝒙𝟒 − 𝒚‖2 (2.40) 

The chain rule is then used to calculate the gradient for each of the separate parameters 𝜽𝒌. 

While the gradient for the final layer directly (
𝜕𝐿𝑜𝑠𝑠

𝜕𝒙𝟒
) can be calculated directly, for the rest the 

chain rule is used to calculate the separate derivatives: 

𝜕𝐿𝑜𝑠𝑠

𝜕𝜽𝟑
=

𝜕𝐿𝑜𝑠𝑠

𝜕𝒙𝟒

𝜕𝒙𝟒

𝜕𝜽𝟑
 (2.41) 

𝜕𝐿𝑜𝑠𝑠

𝜕𝜽𝟐
=

𝜕𝐿𝑜𝑠𝑠

𝜕𝒙𝟒

𝜕𝒙𝟒

𝜕𝒙𝟑

𝜕𝒙𝟑

𝜕𝜽𝟑
 (2.42) 

𝜕𝐿𝑜𝑠𝑠

𝜕𝜽𝟏
=

𝜕𝐿𝑜𝑠𝑠

𝜕𝒙𝟒

𝜕𝒙𝟒

𝜕𝒙𝟑

𝜕𝒙𝟑

𝜕𝒙𝟐

𝜕𝒙𝟐

𝜕𝜽𝟐
 (2.43) 

The derivative for each layer i.e., 
𝜕𝒙𝟐

𝜕𝜽𝟐
 is dependent on the architecture of the layer, however as 

the structure of the network is known it is simply trivial to identify the needed formula and 

apply that to each derivative.  
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Optimiser 

Once all the gradients are calculated, they are packaged into one vector which is the gradient 

of the loss with respect to the hyperparameters: 

𝜕𝐿𝑜𝑠𝑠

𝜕𝜽
= 𝒈 (2.44) 

A variety of different optimisation methods such as Adam,255 RMSProp256 or Adagrad257 are 

used to update the parameters. These all follow the general formula:  

𝜃𝑡+1 = 𝜃𝑡 − ∆𝜽𝒕 (2.45) 

where t is the time point, and 𝜃 are the parameters. ∆𝜽𝒕 is the update vector to the parameters 

and can vary depending on the optimiser. In gradient descent, this is simply:  

∆𝜽𝒕 = 𝛼𝒈𝒕 (2.46) 

where 𝒈𝒕 is the gradient obtained through backpropagation and  𝛼 is the learning rate of the 

model. In the case of Adam, this update vector is much more complex as it includes both 

momentum and squared gradients of previous steps.  

Momentum and squared gradients are calculated as follows:  

𝒎𝒕 = 𝛽1𝒎𝒕−𝟏 + (1 − 𝛽1)𝒈𝒕 (2.47) 

𝒔𝒕 = 𝛽2𝒔𝒕−𝟏 + (1 − 𝛽2)𝒈𝒕
𝟐 (2.48) 

The update vector is then calculated as:  

∆𝜽𝒕 = 𝛼𝑡

1

√𝒔𝒕 + 𝜖
𝒎𝒕 (2.49) 

where 𝛼𝑡 is the value of 𝛼 at time step 𝑡 .Usually, the constants are set as 𝛽1 = 0.9, 𝛽2 = 0.999 

and 𝜖 = 10−6, however, these can be changed if different convergence criteria as required. 

During training the learning rate can be adapted, typical variants are linear or exponential decay 

over the training cycles.  
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2.2.4 Transformer architecture 

The transformer architecture was introduced in 2016 by Vaswani et al.258 The concept is based 

on the idea that the context of a word in a sentence is critical to understand its meaning, and 

that context is not just limited to the preceding word.  The architecture of a transformer network 

can be broken into three sections: an embedding layer, an attention layer and a feedforward 

layer.  

 

Figure 14 A) Tokenisation and embedding layer of the BERT model with ethanol as an example B) Learnt Weights 

for the queries, keys and values C) Attention mechanism shown for the secondary C atom in ethanol 

In the embedding layer (Figure 14A), a series of operations are performed on each character in 

a string or word in a sentence to generate the embedded representation of the sentence. Firstly, 

the string is tokenised according to a predefined library, in our case SMILES characters. A start 

token (CLS) is added to the beginning of the SMILES string and a SEP Token to the end of the 

smiles string. Padding is also used for batch processing to ensure that all strings are the same 

length. The second step is enumeration where each token is converted into a numerical value. 

The next step is embedding where each token is converted into a vector of length M, this 

produces a matrix with a size NxM, where N is the length of the modified SMILES string. 

Finally, positional encoding is added to identify where each token is in the string.  
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The embedded string is then the input for the attention layer, which is the key architectural 

development in transformers. An attention layer generates three separate representations of 

each token during training: a query (q), a key (k) and a value (v) vector. These are learnt 

representations, meaning that during training three separate weight matrixes are trained to learn 

a general transformation from the embedded string into each of the three representations 

(Figure 14B).  

For each token in a string the following process is used to generate the output of the attention 

layer. Firstly, the dot product of the token’s query vector and every key vector is calculated, 

producing a score for each token (Figure 14C). The score is scaled through division by the root 

of length of the key vector (16) and then passed through a SoftMax layer to get a weighted 

importance between the query token and all others in the string. This SoftMax value is then 

multiplied by the value vector for each token and summed to generate the output of the attention 

layer for the input token. This process is repeated for each token in the string to generate the 

output of the attention layer.   

 

Figure 15 A) Multiheaded Attention in the transformer model with four heads B) Encoder network for the 

transformer model 

  



Chapter 2  

 

52 

 

This attention process is carried out four times in parallel with separate weights and learnt 

parameters, a process known as multi-head attention (Figure 15A). The output of these four 

heads is then transformed into the final output of the multiheaded attention layer by a final 

matrix, which again is learnt during training. A series of feed-forward neural network layers 

with both layer normalisation and drop out layers are then utilised to generate the output for 

the encoder block (Figure 15B).  

 

 

Figure 16 Overall Bert Architecture used for the prediction of Regression tasks 

Overall, 12 encoders are used in a stack to get the final attended values for each token in the 

string (Figure 16). The attended output of the CLS token (placed at the start of the SMILES 

string) is then used as a global hidden representation for the complete structure. A simple linear 

feed-forward network is then used to generate the single linear regression output from the 

hidden representation of the CLS Token. A sigmoid layer can be used instead for the analogue 

classification problem. 
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2.2.5 Overfitting 

When training an ML model, the data may be learned so efficiently that it has effectively 

memorised the data, wherein the model is very accurate on the training data but performs poorly 

on test data. This problem is known as overfitting. Reducing the tendency of a model to overfit 

is of great importance when trying to develop a model which can generalise to new, unseen 

data.  

The simplest way to reduce overfitting is to use the least complex model possible, such as linear 

model, low-level polynomials, small decision trees or a small neural network. If the use of a 

small model, however, doesn’t produce the level of accuracy needed, more sophisticated 

methods must be applied. The first type is regularisation, such as that applied in LASSO seen 

in section 2.2.2 which includes a penalty for any descriptors which are not set to zero.  

During the training of neural networks, it is possible to include a dropout rate, where a 

percentage of the descriptors are set to zero at any given time. This reduces the chance that the 

model will become overly dependent on one particular descriptor and therefore reduces 

overfitting. Another option for neural networks is the use of early stopping, where a model 

stops training if the validation error increases while the training error continues to decrease.  

For the reduction of overfitting in this thesis, we use ensemble methods where multiple models 

are trained on slightly different datasets and then averaged to reduce potential overfitting. To 

divide up the data, three methods were tested: cross-validation, data splitting, and shuffling.  

 

 

 

 

 



Chapter 2  

 

54 

 

Firstly, is the generation of a test set which is unseen during the training process and therefore 

is removed from the dataset. This can be carried out either through random selection or another 

criterion, such as scaffold type or Tanimoto similarity. This ensures no transfer of information 

between the model and test data throughout the training process (Figure 17A).  

 

 

Figure 17 A) Dataset is firstly split into training and test sets either randomly or using another splitting strategy 

B) Training data is then divided into training and validation datasets either using cross-validation, data splitting 

or shuffling. 

Cross-validation (CV) is one of the most common methods and is sometimes denoted as k-fold 

CV, where k is the number of folds. In the example shown in Figure 12A, k is equal to ten. In 

CV the training data is split into 10 folds, and then 10 models are trained on different 

combinations of 9 folds, where the remaining fold is an internal validation set (Figure 12A).  

Data splits can be used in some cases where complete separation between each fold is required. 

In this case the model is trained on one-fold instead of training on nine folds where the 

remaining nine are validation datasets, therefore the opposite of CV.  
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Finally, data shuffling is when the data is shuffled multiple times and random selections are 

used to make 10 different training and validation sets.   

In each of these cases, the final model will contain ten different models all trained on slightly 

different datasets, whose outputs are then averaged to give the final prediction from the model.  

2.2.6 Quantification of regression models performance 

To evaluate and compare different models there must be a method to understand the prediction 

error. One of the most common statistical measurements used in ML is the correlation 

coefficient 𝑅2, which provides values between 0 and 1. A value of 0 means there is no 

correlation between the predicted values and the true values, and 1 means perfect correlation. 

𝑅2 is calculated as follows:  

𝑅2 = 1 − 
∑ (𝑦𝑖 − 𝑦̂𝑖

𝑛
𝑖=1 )2

∑ (𝑦𝑖 − 𝑦̅𝑛
𝑖=1 )2

 (2.50) 

where 𝑦𝑖, 𝑦̂𝑖 and 𝑦̅ are the true value, the predicted value of the 𝑖 dependent variable, and the 

average of the dependent variables. 𝑛 is the number of data points.  

Another common method of showing the model's predictive power is the error between the 

predicted output and the true output. The mean absolute error (MAE) is the average absolute 

difference between the predicted and true values (Equation 2.51).  

𝑀𝐴𝐸 =
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑛
𝑖=0

𝑛
 (2.51) 

Alongside the MAE two related measurements are also widely used. The mean square error 

(MSE) and the root mean square error (RMSE). The MAE measures the square difference 

between the predicted and true values while the RMSE is the root of the MSE.  

𝑀𝑆𝐸 =
∑ (𝑦𝑖 − 𝑦̂𝑖

𝑛
𝑖=1 )2

𝑛
 (2.52) 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 (2.53) 
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2.2.7 Methods to Interpret Machine Learning Models  

Linear Regression 

Interpreting linear regression models is rather simple if we consider Equation 2.23: 

The coefficients 𝑚  multiplied by their dependent variable 𝑥 will give the contribution of that 

variable to the overall predictor 𝑦. Therefore, understanding how the descriptor 𝑥 changes as a 

function of chemical structure will allow for an interpretation of how important the model 

understands a change in structures to change the model's prediction.  

Neural Networks 

Understanding how and why a NN makes certain decisions is central for its application in 

science. Recent efforts have focused on techniques to investigate what a NN has learnt during 

training, including counterfactuals,259, 260 adversarial examples,261-263 Shapley additive 

explanations (SHAP),264 anchoring265 and integrated gradients (IGs).266-268 These techniques 

can roughly be separated into three different categories: i) white box models, which aim to 

develop completely open and interpretable models, like Local Interpretable Model-agnostic 

Explanations (LIME)269 ii)  those which post-hoc explain the reasons behind a black box 

decision, like SHAP and IGs, iii) those which test the sensitivity of a model, like 

counterfactuals, adversarial examples and anchoring.  

IGs in particular have become widely used in text-based NLP tasks to understand and interpret 

how words lead to certain outputs in NNs. IGs are based on the fundamental concept that the 

importance of a token or pixel is directly related to how much the output of an NN changes as 

you change that part of the input. In mathematical terms, the importance of a token is directly 

related to the gradient of the output with respect to the inputs, and large gradients are therefore 

indicative of an important input. 

However, studying NN gradients is challenging due to saturation, which occurs when many 

small magnitude gradients have a large impact on the predictive properties, making them hard 
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to identify. IGs circumvent this problem by asking “how does the model go from predicting 

nothing (i.e. noise) to predicting the correct output?” The question can mathematically be 

formulated as a path integral from a baseline to the input. Therefore, the sum of the gradients 

along this path gives information on the importance of each part of the input: 

𝐼𝐺𝑖(𝑥) = (𝑥𝑖 − 𝑥𝑖
′)∫

𝜕𝐹(𝑥′ + ɑ(𝑥 − 𝑥′))

𝜕𝑥𝑖

1

ɑ=0

𝑑ɑ (2.54) 

In the context of the Molecular Transformer (MT), Lee et al.75  used IGs to explain what the 

MT was learning about chemical reactions. In the case of an SN2 reaction with two possible 

reaction centres, IGs were used to show the importance of each. The Br leaving group was 

found to be more important than the Cl leaving group, which agrees with fundamental 

chemistry principles. This result highlights that MT has learned the importance of competing 

reactions to predict the correct product.  

One issue with the use of IGs for the MT is that while canonicalized SMILES strings are a 

unique representation of a molecule, not all tokens are attributable to atoms. For example, 

tokens such as “1” or “2” are used to indicate ring closure points, but the sum over all the 

tokens in a functional group is taken to generate importance for the functional group as a whole. 

e.g all 8 tokens in a benzene ring. Therefore, any specific information about atoms in the ring 

is lost.  
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Chapter 3  Machine Learning and DFT as Tools 

to Aid in the Enantioselective Synthesis of Alkyl 

β-fluoroamines  

3.1 Abstract  

Computational Chemistry, in tandem with experimentation can both reduce the amount of time 

and screening needed to optimise a given reaction by screening reactants and identifying key 

interactions in the transition state.  Machine Learning (ML) models are slowly becoming more 

used within organic chemistry for both the prediction of enantioselectivities and reaction yield.  

These models aim to identify key structural motifs which will lead to higher selectivity, or 

efficacy and therefore can result in better catalyst and substrate design.  

In this work, we introduce a computational workflow to predict the enantiomeric excess (ee) 

of the hydrogen bonding phase transfer catalyst (HBPTC) reaction developed by the 

Gouverneur group. The workflow uses a Multivariate Linear Regression (MLR) Model, 

density functional theory (DFT) derived descriptors, and our own modified Sterimol values. 

Our model learns from a range of reactions on both epi-sulfonium and aziridinium data and 

can predict the ∆∆𝐺‡ of the reactions with errors below 1.1 kJ/mol for both internal and 

external validation.  

We then apply this model to the prediction of enantioselectivity for the synthesis of alkyl β-

fluoroamines, a class of chemical motif studied due to their prevalence in drug targets. We 

utilise this model to predict the enantioselectivity for a range of computationally generated 

substrates and catalysts with the aim of identifying possible future synthetic targets.   
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3.2 Chapter Overview 

This chapter details the development and application of a workflow for the prediction of 

enantioselectivity for Hydrogen Bonding Phase Transfer Catalysis (HBPTC). This work was 

part of a joint project with Stamatina Zavitsanou. Python code for this project was developed 

by both of us, and DFT calculations for Model 2A were also performed by Stamatina. All 

other calculations and analyses reported here were carried out by me.  

 

 

Figure 18 Overview of the HBPTC reaction developed by the Gouverneur Group, where A determines whether 

the reaction is for the epi-sulfonium or azaradinium substrate.  

In the HBPTC reaction, the insoluble CsF salt is brought into solution by the HBPTC catalyst 

through coordination between the hydrogen bonds on the urea catalyst and the fluoride anion. 

This generates a soluble chiral fluoride reagent. At the same time, the substrate autoionises to 

form either the epi-sulfonium or aziridinium intermediate. The chiral fluoride can then attack 

the intermediate, opening up the 3-membered ring in an enantioselective manner, resulting in 

the final product.  

Inspired by the previous work on the use of ML to predict ∆∆𝐺‡ and yield, as introduced in 

Chapter 2 we wanted to develop a workflow for the generation of descriptors using a cheap 

and efficient method for conformational sampling and descriptor calculation that could be 

used in tandem with experimental chemists to improve the selectivity for the HBPTC 

reaction. .   
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3.3 Workflow for molecular descriptors generation  

The workflow developed in this project exists as a series of Python scripts that generate 

descriptors either from SMILES or from DFT calculations in ORCA. A brief overview of the 

methods for generation for different models is given below.  

 

3.3.1 Fingerprints and Mordred descriptors  

For the generation of molecular descriptors, both fingerprints and Mordred descriptors can be 

used within the provided environment. Both descriptors are calculated from .smi files, which 

are text files where each line contains the SMILES string for each substrate and catalyst 

obtained from ChemDraw. The final information that the user must give is a list of catalyst 

and substrate combinations that were experimentally tested, this is a .csv file in the order of 

catalysts, substrates, temperature, and solvent.    

In the Fingerprints.py script, users choose both the size of the fingerprint radius and the 

overall length of the fingerprint. The script then generates fingerprints for both the Substrates 

and Catalysts before assembling the Reaction Matrix, which contains the fingerprint for each 

Substrate and Catalysts in the reaction. This Matrix can then be used for screening and 

training a range of Machine Learning algorithms.  

In the Mordred.py script, the same three user-supplied files are used. The script generates 3D 

coordinates for each molecule before calculating the Mordred descriptors, and, as before, a 

reaction matrix is generated at the end of the script.  

3.3.2 DFT derived descriptors   

For descriptors derived from DFT calculations, two workflows are available for users, 

differing on the methods used to generate 3D structures. The first, referred to as "fitting to 

core" workflow, aligns a structure to a known core. The second one uses conformational 
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sampling using xTB. In both workflows, the Input.py script generates ORCA v4.2 input files 

from the corresponding .xyz files, allowing users to choose from a range of ORCA options, 

including optimisations, single points, basis sets, mixed basis sets on heteroatoms, DFT 

approximations, and NMR calculations.    

Fitting to a core  

In the “fitting to core” workflow users need to supply the SMILES string of the catalyst along 

with an .sdf file containing the 3D structure of the core to which the catalyst is being fitted 

(Figure 19). A crystal structure is an example of such a core. The FittoCore.py script aligns 

the SMILES string to the core and then generate the corresponding 3D structure. When the 

catalyst is bonded to an anion, such as fluoride or cyanide, the addF.py script adds the 

corresponding anion to the structure (Figure 19). Users need to supply coordinates for the 

anion, relative to its positioning in the core. This will then generate the completed hydrogen-

bonded complex.  
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Figure 19 Workflow for the generation of 3D structures using RDKIT Fit to Core Function. Catalyst smiles are 

fitted to the crystal structure core before the fluoride is added using the AddF.py script.   

Conformational sampling 

The second workflow employs conformational sampling before DFT optimisations or single 

points to identify the lowest energy conformer of a catalyst anion complex. The sampling is 

carried out in the xTB software package50, 131 using simulated annealing, while DFT 

calculations are carried out in ORCA v 4.2.270 The xTB Simulated Annealing process 

produces 150 conformations for each complex, the script ExcludeandTransform.py is then 

used to process these conformers. First, it converts output from the xTB sampling (.coord 

files) to .xyz files, before calling accesibleF.py, which excludes conformers where the 

fluoride is not bound to the Hydrogen Bond Donors (HBDs), this step was added due to in 

some situations complex dissociation had occurred during conformational sampling. Finally, 

ExcludeandTransform.py runs an RMSD calculation using the autodE package,271 with a cut-

off of 1 Å on heavy atoms only (Figure 20). Each step generates a new folder where the 

accepted conformers are copied, i.e. exclude and rmsd.  
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Figure 20 Workflow for the generation of catalyst and substrate descriptors using xTB simulations and ORCA 

calculations. Each number shows an example number of conformers generated. Two different paths are 

available where one includes extra DFT optimisations  



Chapter 3  

 

64 

 

 

For the remaining conformers a Single Point (SP) energy calculation is performed at the level 

of theory chosen by the user. Post DFT single point calculation, the Boltzman.py script is called 

where the contribution for each conformer is weighted using a Boltzmann distribution at 298 

K, and those which sum up to 90% are transferred to the Boltzmann folder for further 

calculations.  

At this point, users choose between two different paths; Path A takes the Boltzmann weighted 

complexes and performs a geometry optimisation, after which the LowestEnergy.py script 

selects the lowest energy conformer. A final single-point energy calculation is then performed 

on the lowest energy conformer for each catalyst that including the calculation of properties 

such as NMR shifts or atomic charges. In Path B the lowest energy conformer from the xTB 

simulation, ranked using DFT single points, is used directly, without further geometry 

optimisations. In an analogous method to Path A, the lowest energy conformer for each 

complex is subjected to a final single-point energy calculation to generate DFT descriptors.     

The choice between Path A and Path B was created as we were interested if DFT optimisations 

were needed to generate a predictive model. The reduction in computational time and expense 

from Path B would therefore making screening future catalysts significantly faster.  

Descriptor extraction 

After DFT calculations have been performed the calculated descriptors were extracted from 

the ORCA output files using the descriptorsfree.py script. This script extracts, HOMO and 

LUMO energies, dipole moment, 1H, 13C, and 19F NMR shifts for the urea moiety and the 

fluoride ion, bond order (BO) of the hydrogen-fluoride hydrogen bonds (BOHF), BO of the urea 

N-H bonds (BONH), and BO of the urea N-C atoms (BONC) and atomic charges of the fluoride 

ion and the urea hydrogens (Figure 21). The script then identifies the type of core, i.e. mono- 



Chapter 3  

 

65 

 

and di-urea catalysts, and aligns them to the core before extracting the descriptors in an ordered 

manner to ensure that each column contains the same descriptor no matter the catalyst structure.   

 

Figure 21 Illustration of the DFT descriptors calculated and used in ML models. 

Sterimol generation  

Sterimol descriptors, used to represent sterics, were computed using the Sterimol.py script. 

This is a modified version of the CalcSterimol function obtained from wSterimol developed by 

Paton et al.272 Users need to provide a text file identifying which atoms to calculate the Sterimol 

values for, along with the structure of the molecule, the Descriptors.py script generates the 

atom lists automatically from the structure. This script then performs the calculations for each 

bond selected in the molecule before generating a .csv file that can be appended to the DFT 

descriptors.     

3.3.3 Reaction matrix generation   

With descriptors for both substrates and catalysts obtained from either fingerprint, Mordred 

Descriptors, or DFT calculations, the final step is to generate a reaction matrix. For this, the 

user needs two different sets of descriptors and a list of reaction combinations. The 

ReactionMatrix.py script will generate the final matrix with the substrates and catalysts 

matched to the experimental outcomes which can then be used in any of the ML workflows.  
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3.3.4 ML Screening 

To screen different ML algorithms, we designed a Python script to identify the most suitable 

ML algorithms/parameters (see Appendix 1 for full details of the 15 combinations tested). 

The RegressionScreening.py script is only for screening, further hyperparameter optimisation 

should be carried out to get the optimal model. Users only need to provide matrix which 

contains the descriptors and the experimental ∆∆𝐺‡. The number of cross-validation folds is 

a parameter set by the user, with the default being 10. A plot of the cross-validation error and 

overall accuracy is generated along with a .csv of the errors.    
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3.4 Results & Discussion  

3.4.1 Model development 

Reaction matrix generation  

From a selection of literature16, 38 and unpublished data from the Gouverneur group, 79 catalysts 

and 32 substrates were extracted which, when combined with experimentally determined 

enantioselectivity, resulted in a dataset of 258 reactions. Below an overview of the generation 

of each reaction matrix is provided, with a full detailed description available in the Section 

3.5.3 Model generation. Five datasets were generated which differ in the type of descriptors 

used (Table 2). The simple ones are Reaction Matrix 1A and 1B, which use fingerprint and 

Mordred descriptors, respectively. Reaction Matrix 2A uses fingerprints for substrate 

descriptors and DFT descriptors obtained using the FittoCore Method. Reaction Matrix 2B uses 

fingerprint descriptors for substrates and catalyst descriptors obtained from conformational 

sampling using Path A. Reaction Matrix 3, 4, and 5 all use substrate DFT descriptors using 

Path B. Reaction Matrix 3 and 5 have catalyst descriptors obtained using Path A but with 

different levels of theory, while Reaction Matrix 4 uses descriptors obtained from Path B.  
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Table 2 Descriptors used in the generate of each Reaction Matrix described in this chapter.  I, II, III refers to each 

level of DFT theory used, while Solvent model indicates if implicit solvent was used during DFT calculations. 

Complex generation specifies the methods by which complex geomertries were obtained. All DFT substrate 

calculations were performed using Path B.   

 

Reaction 

Matrix 

Substrates Catalyst-F 

Solvent 

model 

Complex 

generation 

Descriptors 

1a Fingerprints Fingerprints N/A N/A Fingerprints 

1b Mordred Mordred N/A N/A Mordred 

2a Fingerprints I Yes Fit to core 

Fingerprints / 

DFT + Sterimol  

2b Fingerprints I Yes 

Conformational 

search Path A 

Fingerprints / 

DFT + Sterimol  

3 II I Yes 

Conformational 

search Path A 

DFT + Sterimol 

4 II II No 

Conformational 

search Path B 

DFT + Sterimol 

5 II III Yes 

Conformational 

search Path A 

DFT + Sterimol 

I PBE-D3BJ/def-TZVP//PBE-D3BJ/def2-SVP  

II PBE-D3BJ/def2-SVP  

III PBE-D3BJ/ma-def2-TZVP//PBE-D3BJ/ma-def2-SVP  



Chapter 3  

 

69 

 

Visualisation of Sterimol descriptors. 

Sterimol parameters represent steric effects through three parameters B1, B5, and L.236 For a 

given bond X-Y (Figure 22A) B1 represents the shortest distance perpendicular from the 

primary axis of attachment (minimum width of a substituent). B5 represents the longest distance 

(maximum width of a substituent). L is the total distance following the primary axis of 

attachment (length).  

Despite Sterimol descriptions being widely used in a range of MLR models, as introduced in 

Chapter 2, we saw important differences in their practical calculations, for instance, Sigman236 

creates tables of values for a range of isolated R groups using an in-house code. While Paton 

et al,272 compute Sterimol values on a conformational ensemble of the isolated R group capped 

with an H or CH3 meaning that directionality is not needed. 

However, when the same R group is present on a catalyst or molecule the remaining molecule 

will influence the conformation of the R group, therefore a method that includes these effects 

could lead to a more accurate description of steric bulk.  

To visualise which atoms, give rise to each of the Sterimol descriptors, we developed a Python 

script that can be used within Pymol to visualise the vectors and atoms. For the L vector, the 

direction and length of the descriptor are shown (red arrow Figure 22B, while for the B1 and 

B5 (yellow and blue arrow Figure 22B) descriptor the vector points to the atom from which the 

B1 or B5 value is calculated.  
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Figure 22 A) 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. B) Visualisation of Sterimol values, red arrow shows L value, blue arrow points to the atom responsible 

for B5, and the yellow arrow points to the atom responsible for B1. C) Visualisation of the atom from which the 

Sterimol B5 values are calculated from. The red arrow shows the atom identified by the unmodified Sterimol code 

while the blue arrow shows the atom expected to be identified.  

However, during testing of our visualisation method, we observed some unusually large values, 

4 or 5 Å larger than expected. When we inspected the atoms identified by the Paton code for 

catalyst 1 (Figure 22C), the expected B5 descriptor N−C bond would be the CF3 groups (blue 

arrow) however we found it was giving the distance to the CF3 on the other side of the complex 

(red arrow).  

After studying the code that calculates the Sterimol values it was noticed that the method was 

calculating the values between the nitrogen of interest and all the atoms in the molecule before 

identifying the longest and shortest values to generate the Sterimol descriptors. This results in 
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the directionality of the descriptor not being preserved, we therefore needed to both identify a 

way to enforce directionality and evaluate if it was needed.  

Does molecular conformation affect Sterimol values?   

To answer this question, we first needed to develop a method that would calculate Sterimol 

values in an intact molecule and compare those to ones obtained from Sigman et al.236  To 

enforce directionality, graph networks were utilised to determine which atoms should be 

considered for calculation. Fortuitously, the Python script developed by Paton already 

extracts the atoms and bonds from the input file, enabling the generation of a graph where 

atoms are represented as nodes and bonds edges. As the bond of interest from where the 

Sterimol values are calculated (atoms X−Y) is known, deleting the edge between them results 

in two subgraphs. The subgraph which containing atom Y, all atoms are extracted as a list 

and the calculations for L, B1, and B5 are performed between atom X and those atoms 

(Figure 23A). This method is referred to as graphSterimol. The original, unmodified code 

which does not preserve directionality is referred to a unSterimol.  

To test the implementation and effectiveness of unSterimol and graphSterimol against the work 

reported by Sigman et al236 two case studies were chosen: the desymmetrisation of bisphenols 

and the Nozaki–Hiyama–Kishi (NHK) allylation of carbonyls.  

The values obtained from graphSterimol vs those from Sigman are mostly similar, with 

differences < 0.1 Å. However, values > 0.3 Å are obtained in some cases. For example, in the 

first case study, the L value changes from 5.1 Å to 6.1 Å for the CHPh2 group (Figure 23B), 

when bisphenol is present, the two phenyl groups are closer together, which results in the L 

vector being significantly longer than in the free RCHPh2.     
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Figure 23 A) Method for identifying valid atoms. A graph is created from the 3D coordinates and the X-Y bond, 

highlighted in red, is broken. A subgraph search is used to identify which subgraph contains the Y atom. Atoms 

in the same subgraph as atom Y are then passed to the wSterimol code to calculate the Sterimol values. B) 

Effect of substitution R on the RCHPh2 group (R= bisphenol) C) Comparing the conformation for the 4-heptane 

group, when R = H the conformation is linear, but when R is the NHK catalyst the conformer is syn. This 

significantly changes the Sterimol values.    

The second example is for the 4-heptane group in the NHK reaction (Figure 23C). When 

optimised in the absence of the catalyst the 4-heptane group is a linear chain, however when 

the catalyst is present the two Pr groups move to be syn to each other. This results in L 

increasing by 1.97 Å, B1 by 0.16 Å and B5 by 1.14 Å. These examples indicate that the nature 

of the R group leads to subtle differences in the obtained descriptors. How this affects the 

model is discussed in the following section.  
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Does graphSterimol give a better representation of steric bulk  

To understand if graphSterimol can give a better representation of steric effects in the 

prediction of enantioselectivity, we compared models generated with descriptors obtained from 

Sigman et al.,236 unSterimol and graphSterimol.  

For the desymmetrisation of bisphenols (Figure 24) unSterimol has a poor correlation with the 

enantioselectivity (R2 = 0.59, RMSE = 0.31 kcal/mol), however when the values obtained by 

Sigman et al.236 are used for excellent correlation is obtained (R2 = 0.95, RMSE = 0.11 

kcal/mol). When graphSterimol is utilised a similar level of accuracy as Sigman was achieved 

(R2 = 0.94, RMSE = 0.125 kcal/mol). This confirms that the directionality of the Sterimol 

values is crucial in the development of an accurate model.   

 

Figure 24 Comparison between different methods to calculate Sterimol values in the model for desymmetrisation 

of bisphenols. The Sigman model uses data reported in the original paper, while graphSterimol uses our method 

introduced above. Groups which are changed on the bisphenol is shown in blue. 

In the NHK reaction, including directionality is also important, as not doing so results in 

MATLAB being unable to generate a model due to with no correlation with ∆∆𝐺‡. Comparing 

graphSterimol to that of Sigman results in a small improvement over Sigman’s model in terms 
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of error 0.05 kcal/mol and R2 (0.94 vs 0.882) (Figure 25). This highlights that including the 

whole molecule during conformational sampling is important, as both steric and electronic 

factors can impact the lowest energy conformation of each R group's position. These changes 

in position due to the rest of the molecule are something not considered in the models developed 

by Sigman or Paton, furthermore, this allows for the calculation of Sterimol values from whole 

molecules without the need for splitting up the molecule. For this reason, we utilise 

graphSterimol for the calculation of all Sterimol values.  

 

Figure 25 Comparison between different methods to calculate Sterimol values in the model for the NHK reaction. 

The Sigman model uses data reported in the original paper, while graphSterimol uses our method introduced 

above. R group which is changed is highlighted in blue on the catalyst 
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3.4.2 Screening machine learning algorithms  

Identifying the best-performing ML algorithm is key to creating an accurate and usable ML 

model. In this work, different ML algorithms and their respective set hyperparameters were 

screened using Reaction Matrix 1A, including Linear, Support Vector Machines (SVM), 

Decision Trees, K Nearest Neighbours, and Gaussian Processes.  

Errors in the models varied from 0.8 kJ/mol to 1.7 kJ/mol (Figure 26), with LASSO, Linear 

SVMs, and Ensemble Decision Trees, resulting in the lowest errors, between 0.8 and 0.9 

kJ/mol. 

 

Figure 26 Screening of a variety of ML models using Morgan Fingerprints while varying the size of the 

fingerprints. Each model is trained with a 10-fold Cross-Validation. The error of the ensemble model is shown, 

while the error bars show the Cross-validation error. 
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As expected, increasing the radius of the fingerprints reduced the errors, for a Linear Model 

changing from radius from 2 to 6, decreased the error from 0.92 to 0.83 kJ/mol (Figure 26); 

however, changes from radius 4 to 6 only lead to a 0.03 kJ/mol decrease, suggesting radius of 

4 being optimal. Increasing the length of each fingerprint or changing to RDKIT fingerprints 

did not improve the model.  

 

Figure 27 Comparison between model errors (RMSE) while varying the type of 1D descriptor used. R3 indicates 

a Morgan fingerprint with a radius of 3 and a length of 2048 bits, while R3-4096 is the same radius just a 4096-

bit vector.  RDKITFingerprints and Mordred, indicate the respective descriptors. Each model is trained with a 

10-fold cross-validation. The error of the ensemble model is shown, while the error bars show the cross-

validation error. 
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Molecular descriptors perform worse than fingerprints, with the best method obtaining an error 

of 0.93 kJ/mol. Again, Linear, Linear SVM, and Ensemble Decision Trees are the best 

performing architectures. 

Considering the large number of descriptors selected by LASSO regression (> 50), we focused 

on Linear models as they are the least likely to overfit in the case of a large descriptor: dataset 

ratio.   

Comparing model performance  

With seven different reaction matrices in hand, as described in Section 3.4.1 , LASSO 

regression was used to provide a model for each dataset. Overall, all models perform equally 

well, with differences in R2 > 0.6 and RMSE < 1.1 kJ/mol across all models on external test 

sets (Table 3). 

Surprisingly Model 1A, which only used fingerprints for both catalyst and substrate 

descriptors, performed as well as models based on electronic descriptors, such as Model 3 and 

4. However, while fingerprints can provide fast and accurate predictions, they lack 

interpretability. Furthermore, when predictions are made on unseen test data, this model 

performs in a bimodal manner, with either small errors of < 0.2 kJ/mol or large errors of > 1.3 

kJ/mol, suggesting the model can interpolate but it is unable to extrapolate to new chemical 

groups being tested. 
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Table 3 Model accuracies for ML models using LASSO Regression. Train and Test errors are repeated 100 

times and averaged. All RMSE is the Cross-Validation error over a 10-fold CV with no external test set and 

given in kJ/mol 

 

RMSEtrain 

(kJ/mol) 

R2train 

RMSEtest 

(kJ/mol) 

R2test 

AllRMSE 

(kJ/mol) 

AllR2 

Model 1A 0.78 0.83 0.96 0.72 0.77 0.84 

Model 1B 0.81 0.82 1.02 0.67 0.78 0.83 

Model 2A 0.89 0.78 1.00 0.68 0.82 0.81 

Model 2B 0.87 0.79 1.04 0.65 0.85 0.80 

Model 3 0.90 0.78 1.03 0.65 1.00 0.72 

Model 4 0.95 0.75 1.05 0.67 1.00 0.72 

Model 5 0.90 0.77 1.14 0.53 0.99 0.73 

 

Models containing DFT descriptors (Model 3,4 and 5) all show similar levels of error with 

RMSE’s between 0.90 and 0.95 kJ/mol, however given Model 4 is less computationally 

intensive, as it uses a lower level of theory to obtain descriptors it was therefore chosen as the 

optimum model. 

Using Model 4 for descriptors and LASSO regression results in both the training and test 

providing a good correlation and low error (Figure 28) The outliers observed for the 

experimental ΔΔG‡ = 0 are data points that represent reactions that either give low ee or have 

been tested only once and with a variety of temperatures. Outliers observed at higher ΔΔG‡ 

values, are probably due to the lack of experimental data in that region (ee > 70%), for 

aziridinium substrates.  
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Figure 28 Multivariable linear regression model for one of the 100 runs for Model 4. In grey the data points used 

as a training set and in blue the data points used as a test set. 

Can DFT descriptors and LASSO regression predict on unseen dataset 

To validate the model’s predicting power, both internal 10-fold-cross validation, and external 

validation using 10% of the data selected at random were used. Additionally, data for a further 

eight reactions using new catalysts were obtained as a further external test set (Figure 29A). 

Predicting these new catalysts resulted in an R2 = 0.59 and RMSE = 2.1 kJ/mol, with two data 

(Catalyst 80 and 81, Figure 29B), yielding a low correlation. This is likely due to the fact that 

these structures have alkylation patterns not seen in the training data. The model is, however, 

able to extrapolate into areas where other modifications are taken on the catalyst backbone. 

When those two data points are disregarded the accuracy of the model becomes excellent with 

R2 = 0.96 and RMSE = 0.80 kJ/mol.   
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Figure 29 A) The eight extra catalysts which were utilised as an external test set due to their synthesis being 

carried out after the generation of the initial model B) Prediction of enantioselectivity using the MLR model. 

Predictions are labelled with the catalyst number.  
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3.4.3 Model interpretation 

An advantage to using a MLR model is that the unitless coefficients can be analysed directly 

to understand which descriptors result in high selectivity. These can then be used to aid future 

experimental design.    

∆∆𝐺‡ = −0.11+ 3.22𝐵𝑂𝐻𝐹1 + 1.25Solvent + 0.63𝐶𝑎𝑡𝑁𝐻2(𝐿)

+0.55𝑆𝑢𝑏𝑌𝐶1(𝐵1) + 0.36𝐶𝑎𝑡𝑁𝐻2(𝐵1) + 0.32𝐶𝑎𝑡𝑁𝐶1(𝐵1) + 0.12𝐶𝑎𝑡𝑁𝐶3(𝐵5)

+0.04𝑆𝑢𝑏𝑌𝐶1(𝐿) + 0.03𝑆𝑢𝑏𝑌𝐶2(𝐿) + 0.008𝑁𝑀𝑅𝐶5 − 0.004𝑁𝑀𝑅𝐶3

−0.008𝑁𝑀𝑅𝐶5 − 0.05𝐶𝑎𝑡𝑁𝐶3(𝐵1) − 0.06𝐶𝑎𝑡𝑁𝐶2(𝐵1) − 0.14𝑆𝑢𝑏𝐿𝑈𝑀𝑂

−0.28𝑆𝑢𝑏𝐻𝑂𝑀𝑂 − 0.97𝐵𝑂𝑁H2 − 4.96𝐵𝑂𝑁𝐶4 (3.1)

 

Table 4 Overview of descriptors selected by the MLR model, where X specifies the bond, the descriptor is from  

Descriptor Meaning 

𝑩𝑶 Mayer bond order between two atoms 

𝑆𝑜𝑙𝑣𝑒𝑛𝑡 Binary value representing solvent type 

𝑁𝑀𝑅 Calculated isotropic shielding constant 

𝑆𝑢𝑏𝐻𝑂𝑀𝑂  Substrate HOMO energy  

𝑆𝑢𝑏𝐿𝑈𝑀𝑂  Substrate LUMO energy 

𝐶𝑎𝑡𝑋 Catalyst Stermoil Descriptors for bond X  

𝑆𝑢𝑏𝑋 Substrate Stermoil Descriptors for bond X  

 

Equation 3.1 correspond to the prediction of reaction enantioselectivity obtained using 

descriptors from Model 4. Given the linear nature of the ML model, the equation can be 

separated into the descriptors that are obtained from substrates or catalysts and analysed to 

identify their contributions to the selectivity. To identify the contribution from each term we 

then multiply the descriptor by the coefficient and then compare the contributions between 

similar molecules (Figure 30).  
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Firstly, the coefficient for the  𝑆𝑜𝑙𝑣𝑒𝑛𝑡 agrees with the optimised experimental conditions 

reported by the Gouverneur Group which showed an improvement in the selectivity of 1 kJ/mol 

for switching solvents from CH2Cl2 to 1,2-difluorobenzene 

In this model, the HOMO, LUMO and the steric descriptors L and B1 around the C1 carbons 

of the substrate are the most important. The HOMO enables to differentiate between the 

aziridinium and epi-sulfonium species (Figure 32A), the latter is on average lower by 0.5 eV, 

between -5.5 eV to -4.9 eV, than the aziridinium substrates (HOMO is between -4.8 eV to -4.5 

eV). According to the model the difference in HOMO alone between the best-performing of 

epi-sulfonium and aziridinium substrates can contribute up to an extra 0.2 kJ/mol to the ∆∆𝐺‡.  

.  

 Substrate selectivity 

 

∆∆𝐺𝑆𝑢𝑏
‡ = 0.55𝑆𝑢𝑏𝑌𝐶1(𝐵1) + 0.04𝑆𝑢𝑏𝑌𝐶1(𝐿) + 0.03𝑆𝑢𝑏𝑌𝐶2(𝐿)

−0.14𝑆𝑢𝑏𝐿𝑈𝑀𝑂 − 0.28𝑆𝑢𝑏𝐻𝑂𝑀𝑂  (3.2)
 

Figure 30 Descriptors selected for the substrate are both shown with their coefficients in the MLR, Y is either N 

or S  

The substrate LUMO relates to whether the backbone of the substrate is either aliphatic or 

aromatic. Stilbene substrates have a lower LUMO that their cyclohexane counterparts. With a 

negative coefficient, more negative LUMOs give higher contributions to the predicted  ∆∆𝐺‡ 

(Figure 31A). The substrate steric descriptors L and B1 along the Y- C1 (where Y is N or S) 

carbon are considered important for selectivity (Figure 31B).Analysis of the L Sterimol values 
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show that naphthyl and phenyl groups have larger values than cyclohexyl or cyclopentyl 

groups. In the latter, ring flexibility results in a shorter L vector; the loss of the two linking 

carbons further reduces the L value.  

 

Figure 31 Contributions from the substrates as groups are varied. Y indicates either NR2 or SR, while X is Cl or 

Br. Arrows show decreasing contributions A) The effect that varying the HOMO energy contributes to the 

predicted selectivity B) The impact that changing the substrate backbone on the size of the L YC1 Sterimol values 

and its contribution to the predicted selectivity  

 

For the B1 values, meta-substituted stilbene groups have the largest B1 value, while alkyl rings 

have the lowest (Figure 32A). When the meta positions are substituted, the two aromatic rings 

of the stilbene group adopt a syn conformation, which increases the B1 value. In contrast, when 

unsubstituted or para substituents, the two rings move away and adopt an anti conformation, 

reducing the B1 value (Figure 32B). For the alkyl ring, the minimum substitution is the C-H 

bond adjacent to the nucleophilic atom, resulting in the smallest possible B1 value, much 

smaller than any of the stilbene groups. Finally, the model favours longer L values, such as 

those of para-substituted benzene and benzyl-derived protecting groups (Figure 32C). Smaller 
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groups such as thiophene and methyl are less selective. However, the difference between para-

substituted benzene and methyl groups is minimal, only 0.1 kJ/mol. 

 

 

Figure 32 Contributions from the substrates as groups are varied. Y indicates either NR2 or SR, while X is Cl or 

Br. Arrows show decreasing contributions A) How the variation of the backbone affects the B1 value for the YC1 

value B) Conformations for meta and para substituted substrates C) As the R groups are varied on the substrate 

the YC2 L changes, however this contribution is small. 



Chapter 3  

 

85 

 

Catalyst descriptors  

For the catalysts, 11 key descriptors are identified: five electronic and six steric. The electronic 

descriptors, 𝐵𝑂𝐻𝐹1 measures the strength of the hydrogen bond between the H1 and the fluoride 

anion. This effect can be broken down into two types; changes that affect the coordination 

number, and changes that impact the electronic structure of the urea’s. Increasing coordination 

number by adding more hydrogens bonds, decreases the HF1 bond order, leading to a decrease 

in selectivity of up to 0.4 kJ/mol (Figure 34A). As the number of hydrogen bonds to fluoride 

increases, the fluoride anion is stabilised over more hydrogen bonds, resulting in weaker H−F 

hydrogen bonds. 

Changing the electronics is a more subtle effect; electron-rich R groups weaken the H−F1 bond 

order. This occurs because the electron-rich urea has stronger N−H bonds thereby reducing the 

charge on each hydrogen, making the protons less available for hydrogen bonding, therefore 

reducing the H−F bond strengths.  

 

∆∆𝐺𝐶𝑎𝑡
‡ =  3.22𝐵𝑂𝐻𝐹1 + 0.63𝐶𝑎𝑡𝑁𝐻2(𝐿) + 0.36𝐶𝑎𝑡𝑁𝐻2(𝐵1)

+0.32𝐶𝑎𝑡𝑁𝐶1(𝐵1) + 0.12𝐶𝑎𝑡𝑁𝐶3(𝐵5) + 0.008𝑁𝑀𝑅𝐶5

−0.004𝑁𝑀𝑅𝐶3 − 0.05𝐶𝑎𝑡𝑁𝐶3(𝐵1) − 0.06𝐶𝑎𝑡𝑁𝐶2(𝐵1) 

−0.97𝐵𝑂𝑁H2 − 4.96𝐵𝑂𝑁𝐶4 (3.3)
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Figure 33 Descriptors from the catalyst complex obtained from the MLR model and their respective 

coefficients. 

The second electronic descriptor is the N−H bond at the site of alkylation ( 𝐵𝑂𝑁H2 ). Note that 

the N−H bond order is zero in this position when alkylated. Since the coefficient is negative, 

any non-alkylated catalyst is penalised, which aligns with experimental findings that alkylation 

is needed for high enantioselectivities. The N−H bond order is also affected by the nature of 

the aromatic backbone of the catalysts. A BINAM backbone has the strongest N−H bond, while 

the reduced BINAM backbone decreases the strength of the N−H bond. Finally, catalysts with 

a single aromatic group, such as Schreiner’s urea, have an even weaker N−H bond (Figure 

34B).     
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Figure 34 Breakdown of the contributions from catalyst-anion complexes. Bonds in Blue show the origin of the 

descriptor, arrows show decreasing absolute contributions. R = 3,5-bis(trifluoromethyl)benzene A) The impact of 

changing the number of hydrogen bonds on the predicted selectivity. B) How the variation in the Catalyst 

backbone affects the NH2 Bond order and its contribution to selectivity. R1 = Me C) Impact of varying the 

Backbone on the Bond order for the NC2 Carbon. R1 = Me   

The third electronic descriptor is the bond order of the urea to the BINAM ring (𝐵𝑂𝑁𝐶4). This 

descriptor provides information on the oxidation state of the backbone ring with the reduced 
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backbone having a lower bond order than a comparable aromatic backbone, this shows a lack 

of conjugation between the urea and aromatic system. This reduced bond order is further seen 

with the alkylation of the catalyst. This decrease in bond order suggests that conjugation across 

the BINAM backbone, which causes the N−C bond to have a higher bond order, correlates with 

a reduction in the selectivity of the catalyst as it can indicate the binding mode of the catalyst. 

Similarly, alkylation reduces the electron density on the nitrogen further reducing the bond 

order across the N−C bond (Figure 34C).  

The final set of electronic catalyst descriptors are obtained from the 13C NMR shifts the C3 and 

C5 carbons of the catalyst backbone (Figure 35). The C3 position is a good identifier of the 

type of backbone, aromatic vs alkyl (Figure 35A). There is little difference in the C3 NMR 

shift across BINAM catalysts and therefore this descriptor acts as a binary choice between the 

catalyst structures. Having a BINAM backbone leads to an increase in the  ∆∆𝐺‡ of 0.4 kJ/mol. 

The C5 NMR shift is a good identifier of the oxidation state of the aromatic backbone, with 

high NMR shift for aromatic backbones, therefore this descriptor is selecting for BINAM based 

catalysts. Mono urea’s have no C5 NMR at all, so are set as zero. Electronic changes on the 

backbone do not have significant effects on either the contributions from the C3 and C5 NMR 

shifts as the small changes of ppm result in less than 0.01 kJ/mol difference in the predicted 

selectivity.  
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Figure 35 Final set of electronic descriptors selected by the MLR model. Atoms from which electronic descriptors 

are obtained are highlighted in blue, arrows show decreasing absolute contributions. R = 3,5-

bis(trifluoromethyl)benzene R1 = Me   A) The C3 carbon NMR gives information on the catalyst backbone  B) 

The C5 carbon NMR indicates information on the catalyst backbone oxidation state.  

Important steric descriptors include  𝐶𝑎𝑡𝑁𝐶1(𝐵1) , which describes the sterics of the alkyl or 

aromatic groups on the right hand side of the catalysts (Figure 36A) and the steric descriptors 

associated with the urea backbone bond, 𝐶𝑎𝑡𝑁𝐶3(𝐵1) , 𝐶𝑎𝑡𝑁𝐶3(𝐵5)  and 𝐶𝑎𝑡𝑁𝐶2(𝐵1).As expected, 

the largest groups, such as the substituted m-terphenyl groups, have the largest steric bulk. 

One unexpected observation when analysing the  𝐶𝑎𝑡𝑁𝐶1(𝐵1) values is the difference between 

bis-3,5 substituted benzene and unsubstituted m-terphenyl, which have similar contributions of 

0.8 kJ/mol, even though the latter is significantly larger. However, on inspection, in the case 

of the m-terphenyl group, the atom from which the B1 is derived is a Carbon atom on the 
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terminal ring, rather than a hydrogen. Therefore, due to the overall geometry of the m-terphenyl 

group, the B1 value is similar to that of the 3,5-bis(trifluoromethyl)benzene groups, 2.37 Å and 

2.38 Å respectively.  

Analysis of the descriptors associated with the urea backbone bond include the B1 descriptors, 

which is directly affected by the substitution at the 3,3’ position on the BINAM backbone. 

Given it is a negative coefficient, the smallest B1 value will have the least detrimental effect 

on selectivity. This corresponds to smaller groups such as H or Br, while the large naphthyl or 

2,5 substituted phenyl rings significantly increase the B1 value and a negative effect on 

selectivity (Figure 36B).  The B5 descriptor is more difficult to interpret as it represents the 

total steric bulk of the catalyst, which can be influenced by any substitutions either at the 3,3’ 

position or on the area. However, in either case, large groups, substituted benzenes, or 

naphthyls are preferred on the catalyst structure, but in general, the more sterically bulky 

catalysts are more selective. 

The final set of descriptors all describe the sterics interactions arising from the alkylation of 

the urea. Two descriptors were selected by the model with a positive coefficient, showing that 

increasing the size of this group will always increase the predicted selectivity. The L descriptor 

is the most significant giving up to 1.3 kJ/mol in selectivity over the unfunctionalized catalysts 

for the n-propyl group, while smaller groups provide reduced benefits. The B1 descriptor shows 

a smaller range of contributions of 0.3 kJ/mol between iPr and H (Figure 36C).  
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Figure 36 Steric catalyst descriptors selected by the MLR model. Bonds from which the descriptor is derived from 

are highlighted in blue. Arrows show decreasing absolute contributions R2 = 3,5-bis(trifluoromethyl)benzene A) 

The impact that varying the R groups on the urea has on its B1 value, and therefore its selectivity. B) Variations 

at the 3-3’ positions can give small changes to the selectivity C) Variations on alkylation has a significant impact 

on the overall predicted selectivity 
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3.4.4 Catalyst design: Database and generation 

Computational substrate screening 

Using our computational workflow set out in 3.2.2 Conformational sampling, 17 new substrates 

with a cyclohexane core were proposed for the HBPTC reaction (Error! Reference source n

ot found.A), we also compared them again to the two common experimentally tested substrates 

(N1 and N2). Computational descriptors were obtained, using Model 4 for all substrates and 

computationally screened against the 79 catalysts already synthesised by the Gouverneur 

Group to identify those combinations which led to the greatest selectivity.  

Overall, the best performing catalysts from the training data are predicted to be the most 

selective on the new substrates. The worst substrate (N4) and best (N15) are consistently the 

best and worst, independent of which catalyst is used suggesting that catalyst design is 

significantly more challenging than substrate engineering, validating further catalyst design 

over substrate testing.  
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Figure 37 A) Proposed substrates for computational screening. B) Predicted selectivities for 

substrates against all training catalysts 
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From these results, the following trends emerge (Error! Reference source not found.). F

irstly, purely aliphatic R groups perform less well (N3-N5, ~0.5 kJ/mol less selective) 

compared to aromatic R groups (N14-N16). This difference can be explained by analysing the 

LUMO of these substrates, a key descriptor in the model (See  Substrate selectivity). For the 

aliphatic substrates, the LUMO is significantly higher (> 1 eV), than the best best-performing 

group(N14). The mixed protecting groups (N19-N21), as expected sit between the di aliphatic, 

and the di-CHPh2 (N11 -1.45 eV). In these cases, the presence of the CHPh2 group has the 

effect of lowering the LUMO further compared to that of the demethylated amine (N19 -1.24 

eV vs N3 -0.43 eV). Bulky protecting groups close to the nitrogen, such as CMePh2 (N12), 

CMe2Ph (N13), and CMe2Ph (N14) are well tolerated and give some of the highest selectivity. 

However, bulky aliphatic groups, such as CH2tBu (N7), do not follow this pattern, showing 

that the steric bulk is less important than the electronic effects of the R groups. 

Asymmetric substrates perform poorly (N18-N21) and are less selective than those protected 

with two CMe2Ph groups (N11). This lower selectivity, as mentioned earlier, is due, in the 

model, to the raising of the LUMO caused by the alkyl groups, which reduces the predicted 

selectivity for this catalyst. Therefore, this mismatch of protecting groups results in less 

effective substrate. One important addition if that by using two different protecting groups, the 

aziridinium intermediate is no longer meso as two possible diastereomers are formed. This 

could lead to matched and mismatched TS’s which are not considered in the model and could 

cause further issues.  Of the tested substrates, the benzhydryl (N14) and naphthyl protecting 

groups (N15, N16) showed the highest selectivity.  

Identifying key catalyst scaffolds 

Our computational catalyst screening was informed by the previous results and the 

experience from our experimental collaborators.  Firstly, except for the alkylation of the urea, 

only symmetrical catalyst functionalisation was considered, which is synthetically more 
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accessible. This resulted in only 10 possible positions for further functionalisation (Figure 

38A). Considering this would result in a combinatorial explosion (10! = 3,628,800), we 

further considered functionalisation at positions 3,5 and 4, on the aromatic urea section of the 

catalyst as the others were synthetically challenging, along with , the alkylation of the urea, 

and modifications at the 3,3’ and 6,6’ positions on the BINAM backbone. This gives 5! 

permutations which results in a more manageable number of 120 scaffolds (Figure 38B). As a 

final constraint, each functionalisation should involve no more than 3 synthetic steps, which 

further reduces the number of core scaffolds to 4 (Figure 38C). These scaffolds are referred to 

as Core 1, Core 2, Core 3 and Core 4.  
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Figure 38 A) Number of possible scaffolds for all modifications and then when constraints are applied. B) Shows 

the final 4 scaffolds with modifications points highlighted 

41203,628,800
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In collaboration with members of the Gouverneur Group, 53 possible R groups were hand-

selected based on aryl and alkyl groups either previously used within the group or considered 

interesting targets (See 3.5.4 Catalyst generation for a complete list of all functional groups). 

When placed on the four possible cores, this resulted in 562,224 possible catalysts. Using our 

computational workflow, we generated 2000 of these possible catalysts; before using 

DataWarrior’s clustering tool to cluster all the generated catalysts. From each cluster the most 

representative catalyst was selected for further calculations. This finally gave 138 catalysts 

which were subjected to our DFT workflow and predicted against the standard cyclohexyl 

aziridinium substrate (2).   

Screening of computationally generated catalysts 

To understand the effect that difference substituted groups have on the predicted 

enantioselectivity, we separated our analysis into effects on each type of core before looking 

at how the R groups affect selectivity.   

Core 1 

Catalysts with this core are predicted by the MLR to perform well (max 6.2 kJ/mol, min 2.7 

kJ/mol, median 4.6 kJ/mol, mean 4.4 kJ/mol). Key features include a conformationally flexible 

group at the 3-3’ position which is preferred rather than rigid groups, as seen in the predicted 

best-performing catalyst of this type (H89, 6.3 kJ/mol). The top five catalysts also follow this 

pattern, and all have a predicted selectivity above 5 kJ/mol (H89, H35, H106, H86, H59), these 

catalysts have their steric bulk at least one carbon away from the 3-3’ position. Modifications 

on the urea side are more flexible with both rigid and flexible groups being well tolerated. 

These predicted worst performing catalysts also have a rigid steric bulk directly attached to the 

3-3’ position, either cyclohexane or CF3 groups (H101 2.9 kJ/mol, H79, 2.7 kJ/mol) further 

showing that steric bulk close to the reaction centre could have a significant penalty to the 

reaction enantioselectivity.        
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Given the proximity of the 3,3’ position to the hydrogen-bonded fluoride it is possible that the 

steric bulk close to the transition state does allow for a larger differentiation between the two 

enantiomers. However, where the steric bulk at the 3-3’ position is placed directly above the 

fluoride anion, this changes the coordination around the anion, which in general leads to a 

lower predicted selectivity.  

 

Figure 39 Summary for each core for the catalysts in the Handcrafted Dataset. Values in brackets indicate catalyst 
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Core 2 

This set is predicted to be the worst out of all the 4 cores (max 6.7 kJ/mol, min 3.7 kJ/mol, 

median 4.7 kJ/mol, mean 4.8 kJ/mol). The steric demands of the 3-3’ position, as seen in Core 

2, are less important here with both small alkyl chains (H92, 6.7 kJ/mol), aromatic groups (H22 

and H102, 6.5 kJ/mol and 6.4 kJ/mol) and large CPh3 groups (H131, 6.0 kJ/mol) all being well 

tolerated and in the top five predicted catalysts of this group.  

We rationalise these predictions as the substitution on the urea is now at the para position and 

therefore less steric clash between the functionalisation on the backbone and those on the urea. 

This results in both positions being more flexible in the variety of functional groups tolerated. 

An interesting example is found with H107 (4.1 kJ/mol), which has 3-propylseptane at the 4 

position, benzyl groups at the 3,3’ position, and a CF3 group on the urea. The impact of 

electronic changes on the urea is something that has not been tested experimentally and is 

beyond the scope of this work and could be an interesting example for further study.    

Core 3 

This set of catalysts is the best predicted of all four cores (max 6.9 kJ/mol, min 3.1 kJ/mol, 

median 4.9 kJ/mol, mean 5.1 kJ/mol). In particular, large bulky groups such as extended 

aromatics and benzhydryls are all highly effective (H121 6.9 kJ/mol, H112 6.9 kJ/mol, and 

H41 6.8 kJ/mol), and rigid or bulky alkyl groups are well tolerated. Linear alkyl chains perform 

the worst when compared to other groups. Substitution at the 6-6’ position seems to have a 

limited effect with both sterically bulky and small groups well tolerated. Given the proximity 

of this site to the reaction centre, the further experimental study focused on this position could 

provide an extra dimension for future catalyst design. 
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Core 4 

This set of catalysts overall are predicted to be the second best and the most consistent of all 4 

cores (max 6.6 kJ/mol, min 3.5 kJ/mol, median 4.8 kJ/mol, mean 4.8 kJ/mol). Overall, this core 

is tolerant of most functional groups, however aryl groups or bulky alkyl groups are those that 

give the most selectivity as demonstrated by the top five catalysts (H95 6.6 kJ/mol, H116 6.3 

kJ/mol, H20 5.5 kJ/mol, H119 5.5 kJ/mol). When small groups are placed on the 6-6’ position 

of the BIMAM ring the corresponding 4 positions of the urea must be a large bulky aromatic 

group such as benzhydryl (H53, 5.3 kJ/mol) or large aryl groups such as naphthalene (H90 5.0 

kJ/mol) or CPh3 (H128, 4.7 kJ/mol) otherwise the predicted selectivity will decrease. This core 

seems the most tolerant to large groups, since the substitutions at the 4 and the 6-6’ position 

are far enough away in space to stop steric clash changing the geometries around the fluoride 

anion.             

N Alkylation 

As expected in the predicted best-performing catalysts, the alkylation of the catalyst has a 

significant impact on the predicted selectivity. Catalysts which have been alkylated by 

sterically bulky groups show excellent selectivity which matches our breakdown of the linear 

model (See 3.3.3 Catalyst descriptors). We also find an interesting subset of catalysts that have 

direct arylation on the nitrogen. This is not something that has been carried out experimentally 

to date, however, could provide a new method to modulate the electronics of the urea hydrogen 

bonds. We see both furans and thiophenes have a predicted level of selectivity that is higher 

than other catalysts (H112 6.8 kJ/mol, H89 6.2 kJ/mol, H76 6.0 kJ/mol). Another set of 

interesting functionalisation’s are those that place the CF3 group onto the urea (H55 4.8 kJ/mol, 

H128 4.7 kJ/mol, H107 4.1 kJ/mol). The electron-withdrawing nature of the CF3 group has the 

potential to increase the hydrogen bond strength to the structures, which according to our model 

results in higher selectivity.   
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3.5  Conclusions  

In this work, we present a computational workflow that can be utilised to generate ML models 

for hydrogen bonding catalysis. The protocol is automated and easy to follow, and it allows for 

the rapid identification of the important parameters (electronic and steric) that govern and 

regulate the stereochemical output of the reaction, helping chemists in the guided design of 

new effective catalysts. We aim that the workflows developed within this project can be applied 

to a range of other hydrogen-bonded catalysts allowing for ML models to be built on the fly 

alongside future experimentation.   

We also introduce graphSterimol, a method which allows for the inclusion of whole molecules 

in the calculation of Sterimol values building on the work of Paton and Sigman. This allows 

for the bulk of a molecule to affect the conformations of the group which Sterimol values are 

calculated upon. This inclusion of the whole molecule does result in models with a higher R2 

and a lower RMSE when compared to work by Sigman. One area which would be a useful 

extension would be to include a conformational ensemble similar to the work of the Paton 

group. This would further allow for the inclusion of bulk conformations on the Sterimol values 

and could result in a more accurate description of steric bulk.   

With a workflow for the generation of both descriptors and Sterimol values, we then applied 

this to the study of the HBPTC reaction developed by the Gouverneur Group. From the 

workflow, we found that while both fingerprints and DFT descriptors perform with similar 

levels of error, fingerprints perform worse on out-of-distribution test data and therefore DFT 

derived descriptors were utilised going forward. This model can predict enantioselectivities 

with errors of less than 1.05 kJ/mol for a range of catalysts and substrates. One limitation 

however, as with many MLR models is the prediction on catalysts, where there is an 

unexpected change in selectivity. We see that in these cases the model predicts higher 
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enantioselectivity, as would be expected from previous data, however, experimentally the 

enantioselectivity drops, therefore resulting in a larger error in our model.   

With a trained model, we then interpret the model’s coefficients to gain insight into the 

functionalities and motifs that are predicted to result in high enantioselectivities, allowing for 

quantification of the contributions from different parts of each catalyst or substrate. We found 

that catalyst contributions are significantly more important than substrate descriptors, and there 

are significant penalties for using aziridinium substrates over epi-sulfonium. This seems to be 

an interpretation of the data, where for the same catalysts, aziridinium substates perform worse 

than their epi-sulfonium counterparts. Therefore, further changes to catalyst design, over 

substrate engineering, are needed for higher enantioselectivities. The models' coefficients, 

however, do not directly match up with the previous DFT calculations on the important cation-

π interactions and have to find a correlation between different descriptors to predict the 

selectivity.   

With an understanding of both the requirements for optimal substrate and catalyst descriptors, 

in collaboration with members of the Gouverneur group we designed and computationally 

screened a range of catalysts and substrates to identify which could be possible future synthetic 

targets. Unfortunately, the results of our computational screening were finished in January 

2020 and therefore the onset of COVID-19 meant that our experimental collaborators were 

unable to perform any experimentation on our suggested substrates. However, further 

experimental collaboration could result in the testing of some of these catalysts and substrates.     
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3.6 Methods   

3.6.1 Data curation 

To generate a dataset of experimental reactions and enantioselectivity, we collated data from 

both literature16, 38 or internal unpublished data. Catalysts and substrates were stored as 

SMILES strings in the Cats.smi and Subs.smi files. See Appendix 2 for all substrates and 

catalysts. For each reaction, the enantioselectivity was converted to ΔΔG‡ using the following 

equation: 

𝛥𝛥𝐺‡ = −𝑅𝑇𝑙𝑛(𝑒. 𝑟) (3.4) 

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). 

Finally, the reaction list was assembled which contained the index of each catalyst and substrate 

in every reaction along with the ΔΔG‡, reaction temperature, and yield. To model the two 

experimentally tested solvents we utilised binary values: dichloromethane (CH2Cl2), is 

represented by 0, and 1,2-difluorobenzene (DFB) by 1.  

3.6.2 Model generation 

For all models ORCA 4.2270 and xTB version 6.250 was used. The Aldrich’s def2 basis sets was 

used throughout for DFT calulations.105, 273  Dispersion corrections were taken into account 

using Grimme’s D3 empirical method with Becke-Johnson damping (D3BJ) 102-104 For 

solvation effects, the SMD123 implicit solvation method was employed with CH2Cl2 as the 

solvent.  
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3.6.3 Model generation 

Model 1A - Molecular Fingerprints.  

For the generation of the fingerprint reaction matrix, the Fingerprints.py script was utilised, 

along with the reaction, catalyst and substrate lists. The fingerprint radius was varied between 

two and six with the fingerprint length remaining at 2,048 bits. For one example, r = 3, the 

length was extended to 4,096 bits. The RDKit fingerprint was also tested using its default 

settings using a modified variation of the Fingerprints.py script.  

Model 1B - Molecular descriptors  

For the calculation of molecular descriptors the Mordred Python package (v1.2.0)250 was used 

in the Mordred.py script. As with the generation of the molecular fingerprints, both the 

reaction, catalyst, and substrate list were given to the script with the overall reaction matrix 

being generated at the end of the script.  

Model 2A – Fitting to core  

For a core, a crystal structure of catalyst 78 was obtained from the Gouverneur Group,16 and 

modified to only contain the main backbone of the catalyst. This along with the FittoCore.py 

script and the catalyst list was used to generate the 3D coordinates for each complex. For 

catalysts that failed to fit to the core, a second core which only contained one urea was used to 

generate the 3D coordinates of the complexes. For those catalysts that failed to generate 

coordinates using this second core, 3D coordinates were generated in the RDKit before the 

fluoride anion was added manually. Original testing to compare DFT functionals was 

performed by Stamatia Zavitsanou.  

Each complex was then optimised at the PBE-D3BJ/def2-SVP level of theory before a final 

single point energy was calculated at the PBE-D3BJ/def2-TZVP level of theory along with 

NMR calculations. All optimisations and single points made use of the SMD123 solvation model 

with CH2Cl2 used as the solvent. Descriptors were extracted using the Descriptors.py script.  
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Substrates were represented as Morgan fingerprints calculated in RDKit with a radius of 3 and 

a length of 2048 bits. The reaction matrix was generated using the substrate fingerprints, DFT 

descriptors, and the reaction list.  

Model 2B – Conformational sampling path A  

Complexes obtained from the FittoCore.py script were subjected to simulated annealing in 

xTB. Single point energies for each conformer were evaluated at the PBE-D3BJ/def2-SVP 

level of theory and a Boltzmann weighting was performed on conformers that summed to 90% 

were then optimised at the PBE-D3BJ/def2-SVP level of theory using the SMD123 implicit 

solvation method. Complexes that failed to converge during optimisation were subjected to 

optimisation at the PBE-D3BJ/def2-SVP level of theory before being optimised with implicit 

solvent.   

Finally, the LowestEnergy.py script identifies the lowest energy conformer for each catalyst 

and transfers that to a central folder that contains the lowest energy conformers for all catalysts. 

The electronic and structural descriptors were then calculated at the SMD(CH2CL2)-

PBE(D3BJ)/def2-TZVP level of theory.   

Model 3 

For Model 3 only electronic and structural descriptors are used. The model uses the lowest 

energy conformation for both the catalyst-anion complex and each substrate. The catalyst 

descriptors are the same as in Model 2B, substrates are subjected to the same workflow just 

with the optimisation and descriptor calculations carried out at the PBE(D3BJ)/def2-SVP level 

of theory using Path B.  

Model 4  

Model 4 relies on electronic and structural descriptors with modifications to the level of theory 

and to the descriptors used, this utilised Path B in our computational workflow.  



Chapter 3  

 

106 

 

For each complex, the lowest energy conformer after the conformational sampling is extracted. 

In this model, the descriptors for the catalysts were calculated at the PBE(D3BJ)/def2-SVP 

level of theory with no geometry optimizations performed. Additionally, 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 bond orders (per bond type) are also included. Extraction and 

alignment are performed in the same manner as in Model 3. The substrate descriptors were not 

changed.  

Model 5  

In this model, the catalyst descriptors are calculated using Path A as in Model 2B and Model 3 

however with optimisations performed using the SMD(CH2Cl2)-PBE(D3BJ)/ma-def2-SVP 

level of theory and the final single points at the SMD(CH2Cl2)-PBE(D3BJ)/ma-def-TZVP level 

of theory. The rest of the workflow and descriptor extraction were unchanged. The substrate 

descriptors were also not changed.    

Table 5 Descriptors selected to represent the substrates under study. 

 

 

  

Catalyst 

Descriptors 
Method Units  Substrate Descriptors Method Units 

NMR shifts GIAO ppm  Atomic Charges Hirshfeld e 

Atomic charges Hirshfeld e  Dipole Moment - Debye 

Bond Order 

(BO) 
Mayer -  HOMO/LUMO - eV 

Dipole Moment - Debye  Sterimol parameters Sterimol Å 

HOMO/LUMO - eV     

Sterimol 

parameters 
Sterimol Å     



Chapter 3  

 

107 

 

3.6.4 Catalyst generation 

In collaboration with members of the Gouverneur Group, we selected a range of R groups with 

a variety of steric and electronic groups which would either be chemically plausible to add or 

lead to new groups not previously tested. This combined list contains 53 different groups in 

total.    

 

Figure 40 Handcrafted R Groups selected in collaboration with the Gouverneur group 

Each catalyst was generated with the Database.py script using random generation to sample 

from the list of R groups this generated 2000 different catalysts. Catalysts that had a deviation 

of > 0.1 Å RMSD from the core were excluded. The remaining catalysts were then clustered 

in DataWarrior274 and the representative example of each cluster was then taken forward for 

sampling using Path B. Catalysts which failed to converge in xTB (seven catalysts) or those 

which fragmented during optimisation were removed (nine catalysts).   
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3.6.5 Sterimol testing 

Sterimol parameters and substrates from the work of Sigman et al,236 were tabulated. To 

generate coordinates for Sterimol and graphSterimol, substrates, and catalysts for the 

desymmetrisation of bisphenols and NHK reaction respectively were generated. 

Conformational sampling was carried out using CREST (CREST v 2.1, and xTB 6.2).50, 275 The 

lowest energy conformer was used to generate the Sterimol parameters either via Sterimol or 

graphSterimol. Linear models were generated in MATLAB 2020a in line with those reported 

by Sigman et al.236 
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Chapter 4  Calculation of 19F NMR and 1JHF 

Coupling Constants in Hydrogen-Bonded 

Fluoride Complexes 

4.1 Abstract 

Experimentally determined NMR spectra are key pieces of data that are regularly utilised to 

identify and confirm the overall structure of organic molecules. Recently 19F NMR shifts and 

1JHF coupling constants were used to probe the conformational structure of Hydrogen Bonding 

Phase Transfer Catalysis (HBPTC) complexes and identify the positioning of the fluoride anion 

relative to the catalyst’s hydrogen bonds. While there has been much progress over the last two 

decades in the DFT-based calculation of NMR properties, these methods have yet to be 

evaluated on these more unusual systems.    

Herein we outline an approach for the calculation of both 19F NMR shifts along with 1JHF 

coupling constants over the H-F hydrogen bond. When testing on small solvent fluoride 

clusters and Mono Urea Fluoride (MUF) complexes, we observe that explicit solvation of the 

fluoride anion results in significant differences for both properties with differences of up to 50 

ppm and 20 Hz respectively. The developed approach is then applied to the prediction of 1JHF 

coupling constants for a range of HBPTC complexes, which achieves a Root Mean Square 

Error (RMSE) of 3.4 Hz over six different catalysts. Overall, this approach can replicate 

relative trends in a range of different hydrogen bonded fluoride complexes, however, absolute 

value calculation remains challenging.  
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4.2 Results and Discussion 

In HBPTC catalysis, the strength and position of the hydrogen bonds around the fluoride anion 

can have a profound impact on the selectivity of the catalysts, this was observed both from the 

experimental work laid out in Chapter 1 and seen in our own MLR models described in Chapter 

3. To further understand the positioning of the fluoride anion in the catalyst, we wished to  

develop an approach for the calculation of both 19F NMR shifts and 1JHF coupling constants for 

hydrogen-bonded fluoride complexes. While the 1JHF coupling constants and 19F NMR shifts 

have been measured experimentally,39 we were curious if computational calculation of these 

measurements could lead to a better understanding of the location where the fluoride anion sits 

within the catalyst. This chapter is broken down into four sections: firstly, a DFT method is 

identified which can reproduce 1JHF and 19F NMR on small clusters, before the influence of 

explicit solvation on the 19F NMR is investigated. The computational workflow is then applied 

to the calculation of 19F NMR and 1JHF on MUF complexes, before being applied to the HBPTC 

catalysts synthesised and characterised by the Gouverneur Group.  

4.2.1 Benchmarking 

To evaluate different DFT methods for the calculation of 19F NMR shielding constants (σ) and 

1JHF coupling constants, we compared a range of DFT functionals belonging to different rungs 

of the Jacob’s ladder introduced in Chapter 1 along with a range of basis sets. The geometries, 

along with 1JHF and σ values, are then compared to the geometries and values obtained via ab 

inito calculations.  

For the comparison of geometries, both the overall Root Mean Square Error (RMSE) of the H-

F distance and the Root Mean Square Deviation (RMSD) of overall complexes were used to 

identify good structural agreement between different computational methods. For the 

prediction of 1JHF the RMSE between experimental and computed values are compared, while 
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for σ the RMSE between ab inito and DFT are compared along with correlation (R2) to 

experimental data.   

Datasets  

The first dataset from Limbach et al.67 contains coupling constants for F−(HF)n ( n=1-4) clusters 

in solution. These measurements were obtained using low-temperature NMR at temperatures 

between 110 K − 150 K with the complexes solvated in a 2:1 mixture of CDF3 and CDF2Cl. 

Alongside their experimental work, Limbach et al. also carried out DFT and CAS calculations 

to predict the 1JHF coupling constants in all four complexes. This experimental dataset has been 

previously used in  theoretical studies by Bartlett et al.71 and Pecul et al.73  who used EOM-

CCSD and  MCSCF calculations respectively to predict the 1JHF coupling constants. 

The second dataset reported by Christie et al.60 contains NMR shielding constants for the 

tetramethylammonium fluoride (TMAF) complex in nine solvents (DCM, MeCN, H2O, 

MeOH, CHF3, EtOH, acetone, DMSO, and CHCl3). Christie et al.60 discovered that to predict 

the 19F NMR you could approximate the full solvation of the fluoride anion by only using one 

solvent molecule in a gas phase and then extrapolating this to the full solvation through a linear 

fit.  

Limbach dataset – H−F Clusters  

To identify an appropriate basis set for CCSD(T) calculations we first compared a variety of 

basis sets to obtain a method that would balance computational cost and accuracy. 

With the CCSD(T)/aug-cc-VDZ method as reported by Bartlett,71 our H-F Bond length is 

1.1519 Å almost identical to the one reported by Bartlett (1.1517 Å). However, with larger 

basis sets such as aug-cc-V5Z we obtain a slightly shorter H−F bond (1.1405 Å) at the basis 

set limit. The smaller def2-TZVP basis set reproduces the aug-cc-V5Z bond lengths whereas 

diffuse basis sets (ma) perform slightly worse when compared to the aug-cc-V5Z (Figure 41). 

Therefore, def2-TZVP was used to obtain geometries for all four H−F clusters.  
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Figure 41 Effect of varying basis set size and type on the FHF complex. The average H−F distance is compared 

between the different basis sets. 

Each F-(HF)n cluster structure was optimised at CCSD(T)/def2-TZVP and then used as 

reference structures for the evaluation of DFT methods. Among the DFT functionals tested, 

PBE0/D3BJ has the smallest RMSE errors (Figure 42, RMSE = 0.075 Å). Surprisingly, adding 

diffuse functions did not lead to improvement. The best compromise of accuracy and basis set 

size was PBE0(D3BJ)/def2-TZVPP. Selected data points were retested in ORCA 5.0 and 

showed negligible differences in the obtained structures. 
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Figure 42 Overall RMSE for DFT optimisations over all F(HF)n clusters for n = 1-4 compared to CCSD(T)/def2-

TZVP. 

Employing the geometries obtained at the CCSD(T)/def2-TZVP level of theory, a range of 

DFT functionals including GGA, meta-GGA, and hybrid-GGA functionals were screened to 

compute 1JHF coupling constants in ORCA 4.2. The best performing of each class was retested 

in ORCA 5.0. In this case, significant changes were observed. Differences in up to 30 Hz for 

1JHF coupling constants calculated using M062X were observed, while 3JHH coupling constants 

had much smaller differences of < 0.3 Hz (Figure 43). Given there was a significant change to 



Chapter 4  

 

114 

 

how the integration grids were implemented in ORCA 5.0 vs ORCA 4.2 we believe that this is 

the source of the observed changes. 

  

Figure 43 Comparing differences between coupling constants calculations using M062X/def2-TZVP in ORCA 

4.2 and ORCA 5.0 for F(HF)2 and benzene. Identical geometries are used for both calculations. 

Each functional was analysed considering the NMR parameters associated to either the 

covalent H−F bond (type A) or the hydrogen bond between the H and the fluoride anion (type 

B, Figure 43). Overall, all the tested DFT functionals using Aldrichs def2-XVP basis sets 

underestimate the coupling constants for bond A when compared to the experimentally 

observed values. Extra polarisation or diffuse basis sets do not improve the calculations. The 

use of Jensen’s pcJ-X basis sets, which were developed for the calculation of coupling 

constants, were found to slightly improve the results by 50 - 100 Hz. PBE0 and B3LYP show 

a similar performance with errors of 75 Hz when using the pcJ-3 or pcJ-4 basis set (Figure 44). 

M06-2X shows convergence problems with the Aldrichs basis sets; however, when using the 

pcJ-4 basis set the errors are 50 Hz or lower.  Among the functional tested, B97-D3 perform 

the worst with errors of 100 to 200 Hz, even with the large optimised pcJ-4 basis sets. 
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Figure 44 Error in 1JHF coupling constants for Ha in F(HF)n for n = 1-4 compared to experimentally determined 

coupling constants. 
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For the hydrogen bond B, comparing experimental and computed values is more challenging 

as reported in previous works.71, 73 This is due to the fact that the assignment of the F(HF)4 

experimental values is tentative due to signal overlap with the F(HF)3 cluster in the NMR 

spectrum.67 The calculated coupling constants are consistent across different levels of theory. 

For example, both Aldrichs and pcJ-X basis sets behave similarly, with differences of 1-2 Hz 

(Figure 45). Similarly, B97-D3, PBE0, and B3LYP give similar errors when using def2-QZVP 

and pcJ-4 basis sets. Once again, M062X suffers from convergence issues, showing larger 

differences when using Aldrichs or Jensen basis sets.  
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Figure 45 Error in 1JHF coupling constants for H-F hydrogen bonds in F(HF)n for n = 2-4 compared to 

experimentally determined coupling constants. 
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Christie dataset – Solvent-F Clusters 

As with the Limbach dataset, to obtain the optimal basis set for benchmarking DFT functionals 

we began by testing a range of the basis sets on the F−H2O cluster, using CCSD(T) for 

optimisations and MP2 for NMR calculations.   

 

Figure 46 Basis set limit for CCSDS(T) Optimisation and MP2 NMR calculation on a F−H2O cluster. 

With geometry optimisations, the CCSD(T)/ma-def2-TZVP was able to reproduce geometries 

of the more computationally expensive CCSD(T)/aug-cc-pVQZ reference (Figure 46). For the 

calculation of 19F isotropic shielding constant (σiso), as we increase the basis set size we 

converge once we reach the quadruple-zeta sets. We therefore selected RI-MP2/ma-def2-

QZVP for the calculation of 19F σiso. 

When calculated over all of the nine clusters this method reproduces previously calculated 

results by Christe et al.60 (Figure 47, Method A, R2 = 0.88). Surprisingly, the use of implicit 

solvation during optimisation with either SMD or CPCM, leads to no correlation in the 

predicted NMR shifts (Figure 47, Method B, R2 = 0.00).  This unexpected behaviour is due to 

the changes in H−F hydrogen bond length. When including implicit solvent for the MeCN 

monomer the bond length increases by 44 % (0.608 Å) between the gas phase (1.382 Å) and 
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the implicit solvent geometry (1.990 Å). The difference for the water monomer is only 0.116 

Å and an increase in the bond length of only 8 %. 

To investigate if implicit solvation had a significant impact on the calculation of NMR shifts, 

the geometries of each complex were optimised in the gas phase, and implicit solvent was only 

included in the NMR calculations. This gives a better correlation to the experimental data 

(Figure 47, Method C, R2 = 0.86). Therefore, the observed deviation from experimental results 

when using implicit solvent methods is due to changes in the geometry of the complex, rather 

than due to the NMR calculation.  

 

Figure 47 Prediction of 19F NMR isotropic shielding constants again experimental NMR comparing the effects of 

implicit solvation on NMR prediction. Tested computational methods A: RI-MP2/ma-def2-QZVP//CCSD(T)/ma-

def2-TZVP B: CPCM(Solvent)-RI-MP2/ma-def2-QZVP//CPCM(Solvent)-CCSD(T)/ma-def2-TZVP C: 

CPCM(Solvent)-RI-MP2/ma-def2-QZVP//CCSD(T)/ma-def2-TZVP. 
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As with our investigation into the H−F clusters, the initial benchmarking for geometries was 

carried out in ORCA 4.2, with the four best-performing functionals at different levels of theory 

for the H−F clusters tested in ORCA 5.0. 

Overall, the use of augmented basis sets is important to reproduce the CCSD(T)/ma-def2-

TZVP geometries. When comparing increasingly larger basis sets, convergence is observed 

with the (ma)-def2-TZVPP. B97-D3, B3LYP, and PBE0 with a ma-def2-TZVPP basis set all 

perform well with global RMSD < 0.01 Å and a H−F bond distance RMSD < 0.1 Å (Figure 

48). M062X performs worse than all other functionals tested with an H-F bond distance RMSD 

>0.1 Å for the H−F bonds even when a diffuse basis set is used.  

 

Figure 48 Comparison between CCSD(T) geometries and DFT geometries. HF RMSE is for the distance between 

solvent-H and fluoride while RMSD Global is the RMSD over all atoms in each cluster. 

In 16/30 cases and 2/30 cases, both the DMSO and Ethanol clusters respectively had a large 

RMSD when compared to the reference structure. This is due to the different conformation that 

the complex adopts during optimisation; however, reoptimising from the CCSD(T)/ma-def2-

TZVP reference structure removed these outliers. 

For single-point NMR calculations, the same four functionals as tested for 1JHF coupling 

constants were tested on the CCSD(T) geometries.  Surprisingly the best performance is 

obtained for the ma-def-SVP small basis set, independent of functional, compared to ma-def2-
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QZVP and ma-def2-QZVPP, unfortunately, this is likely due to error cancelation rather than a 

better description of the electron density.  

All the tested DFT methods correlate well with the experimental NMR signals (R2 > 0.6), with 

M062X/def2-QZVP having the best correlation at R2 = 0.88. Overall, M062X/def2-QZVP has 

the lowest errors compared to RI-MP2/ma-def2-QZVP calculations, RMSE = 20 ppm (Figure 

49).  

 

Figure 49 Error between DFT calculations and MP2 calculated shielding constants. R2 of fit is between computed 

results and experimental results. 

Benchmarking summary  

Overall, PBE0/def2-TZVPP is the optimal level of theory for geometry optimisation for both 

datasets. The only difference between the datasets is the inclusion of diffuse functions; the first 

dataset of Limbach’s H−F clusters does not require diffuse functions, but Christie’s solvent-

fluoride clusters do. However, due to an increase in computational cost with the use of diffuse 

basis sets, we only include them when needed.  

For 1JHF calculations PBE0/def2-QZVP and PBE0/pcJ-4 are the best-performing methods, 

displaying errors of 30-80 Hz to experiment.67 When compared to the best-performing 

computational method, EOM-CCSD71, our DFT approach has errors of 10-30 Hz while being 

significantly less memory intensive and faster.   
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If we only consider the calculation of 1JHF across the hydrogen bond (B), B97-D3/def2-QZVP 

also shows similar accuracies to that of PBE0/def2-QZVP with a significant speed up and a 

lower memory requirement. For the calculation of 19F NMR shifts of the fluoride anion, 

M062X/def2-QZVP is the best-performing functional but shows poor performance for 1JHF 

coupling constants. Considering performance and efficiency, our method for geometry 

optimizations is PBE0/def2-TZVPP (with diffuse functions added for solvent clusters) and 

M062X/def2-QZVP for 19F NMR shielding constants, while B97-D3/def2-QZVP is used for 

1JHF coupling constants. 

In conclusion, while our DFT workflow described above can accurately predict 19F NMR 

shielding constants for anionic fluoride complexes, 1JHF are less well predicted, and none of 

them can match ab initio results of covalent H-F bond. Keeping in mind that our target is to 

obtain relative trends rather than absolute values, we believe that this method should capture 

these trends.  
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4.2.2 Influence of explicit solvation on 19F NMR values 

To evaluate the effect of explicit solvation upon 19F NMR values we first studied the effect of 

varying the distance and angle between two solvent molecules solvating fluoride, before 

designing complexes with between one and six explicit solvent molecules for each of our nine 

solvents. We hypothesised that the sequential addition of an explicit solvent for both gas phase 

and implicit solvent calculations would result in the 19F NMR shift converging. 

Geometry scans 

To understand the effect of solvent position on 19F NMR σiso we performed a geometry scan 

on dimer complexes, where two solvent molecules are coordinated to the fluoride anion. We 

vary the H-F distance (r1 and r2, Figure 50) while keeping the angle between the solvent 

molecules constant (θ, Figure 50).  

The resulting potential energy surface (PES) shows clear differences between the solvents with 

hydrogen bond donor groups (Water, MeOH and EtOH), those with halogen-containing atoms 

(DCM, CHCl3 and CHF3)  and those that are polar aprotic (MeCN, Figure 50). The energy 

minimum is found with a H-F distance of 1.53 Å for water, 1.76 Å for DCM, and 1.86 Å for 

MeCN.  
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Figure 50 2D geometry scan for Water, DCM, and MeCN dimer across the r1 and r2 H-F bonds as shown on the 

example for the Water dimer. Calculations performed at the CPCM(Solvent)-M062X/def2-QZVP// 

CPCM(Solvent)-PBE0(D3BJ)/ma-def2-TZVPP level of theory. X signifies the PES minima. Contour lines are 

shown for every 5 kcal/mol and 25 ppm. 
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Analysis of the 19F NMR σiso surface shows a similar pattern independent of solvent type, with 

the minimum in the σiso occurring at an H-F bond distance of 1.2 Å. However, there is a 

significant difference in the σiso at this point: MeCN is at 177 ppm while MeOH is 322 ppm. 

Inspection of the structures at this point explains this result; for MeCN the C-H bond has 

significantly elongated to 1.26 Å, from 1.09 Å, which causes a deshielding effect as electron 

density is moved away from the fluoride anion onto the approaching hydrogen. In the case of 

the MeOH the OH bond elongates less only from 0.95 Å to 1.09 Å. Therefore, less electron 

density is moved from the fluoride anion onto the proton.  

As expected, as solvent molecules move further away from the fluoride anion the shielding on 

the anion increases until we approach a maximum of 480 ppm at 3 Å. At this point there is no 

removal of electron density from the anion anymore and therefore the NMR shift is purely the 

fluoride anion in the CPCM solvent, which as seen in our initial WFT calculations does not 

affect the 19F NMR σiso.  

When scanning the angle between the two solvent molecules and the fluoride anion, if the θ is 

between 90° and 170° there are minimal changes in the 19F NMR σiso (< 10 ppm change for all 

solvents), and as the angle decreases further there is a significant decrease. This is an effect of 

the total geometry, as at small angles the solvent molecules begin to clash resulting in distorted 

solvent structures.  

Sequential addition of solvent molecules to F-(Solvent)n complexes 

For each of the nine solvents we placed solvent molecules around the fluoride anion in positions 

similar to those reported by Gerken et al.60 While this would not give a full representation of 

all possible confirmations, it would allow us to evaluate the impact of changing the 

coordination on the 19F σiso. 

For each complex, both gas-phase and implicit solvent calculations were performed and plotted 

against the experimental 19F NMR shift. As seen in our wave function work in the previous 
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section, gas-phase calculations with one explicit solvent molecule correlate well with 

experimental results (R2 = 0.90), while the same calculations performed with implicit solvent 

do not correlate well (R2 = 0.13) (Figure 51A, light vs dark blue lines). The more pronounced 

difference can be seen for polar aprotic solvents, such as MeCN and DMSO (Figure 51A, -70 

to -80 ppm). 

 

Figure 51 The effect of addition of extra explicit solvent molecules on 19F σiso using the M062X/def2-

QZVP//PBE0(D3BJ)/ma-def2-TZVPP methodology, each datapoint represents a different solvent. CPCM 

solvation is used for implicit solvation calculations. A) Mono complexes, with one solvent molecule and the 

fluoride anion. R2 = 0.90 for gas phase and R2 = 0.13 for implicit solvent calculations. B) Hexacoordinate fluoride 

complexes,  R2 = 0.95 for gas phase calculations and 0.91 for implicit solvent. 

Our results show that with the six explicit solvent molecules, the differences between the gas 

phase and implicit solvation converge to within 10 ppm of each other, apart from DMSO and 

MeCN which remain more than 30 ppm apart (Figure 51B). At this point, both sets of 
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calculations correlate well with the experimentally determined 19F NMR shift, R2 = 0.95 for 

gas phase calculations while implicit solvation has R2 = 0.91.  

During the sequential addition, it became noticeable that CHCl3 was consistently an outlier in 

the data, both with gas phase and implicit solvation methods. We initially suspected that this 

could be due to a lack of spin-orbit coupling in the DFT functionals, which results in NMR 

shifts on atoms adjacent to a Cl being highly inaccurate when compared to experimental 

results.276-281 However, in our case, the 19F anion is not directly adjacent to the Cl but 3 bonds 

away, and these changes would be very subtle, and are unlikely to be passed across the 

hydrogen bond. Furthermore, while CHCl3 is an outlier, the closely related CH2Cl2 is not an 

outlier in any of our calculations. The more likely explanation therefore is that the experimental 

data either is misreported, or the solvent is partially contaminated, for example with water and 

therefore the coordination around the anion is not purely CHCl3. This can be a significant 

problem where solvents such as CHCl3 which are hydroscopic and so making a sample free to 

water totally is practically impossible, and therefore even a single molecule of water could bind 

to fluoride, could lead to significant differences in the observed shifts  

Conformational sampling 

As seen in Figure 51, even with six explicit solvent molecules solvating fluoride (i.e. when the 

F- is fully solvated) we had not seen convergence to a single value, especially in the case of 

MeCN and DMSO. Initial conformational sampling was attempted in CREST; however, these 

calculations gave unreliable results using implicit solvent where most clusters broke apart. This 

led us to pursue an MD-based strategy, for detailed information on the implementation of the 

MD simulations see section 4.4.4 .    

This would allow for the simulation of fluoride in a range of solvents to gain information about 

the coordination environment around fluoride. Using the radial distribution function (RDF) we 

could extract clusters and identify if MD solvation would result in a more accurate prediction 
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of the 19F NMR. After MD simulation the RDF showed between 5-8 solvent molecules in the 

first solvation shell, so we clustered the first eight solvent molecules around the fluoride and 

extracted the most populated cluster before performing DFT calculations.  

We calculated the σiso before and after DFT optimisation, and as to be expected the values 

before optimisation do not correlate with either the results from our 6-coordinate complexes or 

experimental results. 

After optimisation, the computed values correlate well with experimental values with an R2 = 

0.75 (Figure 52A). The values of protic solvents match very well with those obtained from our 

6-coordinate complexes, however, the only differences which are greater than 4 ppm are those 

of MeCN, DMSO and Acetone.  
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Figure 52 A) Comparison of calculated 19F σiso to experimental data R2 = 0.75. B) Hexacoordinated fluoride by 

MeCN, distances in Å C) Octacoordinated fluoride by MeCN obtained from MD simulations. All calculations 

performed using CPCM(Solvent)-M062X/def2-QZVP// CPCM(Solvent)-PBE0(D3BJ)/ma-def2-TZVPP. 

In the case of MeCN, the reason for this large discrepancy in ppm is obvious. After 

optimisation, we have an 8-coordinate complex rather than a 6-coordinate one (Figure 52B vs 

Figure 52C). Furthermore, the average H-F bond distance is 2.05 Å compared to 1.96 Å for the 

6-coordinate complex. These slight changes in the bond distances but an increase in the number 

of hydrogen bonds result in the fluoride becoming deshielded, so the σiso drops by a further 10 

ppm.  

In the cases of DMSO and Acetone, the major difference is due to different conformations and 

methods of coordination. In our built complexes both DMSO and Acetone acted as bi-dentate 
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ligands, however from the MD simulations these solvent molecules can also act as mono-

dentate ligands. This change in conformation is therefore responsible for the observed 

differences in 19F σiso.  

While MD simulations do generate more diverse conformations, and consequently a more 

accurate description of the solvation around the anion, the obtained values for most solvents 

are similar to our empirical work of modelling solvents around the fluoride anion. Therefore, 

MD simulations are not required to predict the NMR shift computationally.  

4.2.3 Micro-solvation 

Given the importance of explicit solvation in accurate 19F NMR calculations of fluoride in 

solution, we decided to automate the procedure of adding solvent molecules. We achieved this 

using the protocol developed by Joseph Silcock, a Part II in the Duarte group. Here a sphere of 

explicit solvent molecules is constructed around a molecule. This code was extended to use the 

CPCM surface of the molecule generated from PCMSolver.282 This calculates the CPCM 

surface of a molecule and passes the centre of each tesserae to our Python code. Solvent 

molecules are then placed on this surface until the CPCM surface is covered. A UFF136 

forcefield optimisation is then performed before DFT optimizations can be performed. This 

code also includes the functionality to solvate part of the molecules as demonstrated in Figure 

53A. This micro solvation allows users to specify an atom to solvate along with the radius from 

that atom to be considered. Therefore, only tesserae that fit within this criterion are solvated.          



Chapter 4  

 

131 

 

 

Figure 53 A) Output of Microsolvation code on TMAF using water. B) Comparison of calculated 19F σiso against 

the experimental 19F NMR for each of the solvated TMAF complexes. R2 = 0.77. 

With the ability to microsolvate part of a TMAF complex, we then generated seven micro-

solvated TMAF complexes with varying solvents. The NMR shift was calculated after 

optimisation. Overall, the model works reasonably well, with an R2 = 0.77 and CHCl3 

remaining as a significant outlier in the data (Figure 53B). Given that TMA is usually a non-

coordinating cation, it is not surprising that its inclusion in the complex does not lead to an 

improvement in the R2 compared to that of the MD solvation work, or the empirical solvation 

work.    

Overall, in this section we have shown that while the approximation of one solvent molecule 

and a fluoride anion to predict the 19F NMR of the anion does work but produces unrealistic 

geometries. While MD solvation and micro-solvation correlate with experimentally measured 

values, the most effective and efficient method is explicit solvation with six solvent molecules, 

which correlates best with experimental results while being less computationally expensive.   

4.2.4 Mono urea fluoride complexes 

With a method in hand to achieve reliable 19F NMR values for fluoride in different solvent 

environments, we were interested in identifying if this approach could be extended further to 

complexes where the solvent did not change between complexes. We chose the Mono Urea 

Fluoride (MUF) complexes reported by the Gouverneur group as a starting point. While no 
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experimental NMR values have been reported to date, we believe that this system will supply 

a qualitative example of the effects of varying hydrogen bond donors coordinated to the F- 

anion (Figure 54A).  

Using our previous method, we used our micro-solvation script to solvate 8 different MUF 

complexes with DCM. These complexes were then optimised at the PBE0(D3BJ)/def2-TZVPP 

level of theory before 1JHF coupling constants were calculated at the B97-D3/def2-QZVP level 

of theory and 19F NMR σiso were calculated at the M062X/def2-QZVP level of theory. To 

understand how explicit and implicit solvation affect the σiso and 1JHF coupling constant, we 

compared two different sets of structures: MUF complexes with or without explicit solvation 

(Figure 54A and Figure 55A). For both sets of complexes we performed optimisations either 

in the gas phase or with implicit solvation. This therefore resulted in four different sets of 

results. 

 

Figure 54 A) MUF complexes, without explicit solvation. B) The effect that including implicit solvation during 

optimisation has on the 19F σiso and the 1JHF coupling constant on MUF Complexes when compared to the Hammett 

Parameters for each complex. 19F σiso gas phase optimisation R2 = 0.96 Implicit Solvent optimisation R2 = 0.96. 

For 1JHF coupling constants gas phase R2 = 0.95 and implicit solvent R2 = 0.93 
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We plotted against the 2σpara Hammett Parameters for the non-solvated complexes for each 

complex against the 19F σiso. We observe a very good correlation between the Hammett 

Parameters and both the 19F σiso (R
2 = 0.96 for both gas phase and implicit solvent optimisations 

Figure 54B) and the 1JHF coupling constants (R2 = 0.95 for gas phase optimisations and R2 = 

0.93 for implicit solvent optimisations). The major difference however is in the absolute values 

for each of the complexes (Figure 54B).   

The difference between the gas phase and implicit solvation optimisations is significant for 

both the σiso and 1JHF coupling constant. The σiso are generally about 40 ppm more deshielded 

for gas phase calculations, while the coupling constants are usually 20 Hz more negative. These 

two patterns however should be expected. In the gas phase calculations, as seen with our work 

on solvent clusters in the previous section, the H-F bond is shorter usually by 0.1 Å which 

results in the electron density on the fluoride anion being reduced, thus deshielding the nucleus. 

This shorter H-F bond means that there is a much stronger coupling between the two atoms, 

which increases the magnitude of the 1JHF coupling constant.  
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Figure 55 A)MUF complexes, with explicit solvation B)When compared to the Hammett Parameters for each 

complex, the effect that including explicit solvation has on the 19F σiso constant and the 1JHF coupling constant on 

MUF complexes. 19F σiso gas phase R2 = 0.52 and 0.42 for gas phase and implicit solvation respectively. For 1JHF 

coupling constants R2 = 0.93 for gas phase and R2 = 0.95 for implicit solvation. 

The first observed difference between the calculations performed with explicit solvent 

molecules is the range of calculated 19F σiso and 1JHF (Figure 55B). These are 50 ppm and 40 

Hz smaller respectively than compared to calculations performed in the absence of explicit 

solvent. This is consistent with our work on solvent-fluoride complexes where explicit 

solvation reduced the electron density of the fluoride through solvent-fluoride interactions. We 

see this when comparing the H-F bond lengths which are similar between optimisations in the 

gas phase and with implicit solvent, with only a difference of 0.03 Å. However, these are still 

longer by > 0.1 Å than complexes with no explicit solvation. 

While the difference in hydrogen bond length between gas phase and implicit solvent 

optimisations is small, the difference in 19F NMR σiso is still pronounced at 20 ppm. This 

difference is a result of the solvent molecules being closer to the fluoride anion in gas phase 

calculations, resulting in the extra deshielding of the 19F σiso.  
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When the σiso is plotted against the 2σpara Hammett Parameters there is a quite poor correlation 

(R2 = 0.52 and 0.42 for gas phase and implicit optimisations), yet the correlation between 1JHF 

coupling constant and Hammett values remain with an R2 = 0.93 and 0.96 for gas phase and 

implicit optimisations respectively.  

To understand if the lack of correlation observed with the NMR shifts was due to a lack of 

conformational sampling of the MUF complex and the solvent, we decided to use CREST to 

generate conformers which could be then Boltzmann weighted. To Boltzmann weight 

conformers we used the CPCM(CH2Cl2)-ωB97X-D3/def2-QZVP, as this has previously been 

benchmarked for reproducing binding in urea fluoride systems.38, 283    

 

Figure 56 Boltzmann weighted 19F σiso and 1JHF coupling constants for the MUF complexes. All optimisations 

were carried out with implicit solvation. For NMR calculations R2 = 0.75 and for 1JHF calculations R2 = 0.94 

With Boltzmann weighted NMR and shifts and structures, we see that the R2 between the 19F 

σiso and the Hammett values improves to 0.75, however there is still a large spread in the data 

(Figure 56). We would expect that there would be some correlation between the Hammett 

Parameters and the NMR shift as previous work has shown that Hammett Parameters do 

correlate with the binding energy of the fluoride anion to the urea.283 This stronger binding we 

would expect to see a difference in the NMR parameters of the complex.  
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We observe that the range of the σiso are very small, with only 4 ppm between the most extreme 

data points. This suggests that the majority of the deshielding of the fluoride nucleus is coming 

from the DCM solvent molecules, and therefore there is little influence on the shielding of the 

fluoride anion from the urea. Therefore, future changes in the electronics on the urea backbone 

will not have a significantly discernible influence on the 19F σiso.   

In the case of the 1JHF coupling constants, these do remain and correlate even when we 

Boltzmann weight the conformers with R2 = 0.94 (Figure 56). This shows that Boltzmann 

weighting of conformers has a small effect on the 1JHF coupling constants, with differences of 

less than 2 Hz between fixed geometries and conformational sampling.  

In conclusion, we have shown that implicit solvation and explicit solvation around the fluoride 

anion in MUF complexes result in large differences of up to 100 ppm while the 1JHF coupling 

constants change by over 20 Hz. These differences are due to changes in the H−F bond length 

which vary based on the solvation method, inclusion of implicit solvent, and urea electronics. 

However, in all cases the 2σpara Hammett Parameters do correlate with both the σiso and 1JHF 

coupling constant with R2 > 0.75 showing that electronics will correlate with both NMR 

parameters within each computational method, which is supported by previous work on the 

calculation of MUF binding energies.38, 283  The end result is that while the absolute values for 

both the coupling constants and σiso may have a larger error, the relative trends are still 

preserved.  
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4.2.5 BINAM urea complexes 

With a method in hand for the prediction of 19F NMR shifts and the 1JHF coupling constant, we 

wished to apply this method to that of the HBPTC catalysts. First, we wished to compare the 

impact that diffuse functions in geometry optimisations would have on the calculated 1JHF 

coupling constants. Optimisations were carried out with the CPCM(CH2Cl2)-

PBE0(D3BJ)/def2-TZVPP or CPCM(CH2Cl2)-PBE0(D3BJ)/ma-def2-TZVPP level of theory. 

1JHF coupling constants were then calculated using CPCM(CH2Cl2)-B97-D3/def2-QZVP and 

the values Boltzmann weighted according to their energies at the CPCM(CH2Cl2)-ωB97X-

D3/def2-QZVP level of theory. Overall, there is only a maximum deviation of 2.3 Hz between 

the two methodologies and an MAE of 1.4 Hz (Figure 57).  This implies that diffuse functions 

show no significant difference in the prediction of 1JHF coupling constants on these BINAM 

urea complexes. For that reason, we therefore performed all other calculations using the 

CPCM(CH2Cl2)-PBE0(D3BJ)/def2-TZVPP methodology to reduce computational cost.  

 

Figure 57 Differences in 1JHF coupling constants when geometry optimisations include diffuse functions. 

Calculations are carried out at the same level of theory for NMR calculations and Boltzmann weighting. R = iPr 

R1 = R2 = 3,5-bis(trifluoromethyl)benzene. 

Taking six catalysts from the work of Ibba et al.39 with variable electronics on the R1 and R2 

groups, we conformationally sampled each catalyst before Boltzmann weighting the 1JHF 

coupling constants. When plotted against the experimentally determined 1JHF our approach 

performs well with an R2 = 0.90 to the experimental data (Figure 58). Furthermore, the sign of 

the coupling constant is negative, in line with previous computational and experimental studies 
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for coupling constants across a H-F hydrogen bond.71, 284 The relative strengths of the 1JHF 

couplings for the NHa, NHb, and NHc couplings are also preserved with NHa > NHb > NHc.  

 

 

Figure 58 Calculated 1JHF coupling constants using our DFT methodology categorised by catalyst and hydrogen 

bond. R = iPr for all catalysts. R2 = 0.90, RMSE = 3.4 Hz, MAE = 2.8 Hz. 

However, the model underperforms when it comes to the prediction of the exact magnitude of 

the coupling constants. In general, both the NHa and NHc coupling constants are higher than 

those experimentally determined, with NHc being 5-10 Hz larger and NHa being > 10 Hz larger 

than reported. However, when we apply a linear fit to the data, we can obtain an RMSE of 3.4 

Hz and an MAE 2.8 Hz across all H-F hydrogen bonds. To investigate the reason for this 

difference, we further studied catalyst 3, for which H-F bond distances had been determined 

using HOSEY NMR experiments. 
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Comparison of H-F bond distances to experimental data 

To experimentally determine the coordination environment of the fluoride anion, Ibba et al.39 

used quantitative HOESY experiments. The nuclear overhauser effect (NOE) could then be 

converted into distances using the known H-F vinyl distances. They determined that the H-F 

distances were 1.83 Å, 1.91 Å, and 2.05 Å for the NHa-F, NHb-F, NHc-F distances 

respectively. In comparison, our calculations give distances of 1.58 Å, 1.67 Å, and 1.75 Å for 

the NHa-F, NHb-F, and NHc-F distances.  

In all cases, the H-F bond distances are significantly shorter than expected, by at least 0.2 Å. 

Therefore, the fluoride is binding much more strongly to the complex than experimentally 

determined. This, coupled with the fact that B97-D3 1JHF coupling constants underestimate the 

true experimental values, results in a cancellation of the errors, meaning that the values are 

closer than expected for the complexes with this short bond length.  

Complex conformation effects 

Inspecting the conformers that make up the Boltzmann weighted coupling constants we 

observed two different binding modes: an open and a closed conformation (Figure 59). In the 

closed conformation the TBA counter ion lines above the fluoride anion, shielding the anion 

from the solvent. The open confirmation is when the TBA counter ion sits below the urea 

oxygens. This results in the fluoride anion being fully exposed to the bulk solvent. 
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Figure 59 Examples of the open and closed conformation for Catalyst 3. 

In the case of catalyst 3, the lowest three conformers are all open conformations summing to 

95% of the Boltzmann weighting, while the remaining 5% comes from the closed 

conformation. The major difference in the 1JHF coupling constants originates from the 

difference of the NHa H-F bond. In the case of the open conformation this sits slightly longer, 

1.57 Å vs 1.61 Å, yet this difference results in a change of -71 Hz to -62 Hz in the coupling 

constant. Therefore, this slight variation in the conformation and the change in H-F bond 

distance can result in large changes in the calculated coupling.  

Reasons for overbinding 

As noted in the previous section, the computational workflow currently results in the 

overbinding of the fluoride anion to the urea protons, resulting in distances significantly shorter 

than those experimentally determined. We believe that one of the major problems comes from 

the lack of inclusion of explicit solvent when considering these structures.  

This is very pronounced in open conformations, where the anion is exposed to the bulk solvent. 

As seen with both the solvent clusters and MUF complexes, not including explicit solvation 

leads to shorter H−F distances than when it is included. In the case of the MUF complexes, 

differences of more than 0.1 Å are observed for the H-F hydrogen bond with explicit solvation. 
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This importance of explicit solvation is noted in unpublished work by David Ascough,283 which 

showed that to reproduce binding constants for BINAM urea an explicit water molecule must 

be included above the fluoride.  

Therefore, while our model can reproduce the trends seen with experimental data, we cannot 

reproduce the exact structures in solution using these methods.  
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4.3 Conclusions 

Herein we present an approach for the calculation of 19F NMR for the fluoride anion in a range 

of solvents. The approach can calculate both the σiso along with relative 1JHF coupling constants 

across the H-F hydrogen bond. However, in all methods DFT calculations underestimated the 

1JHF coupling constants, especially for the covalent H-F bond where errors are greater than 200 

Hz. While absolute values are not easily calculable, the relative values of the 1JHF coupling 

constants can be calculated.  

In the study on MUF complexes, we find that changes in 1JHF coupling constants do correlate 

with electronic changes on the urea backbone. Furthermore, we also investigated the impact 

that explicitly solvating the fluoride has on both the 19F NMR shift and the 1JHF coupling 

constant. What we discovered is that addition of explicit solvents significantly changes the 

absolute value of the σiso and the 1JHF constant and preserves the correlation between the 

Hammett parameter and 1JHF coupling constants. Correlations remain for 19F σiso, but the 

differences become very small, showing that the shielding from the solvent has a much larger 

contribution to the overall shielding than that from the urea.  

When our approach is applied to the BINAM complexes we find that our approach can predict 

the 1JHF coupling constants well with a fitted RMSE of 3.4 Hz, meaning we can differentiate 

between all H-F hydrogen bonds accurately. We also show that two conformations can be 

found, an open and a closed form, where the fluoride is either exposed to the bulk solvent or 

covered by the TBA cation with the open conformer being the major conformer. 

Given our results on the effect that including explicit solvent has on the 1JHF coupling constants, 

it is therefore not a surprise that our model shows significant overbinding to the fluoride 

compared to experimental data. This shows that explicit solvation is essential to accurately 

calculate the 1JHF coupling constant. Sampling in the presence of explicit solvent is an area 

which future work should be directed towards.  
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4.4 Methods  

4.4.1 Quantum mechanical calculations 

Quantum mechanical calculations were carried out using ORCA 5.0.3285 unless otherwise 

stated. Minima were characterised using the TightOPT keyword, corresponding to tolerances 

of 10–8 Hartrees for the SCF energy change, and 10–6 Hartrees for the optimization step. To 

speed up calculations the resolution of identify chain of spheres exchange (RIJCOSX) 

approximation286 was employed for all hybrid and meta-hybrid DFT functionals and the RIJ287 

approximation for all non-hybrid DFT functionals with the AutoAux288 keyword used for the 

generation of the needed auxiliary orbitals for the RIJ and RIJCOSX approximations.  

The integration grid (DEFGRID3) was used in all calculations in ORCA 5.0.3, and calculations 

in ORCA v 4.2 used integration grids Grid 7 corresponding to a Lebedev-770 angular grid, and 

a radial integral accuracy (IntAcc) of 5.67. Calculations employing a RJCOSX approximation 

utilized the “GridX7” procedure, corresponding to IntAcc = 4.34 and a Lebedev-302 angular 

grid. 

MP2 calculations make use of the Resolution of Identity Approximation (RI) for the calculation 

of correlation integrals.289 CCSD(T) optimisations made use of the numerical gradients 

(NUMGRAD) and the TightOpt criteria. The solvent was described using the implicit solvation 

methods CPCM121, 290-292 and SMD,123 CPCM solvation made use of the Gaussian charge 

scheme. 

Dispersion corrections were considered using Grimme’s D3 empirical method with Becke-

Johnson damping (D3BJ)103, 104, 293 with the exceptions of B97-D3, B97-3c, PBEh-3c and 

ωB97XD3 which apply their own dispersion correction. CCSD(T) optimizations were 

performed with Dunning’s correlation consistent basis sets103, 104, 293 using the numerical 

gradients (NUMGRAD) keyword and the TightOpt criteria.  
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The Aldrichs type def2 basis sets were used extensively throughout the DFT study and includes 

an effective core potential (ECP) for Cs.105, 273 For 1JHF coupling constants, Jensen’s optimised 

coupling constant pcJ-X basis sets107 were also tested. 

NMR calculations used the GIAO method294 to ensure gauge invariance of the NMR shielding 

tensors. Unless otherwise stated distances are given in Angstroms (Å), angles in degrees, and 

NMR tensors (σ) in ppm.  

4.4.2 Geometry scans  

For geometry scans the optimised dimer xyz coordinates were used as starting coordinates. For 

the distance scans, the H-F bonds were scanned between 1 and 3 Å in steps of 0.2 Å, with the 

H-F-H angle constrained to its initial value. In the case of CH2Cl2 the C-H-F angle for each 

solvent molecule was also constrained to stop molecular rotation. The H-F bond length was 

constrained for the angle scans while the H-F-H angle was scanned between 10 and 170 

degrees. In each case, a relaxed scan was performed at the CPCM(Solvent)-PBE0-D3BJ/ma-

def2-TZVPP level of theory followed by NMR calculations using CPCM(Solvent)-

M062X/def2-QZVP.  
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Figure 60 Geometry scans for the solvent fluoride dimers across the H-F-H angle. Calculations performed at the 

CPCM(Solvent)-M062X/def2-QZVP// CPCM(Solvent)-PBE0(D3BJ)/ma-def2-TZVPP level of theory. 
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Figure 61 Extra 2D geometry scan for EtOH, MeOH, and DCM dimer across the r1 and r2 H-F bonds. Calculations 

performed at the CPCM(Solvent)-M062X/def2-QZVP// CPCM(Solvent)-PBE0(D3BJ)/ma-def2-TZVPP level of 

theory. X signifies the PES minima. Conor lines are shown for every 5 kcal/mol and 25 ppm. 

4.4.3 Boltzmann weighted constants 

For the generation of Boltzmann weighted 19F σiso and 1JHF coupling constants the following 

workflow was carried out for MUF and HBPTC complexes.  

CREST conformational sampling (CREST v 2.1151, 295 and xTB v 6.450, 131, 296) was carried out 

for each complex using the albp solvation method and the nci mode.  
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An RMSD cut-off for 1 Å on all atoms was performed before CPCM(CH2Cl2)-PBE0-

D3BJ/def2-TZVP singe point was performed. A Boltzmann weighting was performed and 

those conformers which summed to 90% of the total energy were then optimized at the 

CPCM(CH2Cl2)-PBE0-D3BJ/def2-TZVPP. 1JHF coupling constants were then calculated using 

CPCM(CH2Cl2)-B97-D3/def2-QZVP and 19F σiso were calculated at the CPCM(CH2Cl2)-M06-

2X/def2-QZVP level of theory. The values from each conformer were then weighted according 

to their energy calculated at CPCM(CH2Cl2)-ωB97X-D3/def2-QZVP.   

For MUF complexes we excluded any conformers where the anion was not solvated by each 

of the explicit CH2Cl2 molecules.  

4.4.4 MD simulations 

Sampling of the solvent anion clusters were performed using the GROMACS (version 2020.1, 

mixed precision)297, 298 molecular dynamics package with the OPLS-AA forcefield.138  

The complex of study was placed in a cubic box with a 3-dimensional periodic boundary 

condition (PBC), with a minimum boundary distance of 1.2 Å. A cut-off of 1 nm was used for 

both the Van der Walls interactions and long-range electrostatics were described with the 

Particle Mesh Ewald (PME) algorithm.299 Simulations made use of the linear constraint solver 

algorithm (LINCS).300 The temperature of the system was maintained at 298.15 K using the V-

rescale thermostat301 and a coupling constant of 0.1 ps. The pressure was controlled by the 

Parrienello-Rahman barostat at 1.0 bar, with an isothermal compressibility of 4.5 × 10-5 bar–

1.302, 303. Coordinates were saved every 10 ps, and the trajectories were concatenated for 

subsequent analysis when necessary. 

Each complex was minimised by steepest descent minimization for a maximum of 50000 steps 

or until the maximum force was less than 1000 kJ mol-1 nm-1. Velocities were taken from the 

Maxwell distribution at 298.15 K.  The system was equilibrated under constant volume (NVT) 
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for 100 ps and a time step of 1 fs with position restraints. The system was then equilibrated 

under constant pressure (NPT) for 200 ps with a step of 1 fs. Production MD was run using the 

Parrinello-Rahman coupling for pressure coupling, a time step of 1 fs, and a length of 1 ns.  

Each complex was subjected to the NVT-NPT-MD run before clustering. Clustering made use 

of the GROMOS clustering algorithm304 with a cut off of 0.2 nm, allowing for PBC effects. 

The median of the most populated cluster was then used for carrying out DFT optimisations at 

the CPCM(Solvent)-PBE0-D3BJ/ ma-def2-TZVPP level of theory, before NMR calculations 

were carried out at the CPCM(Solvent)-M062X/def2-QZVP level of theory.  

Attempts were made to use MD simulations to conformationally sample the HBPTC catalyst 

complexes, however, these either ended in complex disassociation or structures not in 

agreement with experimental data. This we believe is due to the forcefield not being optimised 

for this system and therefore was not investigated further.  
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Figure 62 Radial distribution functions for MD simulations of fluoride in a box of solvent. Red line shows radial 

distribution as a function of distance; blue line shows the total number of molecules at that distance.  
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Chapter 5  Translating Chemical Structures: 

Using Machine Learning to Predict NMR 

5.1  Abstract 

Nuclear Magnetic Resonance (NMR) Spectroscopy is a key experimental technique for the 

structural elucidation of molecules. Computational NMR calculations can aid in the assignment 

of structures or even correct misassigned structures. While significant advances in computing 

power have enabled the wide use of high-level electronic structure methods for NMR shift 

prediction, these methods remain expensive. Machine Learning (ML) models promise to bridge 

this gap, reaching chemical accuracy at a fraction of the computational cost.  Herein, a 

transformer-based ML-NMR model has been developed to predict 1H,13C and 19F NMR with 

Root Mean Square Errors (RMSE) of 0.55, 3.3, and 8.2 ppm respectively. Similarity scores 

and Integrated Gradients (IGs) are used to interrogate the model and understand the chemistry 

that is learnt during training. Our results show that the NMRBERT model can identify key 

structural motifs and the effect they have on NMR shift, before combining the individual parts 

to give an overall prediction for the NMR shift of a given nucleus. The model is then applied 

to identify the correct product of regioselective late-stage fluorination reactions, for a range of 

fluorinated aromatic regioisomers alongside a confidence score for the prediction, however the 

model is unable to discern between diastereomers and aromatic trifluoromethyl groups.  
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5.2  Results and Discussion 

As shown in Chapter 2, a large body of work on the prediction of 1H and 13C NMR using ML 

techniques has been carried out, which can achieve the accuracy of DFT methods at a fraction 

of the computational cost and time. As we found with our work described in Chapter 4, the 

calculation of 19F NMR with a high level of accuracy can be both time-consuming and 

computationally expensive, and therefore, we were interested in developing our own method 

using ML techniques. Building on the work on ML screening, seen in Chapter 3 and 19F 

NMR prediction using DFT in Chapter 4, we developed NMRBERT, a modified BERT 

transformer, to predict 19F NMR shifts, purely from SMILES strings. We then use attribution 

techniques, introduced in Chapter 2; to understand the predictions that the model is making 

and identify limitations with using this type of architecture.  

5.2.1 19F NMR prediction 

Screening of Machine Learning Algorithms  

Model development began using a subset of our 19F dataset (358 mono-fluorinated molecules), 

further detail on dataset generation and model parameters, including dropout percentage and 

hyperparameters can be found in Sections 5.4.1-5.4.4. We began by testing two BERT-based 

models using either ensemble cross-validation or data-splitting to reduce model overfitting. 

The five-fold cross-validated model performed well with an initial error of 20 ppm (RMSE), 

while the five-fold split performed slightly worse with an error of 26 ppm (RMSE Figure 63). 

To compare the error of the BERT models to other widely used machine learning models we 

then screened a range of ML models, using both Fingerprints and SOAP descriptors and 

standard ML algorithms as described in Section 5.5, the results are shown above in Figure 63.  

For molecular fingerprints as descriptors, the best performing models were SVM Linear, 

Random Forests and Bagged Trees, all with errors of 20 ppm, whereas while higher order 
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SVM’s such as Quadratic, Cubic, and Gaussians Processes all perform poorly with errors above 

40 ppm. For models trained on SOAP descriptors, the lowest errors were obtained using a Fine 

KNN (RMSE = 16 ppm). Boosted Trees, Bagged Tree and Random Forests all have errors 

between 17 ppm and 20 ppm. Gaussian processes perform the worst on the SOAP dataset with 

errors above 40 ppm.      

 

Figure 63 Comparison of ML algorithms using different descriptors. Fingerprints and SOAP descriptors were 

screened over a range of standard ML methods, while BERT was tested using two different dataset-splitting 

methods. Error is given in RMSE, and the error bars represent the Cross-Validation standard deviation.  

Inspection of the training data for the BERT models showed that while the initial dataset 

covered a wide range of chemical groups, some such as SO2F were sparsely populated. This 

group is uniquely placed in the 50-60 ppm range, and in the dataset, only five examples were 

present meaning that some of the five-fold splits had not seen this region of chemical space. 

This resulted in the model predicting the mean of the training data, -70 ppm which causes errors 

to be >100 ppm.  To improve the model, we iteratively added more data points obtained from 
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a further literature search. This resulted in a reduction in the error of the model to 11 ppm 

(RMSE) on the mono-fluorinated dataset (Figure 64).  

Molecular fingerprints while simple, are unable to be used for multi-fluorinated molecules as 

masking techniques are unable to generate different fingerprints for varying isotopes of the 

same molecule. SOAP descriptors show very good efficacy, however, require conformational 

sampling to ensure that the SOAP descriptors fully represent all possible environments which 

can be computationally expensive for large systems.   The BERT model, however, rather than 

learning from scratch has already been pretrained on chemical data152, 153, 305 and therefore it 

would only require finetuning to predict NMR, and furthermore only uses SMILES strings 

meaning there is no need for conformational sampling. Using a BERT transformer would allow 

for further study on the limits that SMILES based transformers could be applied to chemical 

problems, we therefore took the BERT model forward for further study.  

 

Figure 64 Optimised 19F predictions on monofluorinated dataset 459:91 Train:Test Split RMSETest = 11 ppm   

 Development of a Multi-Fluorinated Model 

While good performance was obtained with the monofluorinated model, one limitation is the 

explicit exclusion of multifluorinated molecules, which significantly reduces the chemical 

space covered by the model. Polyfluorinated aromatic and alkyl chains hold a privileged place 
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in 19F NMR, neighbouring fluorine’s can shield an adjacent 19F nucleus resulting in shifts that 

appear further downfield than expected. Therefore, multifluorinated molecules needed to be 

included in our dataset.  

We first wondered whether knowledge could be transferred directly to multifluorinated 

molecules, where the dataset included molecules with multiple environments and the model 

attempting to predict either of the two environments. However, this transfer task failed with 

the model unable to discern between different environments, with the model either predicting 

the average of the training data or only predicting one environment resulting in errors of more 

than 50 ppm.  

The transformer tokenises each atom or bond in a SMILES string, so that the model learns the 

relationship between different tokens (atoms) and NMR shift, however, when multiple F tokens 

are present this function breaks down as there are multiple NMR shifts to be predicted. We 

decided to use masking techniques to ensure there is a 1-to-1 mapping between inputs and 

outputs.      

 

Figure 65 SMILES strings generated from 2D Structures for A) mono-fluorinated molecules and B) multi-

fluorinated. Here the non-target environments are masked before generating SMILES strings 

The masking group chosen was 18F as it was already a token in YieldBERT. For structures 

where only one fluorine is present, there is therefore no need to change the structure, so the 
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SMILES string is left unchanged (Figure 65A). For structures with multiple fluorine 

environments, the non-target environments are masked as 18F, and this masked structure is then 

converted into its SMILES string (Figure 65B).   

Prediction on Multifluorinated Dataset  

With a masked training dataset in hand, we trained the NMRBERT for 19F NMR prediction 

using a five-fold split and the hyperparameters reported by Schwaller et al.152  Pleasingly with 

a  small dataset (565 training data points,113 test data points) a small RMSE is obtained, RMSE 

= 14 ppm corresponding to a 5% error over the range of data points (Figure 66). However, even 

after hyperparameter optimisation and the addition of a further 64 training data points alongside 

the expansion of the test data to 314 data points the model performed slightly worse at 17 ppm 

(RMSE). We therefore wanted to understand if the method of dataset preparation was having 

a significant effect on the model’s performance.    

 

Figure 66 Initial 19F NMR predictions for multifluorinated dataset 565:113 Train:Test Split RMSETest = 14 ppm 

To understand the impact of training data splitting, we investigated the impact of data shuffling, 

data splitting, and cross-validation on the model’s performance. The three methods behave 

significantly differently, with RMSEs of 17 ppm, 9.4 ppm and 8.5 ppm for data-splitting, data-

shuffling and cross-validation respectively.  
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Here we employed Tanimoto similarity scores to understand chemical similarity in reaction 

datasets and the effects on the accuracy and generalisability of the model by separating the 

training and test sets by Tanimoto similarity. Training a model where the similarity between 

training and test data was less than 0.4 would show if the model was learning chemical 

principles which can be used to predict new compounds. Given the handcrafted nature of the 

dataset only a 93:7 training: test split could be achieved. 

When data shuffling is used the RMSE increased from 9.4 to 14.7 ppm (Figure 67A vs Figure 

67B), while for cross-validation, a smaller differences were observed (8.5 ppm to 13 ppm) 

showing that the model is less prone to overfitting during training. Given the improved 

performance of the cross-validation model, we choose this as our optimal data splitting method.  

 

Figure 67 A) Final 19F NMR predictions for multifluorinated dataset 629:314Train:Test Split RMSETest = 8.5 

ppm B) Tanimoto 10-fold shuffle RMSETest = 14 ppm  C) Tanimoto 10-fold cross-validation RMSETest = 13 

ppm. For the Tanimoto splits, the train: test split was 845:89, carried out using Tanimoto criteria > 0.4.  
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Augmentation Effects 

One important tuneable parameter in the use of SMILES-based transformers is augmentation. 

This process generates multiple valid but different SMILES strings for the same molecule 

effectively increasing the training dataset without increasing the amount of source data. 

However, it can lead to overfitting as there is a finite number of SMILES per molecule. For 

example, if there are only six valid SMILES strings for a given molecule, but the augmentation 

level is set to 15, then multiple copies of the same SMILES string will be generated during 

augmentation and added to the training data, resulting in multiple copies of the same string.  

We investigated if duplication affected the model accuracy by comparing models where 

duplicates were allowed, to one where duplicates were removed. Increasing augmentation led 

to a decrease in the error of the training set (Figure 68A), but the error in validation increases 

after 20 rounds of augmentations. When duplicates are removed (Figure 68B) the error on the 

training, test and validation sets continues to decrease plateauing by 20 augmentations. 

 

Figure 68 Comparison of a number of augmentations vs. model error A) without removing duplicates and B) 

removing duplicates. 

The fact that the training error continues to decrease while the validation error stays constant 

with a larger number of augmentations in Figure 68A suggests that the model is overfitting, 
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and therefore it is not sensible to go to larger number of augmentation levels. For this reason, 

we used 15 augmentations only in line with previous work.152  

Breaking down the Model Error 

While the overall RMSE for the model was 8.5 ppm (Figure 67A), the error can be further 

broken down by the environment of the nuclei of interest. Groups that cover a large ppm range 

(e.g. R2CHF, RMSE = 9.7 ppm, Range = 110 ppm) or have a small number of data points (BF4, 

RMSE = 15.9 ppm, 4 training data points) are the main source of error. Primary alkyl and 

aromatic trifluoromethylated arenes perform well, with an error of 6.5 ppm and 1.75 ppm 

respectively.  

Our ML method performance is similar to the best DFT method reported to date. Overall 

NMRBERT achieves an MAE of 5.1 ppm comparing this to the work of Bagno,57 which 

obtained an MAE of 6.2 ppm using DFT methods. Tantillo58 focused on predicting aromatic 

fluorine and reported an MAE of 2.1 ppm; by comparison, our model has an MAE of 5.6 ppm 

for aromatic fluorines, while higher this could be due to the model aiming to generalise over 

multiple environments rather than just being specific to one type of environment. Recently 

Whiting et al. used a computationally expensive DFT method to predict a small number of 

fluorine NMRs with varying solvents, achieving an RMSE of 3.75 ppm59 after linear fitting, 

while far more accurate than our model this method was only tested on small molecules, and 

therefore could become more expensive to calculate for larger molecules. In comparison, our 

model takes 0.65 seconds per molecule on one CPU core.    
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5.2.2 Transfer to 1H and 13C NMR  

To explore the transferability of this architecture to 1H and 13C NMR predictions, we used the 

experimental dataset NMRShiftDB and the DFT-generated dataset reported by Paton et al. 

(Paton set).245 Using the NMRShiftDB set, with minimal modification of our masking 

workflow we obtained an RMSE (13C) = 6.8 ppm and RMSE (1H) = 0.8 ppm (Figure 69A). 

With a large increase in the number of environments per molecule, we decided that instead of 

masking all other environments, identifying the target by labelling it either as 1H or 13C would 

be preferential. While the 1H NMR  error is higher than the best-performing DFT methods (0.2 

ppm) it is within the margin of error for 13C NMR prediction (5 ppm).  

 

Figure 69 Prediction of 1H and 13C NMR on A) NMRShiftDB and B) Paton Dataset. Training was carried out 

using 10-fold cross-validation and a 2:1 Train:Test split. 
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To understand the impact of solvent inclusion we included data points from multiple solvents 

and appended the NMR solvent to the SMILES string of the compound, yet this extra 

information did not affect the error and therefore was not further explored.  

To understand if the observed 1H error was caused by misassigned data, a noted error within 

NMRShiftDB.87, 245, 306 We used the Paton dataset, which was generated from computational 

calculations, and should be free from misassignment. After training on the Paton dataset, the 

1H prediction however performed worse with the CV error of 1.2 ppm, while the 13C NMR 

predictions were unchanged at 6 ppm. Given the nature of this curated dataset, we, therefore, 

conclude that data misassignment is not the reason for the observed error (Figure 69B).  

To further understand the nature of the large error obtained when training on the Paton dataset 

we studied the underlying 1H data. We noticed that in some cases multiple copies of the same 

SMILES string were assigned to different NMR shifts. Further investigation noted that these 

strings originated from diastereotopic protons.  

An example can be seen with the molecule Oculatol, where the highlighted protons on the A 

ring are diastereotopic (Figure 70A). Both protons have different ppm shifts, a separation of 

0.9 ppm, by changing one of the diastereotopic protons to either 1H or 2H should result in the 

generation of a new chiral centre. However, when these structures are converted to canonical 

SMILES strings the differentiation between the two different environments is lost. The dataset 

now contains the same SMILES string, but the experimental NMR is different for each string. 

This means the model is unable to accurately predict both values, leading to larger errors.  

To circumvent this issue, we substitute the diastereotopic proton for another atom, replacing 

the 1H with an Lv atom as it is not contained in the training data. While chemically absurd, this 

generates unique SMILES strings for diastereotopic and chemically equivalent but 

magnetically inequivalent nuclei (Figure 70B). Retraining the 1H models using this modified 

training data resulted in an error of 0.51 ppm and 0.59 ppm for the Paton and NMRShiftDB 
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datasets. To ensure that any error was not caused by the addition of these heavy atoms we 

changed the Lv back to 1H in the SMILES representation, this has no impact when the molecule 

is read by the transformer, and the error for this model was unchanged.  

 

Figure 70 A) Limitation of SMILES strings to generate chiral centres for isotopes as shown on Octanol B) 

Mutating the target atom generates chiral centres and unique smiles strings C) Comparing predicted NMR against 

experimental NMR trained to predict 1H,13C and 19F NMR in one model, test sets are identical to those in 

individual models.  

5.2.3 Multi-nuclei prediction 

With separate models that could predict the 1H, 13C and 19F NMR with an error of 5% over the 

size of the spectrum we trained a single model on all three environments. Given the different 

ppm ranges for each nucleus, we hypothesised that the errors in 13C and 19F (6 ppm and 9 ppm 

respectively) would result in the model being unable to predict 1H spectra entirely. However, 

while the average error for this model is 6 ppm, when we break down the errors per nuclei, we 

found the errors to be smaller than their respective trained models.  
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 The combined NMRBERT model has errors (RMSE) of 0.55, 3.3, and 8.2 ppm for 1H, 13C and 

19F spectra respectively, compared to 0.59, 6.8, and 8.5 ppm for the individually trained models.   

The improvement in each nuclei subset suggests that the model is learning the subtle changes 

affecting NMR properties and that this knowledge can be shared to improve the error of all 

predictions (Figure 70C). Comparing the error of our model to those published our model 

performs similarly to others based on an experimental dataset. Other models tested on the 

NMRShiftDB achieve accuracies (MAE) between 0.2 and 0.3 ppm for 1H and 1.3 – 1.5 ppm 

for 13C predictions. 

Kuhn et al306 used a GNN and achieved similar accuracies, 0.22 ppm and 1.35 ppm (MAE) 

compared to NMRBERT, 0.29 and 2.0 for 1H and 13C respectively, Kang et al206 achieved 

similar levels as well at 0.22 ppm and 1.36 ppm. Training on QM-derived data can achieve 

accuracies below 0.15 ppm and 1.3 ppm for 1H and 13C respectively,84, 185, 245 however as 

noted there is then an added error from the QM method which must be considered, which 

could lead to errors similar to those achieved by our method. 

5.2.4 Assessing the effect of model complexity on 19F NMR shift prediction 

During training, the NMRBERT model reached an RMSE of 0.59, 6.8, and 8.5 ppm for 1H, 13C 

and 19F. The size of the error over the range of the predicted spectrum however was similar, 

4.1 %, 2.4 % and 2.7 % error for H, C and F respectively. We, therefore, wished to investigate 

whether a more complex model, with a larger number of attention heads and hidden layers, 

would change the accuracy of the model.    We, therefore, enlarged the YieldBERT model to 

have the same hyperparameters as that of the original BERT Model,307 This larger model will 

be referred to as LargeNMRBERT.   

On the prediction of 19F NMR, the accuracies for NMRBERT and LargeNMRBERT are 

identical on the training data, 3.0 ppm. However, on the test set the accuracies are 8.5 ppm vs. 

10.5 ppm, respectively. This slight increase in test set error implies that increasing the size of 
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the NMRBERT model has no impact on the ability to predict NMR signals, and therefore the 

model’s size is not a limiting factor in its accuracy. This further justifies the use of a smaller 

model, which takes less time to train and evaluate alongside having the same level of error as 

a larger model. This further suggests that the source of the error is not coming from the size of 

the model, but either from the molecular representation or the dataset itself. 

5.2.5 Explaining the NMRBERT predictions  

To understand and interpret the models and identify potential sources of error we used two 

different techniques; fingerprint comparisons, and integrated gradients (IGs), both introduced 

in Chapter 2. Fingerprint comparisons allow us to understand how similar the model sees two 

molecules in chemical space. IGs allow for an attribution between each token in a smiles string 

to the overall prediction, giving insight into the importance of each token and its contribution 

to the overall prediction.  

Can fingerprint similarity explain NMRBERT predictions?  

 

Figure 71 Comparing the BERT fingerprint similarity score between diastereoisomers and cis-trans isomerism in 

the NMRBert Model 

To understand the relationship between fingerprint similarity and predicted chemical shift we 

selected a set of examples that covered structural isomerism (cis/trans), diastereomers, 

oxidation states and similar NMR shifts. 
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For cis and trans isomers and diastereomers (Figure 71), where the experimental difference in 

19F NMR signals are 3 ppm and 18 ppm with our model predicting a difference of < 1 ppm 

respectively, therefore unable to discern between these structures. However, when we look at 

the similarity between fingerprints, we see that during training the similarity scores increase 

for both diastereomers and cis-trans isomers by similar amounts, 0.23 and 0.19 respectively 

showing that these structures move closer together during training.  

Analysis of fingerprint similarity indicates that while our model put these pairs of structures 

far apart in chemical space (0.53 vs 0.83) the model is unable to resolve that difference by 

predicting different NMR shifts (Figure 71).  

 

Figure 72 Similarly scores between different oxidation states and structures with similar environments and NMR 

Shifts 

A different trend is seen in when we compare two further examples; a change in oxidation state, 

aromatic to aliphatic, and structures which have very similar NMR shifts but different 

structures (Figure 72). Overall, the model can distinguish between the different structures as 

the difference in experimental NMR is greater than the error in our model.  

When we calculate the similarity score between para-fluoroanisole and (1s,4s)-1-fluoro-4-

methoxycyclohexane, we observed that it decreased during training with the similarity score 

being very low (0.086), therefore moving these different structures further apart in space as we 
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would expect. For the two compounds with similar fluorine environments but different 

structure sizes the similarity scores are higher, but still only 0.16 after training. The model 

however can take these two different structures and their fingerprints to predict very similar 

NMR shifts.  

Overall, the similarity scores alone are not an indicator of the NMR shifts that the model 

predicts. Furthermore, while similarity scores do change during training this is not converging 

to the same fingerprint for molecules with the same fluorine environment. This suggests that 

the NMRBERT model is not just fitting structures to an NMR value, but that it retains 

knowledge about chemical space and the differences between chemical species, and therefore 

no relationship between predicted chemical similarity and predicted chemical shift.  

Can integrated gradients give chemically rational explanations for NMRBERT predictions? 

IGs break down the model’s prediction into attributes for each token (atoms or bonds), allowing 

for the identification of which parts of a molecule are important for the prediction of NMR 

shifts. As mentioned in Chapter 2, the use of IGs requires a baseline from which to calculate 

the path integral. In this case, the baseline was uniformly made up of ‘.’ tokens, which are used 

to represent the separation between compounds in SMILES strings and therefore are reasonable 

examples of empty molecules.  
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Figure 73 IGs of highlighted fragments are shown along with the experimental and predicted NMR is shown 

below each compound. A) Difference between Diastereomers B) Cis-Trans Isomerism C) Oxidation difference 

between aromatic and aliphatic groups 

IGs for the diastereomers are similar with the only differences being on the ring junctions, and 

the fluorine and the β-carbon (Figure 73A) with less than 0.04 between any of the tokens. The 

small difference in IGs and the larger difference in fingerprint similarity implies that the model 

is unable to capture the subtle differences in chemical space from these SMILES strings and 

convert this into a difference in the 19F NMR prediction. This could explain the error in our 

model, for this set of diastereomers. 

The case of the cis and trans isomers (Figure 73B) is more complex, the SMILES for the cis 

or trans isomerism are encoded in the aromatic ring tokens, therefore, those tokens must be 
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compared to understand what the model is learning. The difference in IG’s of the aromatic ring 

is only 0.01, in line with a small experimental difference of 3 ppm between the two structures, 

and our model predicts a gap of < 1 ppm.  

Finally, when comparing aliphatic and aromatic backbones, where the experimental difference 

is over 50 ppm, the IG values show significant differences (> 0.2) in both magnitude and sign, 

especially at the ring and F tokens (Figure 73C). This is in line with the fact that aromatic 

centres are more deshielded than aliphatic, while the fluorine atom mesomerically donates into 

the aromatic ring, reducing the electron density of the fluorine atom. Interestingly, there is a 

slight decrease in the importance of the OMe group, probably due to the mesomeric effects of 

the OMe donating into the ring and thereby shielding the F centre. In contrast, in the aliphatic 

case, only inductive effects are present (Figure 73C).   

Overall, the IG results from these case studies are in line with the expected chemical reasoning, 

they also provide insight into the reason that the model is unable to discern between 

diastereomers, i.e. NMRBERT can separate the two in chemical space, but not convert that 

difference into a change in NMR. This results in diastereomers having a large error when 

compared to achiral structures.  With that in mind, we further wished to extend our 

understanding of what NMRBERT was learning, by looking at electron donating and 

withdrawing effects and their effect on 19F NMR.  

Do integrated gradients identify electron donating or withdrawing effects  

Finally, we apply IGs to a range of substituted fluorobenzenes to identify how the contributions 

from different structural motifs vary with the ortho, meta or para substitution patterns (Figure 

74). IGs were calculated and broken down into three categories: those from the F token, those 

from the ring tokens and those from the X (substituent) group.  
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Figure 74 Visualising the three types of token groups in substituted fluorobenznes. F tokens are shown in green, 

Ring tokens in purple and R groups in blue 

For the X tokens two distinct groups appear independent of the position of the X group (Figure 

75A), those that increase the NMR prediction (Cl, Br, I and SH) and those that decrease the 

prediction (OH, Me, NH2, OMe, CHO, COOH, COMe, NO2). This separation corresponds to 

the halogen effect, where a balance between mesomeric and inductive effects results in a net 

shielding effect across the series. Notably, the model also includes the SH group, for which 

experimental values follow a similar pattern to the halogen series and will be discussed further 

in the following section. All other tokens are negative and therefore contribute to shielding 

compared to those in the halogen class.  

When analysing the IGs for the aromatic rings (Figure 75B) in the molecules containing SH, I 

and CHO, these values decrease as the substituent moves from the ortho to the para position. 

This reflects the increase in the shielding of the F atom from the aromatic rings. For Cl, Br, 

NH2, OH and Me, the IGs increase from the ortho position to the meta position before 

decreasing back to the para position. This is characteristic of ortho/para-directing effects. 

Through mesomeric effects, the ortho and para positions are shielded, with the former being 

more shielded than the corresponding para position.  Finally, the IGs for COOH, COMe and 

NO2 also increase, suggesting a decrease in shielding during the series.  

Finally, for the F tokens (Figure 75C) we see similar effects to those of the ring tokens: the IGs 

of COOH, CHO, Cl and SH all increase over the series suggesting a deshielding effect as the 

F moves away from the substitutions, implying an inductive-like relationship. For OMe, Me, 
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OH and NH2 all behave as expected, the F token is shielded at the ortho and para positions, 

with the ortho being the most shielded. The more noticeable group, however, contains NO2, 

COMe, Br and I. The IGs decrease from the ortho to the meta position before increasing back 

to the para position, with larger IGs than at the ortho position. This corresponds to a 

deshielding of the ortho and the para positions with the para being more deshielded. This 

would suggest a meta-directing mesomeric effect, however only half the group is meta-

directing. This shows that the model is interpreting the effects on the F token within this group 

as similar, which is not what experimentally is observed. Furthermore, the four largest IG, 

contributing >1.1 to the NMR shift, are from meta-directing groups. The bottom four are also 

Cl, Br, I and SH, all under 0.9, the lowest at 0.5, therefore further showing the separation 

between different classes of compounds. 
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Figure 75 Outputs of the IG method for all mono-substituted compounds for the token are shown for ortho, meta 

and para-substituted fluorobenzene. A)IGs of the X tokens B) IGs of the Ring tokens C) IGs of the F tokens.        

X = OH, Br ,Me ,Cl , NH2, OMe, I, SH, CHO, COOH, COMe, NO2 
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Do BERT models learn chemistry or just fit to data 

From the previous analysis, the following trends emerge. First, IGs decrease from the ortho to 

the meta position and then increase at the para position, similar to mesomeric electron-donating 

groups. For the second trend, IGs increase from ortho to meta, and then fall back down at the 

para position. This pattern is characteristic of mesomeric electron-withdrawing groups. In the 

third trend, IGs decrease from ortho to para, this shows the halogen effect. Through inductive 

effects the ortho positions are deshielded, this is a distance-dependent result and so the meta 

and para positions become more shielded. The final trend is the most surprising, IGs increase 

from ortho to para, which is inconsistent with either inductive or mesomeric effect. When we 

analysed the original data however for the 19F NMR shifts these trends are represented in the 

data, both NO2 and CHO exhibit this inverse relationship (Figure 76B) meaning the model is 

identifying this pattern from the data. The classification of SH as a halogen series, as seen in 

the previous section, is also backed up by data (Figure 76A) which shows the similar pattern 

even when a priori that would not have been predicted.  

This subset of mono-substituted fluorobenzenes show that the model is learning patterns from 

the data and carefully balancing the competing factors to give an overall prediction for the 

NMR shift. Instead of just fitting all tokens to the prediction, this fine balancing between the 

different groups allows for a more nuanced approach to 19F NMR predictions. IGs here are 

therefore key to understanding which parts of molecules are being identified with the most 

important being the fluorine itself, followed by the ring and X tokens, whose relative 

importance varies depending on the X group.  
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Figure 76 Experimental 19F NMR trends as a function of position A) The Halogen effect was shielding increase 

across the trend. B) The inverse halogen effect where shielding decreases across the trend. C) Shows mesomeric 

donating groups D) Shoes mesomerically withdrawing groups 

 Variation of the baseline 

Rather than using just a series of “.” tokens as a baseline another option is to choose an actual 

molecule as a baseline, here we chose the unsubstituted fluorobenzene, meaning only the 

effects of the R group on the shift are studied. This method however limits the examples to 

groups which are represented as a single SMILES token such as CH3, NH2, and OH as a one-

to-one replacement of the R group for an H must be carried out.  

As expected, the only non-zero IGs obtained are those for tokens representing the R group. 

Furthermore, the change from ortho, meta, and para for all groups directly mirrors the changes 

in NMR shift for the separate environments (Figure 77A).  
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Plotting the IGs against the raw predicted NMR shifts (before scaling), shows a strong 

stratification into ortho, meta and para-substituted fluorobenzenes. The ordering of tokens 

within each class is the same as in Figure 75 but shows that within each subset the model learns 

the relative effects of placing a variety of functional groups at that position (Figure 77A). This 

stratification however appears to be an artefact due to the choice of baseline. 

 

Figure 77 Comparing the effects of changing baseline on the IG Methods. A) The baseline is chosen according to 

the substituents. B) Universal Baseline is used. The score is the raw output of the NMRBERT Model before 

transforming back to NMR Shifts. 

Using fluorobenzene as a baseline requires the use of explicit hydrogens; however, the model 

had not been trained with explicit hydrogens in the SMILES strings and therefore the accuracy 

of the interpretations could not be relied upon. To circumvent this issue, a model was retrained 

with explicit hydrogens for which a similar accuracy was obtained (test RMSE = 10 ppm vs 

8.5 ppm without Hs) (Figure 77B). The IG results can be separated into two classes of 

compounds, those that show inductive behaviour, decreasing from the ortho to para positions 

(S, I, Br) and those that increase from ortho to meta and decrease at the para position (OH, 
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NH2, Cl and C), showing a mesomeric electron donating effects. Finally, the relative IGs value 

between R groups correlates with the experimental order. The only outlier is the NH2 R group, 

which seems to arise from the significant error obtained for this group during the retraining of 

NMRBERT with explicit hydrogens This would explain why the IGs for NH2 substituted 

benzenes are more positive than would be anticipated when compared to OH. Attempts to 

increase the model’s accuracy using augmentation did not improve the model predictions, 

showing that adding explicit hydrogens does not improve the model’s predictions.  

5.2.6 Predicting products of late-stage fluorination reactions using NMRBERT 

We envisaged that a model that accurately predicts 19F NMR signals could be used to help 

characterise products in reactions where two regio-isomers are possible. Examples include late-

stage fluorination techniques reported by Groves24, 308 and Ritter.309, 310 We, therefore, wanted 

to explore if NMRBERT could be used to identify the products of these reactions purely by 19F 

NMR. From the four papers, we assembled three separate test sets for, aromatic fluorinations 

(13 examples), aromatic diflouro and trifluoro methylations (10 examples), and for aliphatic 

fluorination (8 examples). To validate our predictions a confidence score is used, analogous to 

that developed by Goodman for the DP4 program (See 5.4.11 Calculating confidence values 

for regioselective reactions), to assess our prediction (Figure 78).  

In general, the NMRBERT can easily differentiate between different substitution patterns on 

fluorinated aromatic rings with the correct product having the greater confidence in 8/13 cases. 

Figure 78 A and B show the predictions and confidence scores for two typical regioselective 

problems. For example, in C, our original predictions were significantly off; however, a re-

examining of the literature uncovered that the original compound was isolated as the TFA salt, 

predicting the TFA salt results in much more accurate predictions in line with the 

experimentally reported value. Interestingly there is only one example of a protonated nitrogen 

in the training data and not a protonated pyridine. This information could only have been learnt 
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during the pre-training of the model, showing that pre-training can have important effects on 

the prediction in new chemical space.  In contrast, the model shows low confidence in the 

predictive power of the model for difluoro and trifluoro-methylated aromatics, with only 2/10 

products correctly predicted (Figure 78 B).  

 

Figure 78 Three examples from our external test set with predictions along with confidence A and B show 

examples of the model both succeeding and failing to identify the difference between two regioisomers. C gives 

the model picks up on protonation states of the molecule and has a significant impact on the prediction.  

Using regioselective fluorination data from Groves, 8 aliphatic fluorines were chosen, 

including regio- and diastereomers. Overall, the model is unable to resolve the difference 

between diastereomers even though the difference between the reported 19F NMR shift is large. 

However, comparing the difference between regio-isomers the model can resolve between all 

4 regio-isomers successfully. This does make sense however as in most of the examples the 

difference in ppm is less than the error in the model. 
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5.3  Conclusions and Future Work  

Herein we presented a transformer-based ML model to predict NMR signals for 19F. The model 

can make predictions with sub 10 ppm error on a range of fluorine environments. Compared to 

other works, which use graph neural networks, this is one of the first models that use text-based 

SMILES strings only to predict this molecule property without reverting to atomic coordinates. 

We also introduced masking of functional groups we do not wish to predict properties for and 

show that this allows for a one-to-one prediction for SMILES strings to NMR shifts.  

The applicability of the framework was also demonstrated in 13C NMR predictions, where an 

accuracy of 6.8 ppm was achieved.   However, extension to 1H NMR predictions proved more 

challenging, with errors of 0.59 ppm. Yet when we combined our data into one unified model 

that could predict 1H, 13C and 19F NMR at the same time the errors decreased to 0.55, 3.3 and 

8.2 ppm respectively. This decrease in the errors shows that when the amount and diversity of 

the data increased, the model was able to learn from each of the different environments to 

improve the prediction for the nucleus in question 

In addition, the use of Integrated Gradients enabled us to interpret the predictions from our 

model. The model was able to identify chemical principles such as the effects of electron-

donating and withdrawing groups on NMR signals. We believe this work will enable others to 

predict a range of chemical properties not only NMR signals using transformers as a base ML 

method.       

As noted in the discussion on applications for regioselective predictions, our model currently 

is unable to discern between diastereomers. This could be an issue firstly in data collection and 

curation. In most cases for enantioselective or diastereoselective reactions only the major or 

the desired product is experimentally determined and the minor or the opposite diastereomer is 

not reported. We therefore are significantly at a disadvantage in terms of experimental data. 

This is an area of potential further work where supplemental DFT calculations could be used 
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to generate NMR shifts for a range of diastereomers so that our database will become more 

balanced. 

The second problem is about the representation of 3D chemical space using a 1D string of 

characters. Given the effect that 3D conformations have on the NMR shifts of a molecule, it 

follows that SMILES strings may not be able to fully encompass the effect that local through-

space effects have on NMR signals. This also could explain why our error in 1H NMR is so 

high, 1H NMR is much more influenced by the molecular confirmation than 19F or 13C and so 

if the model is unable to interpret these subtle differences from the SMILES strings resulting 

in the higher observed error.  

Finally, pretraining of the BERT model is on the Masked Language task on reaction SMILES. 

While this may teach a large amount about general chemistry and how SMILES represent that 

chemistry, it might not be good enough to understand the subtle local effects that will dominate 

in NMR Prediction. Therefore, it might be more useful to pre-train on chemical data where 

very small local differences are present during the MLM task. This could be as simple as 

training a model to predict 13C NMR and then using that learnt task to predict 1H. A more 

complex example would be on training on chemical molecules where atoms were randomly 

changed to the labels used during training such as 1H and 13C so that the model had also learnt 

to take these into account.    

 

5.4  Methods 

5.4.1 19F Dataset  

Unlike 1H and 13C, currently, there are no extensive databases containing experimental or 

computed 19F NMR. Small 19F datasets can be found in NMRShiftDB, but they only represent 

a limited region of the chemical space. Therefore, we decided to generate a dataset based on 
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molecules for which 19F NMR shifts have been measured experimentally and which cover a 

wide range of 19F chemical environments.  

Data was extracted from 24 papers (See Appendix 3), covering a wide range of chemical 

environments. Compounds were stored as SMILES strings generated in Chemdraw20, and the 

corresponding NMR shifts and solvent were noted alongside. Structures which could not be 

canonicalized by RDKIT were excluded from the dataset.  

From this search, we collected 943 19F environments from 803 separate molecules including 

aromatic and aliphatic environments C-F, CF3, CF2H and SO2F groups (Figure 79). The 

database can be further divided into subgroups based on the local chemical environment, e.g. 

aryl, alkenyl, and alkyl groups. SCF3 and OCF3 groups were added as a further subset.  
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Figure 79 Summary of 19F NMR Dataset showing environment types, population, and experimental range. R 

signifies any atom but a H or Halogen. X signifies a Halogen atom. Other signifies any other functional group not 

covered by the classifications with less than 5 examples in the dataset. 
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5.4.2 Environment masking 

For mono-fluorinated compounds, ChemDraw representations are directly converted into their 

corresponding SMILES string and added to the database along with the 19F NMR Shift of the 

compound (Figure 65A). Structures with multiple fluorine environments were processed as 

follows. SMILES strings were visualised in ChemDraw, For each environment, other than the 

target environment,  all other F atoms were replaced with 18F, the structure was then converted 

back into a SMILES string and returned to the database with the matching NMR Shift (Figure 

65B).  

For the automated procedure of NMRShiftDB and Paton dataset, sdf files were read into 

RDKIT, and NMR shifts and assignments were extracted from the corresponding entry and 

extracted into a list. For every NMR shift our code converts the nucleus to the isotope label, 

1H, 13C and 19F for hydrogen, carbon, and fluorine respectively. The molecule is then saved as 

a SMILES string with the NMR shift before the process is repeated for each NMR shift in the 

molecule.  

5.4.3 Molecule descriptor generation  

For initial model testing a subset of monofluorinated compounds was extracted. To compare 

representation of molecules both Fingerprints and SOAP195 descriptors were tested. Fingerprint 

generation was carried out using the Morgan fingerprint method in RDKIT246 using a radius of 

3 and a length of 2048. For the generation of SOAP descriptors, 3D confirmations were 

obtained using the gnff method in xTB v6.450 before SOAP descriptors were calculated for the 

fluorine in each atom using ASE311 and Dscribe312 with the following arguments;  rcut = 

3,nmax = 4,lmax = 4,rbf = 'polynomial'.  
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5.4.4 Model screening 

To identify the best ML algorithm for 19F NMR prediction a range of ML methods were  

screened including Linear Regression, Support Vector Machines (SVM), Decision Trees, K 

Nearest Neighbours and Gaussian Processes using an in-house Python script. Both Molecular 

Fingerprints and SOAP descriptors were screened using this method. A BERT model was also 

trained using SMILES strings as an input.  

5.4.5 Data preparation  

To study how different train:test splitting methods perform, three methods were investigated: 

cross-validation, data splitting and data shuffling. 

The impacts of shuffling vs. splitting were investigated by training two models each with a 2:1 

training: test split where the training data was either shuffled ten times or a five-fold data split 

was performed. All model parameters and data were kept consistent for this test.  

For the Tanimoto Data splitting a modified script from Lee et al313 was used in which each 

molecule in the test set has less than a 0.4 Tanimoto similarity score to the training data.  
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Table 6 Summary of all Models trained and their respective dataset, validation method and model test error. 

Models with identical datasets use the same test sets. Dataset size shows the size of train: test data sets. Tanimoto 

identifies if the train:test split was carried out with Tanimoto criteria or a random split 

Model Dataset Size Tanimoto Dataset Validation Method Test Error (ppm) 

1 295:63 N Mono-First 5-fold CV 20 

2 295:63 N Mono-First 5-fold Split 26 

3 459:91 N Mono-Final 5-fold Split 11 

4 565:113 N Multi-First 5-fold Split 14 

5 629:314 N Final 5-fold Split 17 

6 629:314 N Final 10-Fold Shuffle 9.4 

7 629:314 N Final 10-Fold CV 8.5 

8 854:89 Y Final 10-Fold CV 13 

9 854:89 Y Final 10-Fold Shuffle 14 

 

5.4.6 BERT model hypermeter optimisation 

To identify the best dropout rate and learning rate, both of which are variable hyperparameters, 

a Bayesian optimisation strategy was used. Utilising the wandb optimiser a single model was 

trained on one-fold of the dataset. The optimiser varies the hyperparameters using Bayesian 

inference to identify the optimum hyperparameters for the model. The optimum 

hyperparameters are outlined in Table 1.      

 

 

 



Chapter 5  

 

183 

 

Table 7 Hyperparameters used for the training of all models. Hyperparameters were chosen using a Bayesian 

Optimisation in wandb 

Model Learning Rate Drop Out 

19F NMR Model 0.00009913 0.6153 

19F Large Bert 0.0002388 0.7837 

1H NMR Model 0.00009913 0.6153 

13C NMR Model 0.0001885 0.3261 

Multi Nuclei NMR Model 0.00009913 0.6153 

5.4.7  1H and 13C datasets 

For training on 1H and 13C data two different datasets were tested, NMRShiftDB and Paton 

Dataset. The NMRShiftDB is an open-source dataset where experimental spectra are uploaded 

along with assignments and metadata about the experiment which contains 46,000 molecules. 

The Paton dataset is an 8,000-molecule subset of NMRShiftDB where 1H and 13C shifts were 

computationally generated using conformational sampling and DFT calculations. 

When pre-processing data in NMRShiftDB it was noted that while the data reports to be from 

experimental spectra the majority, 88%, come from computational calculations rather than 

experimental spectra. In cases where NMR shifts were computed the Lamour frequency value 

is set to 0; those data points were not included. To reduce noise due to solvent effects we only 

used data obtained in deuterated chloroform for our proton database.  

For both NMRShiftDB and Paton Dataset, we extracted all 1H and 13C NMR shifts along with 

the corresponding molecules stored as SMILES strings. Atomic labelling was performed using 

an in-house script to match each environment to the atoms which were then labelled as either 

a 1H or 13C. No further data cleaning was performed, and the data was extracted assuming all 

assignments were correct and labelling consistent. For the NMRShiftDB we also included a 
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separate column for the NMR solvent, unless otherwise stated we only studied compounds 

measured in CDCl3. After data curation, the NMRShiftDB dataset contained 5964 and 45594 

datapoints for 1H and 13C respectively while the Paton dataset contained 117962 and 99061 

datapoints for 1H and 13C.   

5.4.8 LargeNMRBERT  

For the generation of the of the LargeNMRBert model we increased the number of attention 

heads from 4 to 12 and the size of the intermediate and hidden layers, from 256 to 512 and 

512 to 3072 respectively. The training for the Masked Language Model (MLM) was carried 

out according to Schwaller et al,152 except the learning rate, which had to be reduced by a 

factor of 10 to avoid a local minimum. We performed a hyperparameter sweep on our model 

to identify the optimum learning rate and dropout probability before training the model to 

predict 19F NMR shifts. The same train and test split was used to evaluate the model's 

accuracy.  

5.4.9 Fingerprint comparisons  

Using the CLS token as a molecular fingerprint of each compound, several examples were 

selected to compare how a range of subtle chemical differences were comprehended by the 

model. The similarity between two compounds is defined as,  

 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑼, 𝑽) =  
1

1 + ‖𝑼 − 𝑽‖
  

Where U and V are the hidden representations (fingerprints) of the molecules. 
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5.4.10 Integrated gradient methods 

One of the challenges when using NNs is the black-box nature of the models, meaning that 

understanding why NNs reach a given decision is challenging. Integrated Gradients (IG), as 

introduced in Chapter 2, aim to interpret the output of NNs. Recently Lee et al. used IGs to 

study how transformer models interpret chemical selectivity.313  

As the NMRBERT has a regression output we directly use the NMR shift as our output, in line 

with other published work on IGs for regression tasks.314 The IG baselines were generated as 

a string of ‘.’ tokens the same length as our SMILES strings with the corresponding CLS and 

SEP tokens prepended and appended to the string respectively.  

5.4.11 Calculating confidence values for regioselective reactions 

To compare two possible products, as in the case of regioisomers, a confidence value was 

calculated using the method reported by Goodman in his DP4 approach.46, 48, 49  

𝐸𝑟𝑟𝑜𝑟 = 𝐶𝑜𝑚𝑝𝑢𝑡𝑒𝑑 − 𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙 (5.1) 

𝑧 =
𝐸𝑟𝑟𝑜𝑟 − 𝑀𝑒𝑎𝑛𝐸𝑟𝑟𝑜𝑟𝐹

𝑆𝑡𝑑𝑒𝑣𝐹
  (5.2) 

𝜌 = 2 × 𝑐𝑑𝑓(−𝑧) (5.3) 

𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 =  
𝜌𝑖

𝜌
× 100 (5.4) 

Where MeanErrorF is the mean of the errors during on training data and the StdevF is the 

standard deviation of the errors on our training data.  
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Chapter 6  Conclusions 

The work in this thesis broadly covers the use of Density Functional Theory (DFT) and 

Machine Learning (ML) to study fluorine-containing molecules. Chapter 3 and Chapter 4 focus 

on the hydrogen bonding phase transfer catalysis (HBPTC) complexes pioneered by the 

Gouverneur Group, while Chapter 5 focuses on general organofluorine compounds and the  

prediction of 19F NMR .  

6.1 Thesis breakdown 

In Chapter 3 we firstly developed a workflow for the generation of molecular descriptors and 

then the prediction of enantioselectivity in the HBPTC reaction. This Python workflow can use 

molecular fingerprints, Mordred descriptors, and DFT-derived descriptors to encode the 

reaction, and then identifies the optimal ML algorithm for predicting enantioselectivity. We 

also developed graphSterimol, an adapted Python script which allows for the whole molecule 

to be included during the calculation of Sterimol parameters. The addition of the whole 

molecule allows for the bulk of a molecule to influence the conformations of the groups 

Sterimol values are calculated for, which can result in models with higher R2 and lower RMSE 

when compared to literature examples.  

We applied this new workflow to experimental datasets from the Gouverneur Group, which 

showed that the combination of DFT descriptors and LASSO algorithm was an optimal balance 

of computational time, accuracy and interpretability. The model was able to predict 

enantioselectivities with errors of less than 1.05 kJ/mol for different catalysts and substrates. 

We then interrogated the trained model, allowing for quantification of the contributions from 

different parts of each catalyst or substrate. Using the knowledge gained we computationally 

generated and screened a range of potential catalysts and substrates for our experimental 

collaborators to see if they were good potential candidates. Unfortunately, COVID-19 meant 
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our collaborators were unable to test our best-performing catalysts, but this remains an area of 

possible future work.  

In Chapter 4 we delved further into the study of the HBPTC reaction by focusing on the 

development of an approach for the calculation of 19F NMR and 1JHF coupling constants in the 

HBPTC catalyst complexes. This method uses conformational sampling in xTB using the 

CREST package before DFT optimisations and NMR calculations are performed. After 

benchmarking our DFT calculations on two available small datasets, we found that the method 

can calculate both 19F NMR shifts and the 1JHF coupling constants across the H-F hydrogen 

bond easily. Yet the calculation of 1JHF coupling constants for the covalent H-F bond still 

remains a significant challenge for DFT methods with errors of more than 200 Hz.  

When we applied our DFT approach to mono urea fluoride complexes (MUF) we found that 

both the 19F NMR and 1JHF coupling constants do correlate well with the Hammett values for 

para-substituted benzenes. An important observation was the significant difference between 

calculations with implicit solvent vs explicit solvation. In the case of explicit solvation, we 

observed much smaller 1JHF coupling constants, due to the H-F hydrogen bonds lengthening by 

over 0.1 Å. Yet, while there are significant differences in the absolute values of the 19F NMR 

shifts and 1JHF coupling constants between different solvation methods, the correlation with 

Hammett values remains. Therefore, comparison between different catalysts is viable, while 

the prediction of absolute values remains challenging.  

We then further tested the approach on the BINAM catalyst complexes from the Gouverneur 

group. The 1JHF coupling constant RMSE of 3.4 Hz allows for differentiation between all three 

of the hydrogen bonds present in the complexes. We also observed that two possible binding 

conformations were possible: an open conformation where the fluoride is exposed to bulk 

solvent, and a closed conformation where the TBA cation sits above the fluoride. The former 

is the lowest energy binding mode. However, as seen with the MUF complexes, we observed 
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that the H-F hydrogen bond lengths here are shorter than experimentally determined. This is 

likely due to a lack of explicit solvent in the open conformation which would lengthen the 

hydrogen bonds resulting in them being more in line with experimental results.  

In Chapter 5 we developed a transformer-based ML model which could predict the 19F NMR 

shifts for a range of organo-fluorinated molecules with an RMSE of 8.5 ppm.  This model was 

also extended to 13C NMR where an accuracy of 6.8 ppm was achieved. However, when we 

extended to the prediction of 1H NMR the model struggled with the best-performing model 

only achieving an accuracy of 0.59 ppm. We also discovered that a model which was trained 

to predict 1H, 13C and 19F NMR at the same time improved on the individually trained models 

with RMSEs of 0.55, 3.3 and 8.2 ppm respectively. This shows that increasing the diversity of 

data and NMR environments shown during training can lead to reduced error and therefore 

could improve future model development.       

We were also interested in investigating what chemistry was learnt by our models. Fingerprint 

comparisons showed that the model was not purely identifying structures which would have 

similar NMR and placing them close by in chemical space but rather would keep them apart in 

chemical space and then convert that representation into similar NMR shifts. When we used 

Integrated Gradients (IGs) to understand the importance of each token we see that with some 

compounds, such as diastereomers, the model is unable to resolve the difference in structure to 

predict a different NMR shift. IGs also showed that for different substituted benzenes the model 

was learning the subtle changes of electron donation and withdrawing effects and their effect 

on NMR shifts. We finally applied our model to the identification of late-stage fluorination 

reactions, to identify which regio-isomer was synthesised purely by its 19F NMR shift. For 

aromatic fluorines, this proved to be very successful with 8/13 examples being correctly 
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identified. Further work is needed to identify aromatic trifluoromethyl groups, however, which 

only achieved 2/10 on our test data.  

 

6.2 Future directions  

With the development of graphSterimol in Chapter 3 we only focused on the calculation of 

Sterimol parameters for the lowest energy conformation for each catalyst or substrate as the 

DFT descriptors were calculated only on the lowest energy conformation. One interesting 

implementation would be to include conformationally averaged Sterimol values using this 

method. This has been implemented for the R groups alone, but not with the whole molecule 

included in the conformational sampling. Extending this code to include the whole 

conformational ensemble, such as one obtained from CREST, could lead to a more accurate 

description of steric bulk in both catalysts and substrates. To validate the model's prediction, it 

could also be useful to experimentally test several of the best-performing, and most 

synthetically accessible catalysts or substrates. This would allow for a further quantification of 

both the limits of the model and add in further data which could lead to a refinement in its 

predictions.  

While the DFT approach we used for the prediction of 19F NMR shifts and 1JHF coupling 

constants in Chapter 4 does allow for the relative prediction of both constants, the absolute 

values currently are outside the capabilities of our method. One area of possible further research 

is in the development of DFT functionals which are better able to predict the 1JHF coupling 

constants across the H-F covalent bond. From our work, the best functional seem to include a 

large amount of HF exchange and therefore further development in this direction could lead to 

improved prediction of the 1JHF coupling constants. A possible direction would be the 

development of DH-DFT functionals for coupling constant prediction. However, this is 

currently not implemented in ORCA.  A further interesting inclusion in ORCA 6.0, which was 
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recently released, is the ability to calculate zero-point vibrational corrections to both NMR 

shifts and coupling constants. The inclusion of this could further lead to an improvement in the 

DFT prediction of these properties especially in the small H-F clusters. However, the most 

challenging area for future work is in the modelling of explicit solvents in the HBPTC catalysts. 

As the major class of conformations leave the fluoride anion exposed to bulk solvent, accurate 

representation of explicit solvent would lead to less overbinding. While our own attempts to 

use MD simulations resulted in complex instability, future work could focus on forcefield 

development which would be able to reproduce the stability of the complex and the expected 

binding. This forcefield could then be used to sample catalyst conformations and then DFT 

calculations could be performed on each cluster with explicit solvent. Another option is the use 

of machine learning potentials (MLPs) instead of classical MD simulations. This could allow 

for more accurate and faster conformational sampling of the catalyst complexes, however, the 

size of the system involved could mean the expense of MLPs is not computationally viable. 

For the prediction of 19F NMR using our NMRBERT model, we found that our model 

performed well on a variety of different fluorine environments such as aromatic fluorines, 

primary alkyl fluorines, and aromatic trifluoromethyl groups. However, the model struggles to 

perform on both secondary alkyl fluorines and diastereomers. One problem is data collection, 

as in a lot of examples only one possible diastereomer is reported and therefore experimental 

data is limited. This could be supplemented through the use of DFT calculations, such as those 

carried out in Chapter 4. This would allow for a greater amount of data to be used during 

training but could introduce further errors based on the level of DFT theory used. A more subtle 

question and one well outside the scope of this thesis is whether or not transformer-based 

models are able to capture the subtle 3D conformations and through-space effects that can be 

crucial in NMR prediction. The work in Chapter 5 suggests that the models struggle with 1H 

prediction more than both 13C and 19F. This, therefore, implies that the model is not capturing 
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these local effects, which are a significant contribution in 1H NMR. This could unfortunately 

be a current limitation with SMILES-based transformers but could be the focus of further 

transformer-based model design. An initial test of this hypothesis could focus on training a 

BERT-based model firstly on asymmetric reactions where chirality is key for the reaction 

prediction. This would expose the model to a lot more chiral information during its pre-training 

phase which could lead to a better understanding of chiral local environments when it comes 

to prediction on 1H data.  

 

6.3 Final thoughts 

This thesis shows an overview of the different techniques available to computational organic 

chemists to study a range of chemical problems. We aim that the work in the thesis does show 

areas which could be potential pitfalls in future studies. We have shown that DFT and ML can 

be an aid in the study of both enantioselectivity prediction and NMR prediction, but careful 

management of data, code, and a knowledge of chemistry are key to being able to solve these 

challenging problems in the future.  
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Appendix 1 Hypermeters for ML Screening 

Script 

Lasso: Default,  

Fine Tree : min_samples_leaf=4 

Medium Tree : min_samples_leaf=12 

Coarse Tree : min_samples_leaf=36 

SVM Linear : kernel='linear’ 

SVM Quadratic : kernel='poly',degree=2 

SVM Cubic : kernel='poly',degree=3 

SVM Fine Gaussian : kernel='rbf’, gamma=0.25 

SVM Medium Gaussian : kernel='rbf',gamma=1 

SVM Coarse Gaussian : kernel='rbf',gamma=4 

Boosted Trees : min_samples_leaf=8 

Bagged Trees : n_estimators=30 

Random Forest: Default 

KNN Fine : n_neighbors=1,weights='uniform',metric='euclidean' 

KNN Medium : n_neighbors=10,weights='uniform',metric='euclidean' 

KNN Coarse : n_neighbors=100,weights='uniform',metric='euclidean' 

KNN Cubic : n_neighbors=10,weights='uniform',metric='minkowski',p=3 

KNN weighted : n_neighbors=10,weights='distance',metric='euclidean' 

GPR RBF : kernel=RBF(),n_restarts_optimizer=50,normalize_y=True 

GPR Matern 3/2 : kernel=Matern(),n_restarts_optimizer=50,normalize_y=True 

GPR Matern 5/2 : kernel=Matern(nu=2.5),n_restarts_optimizer=50,normalize_y=True 

GPR Exponential : kernel=Matern(nu=1.2),n_restarts_optimizer=50,normalize_y=True 

GPR Rational Quadratic: 

kernel=RationalQuadratic(),n_restarts_optimizer=50,normalize_y=True 
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Appendix 2 Data from Chapter 3  
 

Sigman unSterimol graphSterimol 

Group L B1 B5 L B1 B5 L B1 B5 

Me 2.87 1.52 2.04 3.03 1.94 6.82 3.03 1.50 2.03 

Et 4.11 1.52 3.17 4.18 2.24 6.80 4.18 1.53 3.15 

Ph 6.28 1.71 3.11 6.38 2.55 6.87 6.38 1.70 3.21 

Bn 4.62 1.52 6.02 4.64 2.90 6.74 4.64 1.52 6.08 

iPr 4.11 1.9 3.17 4.16 2.73 6.78 4.16 1.89 3.16 

tBu 4.11 2.6 3.17 4.27 2.76 6.65 4.27 2.73 3.18 

Cy 6.17 1.91 3.49 6.24 3.13 6.78 6.24 1.90 3.46 

CH2tBu 4.89 1.52 4.18 5.29 3.24 6.72 5.29 1.54 4.36 

CHEt2  4.72 2.13 4.01 5.07 3.12 6.77 5.07 1.91 4.44 

CH2iPr 4.92 1.52 4.45 5.17 2.90 6.81 5.17 1.53 4.36 

CHPh2 5.15 2.01 6.02 6.10 4.40 6.77 6.10 1.97 6.12 
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Ad 6.17 3.16 3.49 6.30 3.31 6.66 6.30 3.09 3.62 

 

 

Table 8 Sterimol Values for the NHK Reaction 

 
Sigman unSterimol graphSterimol 

Group L B1 B5 L B1 B5 L B1 B5 

Me 2.87 1.52 2.04 6.24 1.93 10.06 2.92 1.50 2.05 

Et 4.11 1.52 3.17 6.18 2.60 10.10 3.99 1.54 3.15 

iPr 4.11 1.9 3.17 5.76 2.73 10.21 4.04 1.90 3.16 

tBu 4.11 2.6 3.17 5.39 2.75 10.34 4.07 2.73 3.16 

CHPr2 6.17 1.9 4.54 5.71 2.70 10.31 4.20 2.06 5.69 

CEt3 4.92 2.94 4.18 5.20 3.32 10.35 4.76 2.76 4.48 

CHiPr2 4.12 2.08 4.19 5.64 3.13 10.44 4.93 2.15 4.47 

Ad 6.17 3.16 3.49 6.59 3.14 14.61 6.19 3.09 3.67 
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Below are the SMILES strings for each of the Substrates and Catalysts using in the Training data along with the assigned ID number 

Substrate Smiles 

1 Br[C@H]1[C@H](N(CC2=CC=CC=C2)CC3=CC=CC=C3)CCCC1 

2 Br[C@H]1[C@H](N(CC2=CC=CC=C2)CC3=CC=CC=C3)CCCC1 

3 Cl[C@H](C1=CC=CC=C1)[C@H](N(CC2=CC=CC=C2)CC3=CC=CC=C3)C4=CC=CC=C4 

4 Br[C@H]1[C@H](N(CC2=CC=C(OC)C=C2)CC3=CC=C(OC)C=C3)CCCC1 

5 Cl[C@H](C1=CC=CC=C1)[C@H](N(CC2=CC=C(OC)C=C2)CC3=CC=C(OC)C=C3)C4=CC=CC=C4 

6 Cl[C@H](C1=CC=CC=C1)[C@H](N(CC=C)CC=C)C2=CC=CC=C2 

7 Cl[C@H](C1=CC=CC=C1)[C@H](N(C)C)C2=CC=CC=C2 

8 Br[C@H]1[C@H](SCCC2=CC=CC=C2)CCCC1 

9 Br[C@H]1[C@H](SCCC2=CC=CC=C2)CCC1 

10 Br[C@H](C1=CC=CC=C1)[C@H](SCCC2=CC=CC=C2)C3=CC=CC=C3 

11 Br[C@H]1[C@@H](CC(C=CC=C2)=C2C1)SCCC3=CC=CC=C3 

12 Br[C@H]1[C@H](SCCC2=CC=CC=C2)COC1 

13 Br[C@H]1[C@H](SCCC2=CC=CC=C2)CN(C(OC(C)(C)C)=O)C1 
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14 Br[C@H](COCC1=CC=CC=C1)[C@@H](COCC2=CC=CC=C2)SCCC3=CC=CC=C3 

15 Br[C@H](C1=CC=C(Cl)C=C1)[C@H](SCCC2=CC=CC=C2)C3=CC=C(Cl)C=C3 

16 Br[C@H](C1=CC=C(F)C=C1)[C@H](SCCC2=CC=CC=C2)C3=CC=C(F)C=C3 

17 Br[C@H]1[C@@H](CCCCC1)SCCC2=CC=CC=C2 

18 Br[C@H](C1=CC=C(C)C=C1)[C@H](SCCC2=CC=CC=C2)C3=CC=C(C)C=C3 

19 Br[C@H](C1=CC=CC=C1)[C@H](SC)C2=CC=CC=C2 

20 Br[C@H](C1=CC=CC=C1)[C@H](SC2=CC=CC=C2)C3=CC=CC=C3 

21 Br[C@H](C1=CC=CC=C1)[C@H](SC2CCCCC2)C3=CC=CC=C3 

22 Br[C@H](C1=CC=CC=C1)[C@H](SCC2=CC=CC=C2)C3=CC=CC=C3 

23 Br[C@H](C1=CC=CC=C1)[C@H](SCCCCCC)C2=CC=CC=C2 

24 Br[C@H](C1=CC=CC=C1)[C@H](SC2=CC=C(OC)C=C2)C3=CC=CC=C3 

25 Br[C@H](C1=CC=CC=C1)[C@H](SC2=CC=C(C(C)(C)C)C=C2)C3=CC=CC=C3 

26 Br[C@H](C1=CC=CC=C1)[C@H](SCC)C2=CC=CC=C2 

27 Br[C@@H]([C@H](SC1=CC=CS1)C2=CC=CC=C2)C3=CC=CC=C3 

28 Br[C@@H](C1=CC=C(C=CC=C2)C2=C1)[C@@H](SCCC3=CC=CC=C3)C4=CC(C=CC=C5)=C5C=C4 
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29 Br[C@@H]([C@H](SC1=CC=CC=N1)C2=CC=CC=C2)C3=CC=CC=C3 

30 Br[C@@H]([C@H](SC1=NC2=C(C=CC=C2)S1)C3=CC=CC=C3)C4=CC=CC=C4 

31 Br[C@H](C1=CC=CC(Cl)=C1)[C@H](SCCC2=CC=CC=C2)C3=CC(Cl)=CC=C3 

32 Br[C@H](C1=CC=CC(C)=C1)[C@H](SCCC2=CC=CC=C2)C3=CC(C)=CC=C3 

33 Br[C@H](C1=CC=CC(F)=C1)[C@H](SCCC2=CC=CC=C2)C3=CC(F)=CC=C3 

34 Br[C@H](C1=CC=CC(OC)=C1)[C@H](SCCC2=CC=CC=C2)C3=CC(OC)=CC=C3 

 

Catalysts Smiles 

1 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2 

2 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=CC(C(F)(F)F)=CC(

C(F)(F)F)=C5)=O)C6=C2C=CC=C6 

3 O=C(N[C@H]1[C@H](NC(NC2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)=O)CCCC1)NC3=CC(C(F)(F)F)=CC(C(F)(F)F)=C3 

4 O[C@H]1CC2=CC=CC=C2[C@H]1NC(NC3=CC(C(F)(F)F)=CC(C(F)(F)F)=C3)=O 

5 O=C(NC1=CC=CC=C1)NC(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=CC=CC=C5)=O)C6=C2C=CC=C6 
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6 O=C(NC1=CC=C([N+]([O-])=O)C=C1)NC(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=CC=C([N+]([O-

])=O)C=C5)=O)C6=C2C=CC=C6 

7 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C=C2)=[C@@]([C@@]3=C(NC(NC4=CC(C(F)(F)F)=CC(C(F)(F)F)=C4)=O)

C=CC5=C3CCCC5)C6=C2CCCC6 

8 OC1=[C@]([C@]2=C(C=CC=C3)C3=CC=C2NC(NC4=CC(C(F)(F)F)=CC(C(F)(F)F)=C4)=O)C5=CC=CC=C5C=C1 

9 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)N[C@H](C2=CC=CC=C2)[C@@H](C3=CC=CC=C3)NS(=O)(C[C@]4(C5(C)C)

CCC5CC4=O)=O 

10 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)N[C@H](C2=CC=CC=C2OCCCC)[C@@H](C3=CC=CC=C3OCCCC)NC(NC4=

CC(C(F)(F)F)=CC(C(F)(F)F)=C4)=O 

11 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)N[C@@H](C2=CC=CC=C2O)[C@H](C3=CC=CC=C3O)NC(NC4=CC(C(F)(F)F)

=CC(C(F)(F)F)=C4)=O 

12 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(Br)=C2)=[C@]([C@]3=C(CCCC4)C4=CC(Br)=C3NC(NC5=CC(C(F)(F)F)

=CC(C(F)(F)F)=C5)=O)C6=C2CCCC6 

13 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(I)=C2)=[C@]([C@]3=C(CCCC4)C4=CC(I)=C3NC(NC5=CC(C(F)(F)F)=C

C(C(F)(F)F)=C5)=O)C6=C2CCCC6 
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14 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC=C(C=CC=C3)C3=C2)=C4)=[C@]([C@]5=C(CCCC6)C6=CC(C7=

CC=C(C=CC=C8)C8=C7)=C5NC(NC9=CC(C(F)(F)F)=CC(C(F)(F)F)=C9)=O)C%10=C4CCCC%10 

15 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC=CC=C2)=C3)=[C@]([C@]4=C(CCCC5)C5=CC(C6=CC=CC=C6)

=C4NC(NC7=CC(C(F)(F)F)=CC(C(F)(F)F)=C7)=O)C8=C3CCCC8 

16 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC=CC=C2C)=C3)=[C@]([C@]4=C(CCCC5)C5=CC(C6=CC=CC=C6

C)=C4NC(NC7=CC(C(F)(F)F)=CC(C(F)(F)F)=C7)=O)C8=C3CCCC8 

17 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC=C(C)C=C2)=C3)=[C@]([C@]4=C(CCCC5)C5=CC(C6=CC=C(C)

C=C6)=C4NC(NC7=CC(C(F)(F)F)=CC(C(F)(F)F)=C7)=O)C8=C3CCCC8 

18 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)=C3)=[C@]([C@]4=C(CCCC5)C5=

CC(C6=CC(C(F)(F)F)=CC(C(F)(F)F)=C6)=C4NC(NC7=CC(C(F)(F)F)=CC(C(F)(F)F)=C7)=O)C8=C3CCCC8 

19 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC=C(C(F)(F)F)C=C2)=C3)=[C@]([C@]4=C(CCCC5)C5=CC(C6=CC

=C(C(F)(F)F)C=C6)=C4NC(NC7=CC(C(F)(F)F)=CC(C(F)(F)F)=C7)=O)C8=C3CCCC8 

20 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC=C(C3=CC=CC=C3)C=C2)=C4)=[C@]([C@]5=C(CCCC6)C6=CC(

C7=CC=C(C8=CC=CC=C8)C=C7)=C5NC(NC9=CC(C(F)(F)F)=CC(C(F)(F)F)=C9)=O)C%10=C4CCCC%10 
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21 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC=C(C(C)(C)C)C=C2)=C3)=[C@]([C@]4=C(CCCC5)C5=CC(C6=C

C=C(C(C)(C)C)C=C6)=C4NC(NC7=CC(C(F)(F)F)=CC(C(F)(F)F)=C7)=O)C8=C3CCCC8 

22 O=C(NC1CCCCC1)NC(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5CCCCC5)=O)C6=C2C=CC=C6 

23 O=C(NC1=CC=CC2=C1C=CC=C2)NC(C=C3)=[C@]([C@]4=C(C=CC=C5)C5=CC=C4NC(NC6=CC=CC7=C6C=CC=C7)=O)

C8=C3C=CC=C8 

24 O=C(NC1=CC=CC=C1C(F)(F)F)NC(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=CC=CC=C5C(F)(F)F)=O)C6=C

2C=CC=C6 

25 O=C(NC1=C(Cl)C=CC=C1Cl)NC(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=C(Cl)C=CC=C5Cl)=O)C6=C2C=C

C=C6 

26 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=C(C)C=CC(C)=C2)=C3)=[C@]([C@]4=C(CCCC5)C5=CC(C6=C(C)C

=CC(C)=C6)=C4NC(NC7=CC(C(F)(F)F)=CC(C(F)(F)F)=C7)=O)C8=C3CCCC8 

27 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC(C)=CC(C)=C2)=C3)=[C@]([C@]4=C(CCCC5)C5=CC(C6=CC(C)

=CC(C)=C6)=C4NC(NC7=CC(C(F)(F)F)=CC(C(F)(F)F)=C7)=O)C8=C3CCCC8 

28 NC1=CC=C2C(C=CC=C2)=[C@]1[C@]3=C(NC(NC4=C(Cl)C=CC=C4Cl)=O)C=CC5=C3C=CC=C5 

29 NC1=CC=C2C(C=CC=C2)=[C@]1[C@]3=C(NC(NC4CCCCC4)=O)C=CC5=C3C=CC=C5 
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30 O=C(NC1=C(F)C(F)=C(F)C(F)=C1F)NC(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=C(F)C(F)=C(F)C(F)=C5F)=

O)C6=C2C=CC=C6 

31 O=C(NC1=CC(C2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)=CC(C3=CC(C(F)(F)F)=CC(C(F)(F)F)=C3)=C1)NC(C=C4)=[C@]([C@]5

=C(C=CC=C6)C6=CC=C5NC(NC7=CC(C8=CC(C(F)(F)F)=CC(C(F)(F)F)=C8)=CC(C9=CC(C(F)(F)F)=CC(C(F)(F)F)=C9)=C7

)=O)C%10=C4C=CC=C%10 

32 CC1=CC=CC(NC(NC2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)=O)=[C@]1[C@]3=C(C)C=CC=C3NC(NC4=CC(C(F)(F)F)=CC(C(F

)(F)F)=C4)=O 

33 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C=C2)=[C@]([C@]3=C(C=CC(Br)=C4)C4=CC=C3NC(NC5=CC(C(F)(F)F)=

CC(C(F)(F)F)=C5)=O)C6=C2C=C(Br)C=C6 

34 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC=C(C3=CC=CC4=C3C=CC=C4)C=C2)=C5)=[C@]([C@]6=C(CCC

C7)C7=CC(C8=CC=C(C9=CC=CC%10=C9C=CC=C%10)C=C8)=C6NC(NC%11=CC(C(F)(F)F)=CC(C(F)(F)F)=C%11)=O)C%

12=C5CCCC%12 

35 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC=C(C3=CC(C=CC=C4)=C4C=C3)C=C2)=C5)=[C@]([C@]6=C(CC

CC7)C7=CC(C8=CC=C(C9=CC(C=CC=C%10)=C%10C=C9)C=C8)=C6NC(NC%11=CC(C(F)(F)F)=CC(C(F)(F)F)=C%11)=O)

C%12=C5CCCC%12 
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36 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C=C2)=[C@]([C@]3=C(C=CC(C4=CC(C(F)(F)F)=CC(C(F)(F)F)=C4)=C5)C5

=CC=C3NC(NC6=CC(C(F)(F)F)=CC(C(F)(F)F)=C6)=O)C7=C2C=C(C8=CC(C(F)(F)F)=CC(C(F)(F)F)=C8)C=C7 

37 O=C(NC1=CC(C2=CC=CC=C2)=CC(C3=CC=CC=C3)=C1)NC(C=C4)=[C@]([C@]5=C(C=CC=C6)C6=CC=C5NC(NC7=CC(

C8=CC=CC=C8)=CC(C9=CC=CC=C9)=C7)=O)C%10=C4C=CC=C%10 

38 NC1=CC=C2C(C=CC(Br)=C2)=[C@]1[C@]3=C(NC(NC4=CC(C5=CC(C(F)(F)F)=CC(C(F)(F)F)=C5)=CC(C6=CC(C(F)(F)F)=

CC(C(F)(F)F)=C6)=C4)=O)C=CC7=C3C=CC(Br)=C7 

39 NC1=CC=C2C(CCCC2)=[C@]1[C@]3=C(NC(NC4=CC(C5=CC(C(F)(F)F)=CC(C(F)(F)F)=C5)=CC(C6=CC(C(F)(F)F)=CC(C(

F)(F)F)=C6)=C4)=O)C=CC7=C3CCCC7 

40 O=C(NC1=CC(C2=CC(C)=CC(C)=C2)=CC(C3=CC(C)=CC(C)=C3)=C1)NC(C=C4)=[C@]([C@]5=C(C=CC=C6)C6=CC=C5N

C(NC7=CC(C8=CC(C)=CC(C)=C8)=CC(C9=CC(C)=CC(C)=C9)=C7)=O)C%10=C4C=CC=C%10 

41 O=C(NC1=CC(C2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)=CC(C3=CC(C(F)(F)F)=CC(C(F)(F)F)=C3)=C1)NC(C=C4)=[C@]([C@]5

=C(CCCC6)C6=CC=C5NC(NC7=CC(C(F)(F)F)=CC(C(F)(F)F)=C7)=O)C8=C4CCCC8 

42 O=C(NC1=CC(C2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)=CC(C3=CC(C(F)(F)F)=CC(C(F)(F)F)=C3)=C1)NC(C(C4=CC=C(C5=C

C=CC=C5)C=C4)=C6)=[C@]([C@]7=C(CCCC8)C8=CC(C9=CC=C(C%10=CC=CC=C%10)C=C9)=C7NC(NC%11=CC(C%12

=CC(C(F)(F)F)=CC(C(F)(F)F)=C%12)=CC(C%13=CC(C(F)(F)F)=CC(C(F)(F)F)=C%13)=C%11)=O)C%14=C6CCCC%14 
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43 O=C(NC1=CC(C2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)=CC(C3=CC(C(F)(F)F)=CC(C(F)(F)F)=C3)=C1)NC(C=C4)=[C@]([C@]5

=C(CCCC6)C6=CC=C5NC(NC7=CC(C8=CC(C(F)(F)F)=CC(C(F)(F)F)=C8)=CC(C9=CC(C(F)(F)F)=CC(C(F)(F)F)=C9)=C7)=

O)C%10=C4CCCC%10 

44 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC(O)=CC=C2)=C3)=[C@]([C@]4=C(CCCC5)C5=CC(C6=CC(O)=C

C=C6)=C4NC(NC7=CC(C(F)(F)F)=CC(C(F)(F)F)=C7)=O)C8=C3CCCC8 

45 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=C(O)C=CC=C2)=C3)=[C@]([C@]4=C(CCCC5)C5=CC(C6=C(O)C=C

C=C6)=C4NC(NC7=CC(C(F)(F)F)=CC(C(F)(F)F)=C7)=O)C8=C3CCCC8 

46 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC=C(C3=CC=C(CC)C=C3)C=C2)=C4)=[C@]([C@]5=C(CCCC6)C6

=CC(C7=CC=C(C8=CC=C(CC)C=C8)C=C7)=C5NC(NC9=CC(C(F)(F)F)=CC(C(F)(F)F)=C9)=O)C%10=C4CCCC%10 

47 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC=C(OC)C=C2)=C3)=[C@]([C@]4=C(CCCC5)C5=CC(C6=CC=C(O

C)C=C6)=C4NC(NC7=CC(C(F)(F)F)=CC(C(F)(F)F)=C7)=O)C8=C3CCCC8 

48 O=C(NC1=CC=C(S(F)(F)(F)(F)F)C=C1)NC(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=CC=C(S(F)(F)(F)(F)F)C

=C5)=O)C6=C2C=CC=C6 



   

 

xiii 

 

49 O=C(NC1=CC(C2=CC=CC=C2)=CC(C3=CC=CC=C3)=C1)NC(C(C4=CC=C(C5=CC=CC=C5)C=C4)=C6)=[C@]([C@]7=C(C

CCC8)C8=CC(C9=CC=C(C%10=CC=CC=C%10)C=C9)=C7NC(NC%11=CC(C%12=CC=CC=C%12)=CC(C%13=CC=CC=C

%13)=C%11)=O)C%14=C6CCCC%14 

50 O=C(NC1=CC(C)=CC(C)=C1)NC(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=CC(C)=CC(C)=C5)=O)C6=C2C=

CC=C6 

51 O=C(NC1=CC(C2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)=C(C)C(C3=CC(C(F)(F)F)=CC(C(F)(F)F)=C3)=C1)NC(C=C4)=[C@]([C

@]5=C(C=CC=C6)C6=CC=C5NC(NC7=CC(C8=CC(C(F)(F)F)=CC(C(F)(F)F)=C8)=C(C)C(C9=CC(C(F)(F)F)=CC(C(F)(F)F)=

C9)=C7)=O)C%10=C4C=CC=C%10 

52 O=C(NC1=CC(C2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)=C(F)C(C3=CC(C(F)(F)F)=CC(C(F)(F)F)=C3)=C1)NC(C=C4)=[C@]([C

@]5=C(C=CC=C6)C6=CC=C5NC(NC7=CC(C8=CC(C(F)(F)F)=CC(C(F)(F)F)=C8)=C(F)C(C9=CC(C(F)(F)F)=CC(C(F)(F)F)=

C9)=C7)=O)C%10=C4C=CC=C%10 

53 O=C(NC1=CC(C(F)(C(F)(F)F)C(F)(F)F)=CC(C(F)(C(F)(F)F)C(F)(F)F)=C1)NC(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C

3NC(NC5=CC(C(F)(C(F)(F)F)C(F)(F)F)=CC(C(F)(C(F)(F)F)C(F)(F)F)=C5)=O)C6=C2C=CC=C6 



   

 

xiv 

 

54 O=C(NC1=CC(C2=CC(C(F)(F)F)=C(F)C(C(F)(F)F)=C2)=CC(C3=CC(C(F)(F)F)=C(F)C(C(F)(F)F)=C3)=C1)NC(C=C4)=[C@]([

C@]5=C(C=CC=C6)C6=CC=C5NC(NC7=CC(C8=CC(C(F)(F)F)=C(F)C(C(F)(F)F)=C8)=CC(C9=CC(C(F)(F)F)=C(F)C(C(F)(F)

F)=C9)=C7)=O)C%10=C4C=CC=C%10 

55 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC2=CC=CC3=C2[C@@]4(CCC5=C4C(NC(NC6=CC(C(F)(F)F)=CC(C(F)(F)F)

=C6)=O)=CC=C5)CC3 

56 O=C(NC1=CC(C2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)=CC(C3=CC(C(F)(F)F)=CC(C(F)(F)F)=C3)=C1)NC4=CC=CC5=C4[C@

@]6(CCC7=C6C(NC(NC8=CC(C9=CC(C(F)(F)F)=CC(C(F)(F)F)=C9)=CC(C%10=CC(C(F)(F)F)=CC(C(F)(F)F)=C%10)=C8)=

O)=CC=C7)CC5 

57 O=C(NC1=CC(C)=CC(C)=C1)NC(C(C2=CC=C(OC)C=C2)=C3)=[C@]([C@]4=C(CCCC5)C5=CC(C6=CC=C(OC)C=C6)=C4

NC(NC7=CC(C)=CC(C)=C7)=O)C8=C3CCCC8 

58 O=C(NC1=CC(S(F)(F)(F)(F)F)=CC(S(F)(F)(F)(F)F)=C1)NC(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=CC(S(F)

(F)(F)(F)F)=CC(S(F)(F)(F)(F)F)=C5)=O)C6=C2C=CC=C6 

59 O=C(NC1=CC(C2=CC(C(F)(C(F)(F)F)C(F)(F)F)=CC(C(F)(C(F)(F)F)C(F)(F)F)=C2)=CC(C3=CC(C(F)(C(F)(F)F)C(F)(F)F)=CC

(C(F)(C(F)(F)F)C(F)(F)F)=C3)=C1)NC(C=C4)=[C@]([C@]5=C(C=CC=C6)C6=CC=C5NC(NC7=CC(C8=CC(C(F)(C(F)(F)F)C



   

 

xv 

 

(F)(F)F)=CC(C(F)(C(F)(F)F)C(F)(F)F)=C8)=CC(C9=CC(C(F)(C(F)(F)F)C(F)(F)F)=CC(C(F)(C(F)(F)F)C(F)(F)F)=C9)=C7)=O)

C%10=C4C=CC=C%10 

60 O=C(NC1=CC(C2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)=CC(C3=CC(C(F)(F)F)=CC(C(F)(F)F)=C3)=C1)NC(C=C4)=[C@]([C@]5

=C(C=CC(C)=C6)C6=CC=C5NC(NC7=CC(C8=CC(C(F)(F)F)=CC(C(F)(F)F)=C8)=CC(C9=CC(C(F)(F)F)=CC(C(F)(F)F)=C9)=

C7)=O)C%10=C4C=C(C)C=C%10 

61 O=C(NC1=CC(C2=CC(S(F)(F)(F)(F)F)=CC(S(F)(F)(F)(F)F)=C2)=CC(C3=CC(S(F)(F)(F)(F)F)=CC(S(F)(F)(F)(F)F)=C3)=C1)N

C(C=C4)=[C@]([C@]5=C(C=CC=C6)C6=CC=C5NC(NC7=CC(C8=CC(S(F)(F)(F)(F)F)=CC(S(F)(F)(F)(F)F)=C8)=CC(C9=CC(

S(F)(F)(F)(F)F)=CC(S(F)(F)(F)(F)F)=C9)=C7)=O)C%10=C4C=CC=C%10 

62 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(C)=O)C5=C2C=CC=C5 

63 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC=C(C3=CC=CC=C3)C=C2)=C4)=[C@]([C@]5=C(C=CC=C6)C6=C

C(C7=CC=C(C8=CC=CC=C8)C=C7)=C5NC(NC9=CC(C(F)(F)F)=CC(C(F)(F)F)=C9)=O)C%10=C4C=CC=C%10 

64 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C(C2=CC=C(OC(C)(C)C)C=C2)=C3)=[C@]([C@]4=C(CCCC5)C5=CC(C6=

CC=C(OC(C)(C)C)C=C6)=C4NC(NC7=CC(C(F)(F)F)=CC(C(F)(F)F)=C7)=O)C8=C3CCCC8 

65 O=C(C1NC2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)C(C1N[C@H]([C@H](NC3C(NC4=CC(C(F)(F)F)=CC(C(F)(F)F)=C4)C(C3=O)

=O)C5=CC=CC=C5)C6=CC=CC=C6)=O 



   

 

xvi 

 

66 O=C(C1NC2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)C(C1N[C@H]([C@@H](O)C3=CC=CC=C3)C4=CC=CC=C4)=O 

67 S=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)N[C@@H](C2=CC=CC=C2O)[C@H](C3=CC=CC=C3O)NC(NC4=CC(C(F)(F)F)

=CC(C(F)(F)F)=C4)=S 

68 O=C(NC1=C(OC)C=CC=C1)N[C@H](C2=CC=CC=C2)[C@@H](C3=CC=CC=C3)NC(NC4=C(OC)C=CC=C4)=O 

69 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)N[C@H](C2=CC=CC=C2)[C@@H](C3=CC=CC=C3)NS(C4=CC=C(C)C=C4)(=

O)=O 

70 O=C(C1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC2=CC=C3C(C=CC=C3)=[C@]2[C@]4=C(NC(C5=CC(C(F)(F)F)=CC(C(F)(F)F)

=C5)=O)C=CC6=CC=CC=C64 

71 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC2=CC=C3C(C=CC=C3)=[C@]2[C@]4=C(NS(C5=CC=C(C)C=C5)(=O)=O)C=

CC6=CC=CC=C64 

72 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC2=C([C@@H](NC(NC3=CC(C(F)(F)F)=CC(C(F)(F)F)=C3)=O)C4=CC=CC=C

4)C=CC=C2 

73 OC1=[C@@]([C@@]2=C(C=CC=C3)C3=CC(CNC(NC4=CC(C(F)(F)F)=CC(C(F)(F)F)=C4)=O)=C2O)C5=CC=CC=C5C=C1C

NC(NC6=CC(C(F)(F)F)=CC(C(F)(F)F)=C6)=O 



   

 

xvii 

 

74 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NCC2=CC3=CC=CC=C3[C@]([C@]4=C(C=CC=C5)C5=CC(CNC(NC6=CC(C(F

)(F)F)=CC(C(F)(F)F)=C6)=O)=C4OCOCC)=C2OCOCC 

75 O=C(C1NC2=CC(C(F)(F)F)=CC(C(F)(F)F)=C2)C(C1N[C@H]([C@H](NC3C(NC4=CC(C(F)(F)F)=CC(C(F)(F)F)=C4)C(C3=O)

=O)C5=CC=CC=C5)C6=CC=CC=C6)=O 

76 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)N(C(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=CC(C(F)(F)F)=CC(

C(F)(F)F)=C5)=O)C6=C2C=CC=C6)CC 

77 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)N(C(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=CC(C(F)(F)F)=CC(

C(F)(F)F)=C5)=O)C6=C2C=CC=C6)C(C)C 

78 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)N(C)C(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=CC(C(F)(F)F)=C

C(C(F)(F)F)=C5)=O)C6=C2C=CC=C6 

79 O=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)N(C(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=CC(C(F)(F)F)=CC(

C(F)(F)F)=C5)=O)C6=C2C=CC=C6)CCC 

80 S=C(NC1=CC(C(F)(F)F)=CC(C(F)(F)F)=C1)NC(C=C2)=[C@]([C@]3=C(C=CC=C4)C4=CC=C3NC(NC5=CC(C(F)(F)F)=CC(

C(F)(F)F)=C5)=S)C6=C2C=CC=C6 

 

 



   

 

xviii 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

 

xix 

 

Below are the SMILES strings for each of the 131 optimised catalysts in the Handcrafted Dataset along with their id numbers 

Number Smiles 

H1 CCCC(CCC)(CCC)N(C(Nc(cc1)ccc1-c1cccs1)=O)c(c(C=C)cc1ccccc11)c1-c(c1ccccc1cc1C=C)c1NC(Nc(cc1)ccc1-c1cccs1)=O 

H2 

CCCC(CCC)c1cc2ccccc2c(-

c(c2ccccc2cc2C(CCC)CCC)c2N(C2CCCC2)C(Nc2cc([C@H](C/C=C(/C=C/F)\F)c3cc(F)cc(F)c3)cc([C@H](C/C=C(/C=C\F)\F)c3cc(

F)cc(F)c3)c2)=O)c1NC(Nc1cc([C@H](C/C=C(/C=C\F)\F)c2cc(F)cc(F)c2)cc([C@H](C/C=C(/C=C/F)\F)c2cc(F)cc(F)c2)c1)=O 

H3 
O=C(Nc1cc(-c2cocc2)cc(-c2cocc2)c1)Nc(ccc1cc(-c2cccs2)ccc11)c1-c1c(ccc(-c2cccs2)c2)c2ccc1N(C(Nc1cc(-c2cocc2)cc(-

c2cocc2)c1)=O)c1ccco1 

H4 
CCCC(CCC)c1cc(NC(Nc(ccc2cc(C3CCCC3)ccc22)c2-

c(c2ccc(C3CCCC3)cc2cc2)c2N(C(F)(F)F)C(Nc2cc(C(CCC)CCC)cc(C(CCC)CCC)c2)=O)=O)cc(C(CCC)CCC)c1 

H5 
CCCc1cc(NC(Nc(ccc2cc(C3=CCCCC3)ccc22)c2-

c(c(c(cc2)c3)ccc3C3=CCCCC3)c2N(C(Nc2cc(CCC)cc(CCC)c2)=O)c2ccccc2)=O)cc(CCC)c1 

H6 
O=C(Nc1cc(-c2ccco2)cc(-c2ccco2)c1)Nc(c(CC1CCCCC1)cc1ccccc11)c1-c(c1ccccc1cc1CC2CCCCC2)c1N(CCl)C(Nc1cc(-

c2ccco2)cc(-c2ccco2)c1)=O 



   

 

xx 

 

H7 
O=C(Nc(cc1)ccc1-c1ccco1)Nc(ccc1cc(C(c2ccccc2)c2ccccc2)ccc11)c1-c(c1ccc(C(c2ccccc2)c2ccccc2)cc1cc1)c1N(C(Nc(cc1)ccc1-

c1ccco1)=O)c1cccc2ccccc12 

H9 
CCC(CC)(CC)c1cc2ccccc2c(-

c(c2ccccc2cc2C(CC)(CC)CC)c2N(C(Nc2ccc(CC3CCCCC3)cc2)=O)c2ccco2)c1NC(Nc1ccc(CC2CCCCC2)cc1)=O 

H10 CC(C)Cc(cc1)ccc1NC(Nc(c(-c1cscc1)cc1ccccc11)c1-c(c1ccccc1cc1-c2cscc2)c1N(C(C)C)C(Nc1ccc(CC(C)C)cc1)=O)=O 

H11 CCC(CC)(CC)c1cc2ccccc2c(-c(c2ccccc2cc2C(CC)(CC)CC)c2N(CC=C)C(Nc(cc2)ccc2-c2cccs2)=O)c1NC(Nc(cc1)ccc1-c1cccs1)=O 

H12 
O=C(Nc1cc(-c2ccco2)cc(-c2ccco2)c1)Nc(c(-c1c(C=CC2)c2ccc1)cc1ccccc11)c1-c(c1ccccc1cc1-

c2c(C=CC3)c3ccc2)c1N(C=C1CCCCC1)C(Nc1cc(-c2ccco2)cc(-c2ccco2)c1)=O 

H13 
CC(C)N(C(Nc1ccc(CC=C)cc1)=O)c(ccc1cc(/C=C(\CC2)/CC[C@@H]2C(C)(C)C)ccc11)c1-

c(c1ccc(/C=C(\CC2)/CC[C@H]2C(C)(C)C)cc1cc1)c1NC(Nc1ccc(CC=C)cc1)=O 

H14 CCC(CC)(CC)N(C(Nc1ccc(CC(C)C)cc1)=O)c(c(/C=C/C)cc1ccccc11)c1-c(c1ccccc1cc1/C=C/C)c1NC(Nc1ccc(CC(C)C)cc1)=O 

H15 
CC(C)N(C(Nc1cc(C2=CCCCC2)cc(C2=CCCCC2)c1)=O)c(ccc1cc(-c2ccco2)ccc11)c1-c(c(c(cc1)c2)ccc2-

c2ccco2)c1NC(Nc1cc(C2=CCCCC2)cc(C2=CCCCC2)c1)=O 

H16 
O=C(Nc(cc1)ccc1C1=CCCCC1)Nc(c(C(c1cc(C(F)(F)F)cc(C(F)(F)F)c1)c1cc(C(F)(F)F)cc(C(F)(F)F)c1)cc1ccccc11)c1-

c(c1ccccc1cc1C(c2cc(C(F)(F)F)cc(C(F)(F)F)c2)c2cc(C(F)(F)F)cc(C(F)(F)F)c2)c1N(Cc1ccccc1)C(Nc(cc1)ccc1C1=CCCCC1)=O 



   

 

xxi 

 

H17 CCCc1cc2ccccc2c(-c(c2ccccc2cc2CCC)c2N(/C=C/c2ccccc2)C(Nc2ccc(Cc3ccccc3)cc2)=O)c1NC(Nc1ccc(Cc2ccccc2)cc1)=O 

H18 CC(C)(C)Cc(cc1)ccc1NC(Nc(c(-c1cccs1)cc1ccccc11)c1-c(c1ccccc1cc1-c2cccs2)c1N(CC(F)(F)F)C(Nc1ccc(CC(C)(C)C)cc1)=O)=O 

H19 CCCc(cc1cc2)ccc1c(-c(c1ccc(CCC)cc1cc1)c1N(Cc1cccc3ccccc13)C(Nc(cc1)ccc1-c1cccs1)=O)c2NC(Nc(cc1)ccc1-c1cccs1)=O 

H20 

C[C@@H](CC1)CC/C1=C/c(cc1cc2)ccc1c(-

c(c1ccc(/C=C3/CC[C@@H](C)CC3)cc1cc1)c1N(/C=C1/CC[C@H](C)CC1)C(Nc1ccc(C3CCC(C)(C)CC3)cc1)=O)c2NC(Nc1ccc(C2CC

C(C)(C)CC2)cc1)=O 

H22 
CCCC(CCC)(CCC)c(cc1)ccc1NC(Nc(c(-c1cocc1)cc1ccccc11)c1-c(c1ccccc1cc1-

c2cocc2)c1N(Cc1cc2ccccc2cc1)C(Nc1ccc(C(CCC)(CCC)CCC)cc1)=O)=O 

H23 
O=C(Nc1ccc(Cc2cc3ccccc3cc2)cc1)Nc(ccc1cc(CC(F)(F)F)ccc11)c1-

c(c1ccc(CC(F)(F)F)cc1cc1)c1N(CCl)C(Nc1ccc(Cc2cc3ccccc3cc2)cc1)=O 

H24 
CC(C)(CC1)CCC1N(C(Nc1cc(-c2ccco2)cc(-c2ccco2)c1)=O)c(ccc1cc(C2=CCCCC2)ccc11)c1-

c(c(c(cc1)c2)ccc2C2=CCCCC2)c1NC(Nc1cc(-c2ccco2)cc(-c2ccco2)c1)=O 

H25 
CCCC(CCC)(CCC)N(C(Nc1cc(/C=C(\CC2)/CC[C@H]2C(C)(C)C)cc(/C=C(\CC2)/CC[C@@H]2C(C)(C)C)c1)=O)c(ccc1cc(C(c2ccc(C)

cc2)c2ccc(C)cc2)ccc11)c1-



   

 

xxii 

 

c(c1ccc(C(c2ccc(C)cc2)c2ccc(C)cc2)cc1cc1)c1NC(Nc1cc(/C=C(\CC2)/CC[C@H]2C(C)(C)C)cc(/C=C(\CC2)/CC[C@@H]2C(C)(C)C)c

1)=O 

H26 
CN(C(Nc1cc(-c2cccs2)cc(-c2cccs2)c1)=O)c(c(Cc1cc2ccccc2cc1)cc1ccccc11)c1-c(c1ccccc1cc1Cc2cc3ccccc3cc2)c1NC(Nc1cc(-

c2cccs2)cc(-c2cccs2)c1)=O 

H27 
CC1(C)CC(c(cc2)ccc2NC(Nc(ccc2cc(C3=CCCC(C)(C)C3)ccc22)c2-

c(c(c(cc2)c3)ccc3C3=CCCC(C)(C)C3)c2N(Cc2cc3ccccc3cc2)C(Nc(cc2)ccc2C2=CCCC(C)(C)C2)=O)=O)=CCC1 

H28 
CC(C)[C@@H](C)N(C(Nc1cc(/C=C\C)cc(/C=C\C)c1)=O)c(ccc1cc(C(c2cc(C)cc(C)c2)c2cc(C)cc(C)c2)ccc11)c1-

c(c1ccc(C(c2cc(C)cc(C)c2)c2cc(C)cc(C)c2)cc1cc1)c1NC(Nc1cc(/C=C\C)cc(/C=C/C)c1)=O 

H29 
CCN(C(Nc1ccc(Cc2cccc3ccccc23)cc1)=O)c(ccc1cc(C2=CCCC(C)(C)C2)ccc11)c1-

c(c(c(cc1)c2)ccc2C2=CCCC(C)(C)C2)c1NC(Nc1ccc(Cc2cccc3ccccc23)cc1)=O 

H30 

CC(C)(CC1)CCC1c(cc1cc2)ccc1c(-

c(c1ccc(C3CCC(C)(C)CC3)cc1cc1)c1N(CCl)C(Nc1ccc(C(c3cc(C)cc(C)c3)c3cc(C)cc(C)c3)cc1)=O)c2NC(Nc1ccc(C(c2cc(C)cc(C)c2)c2c

c(C)cc(C)c2)cc1)=O 

H31 
O=C(Nc1cc(Cc2cc3ccccc3cc2)cc(Cc2cc3ccccc3cc2)c1)Nc(c(CC(F)(F)F)cc1ccccc11)c1-

c(c1ccccc1cc1CC(F)(F)F)c1N(Cc1cc2ccccc2cc1)C(Nc1cc(Cc2cc3ccccc3cc2)cc(Cc2cc3ccccc3cc2)c1)=O 



   

 

xxiii 

 

H32 

CC(C)[C@H](C)N(C(Nc1cc([C@H](C/C=C(/C=C\F)\F)c2cc(F)cc(F)c2)cc([C@@H](C/C=C(/C=C/F)\F)c2cc(F)cc(F)c2)c1)=O)c1ccc(cc

(cc2)-c3cccs3)c2c1-c(c(c(cc1)c2)ccc2-

c2cccs2)c1NC(Nc1cc([C@H](C/C=C(/C=C\F)\F)c2cc(F)cc(F)c2)cc([C@@H](C/C=C(/C=C/F)\F)c2cc(F)cc(F)c2)c1)=O 

H33 
O=C(Nc1ccc(C=C2CCCCC2)cc1)Nc(ccc1cc(CC(F)(F)F)ccc11)c1-

c1c(ccc(CC(F)(F)F)c2)c2ccc1N(C=C1CCCCC1)C(Nc1ccc(C=C2CCCCC2)cc1)=O 

H34 
CCCN(C(Nc1cc(-c2cccs2)cc(-c2cccs2)c1)=O)c(ccc1cc(CC(C)(C)C)ccc11)c1-c(c1ccc(CC(C)(C)C)cc1cc1)c1NC(Nc1cc(-c2cccs2)cc(-

c2cccs2)c1)=O 

H35 
CCCC(CCC)(CCC)c1cc2ccccc2c(-

c(c2ccccc2cc2C(CCC)(CCC)CCC)c2N(C(Nc2cc(CCC)cc(CCC)c2)=O)c2cc(C=CC3)c3cc2)c1NC(Nc1cc(CCC)cc(CCC)c1)=O 

H36 
CCCN(C(Nc(cc1)ccc1-c1cccs1)=O)c(c(C(c1cc(C(F)(F)F)cc(C(F)(F)F)c1)c1cc(C(F)(F)F)cc(C(F)(F)F)c1)cc1ccccc11)c1-

c(c1ccccc1cc1C(c2cc(C(F)(F)F)cc(C(F)(F)F)c2)c2cc(C(F)(F)F)cc(C(F)(F)F)c2)c1NC(Nc(cc1)ccc1-c1cccs1)=O 

H37 
O=C(Nc1cc(C2CCCCC2)cc(C2CCCCC2)c1)Nc(ccc1cc(/C=C\c2ccccc2)ccc11)c1-

c(c1ccc(/C=C/c2ccccc2)cc1cc1)c1N(C(Nc1cc(C2CCCCC2)cc(C2CCCCC2)c1)=O)c1cscc1 

H38 
CCCC(CCC)(CCC)c1cc2ccccc2c(-

c(c2ccccc2cc2C(CCC)(CCC)CCC)c2N(C(C)C)C(Nc2ccc(C=C3CCCCC3)cc2)=O)c1NC(Nc1ccc(C=C2CCCCC2)cc1)=O 



   

 

xxiv 

 

H39 

CC(C)[C@@H](C)c(cc1cc2)ccc1c(-

c(c1ccc([C@H](C)C(C)C)cc1cc1)c1N(CC=C)C(Nc1cc(CC3CCCCC3)cc(CC3CCCCC3)c1)=O)c2NC(Nc1cc(CC2CCCCC2)cc(CC2CCC

CC2)c1)=O 

H40 
CC(C)c1cc(NC(Nc(c(C2=CCCC(C)(C)C2)cc2ccccc22)c2-

c(c2ccccc2cc2C3=CCCC(C)(C)C3)c2N(CC(C)(C)C)C(Nc2cc(C(C)C)cc(C(C)C)c2)=O)=O)cc(C(C)C)c1 

H41 
O=C(Nc1cc(/C=C\c2ccccc2)cc(/C=C/c2ccccc2)c1)Nc(ccc1cc(C2CCCC2)ccc11)c1-

c(c1ccc(C2CCCC2)cc1cc1)c1N(/C=C/c1ccccc1)C(Nc1cc(/C=C\c2ccccc2)cc(/C=C/c2ccccc2)c1)=O 

H42 
CCCc(cc1)ccc1NC(Nc(c(-c1c(cccc2)c2cc2ccccc12)cc1ccccc11)c1-c(c1ccccc1cc1-

c2c(cccc3)c3cc3ccccc23)c1N(Cc1cccc2ccccc12)C(Nc1ccc(CCC)cc1)=O)=O 

H43 CC(C)Cc1cc(NC(Nc(c(C(C)C)cc2ccccc22)c2-c(c2ccccc2cc2C(C)C)c2N(C(C)C)C(Nc2cc(CC(C)C)cc(CC(C)C)c2)=O)=O)cc(CC(C)C)c1 

H44 
O=C(Nc1ccc(C2CCCCC2)cc1)Nc(c(-c1ccco1)cc1ccccc11)c1-c(c1ccccc1cc1-

c2ccco2)c1N(C(Nc1ccc(C2CCCCC2)cc1)=O)c1cc(C=CC2)c2cc1 

H45 CC(C)Cc1cc2ccccc2c(-c(c2ccccc2cc2CC(C)C)c2N(CC(C)C)C(Nc2ccc(/C=C\c3ccccc3)cc2)=O)c1NC(Nc1ccc(/C=C\c2ccccc2)cc1)=O 

H46 
CC(C)c(cc1)ccc1NC(Nc(ccc1cc(C(c2ccc(C(F)(F)F)cc2)c2ccc(C(F)(F)F)cc2)ccc11)c1-

c(c1ccc(C(c2ccc(C(F)(F)F)cc2)c2ccc(C(F)(F)F)cc2)cc1cc1)c1N(CCl)C(Nc1ccc(C(C)C)cc1)=O)=O 



   

 

xxv 

 

H47 
CCCN(C(Nc1cc(-c2cccc3ccccc23)cc(-c2cccc3ccccc23)c1)=O)c(c(C(F)(F)F)cc1ccccc11)c1-c(c1ccccc1cc1C(F)(F)F)c1NC(Nc1cc(-

c2cccc3ccccc23)cc(-c2cccc3ccccc23)c1)=O 

H48 
CCC(CC)(CC)c(cc1cc2)ccc1c(-c(c1ccc(C(CC)(CC)CC)cc1cc1)c1N(C)C(Nc1cc(-c3cccs3)cc(-c3cccs3)c1)=O)c2NC(Nc1cc(-c2cccs2)cc(-

c2cccs2)c1)=O 

H49 CCCC(CCC)c(cc1)ccc1NC(Nc(c(CCl)cc1ccccc11)c1-c(c1ccccc1cc1CCl)c1N(C(Nc1ccc(C(CCC)CCC)cc1)=O)c1cccc2ccccc12)=O 

H50 
C#Cc1cc(NC(Nc(c(CC(F)(F)F)cc2ccccc22)c2-

c(c2ccccc2cc2CC(F)(F)F)c2N(C(Nc2cc(C#C)cc(C#C)c2)=O)c2c(cccc3)c3cc3ccccc23)=O)cc(C#C)c1 

H51 
O=C(Nc(cc1)ccc1-c1cccs1)Nc(ccc1cc(/C=C/c2ccccc2)ccc11)c1-c(c1ccc(/C=C\c2ccccc2)cc1cc1)c1N(C(Nc(cc1)ccc1-

c1cccs1)=O)c1cocc1 

H52 CCCN(C(Nc1ccc(CC(C)(C)C)cc1)=O)c(ccc1cc(-c2cocc2)ccc11)c1-c(c(c(cc1)c2)ccc2-c2cocc2)c1NC(Nc1ccc(CC(C)(C)C)cc1)=O 

H53 

C=CCc(cc1cc2)ccc1c(-

c(c1ccc(CC=C)cc1cc1)c1N(/C=C\c1ccccc1)C(Nc1ccc(C(c3cc(C(F)(F)F)cc(C(F)(F)F)c3)c3cc(C(F)(F)F)cc(C(F)(F)F)c3)cc1)=O)c2NC(N

c1ccc(C(c2cc(C(F)(F)F)cc(C(F)(F)F)c2)c2cc(C(F)(F)F)cc(C(F)(F)F)c2)cc1)=O 

H54 
CC(C)(C)[C@@H](CC1)CC/C1=C/N(C(Nc1ccc(/C=C\c2ccccc2)cc1)=O)c(c(Cc1cccc2ccccc12)cc1ccccc11)c1-

c(c1ccccc1cc1Cc2cccc3ccccc23)c1NC(Nc1ccc(/C=C/c2ccccc2)cc1)=O 



   

 

xxvi 

 

H55 
CCCC(CCC)c1cc(NC(Nc(c(-c2ccco2)cc2ccccc22)c2-c(c2ccccc2cc2-

c3ccco3)c2N(C(F)(F)F)C(Nc2cc(C(CCC)CCC)cc(C(CCC)CCC)c2)=O)=O)cc(C(CCC)CCC)c1 

H56 
O=C(Nc1ccc(C(c2ccccc2)(c2ccccc2)c2ccccc2)cc1)Nc(c(CC1CCCCC1)cc1ccccc11)c1-

c(c1ccccc1cc1CC2CCCCC2)c1N(C(Nc1ccc(C(c2ccccc2)(c2ccccc2)c2ccccc2)cc1)=O)c1cscc1 

H57 

CC(C)N(C(Nc1cc([C@@H](C/C=C(/C=C/F)\F)c2cc(F)cc(F)c2)cc([C@H](C/C=C(/C=C\F)\F)c2cc(F)cc(F)c2)c1)=O)c(ccc1cc([C@H](C

/C=C(\C=C\F)/F)c2cc(F)cc(F)c2)ccc11)c1-

c(c1ccc([C@@H](C/C=C(\C=C/F)/F)c2cc(F)cc(F)c2)cc1cc1)c1NC(Nc1cc([C@@H](C/C=C(/C=C\F)\F)c2cc(F)cc(F)c2)cc([C@@H](C/

C=C(\C=C\F)/F)c2cc(F)cc(F)c2)c1)=O 

H58 

O=C(Nc1cc(C(c(cc2)ccc2F)c(cc2)ccc2F)cc(C(c(cc2)ccc2F)c(cc2)ccc2F)c1)Nc(ccc1cc([C@@H](C/C=C(/C=C\F)\F)c2cc(F)cc(F)c2)ccc1

1)c1-

c(c1ccc([C@H](C/C=C(\C=C/F)/F)c2cc(F)cc(F)c2)cc1cc1)c1N(CCl)C(Nc1cc(C(c(cc2)ccc2F)c(cc2)ccc2F)cc(C(c(cc2)ccc2F)c(cc2)ccc2

F)c1)=O 

H59 

CC(C)(C)Cc1cc2ccccc2c(-

c(c2ccccc2cc2CC(C)(C)C)c2N(C(Nc2cc(C3=CCCC(C)(C)C3)cc(C3=CCCC(C)(C)C3)c2)=O)c2ccco2)c1NC(Nc1cc(C2=CCCC(C)(C)C2

)cc(C2=CCCC(C)(C)C2)c1)=O 



   

 

xxvii 

 

H60 
CN(C(Nc1cc(C2=CCCCC2)cc(C2=CCCCC2)c1)=O)c(c(C1CCCC1)cc1ccccc11)c1-

c(c1ccccc1cc1C2CCCC2)c1NC(Nc1cc(C2=CCCCC2)cc(C2=CCCCC2)c1)=O 

H61 
CCCC(CCC)(CCC)c1cc2ccccc2c(-c(c2ccccc2cc2C(CCC)(CCC)CCC)c2N(C)C(Nc(cc2)ccc2-c2cccs2)=O)c1NC(Nc(cc1)ccc1-

c1cccs1)=O 

H62 
O=C(Nc1cc(-c2cc(C=CC3)c3cc2)cc(-c2cc(C=CC3)c3cc2)c1)Nc(ccc1cc(-c2cccs2)ccc11)c1-c(c(c(cc1)c2)ccc2-

c2cccs2)c1N(CCl)C(Nc1cc(-c2cc(C=CC3)c3cc2)cc(-c2cc(C=CC3)c3cc2)c1)=O 

H64 CCCc(cc1)ccc1NC(Nc(ccc1cc(-c2ccco2)ccc11)c1-c(c(c(cc1)c2)ccc2-c2ccco2)c1N([C@@H](C)C(C)C)C(Nc1ccc(CCC)cc1)=O)=O 

H65 
C#CN(C(Nc1cc(-c2ccco2)cc(-c2ccco2)c1)=O)c(ccc1cc(C(c2ccccc2)c2ccccc2)ccc11)c1-

c(c1ccc(C(c2ccccc2)c2ccccc2)cc1cc1)c1NC(Nc1cc(-c2ccco2)cc(-c2ccco2)c1)=O 

H66 

CC(C)(C)[C@H](CC1)CC/C1=C/N(C(Nc1cc(Cc2cccc3ccccc23)cc(Cc2cccc3ccccc23)c1)=O)c1ccc(cc([C@H](C/C=C(\C=C/F)/F)c2cc(F

)cc(F)c2)cc2)c2c1-

c(c1ccc([C@@H](C/C=C(/C=C/F)\F)c2cc(F)cc(F)c2)cc1cc1)c1NC(Nc1cc(Cc2cccc3ccccc23)cc(Cc2cccc3ccccc23)c1)=O 

H67 
CCN(C(Nc1ccc(/C=C2/CC[C@H](C)CC2)cc1)=O)c(c(CC(C)C)cc1ccccc11)c1-

c(c1ccccc1cc1CC(C)C)c1NC(Nc1ccc(/C=C2/CC[C@H](C)CC2)cc1)=O 



   

 

xxviii 

 

H68 
CC(C)(C)CN(C(Nc1ccc([C@@H](C/C=C(\C=C\F)/F)c2cc(F)cc(F)c2)cc1)=O)c(ccc1cc(-c2cccc3ccccc23)ccc11)c1-c(c(c(cc1)c2)ccc2-

c2cccc3ccccc23)c1NC(Nc1ccc([C@@H](C/C=C(/C=C\F)\F)c2cc(F)cc(F)c2)cc1)=O 

H69 CC(C)c(cc1)ccc1NC(Nc(ccc1cc(-c2ccccc2)ccc11)c1-c(c(c(cc1)c2)ccc2-c2ccccc2)c1N(C(Nc1ccc(C(C)C)cc1)=O)c1ccco1)=O 

H71 
O=C(Nc1cc(-c2ccccc2)cc(-c2ccccc2)c1)Nc(c(CC(F)(F)F)cc1ccccc11)c1-c(c1ccccc1cc1CC(F)(F)F)c1N(C(Nc1cc(-c2ccccc2)cc(-

c2ccccc2)c1)=O)c1cocc1 

H72 C/C=C/N(C(Nc1ccc(C2CCCCC2)cc1)=O)c(c(C)cc1ccccc11)c1-c(c1ccccc1cc1C)c1NC(Nc1ccc(C2CCCCC2)cc1)=O 

H73 
CCN(C(Nc1cc(/C=C(\CC2)/CC[C@H]2C(C)(C)C)cc(/C=C(\CC2)/CC[C@@H]2C(C)(C)C)c1)=O)c(ccc1cc(-c2ccco2)ccc11)c1-

c(c(c(cc1)c2)ccc2-c2ccco2)c1NC(Nc1cc(/C=C(\CC2)/CC[C@@H]2C(C)(C)C)cc(/C=C(\CC2)/CC[C@H]2C(C)(C)C)c1)=O 

H74 CCCc1cc(NC(Nc(ccc2cc(-c3ccco3)ccc22)c2-c(c(c(cc2)c3)ccc3-c3ccco3)c2N(CC=C)C(Nc2cc(CCC)cc(CCC)c2)=O)=O)cc(CCC)c1 

H75 
CC(C)(C)Cc1cc(NC(Nc(ccc2cc(C3CCC(C)(C)CC3)ccc22)c2-

c(c2ccc(C3CCC(C)(C)CC3)cc2cc2)c2N(Cc2cc3ccccc3cc2)C(Nc2cc(CC(C)(C)C)cc(CC(C)(C)C)c2)=O)=O)cc(CC(C)(C)C)c1 

H76 
O=C(Nc1cc(C(c2ccccc2)c2ccccc2)cc(C(c2ccccc2)c2ccccc2)c1)Nc(ccc1cc(Cc2ccccc2)ccc11)c1-

c(c1ccc(Cc2ccccc2)cc1cc1)c1N(C(Nc1cc(C(c2ccccc2)c2ccccc2)cc(C(c2ccccc2)c2ccccc2)c1)=O)c1cocc1 

H77 CC(C)c(cc1cc2)ccc1c(-c(c1ccc(C(C)C)cc1cc1)c1N(/C=C\c1ccccc1)C(Nc1ccc(CC(F)(F)F)cc1)=O)c2NC(Nc1ccc(CC(F)(F)F)cc1)=O 



   

 

xxix 

 

H78 
CCN(C(Nc1cc(/C=C2/CC[C@@H](C)CC2)cc(/C=C2/CC[C@H](C)CC2)c1)=O)c(ccc1cc(-c2cocc2)ccc11)c1-c(c(c(cc1)c2)ccc2-

c2cocc2)c1NC(Nc1cc(/C=C2/CC[C@@H](C)CC2)cc(/C=C2/CC[C@@H](C)CC2)c1)=O 

H79 
CN(C(Nc1cc(-c2cccs2)cc(-c2cccs2)c1)=O)c(c(C1CCCC1)cc1ccccc11)c1-c(c1ccccc1cc1C2CCCC2)c1NC(Nc1cc(-c2cccs2)cc(-

c2cccs2)c1)=O 

H81 
O=C(Nc1cc(CC2CCCCC2)cc(CC2CCCCC2)c1)Nc(c(-c1cccs1)cc1ccccc11)c1-c(c1ccccc1cc1-

c2cccs2)c1N(/C=C\c1ccccc1)C(Nc1cc(CC2CCCCC2)cc(CC2CCCCC2)c1)=O 

H82 
CCCN(C(Nc1cc(Cc2ccccc2)cc(Cc2ccccc2)c1)=O)c(c(C=C)cc1ccccc11)c1-

c(c1ccccc1cc1C=C)c1NC(Nc1cc(Cc2ccccc2)cc(Cc2ccccc2)c1)=O 

H83 C/C=C/c1cc2ccccc2c(-c(c2ccccc2cc2/C=C/C)c2N(CC(F)(F)F)C(Nc2ccc(CC=C)cc2)=O)c1NC(Nc1ccc(CC=C)cc1)=O 

H84 
C#Cc(cc1)ccc1NC(Nc(ccc1cc([C@H](C/C=C(/C=C/F)\F)c2cc(F)cc(F)c2)ccc11)c1-

c1c(ccc([C@H](C/C=C(/C=C/F)\F)c2cc(F)cc(F)c2)c2)c2ccc1N(Cc1cc2ccccc2cc1)C(Nc(cc1)ccc1C#C)=O)=O 

H85 
CCCN(C(Nc1cc(-c2ccccc2)cc(-c2ccccc2)c1)=O)c1ccc(cc([C@H](C/C=C(\C=C\F)/F)c2cc(F)cc(F)c2)cc2)c2c1-

c(c1ccc([C@@H](C/C=C(/C=C\F)\F)c2cc(F)cc(F)c2)cc1cc1)c1NC(Nc1cc(-c2ccccc2)cc(-c2ccccc2)c1)=O 

H86 
C=CCc1cc(NC(Nc(c(CC(F)(F)F)cc2ccccc22)c2-

c(c2ccccc2cc2CC(F)(F)F)c2N(C=C2CCCCC2)C(Nc2cc(CC=C)cc(CC=C)c2)=O)=O)cc(CC=C)c1 



   

 

xxx 

 

H87 CC(C)c(cc1cc2)ccc1c(-c(c1ccc(C(C)C)cc1cc1)c1N(C(Nc(cc1)ccc1C1=CCCCC1)=O)c1cccs1)c2NC(Nc(cc1)ccc1C1=CCCCC1)=O 

H88 C=CCc(cc1)ccc1NC(Nc(ccc1cc(-c2cccs2)ccc11)c1-c1c(ccc(-c2cccs2)c2)c2ccc1N(C=C)C(Nc1ccc(CC=C)cc1)=O)=O 

H89 
CCCC(CCC)c1cc(NC(Nc(c(C(C)C)cc2ccccc22)c2-

c(c2ccccc2cc2C(C)C)c2N(C(Nc2cc(C(CCC)CCC)cc(C(CCC)CCC)c2)=O)c2cccs2)=O)cc(C(CCC)CCC)c1 

H90 
O=C(Nc(cc1)ccc1-c1cccc2ccccc12)Nc(ccc1cc(C(F)(F)F)ccc11)c1-c(c1ccc(C(F)(F)F)cc1cc1)c1N(C(Nc(cc1)ccc1-

c1cccc2ccccc12)=O)c1cccs1 

H91 CCN(C(Nc1cc(C)cc(C)c1)=O)c(c(CC(C)(C)C)cc1ccccc11)c1-c(c1ccccc1cc1CC(C)(C)C)c1NC(Nc1cc(C)cc(C)c1)=O 

H92 
CC(C)[C@H](C)c(cc1)ccc1NC(Nc(c(CCl)cc1ccccc11)c1-

c(c1ccccc1cc1CCl)c1N(/C=C/c1ccccc1)C(Nc1ccc([C@H](C)C(C)C)cc1)=O)=O 

H93 
CCN(C(Nc1ccc(C2CCC(C)(C)CC2)cc1)=O)c(c(CC(F)(F)F)cc1ccccc11)c1-

c(c1ccccc1cc1CC(F)(F)F)c1NC(Nc1ccc(C2CCC(C)(C)CC2)cc1)=O 

H94 C=CCN(C(Nc(cc1)ccc1-c1cscc1)=O)c(ccc1cc(-c2cocc2)ccc11)c1-c(c(c(cc1)c2)ccc2-c2cocc2)c1NC(Nc(cc1)ccc1-c1cscc1)=O 

H95 
C[C@@H](CC1)CC/C1=C/c(cc1cc2)ccc1c(-

c(c1ccc(/C=C3/CC[C@H](C)CC3)cc1cc1)c1N(/C=C/c1ccccc1)C(Nc1ccc(CC3CCCCC3)cc1)=O)c2NC(Nc1ccc(CC2CCCCC2)cc1)=O 



   

 

xxxi 

 

H96 
C[C@H](CC1)CC/C1=C/N(C(Nc1cc(/C=C\C)cc(/C=C/C)c1)=O)c(c(C(c1cc(C)cc(C)c1)c1cc(C)cc(C)c1)cc1ccccc11)c1-

c(c1ccccc1cc1C(c2cc(C)cc(C)c2)c2cc(C)cc(C)c2)c1NC(Nc1cc(/C=C/C)cc(/C=C/C)c1)=O 

H97 CCC(CC)(CC)c(cc1cc2)ccc1c(-c(c1ccc(C(CC)(CC)CC)cc1cc1)c1N(C(Nc1ccc(C(C)C)cc1)=O)c1ccccc1)c2NC(Nc1ccc(C(C)C)cc1)=O 

H98 
CC(C)(C)CN(C(Nc1cc(C(F)(F)F)cc(C(F)(F)F)c1)=O)c1ccc(cc(cc2)-c3cccs3)c2c1-c(c(c(cc1)c2)ccc2-

c2cccs2)c1NC(Nc1cc(C(F)(F)F)cc(C(F)(F)F)c1)=O 

H99 

CCCC(CCC)(CCC)c1cc2ccccc2c(-

c(c2ccccc2cc2C(CCC)(CCC)CCC)c2N([C@@H](C)C(C)C)C(Nc2ccc(/C=C3/CC[C@@H](C)CC3)cc2)=O)c1NC(Nc1ccc(/C=C2/CC[C

@H](C)CC2)cc1)=O 

H100 
CCN(C(Nc1ccc(/C=C\c2ccccc2)cc1)=O)c(c([C@H](C)C(C)C)cc1ccccc11)c1-

c(c1ccccc1cc1[C@H](C)C(C)C)c1NC(Nc1ccc(/C=C/c2ccccc2)cc1)=O 

H101 
CN(C(Nc1cc(-c2ccccc2)cc(-c2ccccc2)c1)=O)c(c(C(F)(F)F)cc1ccccc11)c1-c(c1ccccc1cc1C(F)(F)F)c1NC(Nc1cc(-c2ccccc2)cc(-

c2ccccc2)c1)=O 

H102 O=C(Nc1ccc(CC(F)(F)F)cc1)Nc(c(-c1ccco1)cc1ccccc11)c1-c(c1ccccc1cc1-c2ccco2)c1N(/C=C/c1ccccc1)C(Nc1ccc(CC(F)(F)F)cc1)=O 



   

 

xxxii 

 

H104 

CC(C)(C)[C@@H](CC1)CC/C1=C/c1cc(NC(Nc(ccc2cc(Cc3cccc4ccccc34)ccc22)c2-

c(c2ccc(Cc3cccc4ccccc34)cc2cc2)c2N(Cc2cccc3ccccc23)C(Nc2cc(/C=C(\CC3)/CC[C@H]3C(C)(C)C)cc(/C=C(\CC3)/CC[C@H]3C(C)(

C)C)c2)=O)=O)cc(/C=C(\CC2)/CC[C@@H]2C(C)(C)C)c1 

H105 
CC(C)(C)Cc1cc(NC(Nc(c(CCl)cc2ccccc22)c2-

c(c2ccccc2cc2CCl)c2N(/C=C\C)C(Nc2cc(CC(C)(C)C)cc(CC(C)(C)C)c2)=O)=O)cc(CC(C)(C)C)c1 

H106 
O=C(Nc1cc(Cc2ccccc2)cc(Cc2ccccc2)c1)Nc(c(CC1CCCCC1)cc1ccccc11)c1-

c(c1ccccc1cc1CC2CCCCC2)c1N(C=C1CCCCC1)C(Nc1cc(Cc2ccccc2)cc(Cc2ccccc2)c1)=O 

H107 
CCCC(CCC)(CCC)c(cc1)ccc1NC(Nc(c(Cc1ccccc1)cc1ccccc11)c1-

c(c1ccccc1cc1Cc2ccccc2)c1N(C(F)(F)F)C(Nc1ccc(C(CCC)(CCC)CCC)cc1)=O)=O 

H108 O=C(Nc(cc1)ccc1-c1ccco1)Nc(c(-c1cccs1)cc1ccccc11)c1-c(c1ccccc1cc1-c2cccs2)c1N(C(Nc(cc1)ccc1-c1ccco1)=O)c1cccc2ccccc12 

H109 
CC(C)N(C(Nc1cc(/C=C\C)cc(/C=C\C)c1)=O)c(c(CC1CCCCC1)cc1ccccc11)c1-

c(c1ccccc1cc1CC2CCCCC2)c1NC(Nc1cc(/C=C\C)cc(/C=C/C)c1)=O 

H110 
CC1(C)CC(N(C(Nc2cc(-c3c(C=CC4)c4ccc3)cc(-c3c(C=CC4)c4ccc3)c2)=O)c(ccc2cc(-c3c(C=CC4)c4ccc3)ccc22)c2-c(c(c(cc2)c3)ccc3-

c3c(C=CC4)c4ccc3)c2NC(Nc2cc(-c3c(C=CC4)c4ccc3)cc(-c3c(C=CC4)c4ccc3)c2)=O)=CCC1 

H111 CC(C)Cc1cc2ccccc2c(-c(c2ccccc2cc2CC(C)C)c2N(C(Nc(cc2)ccc2-c2cccs2)=O)C#C)c1NC(Nc(cc1)ccc1-c1cccs1)=O 
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H112 

O=C(Nc1cc(C(c2cc(C(F)(F)F)cc(C(F)(F)F)c2)c2cc(C(F)(F)F)cc(C(F)(F)F)c2)cc(C(c2cc(C(F)(F)F)cc(C(F)(F)F)c2)c2cc(C(F)(F)F)cc(C(F

)(F)F)c2)c1)Nc(ccc1cc(CC2CCCCC2)ccc11)c1-

c(c1ccc(CC2CCCCC2)cc1cc1)c1N(C(Nc1cc(C(c2cc(C(F)(F)F)cc(C(F)(F)F)c2)c2cc(C(F)(F)F)cc(C(F)(F)F)c2)cc(C(c2cc(C(F)(F)F)cc(C(

F)(F)F)c2)c2cc(C(F)(F)F)cc(C(F)(F)F)c2)c1)=O)c1cocc1 

H113 
C/C=C\N(C(Nc1cc(C(F)(F)F)cc(C(F)(F)F)c1)=O)c(ccc1cc(CC2CCCCC2)ccc11)c1-

c(c1ccc(CC2CCCCC2)cc1cc1)c1NC(Nc1cc(C(F)(F)F)cc(C(F)(F)F)c1)=O 

H114 CCc(cc1)ccc1NC(Nc(c(Cc1cccc2ccccc12)cc1ccccc11)c1-c(c1ccccc1cc1Cc2cccc3ccccc23)c1N(CC)C(Nc1ccc(CC)cc1)=O)=O 

H115 
O=C(Nc1ccc(C=C2CCCCC2)cc1)Nc(c(CC(F)(F)F)cc1ccccc11)c1-

c(c1ccccc1cc1CC(F)(F)F)c1N(C(F)(F)F)C(Nc1ccc(C=C2CCCCC2)cc1)=O 

H116 
CC(C)[C@H](C)c(cc1)ccc1NC(Nc(ccc1cc(Cc2cccc3ccccc23)ccc11)c1-

c(c1ccc(Cc2cccc3ccccc23)cc1cc1)c1N(C(Nc1ccc([C@H](C)C(C)C)cc1)=O)c1cc(C=CC2)c2cc1)=O 

H117 
CCCC(CCC)c(cc1)ccc1NC(Nc(ccc1cc(C=C2CCCCC2)ccc11)c1-

c(c1ccc(C=C2CCCCC2)cc1cc1)c1N(C(Nc1ccc(C(CCC)CCC)cc1)=O)c1cscc1)=O 
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H119 

CC(C)Cc(cc1cc2)ccc1c(-

c(c1ccc(CC(C)C)cc1cc1)c1N(C(Nc1ccc(C(c3cc(C(F)(F)F)cc(C(F)(F)F)c3)c3cc(C(F)(F)F)cc(C(F)(F)F)c3)cc1)=O)c1ccco1)c2NC(Nc1ccc

(C(c2cc(C(F)(F)F)cc(C(F)(F)F)c2)c2cc(C(F)(F)F)cc(C(F)(F)F)c2)cc1)=O 

H120 CC(C)c(cc1)ccc1NC(Nc(c(/C=C/C)cc1ccccc11)c1-c(c1ccccc1cc1/C=C\C)c1N(C(F)(F)F)C(Nc1ccc(C(C)C)cc1)=O)=O 

H121 
CC(C)(C)[C@@H](CC1)CC/C1=C/N(C(Nc1cc(Cc2cccc3ccccc23)cc(Cc2cccc3ccccc23)c1)=O)c(ccc1cc(-c2ccco2)ccc11)c1-

c(c(c(cc1)c2)ccc2-c2ccco2)c1NC(Nc1cc(Cc2cccc3ccccc23)cc(Cc2cccc3ccccc23)c1)=O 

H122 

CCCC(CCC)c(cc1cc2)ccc1c(-

c(c1ccc(C(CCC)CCC)cc1cc1)c1N(C1CCCCC1)C(Nc1cc(Cc3ccccc3)cc(Cc3ccccc3)c1)=O)c2NC(Nc1cc(Cc2ccccc2)cc(Cc2ccccc2)c1)=

O 

H123 
C[C@@H](CC1)CC/C1=C/c(cc1)ccc1NC(Nc(c(-c1ccco1)cc1ccccc11)c1-c(c1ccccc1cc1-

c2ccco2)c1N(Cc1cc2ccccc2cc1)C(Nc1ccc(/C=C2/CC[C@@H](C)CC2)cc1)=O)=O 

H124 
O=C(Nc1ccc(C(c2ccccc2)c2ccccc2)cc1)Nc(c(Cc1cc2ccccc2cc1)cc1ccccc11)c1-

c(c1ccccc1cc1Cc2cc3ccccc3cc2)c1N(CCl)C(Nc1ccc(C(c2ccccc2)c2ccccc2)cc1)=O 

H125 
CC(C)(CC1)CCC1c1cc(NC(Nc(ccc2cc(Cc3cc4ccccc4cc3)ccc22)c2-

c(c2ccc(Cc3cc4ccccc4cc3)cc2cc2)c2N(C(Nc2cc(C3CCC(C)(C)CC3)cc(C3CCC(C)(C)CC3)c2)=O)c2ccco2)=O)cc(C2CCC(C)(C)CC2)c1 
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H126 
CCN(C(Nc1cc(C(F)(F)F)cc(C(F)(F)F)c1)=O)c(ccc1cc(C(c2cc(C(F)(F)F)cc(C(F)(F)F)c2)c2cc(C(F)(F)F)cc(C(F)(F)F)c2)ccc11)c1-

c(c1ccc(C(c2cc(C(F)(F)F)cc(C(F)(F)F)c2)c2cc(C(F)(F)F)cc(C(F)(F)F)c2)cc1cc1)c1NC(Nc1cc(C(F)(F)F)cc(C(F)(F)F)c1)=O 

H127 
CCCN(C(Nc1ccc(C(F)(F)F)cc1)=O)c(c(C1=CCCC(C)(C)C1)cc1ccccc11)c1-

c(c1ccccc1cc1C2=CCCC(C)(C)C2)c1NC(Nc1ccc(C(F)(F)F)cc1)=O 

H128 
O=C(Nc1ccc(C(c2ccccc2)(c2ccccc2)c2ccccc2)cc1)Nc(ccc1cc(-c2cccs2)ccc11)c1-c1c(ccc(-

c2cccs2)c2)c2ccc1N(C(F)(F)F)C(Nc1ccc(C(c2ccccc2)(c2ccccc2)c2ccccc2)cc1)=O 

H129 
Cc1ccc(C(c2ccc(C)cc2)c(cc2)ccc2NC(Nc(c(C2CCCCC2)cc2ccccc22)c2-

c(c2ccccc2cc2C3CCCCC3)c2N(C(c(cc2)ccc2F)c(cc2)ccc2F)C(Nc2ccc(C(c3ccc(C)cc3)c3ccc(C)cc3)cc2)=O)=O)cc1 

H130 
CCN(C(Nc1cc(-c2ccccc2)cc(-c2ccccc2)c1)=O)c(ccc1cc(/C=C(\CC2)/CC[C@H]2C(C)(C)C)ccc11)c1-

c(c1ccc(/C=C(\CC2)/CC[C@H]2C(C)(C)C)cc1cc1)c1NC(Nc1cc(-c2ccccc2)cc(-c2ccccc2)c1)=O 

H131 
CC(C)(C)[C@H](CC1)CC/C1=C/N(C(Nc1ccc(CC2CCCCC2)cc1)=O)c(c(C(c1ccccc1)(c1ccccc1)c1ccccc1)cc1ccccc11)c1-

c(c1ccccc1cc1C(c2ccccc2)(c2ccccc2)c2ccccc2)c1NC(Nc1ccc(CC2CCCCC2)cc1)=O 

H132 
CCCC(CCC)N(C(Nc(cc1)ccc1-c1ccco1)=O)c(c(CC1CCCCC1)cc1ccccc11)c1-c(c1ccccc1cc1CC2CCCCC2)c1NC(Nc(cc1)ccc1-

c1ccco1)=O 

H133 C=CCc(cc1cc2)ccc1c(-c(c1ccc(CC=C)cc1cc1)c1N(C(Nc1cc(C=C)cc(C=C)c1)=O)c1cccc3ccccc13)c2NC(Nc1cc(C=C)cc(C=C)c1)=O 
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H134 
CC(C)CN(C(Nc1cc(CC(F)(F)F)cc(CC(F)(F)F)c1)=O)c(ccc1cc(-c2ccco2)ccc11)c1-c(c(c(cc1)c2)ccc2-

c2ccco2)c1NC(Nc1cc(CC(F)(F)F)cc(CC(F)(F)F)c1)=O 

H135 

O=C(Nc1cc(C(c2ccccc2)c2ccccc2)cc(C(c2ccccc2)c2ccccc2)c1)Nc(ccc1cc(C(c2ccc(C(F)(F)F)cc2)c2ccc(C(F)(F)F)cc2)ccc11)c1-

c1c(ccc(C(c2ccc(C(F)(F)F)cc2)c2ccc(C(F)(F)F)cc2)c2)c2ccc1N(C=C1CCCCC1)C(Nc1cc(C(c2ccccc2)c2ccccc2)cc(C(c2ccccc2)c2ccccc2

)c1)=O 

H136 

O=C(Nc1cc([C@H](C/C=C(\C=C\F)/F)c2cc(F)cc(F)c2)cc([C@@H](C/C=C(\C=C\F)/F)c2cc(F)cc(F)c2)c1)Nc(c(CC1CCCCC1)cc1ccccc

11)c1-

c(c1ccccc1cc1CC2CCCCC2)c1N(C(Nc1cc([C@H](C/C=C(/C=C\F)\F)c2cc(F)cc(F)c2)cc([C@@H](C/C=C(/C=C\F)\F)c2cc(F)cc(F)c2)c

1)=O)c1cccs1 

H137 C=CCc1cc2ccccc2c(-c(c2ccccc2cc2CC=C)c2N(Cc2cc3ccccc3cc2)C(Nc2ccc(C3CCCCC3)cc2)=O)c1NC(Nc1ccc(C2CCCCC2)cc1)=O 

H138 
CC(C)c(cc1)ccc1NC(Nc(c(C=C1CCCCC1)cc1ccccc11)c1-

c(c1ccccc1cc1C=C2CCCCC2)c1N(C(Nc1ccc(C(C)C)cc1)=O)c1c(C=CC2)c2ccc1)=O 
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Appendix 3 Dataset for Chapter 5 
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