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ABSTRACT

The presence of 1,2-contiguous stereocenters represents an especially valuable motif in
drug discovery. However, direct access through the asymmetric hydrogenation (AH) of
tetra-substituted olefins (TSC=C) remains a persistent challenge in homogenous
catalysis. The high steric hindrance of these substrates, combined with the strong
catalyst-substrate specificity of the current systems, makes it challenging to achieve
high enantioselectivities for novel substrates. As a result, optimisation campaigns
generally demand extensive catalyst screening. This thesis explores an alternative
strategy to accelerate the optimisation of these transformations using machine learning
(ML).

Chapter 1 outlines the key advancements in the AH of TSC=C, introduces the
theoretical basis of applying ML to reaction outcome prediction, and reviews recent
studies that employ ML in reaction optimisation.

Chapter 2 describes the construction of a curated literature dataset of AH
reactions of TSC=C and evaluates a range of ML models for predicting enantiomeric
excess (ee). Both regression and classification models were constructed, with tree-based
ensembles delivering the strongest performance, achieving absolute errors below 10%
ee and classification accuracies above 80%.

Chapter 3 applies these models to novel experimental AH reactions of T'SC=C,
evaluating their ability to perform in new areas of chemical space. While predictive
accuracy declined on low-ee reactions, the results highlight both the potential and
current limitations of the ML models in guiding optimisation beyond the boundaries
of existing datasets.

Chapter 4 investigates Bayesian optimisation (BO) as an alternative workflow
for experimental optimisation of this transformation. Using Gaussian process
regression and multi-objective acquisition functions, the iterative BO campaign
efficiently explored reaction space and successfully identified conditions that afforded
enantioselectivities of up to 93% ee, thereby demonstrating BO as a powerful and

generalisable strategy for accelerating discovery in this challenging transformation.
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1 Introduction




1.1 SIGNIFICANCE OF RESEARCH

The growing demands of modern drug discovery, particularly the pursuit of candidates
with enhanced potency and selectivity, have intensified the need for innovative
synthetic methodologies.!: 2 Among the most pressing challenges is the development of
efficient routes to compounds containing 1,2-contiguous stereocenters.® ¢ Asymmetric
hydrogenation (AH) of tetra-substituted olefins (TSC=C) offers a direct and powerful
strategy to access this important motif,>7 yet it remains one of the most challenging
transformations in asymmetric catalysis.?

The significance of this challenge is underscored by the fact that many
pharmaceutically relevant and natural product compounds contain 1,2-contiguous
stereocenters as defining features of their bioactive scaffolds (Figure 1.1).47 %13 The
critical importance of enantioselective synthesis stems from the profound influence of
chirality on biological function.!41® More than one-third of marketed pharmaceuticals
are chiral molecules and enantiomeric pairs often display drastically different
pharmacological profiles,!” reflecting the inherent chirality of proteins and enzymes
that interact with them.!® In many cases, one enantiomer is therapeutically active
while the other is inactive or causes adverse effects. Well-known examples include
thalidomide and ethambutol, where the enantiomers differ dramatically in their
biological outcomes.!® 20 Although racemic synthesis followed by enantiomeric
resolution is possible, such approaches are inefficient, atom-wasteful, and intrinsically
low-yielding.'® By contrast, catalytic methods that deliver a single enantiomer directly
represent a more sustainable and scalable strategy. Thus, the AH of TSC=C is an
especially attractive goal for pharmaceutical synthesis, due to its formation of two-

contiguous stereocenters in a single step.

13



V., [ me e
LN ACO™ ™ ; O‘<
) Y en >

HoN O

BnHN _ .CO,t-BU

COzMe

Iz

The significance of AH reactions was firmly established when the 2001 Nobel Prize in

Figure 1.1: Chemical structures of representative pharmaceutically- and biologically-relevant compounds.
Chemistry was awarded to Noyori and Knowles for their pioneering contributions in
this field.?-?3 Notably, Knowles employed a rhodium complex with the chiral
bisphosphine ligand 1,2-bis[(2-methoxyphenyl)(phenyl)phosphinolethane (DIPAMP)
to achieve the enantioselective synthesis of L-3,4-dihydroxyphenylalanine (L-DOPA),
a key treatment for Parkinson’s disease (Scheme 1.1).2¢ Since this landmark
achievement, thousands of examples of AH applied to di- and tri-substituted olefins
have been reported.?® In contrast, AH of tetra-substituted olefins has proven far more

difficult and consequently remains relatively underexplored.
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(R,R)-DIPAMP

MeO co,H b- 1 mol% MeO CO,H
m [Rh((R,R)-DIPAMP)(COD)]BF, :@/\r
> NH
ACO NHAc AcO 2

H, (3 bar), MeOH
97.5 % ee

2) H,O*t
) Hy L-DOPA

Scheme 1.1: Synthesis of L-DOPA developed by Knowles and co-workers. AH followed by an acid hydrolysis
obtained L-DOPA.

Traditionally, optimisation of this challenging reaction has relied on exhaustive trial-
and-error experimentation with model substrates, a process that is both time-
consuming and resource-intensive. This strategy also depends heavily on expert
chemical intuition and a deep mechanistic understanding of the reaction. In recent
years, however, machine learning (ML) has emerged as a powerful tool to accelerate
reaction development.?6 By identifying patterns in existing datasets that correlate with
successful outcomes, ML models can guide the design of future experiments more
efficiently.?” Crucially, predictive models applied at the early stages of screening in an
optimisation campaign when only limited data is available can significantly accelerate
discovery of chiral catalysts and conditions that lead to successful reactions.?8
Integrating such data-driven approaches into the experimental workflow of AH
reactions of TSC=C has the potential to reduce failed reactions, shorten optimisation
timelines, and conserve valuable resources. This can be achieved through the prediction
of enantiomeric excess (ee) and identifying conditions that deliver both high ee and

yield.
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1.2 ASYMMETRIC HYDROGENATION REACTIONS OF TETRA-
SUBSTITUTED OLEFINS

The lack of reports on AH of TSC=C, in contrast to their di- and tri-substituted
counterparts,?® is primarily due to the increased steric hindrance of this motif.
Typically, the carbon that coordinates to the metal catalyst is the less sterically
encumbered carbon, which is rarely the prochiral olefin in di- and tri-substituted
substrates. Consequently, it is more difficult both to differentiate between the carbons
of tetra-substituted substrates and achieve effective coordination.® As a result, the
development of chiral catalysts for such substrates has posed significant synthetic
challenges. Moreover, these catalysts often lack generality. Currently, no single catalyst
is compatible across all classes of TSC=C. In fact, existing catalyst systems tend to be
highly substrate-specific, where even minor structural modifications can lead to a
substantial loss in selectivity.??

Many successful catalytic systems have been developed, employing a variety of
ligand scaffolds in combination with mainly precious metals such as rhodium, iridium,
and ruthenium. However, a reliance on these metals highlights a persistent problem in
homogenous catalysis due to their scarcity and high cost.30

In the successful reports of AH of T'SC=C, substrates are often classified as
either ‘functionalised’ or ‘unfunctionalised’, depending on the presence or absence of a
coordinating group directly conjugated to the carbon-carbon double bond.3!
Functionalised substrates, which contain such groups, can coordinate directly to the
metal centre, thereby orienting the molecule around the catalyst. These substrates

account for the majority of reported reactions in this area.3? Importantly, the

term unfunctionalised does not refer exclusively to olefins with purely aliphatic
substituents, but more broadly to substrates lacking a specific coordinating group. For
instance, while substrates containing aromatic rings are generally categorised as
unfunctionalised, these substituents can engage in interactions with the metal centre.3!

This section outlines key advancements in the literature on AH reactions of
tetra-substituted functionalised and unfunctionalised olefins and highlights general

trends and mechanistic insights into these transformations.
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1.2.1 Unfunctionalised Tetra-substituted Olefins

The primary challenge associated with unfunctionalised substrates, is due to this lack
of an additional ‘handle’ for the metal catalyst to coordinate. However, in 1999
Buchwald and coworkers exploited the high electrophilicity of cationic zirconocene
catalysts for the AH of unfunctionalised indenes (Scheme 1.2).3% The active catalyst
was formed in-situ  under hydrogen pressure from (S,5)- or (R,R)-
ethylenebis(tetrahydroindenyl)dimethylzirconium ((S,S)—(EBTHI)ZrMey]) and

dimethylanilinium perfluorotetraphenylborate.

Buchwald (1999)

R (R,R)- or (8,8)-(EBTHI)ZrMe,/ R!

R4J§/ R2 [PhMe,NH][B(CF;),|" (5 - 8 mol%) R4J\( R2

3
H, (6- 138 bar), R

aromatic hydrocarbons, rt, 13-21 h

R3 j ’ :
Me " Me Me  :(EBTHI)ZrMe,:
e e e e e e e == 1

Me

"

6 bar H,: 79%, 6 bar H,: 76%, 6 bar H,: 96%,
117 bar H,: 77%, 117 bar H,: 87%,
Me Bu Et
6 bar H,:? 34%, 69 bar H,:* 65%, 6 bar H,: 57%,
69 bar H,:* 89%, 103 bar H,: 94%, 69 bar H,:* 80%,
117 bar H,: 95%,
Ph Me
Me
Me
6 bar H,:? 44%, 138 bar H,: 91%,

138 bar H,: 94%,

Scheme 1.2: The AH of unfunctionalised substrates reported by Buchwald. The reactions were run at rt for 13-21
h, with 8 and 25 mol% catalyst loading in aromatic hydrocarbon solvents under 6 — 138 bar Hy. Conversions are
reported in blue and were determined by gas chromatography and 'H NMR. ee is reported in green.

This study represented the first successful AH of unfunctionalised T'SC=C substrates.
However, the protocol was not widely adopted, likely due to the unpredictable

enantioselectivities observed and the sensitivity of the catalyst system. The mechanism
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was highly complex and substrate-dependent, with enantioselectivity strongly
influenced by hydrogen pressure. Notably, higher pressures were required to achieve
both increased conversion and improved enantioselectivity on certain substrates,
particularly those bearing phenyl substituents.

The next successful report of AH of unfunctionalised TSC=C was in 2007 when
Pfaltz reported the first use of chiral bidentate P,N ligands for this transformation
(Scheme 1.3).3* After screening a library of 17 chiral ligands containing the phophanyl
oxazoline motif, the ligand shown in Scheme 1.3 (first reported by Sprinz and
Helmchen),3® gave the optimum result and was employed with bis(1,5-
cyclooctadiene)iridium (1) tetrakis[3,5-bis(trifluoromethyl)phenyl|borate
([Ir(COD)][BArF,]). This opened a new class of ligands for this reaction. The substrate
scope presented shows this catalyst obtained higher enantioselectivities at a lower
hydrogen pressure than that achieved using the chiral zirconocene catalyst developed
by Buchwald. However, this system also had limitations reporting a narrow substrate
scope with only moderate enantioselectivities achieved for dihydronapthalene (65%
ee).

In the search for another effective chiral ligand for this transformation, Busacca
reported a ligand optimisation study on the use of DBoehringer-Ingelheim
phosphinoimidazoline (BIPI) ligands in [Ir(COD)|[BArF4] complexes.36A series of BIPI
ligands were synthesised, and those bearing naphthyl and N-acyl substituents exhibited
superior performance. Notably, the per: position (C8) of the naphthyl core was
identified as a key stereocontrolling site, and a range of ligands with different
substituents at this position were evaluated (Scheme 1.4). Although difficulties in
ligand synthesis prevented preparation of a larger library, the fluorine substituent
proved optimal, obtaining 96% ee at low hydrogen pressures for the AH of 2,3-
dimethylindene.

18



Pfaltz (2007)

; o) :
: o, ¢ iRy )
L phy DR N—,
: N—, . : RZ !
' 7—- ; i 17 chiral ligands '
i L i i developed
RT T : R1
[Ir(L)COD|BATrF, (2 mol%)
(D= - .
H, (50 bar
2 ( ) n=12
DCM, rt, 4 h
Me Et n-Bu Ph
> 99%, > 99%, > 99%, > 99%,
Ph Et Me
Me
Me Ph
20%, 23%, > 99%, >99%,

Scheme 1.3: The AH of unfunctionalised substrates reported by Pfaltz. The reactions were run at rt for 4 h, with
2 mol% catalyst loading in dichloromethane (DCM) under 50 bar Hy. Conversions are reported in blue and ee is
reported in green.

Busacca (2013)

Me
[Ir(L)COD]BArF, (2 mol%) -
CO- - OO
H, (1 bar)

Me  DCM,0°C,20h  Me n=12 . 8 :

Me 1 Key Cy '

1 stereocontrolling '

Me ! position :

© BIPI206: R — p-Tol |

BIPI 206: 100%, BIPI 206: 100%, '\ BIPI 207: R — Cy '
BIPI 207: 100%, BIPI 207: 100%, . BIPI210: B — H :
BIPIT 210: 100%, BIPIT 210: 100%, © BIPI238 R — F :
BIPI 238: 100%, BIPI 238: 100%, ; ;

Scheme 1.4: The optimum results of the ligand optimisation study reported by Bussaca. The reactions were run at
0 °C for 20 h, with 2 mol% catalyst loading in DCM under 1 bar H. Conversions are reported in blue and ee is
reported in green.
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The Zhang group highlighted the importance of AH of TSC=C substrates in drug
discovery, through their synthesis of delevatine A,3” a compound with anticancer
properties. A series of bisphosphine chiral ligands were screened against a similar motif
as the delavatine A intermediate. In contrast to earlier reports employing the
[Ir(COD)|[BAr",] fragment, [Rh(bisphosphine)]|BF4 complexes were generated in-situ
from bis(norbornadiene)rhodium(I) tetrafluoroborate ([Rh(NBD)2|BF,).3® The screen
identified 6,6'-dimethoxy-2,2'-bis(diphenylphosphino)-1,1-biphenyl (MeOBIPOP) as a
promising ligand, reported previously used by the Tang group for the AH of
functionalised enamides.?® However, a slightly modified anthryl-substituted
MeOBIPOP, featuring deep chiral pockets, proved optimal for the gram-scale synthesis

of a key intermediate of delavatine A (Scheme 1.5).

Zhang (2017)

*9-napthyl o HHo 9-napthyl: Me,,
5 ; PP ; i B CHO
: OMe OMe : N~
: «aMe
; Anthryl-MeO-BIPOP :
------------------------------------------- delavatine A
Me, [Rh(NBD),|BF, (1.0 mol%) Me,
c Anthryl-MeO-BIPOP (1.3 mol %)
' ol l“"
TFHN O ?02 (go ;’5‘2 TFHN
OMe ' OMe
98%,

delavatine A

intermediate
Scheme 1.5: AH of delavatine A intermediate. The reaction was conducted under 60 bar Hy at 60 °C for 96 hrs.
Rh(Anthryl-MeO-BIPOP)|BF, was generated in-situ from 10 mol% [Rh(NBD);|BFs and 12 mol% anthryl-
MeOBIPOP. The resultant yield of the reaction is reported in blue and ee in green.

The catalytic system was further applied to a broader range of unfunctionalised
substrates (Scheme 1.6). A variety of indene-type substrates were hydrogenated with
good enantioselectivities, and the system was found to tolerate both electron-
withdrawing and electron-donating substituents on the phenyl ring. Moreover, the
addition of more polar functional groups, such as sulfonamides and alcohols, did not

significantly disrupt catalytic performance. This study demonstrated a more diverse
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substrate scope than previously reported. However, the reactions required relatively
harsher conditions, including elevated temperature (60 °C), higher hydrogen pressure
(60 bar), increased catalyst loading (10 mol%), and extended reaction times (up to 96
h).

Zhang (2017)

R [Rh(NBD),]BF, (10 mol%) R

Anthryl-MeO-BIPOP (12 mol %) X
O R2 y -IIR2
R3 H, (60 bar) R3

DCM, 60 °C, 96 h

COzMe
Me e B _J
©:>--'Me /©:>..|Me /©:>..lMe N
F MeO Me
MeO
76%, 81%, 99%, 99%,
//OH )NHTf //NHTs
MeO MeO MeO
99%, 99%, 99%,

Scheme 1.6: Representative examples of the substrate scope repored by Zhang. The reaction was conducted under
60 bar Hy at 60 °C for 96 hrs in DCM. Rh(Anthryl-MeO-BIPOP)|BF, was generated in-situ from 10 mol%
[Rh(NBD);|BF4 and 12 mol% anthryl-MeOBIPOP. The resultant yield of the reaction is reported in blue and ee in
green.

The enhanced functional group tolerance reported in this study represented a
significant advance in the AH of TSC=C substrates. A main limitation of the reports
up to this point is that the majority of substrates were cyclic, commonly featuring an
indene-type scaffold. In 2020, however, a study was published which targeted the AH
of acyclic tetra-substituted olefins.® A screen of 34 diverse ligand structures
coordinated to [Ir(COD)|[BArF4 complexes was conducted for the AH of (E)-2,3-
diphenylbut-2-ene. Phosphanyl oxazoline ligands were found to outperform both
bisphosphine and ferrocene-containing ligands, motivating the synthesis and secondary
screening of 15 structural variants of this class of ligands. This effort identified the
ligand shown in Scheme 1.7 as optimal, notably containing the same substructure

previously reported by Pfaltz in 2007.34
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A comprehensive substrate scope was subsequently reported, with representative
examples shown in Scheme 1.7. A broad range of substrates were tolerated, and high
enantioselectivities were achieved, including for challenging alkyl-triaryl olefins. In
contrast, substrates bearing two trifluoromethyl substituents were not compatible with
the system. Furthermore, reduced enantioselectivities were observed for substrates S1.1
and S1.2. In which, the faces of the olefin are only differentiated by the size of the
alkyl substituent for S1.1, and the addition of a methoxy group on the phenyl ring for
S1.2.

Bigler (2020)

[Ir((S)- or (Ft’,)—L)cod]BArF4

) (1 - 5 mol%) ., R2
NG I 4J\/
4 7

H, (50 bar) R3
PhCl or DCM, 30 or 50 °C, 24 h

H
Ph:;[Me

Me” = Ph
®A

OMe OMe

2 mol%, PhCl, 30°C 1 mol%, PhCl, 30°C 5 mol%, DCM, 50°C 5 mol%, PhCl, 30°C

96%, 98%, 90%, 94%,
C
L Ho Ho
' EtiMe Me :_Me '
' Ph” 2 Ph Ph .
. H i
: S1.1 S1.2 OMe;
5 mol%, DCM, 50°C 12 mol%, PhCl, 30°C 2 mol%, PhCl, 30°C !5 mol%, DCM, 50°C
. >99%, 94%, .

14%, >99%,
Scheme 1.7: Representative examples from the scope of acyclic unfunctionalised T'SC=C reported by Bigler. The
reactions were run at 30 °C or 50 °C for 24 h, with 1 -5 mol% catalyst loading in DCM or chlorobenzene (PhCl)
under 50 bar Hy. Conversions are reported in blue, diastereomeric ratio as % in pink and ee is reported in green.
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1.2.2 Functionalised Tetra-substituted Olefins

Functionalised olefins constitute the majority of reported AH of TSC=C substrates.4®
This is likely attributable to the enhanced reactivity conferred by coordinating groups
toward the metal catalyst compared with unfunctionalised substrates. In addition,
demand for the hydrogenated products of this class is higher, as they include
biologically-relevant motifs such as chiral amino acids and carboxylic acids.3

A pivotal breakthrough in this area was reported by Burk in 1995 with the AH
of both cyclic and acyclic tetra-substituted enamides using cationic bisphosphine—
rhodium catalysts.#! This work paved the way for the development of other successful
catalytic systems for tetra-substituted enamides, which are discussed in greater detail
in Chapter 4.

In 2004, Turner reported the AH of a series of (Z)-didehydroamino acid
derivatives, which, upon deprotection, yielded P-branched a-amino acids.#? This
transformation underscored its synthetic significance, as B-branched o-amino acids are
key building blocks for the preparation of modified peptides with enzyme-inhibitory
activity. Optimal conditions employed (S,S)-1,2-bis(2,5-diethylphospholano)benzene
((S,5)-Et-Duphos) in rhodium(I) (1,5-cyclooctadiene)
tetrafluoridoborate (Rh(COD)BF4) complexes. Although the reported substrate scope
was relatively narrow (Scheme 1.8), the system delivered high enantioselectivities at
low hydrogen pressures and was compatible with both electron-donating and electron-

withdrawing substituents on the phenyl ring.
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Turner (2004)

Are Me [Rh((S,5)-Et-Duphos)COD|BALF, . H Me gEt Et;

| (2 mol%) " :

> I L :

AcHN” ~CO,Me H, (7 bar) AcHN”Z"COMe Q :
MeOH, rt, 18 h ! Et Ef :

(S,5)-Et-Duphos :

X

AcHN I:I CO,Me

AcHN 2 CO,Me

89%, 76%, 84%,

MeO

H
2-napthyl j?:Me

AcHN H CO,Me AcHN

T

87%, 73%, 67%,

Scheme 1.8: The AH scope reported by Turner. The reactions were run at rt for 18 h, with 2 mol% catalyst loading
in methanol (MeOH) under 7 bar Hs. Yields are reported in blue and ee is reported in green.

In 2010, Benhaim and co-workers expanded on this work by developing the AH of
trifluoromethyl-substituted substrates to access p-trifluoromethyl o-amino acids
(Scheme 1.9).2° A comprehensive ligand screen covering multiple ligand families
identified the commercially-available (R)-1,2-bis[-2,5-diphenylphospholano]ethane
((R)-Ph-BPE) as particularly effective. This ligand, along with ( R)-Trichickenfootphos
((R)-TCFP), originally developed by Hoge and coworkers,*®> was employed in
[Rh(COD)|BF4 complexes. The substrate scope revealed a high degree of catalyst
specificity, whereby small structural modifications led to significant losses in reactivity
and enantioselectivity. For example, replacing an ethyl substituent with a benzyl group
eliminated reactivity with (R)-Ph-BPE, whereas (R)-TCFP provided full conversion
with excellent enantioselectivity. Conversely, substrates bearing aromatic substituents
required increased catalyst loading and hydrogen pressure to proceed. However, under
these conditions, (R)-TCFP performed more poorly reflected in poorer conversions
and enantioselectivities of 50% ee or lower. In these cases, (R)-Ph-BPE proved to be

the optimal ligand.
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Benhaim (2010)

R C [Rh(( R)-Ph-BPE)CODIBF, / {BUL o~ 1BU;
I [Rh((R)-TCFP)COD]BF, RIC 5 Bu Me :
o \ (R)-TCFP !
MeO,C™ "NHCHO H,, (7 bar) MeO,C” INHCHO - CEE
MeOH, 60 °C, 16 h Ph """"""" Ph
: TN A
1 mol % catalyst loading 5 bar H,: ):> :
Et_ LC oh C c_C 5 Ph Ph i
I /j: I + (R)-Ph-BPE |
MeO,C” YNHCHO MeO,C~ YNHCHO MeO,C~ YNHCHO
(R)-Ph-BPE: 100%, (R)-Ph-BPE: 0% (R)-TCFP: 100%,
(R)-TCFP: 100%, (R)-TCFP: 100%,

5 mol % catalyst loading 17 bar H.,:

MeO,C” YNHCHO \OI |

Ph IC

MeO,C” YNHCHO MeO,C” YNHCHO
(R)-Ph-BPE: 100%, (R)-Ph-BPE: 100%, (R)-Ph-BPE: 100%,
(R)-TCFP: 78%, (R) TCFP: 14%, (R) TCFP: 65%,

Scheme 1.9: The AH scope reported by Benhaim. The reactions were run at 60 °C for 16 h, with 1 -5 mol%
catalyst loading in MeOH under 5 — 17 bar H,. Yields are reported in blue and ee is reported in green.

The synthesis of B,3-diaryl-oa-amines bearing non-identical B-aryl substituents presents
a considerable challenge, particularly in retaining defined E/Z geometries during both
substrate preparation and subsequent AH. Two teams at Merck successfully developed
such substrates in high yield and achieved efficient AH.* Whereas ruthenium- and
iridium-based catalysts exhibited poor reactivity, rhodium catalysis—specifically
using bis(norbornadiene)rhodium(I) tetrafluoridoborate ([Rh(NBD);|BF4) as the
precatalyst and generating the chiral catalyst in-situ—delivered promising results. In
an extensive optimisation campaign screening 150 chiral ligands, C1l-symmetric planar
chiral ferrocene ligands emerged as highly reactive and selective.

Using the optimal ligands J011-1 and J012-1, a range of N-methoxycarbonyl
B,p-diaryl dehydroamino acids were hydrogenated successfully (Scheme 1.10). High

enantioselectivities were observed regardless of whether the phenyl substituents
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contained electron-donating or electron-withdrawing groups. Notably, the catalytic
system was effective for both E- and Z-alkenes. In addition, a broad array of aryl and
heteroaryl substituents was tolerated, as well as the less reactive Boc-protected amines,
for which J012-1 was identified as the optimal ligand.

Few examples in this field have included synthetically useful handles, such as
halides, silanes, or boranes, which could serve as sites for onward chemical
transformations.® In 2018, Andersson and co-workers reported the AH of unactivated
vinyl fluorides, building on the work by Pfaltz using chiral ligands
with [Ir(COD)|[BArFs] complexes. A ligand screen of bicyclic Ir P,N complexes
containing either thiazole or oxazoline rings identified a new ligand, L1.1 (Scheme
1.11).45 The catalytic system was evaluated on a series of (E)-2-fluoroacrylate
substrates, delivering excellent enantioselectivities for several examples.

Unsurprisingly, the greatest challenge with this substrate class was formation of
the defluorinated (de-F) byproduct, arising from the susceptibility of C-F bonds to
metal-mediated activation and cleavage under hydrogenation conditions. The de-F
product was observed in the majority of cases, underscoring the current incompatibility
of incorporating such synthetic handles into AH methodologies. Nevertheless, a diverse
substrate scope was demonstrated in which, both electron-withdrawing and electron-
donating substituents were well tolerated, although increased catalyst loading (from 2
to 4 mol%) was required for substrates bearing dimethylthienyl and CF; groups. In
contrast, substrates with aliphatic substituents showed significantly reduced

conversions and ee, necessitating a switch from L1.1 to the alternative ligand L1.2.
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Merck (2014)

AL A2 [RR(NBD),IBF, (5 mol %)/ H \, | pcriceHe K _itBu,
JO11-1 (5.35 mol %) - ,  Fe : ;
I > : p-CF3CgH4 1 H ;
RHN” >CO,Me H, (28 bar) RHN2CO,Me | :
MeOH, rt, 22 h : :

Ph_ _Ph

AcHNECO;Me

94%,

MeO

76%, 92%, 94%,

[Rh(NBD),|BF, (10 mol %)/ H " i
Ar e A J012-1 (105 mol %) Al a2 MeCetlas ==X e

I '4-MeCeHy T i :
RHN” >CO,Me H, (8 bar) RHN"£CO;Me U 5
#PrOH, 80 °C, 22 h : J012-1 .

MeOzC

88%, 59%, 78%,

OMe
Ve

BocHN H CO,Me
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Scheme 1.10: Representative examples of the AH scope reported by two teams at Merck. The reactions were run
at rt for 22 h, with 5 mol% [Rh(NBD),|BF4 and 5.35 mol% J011-1 in methanol under 28 bar Hy, or 80 °C for 22 h,
with 5 mol% [Rh(NBD)2]BF4 and 5.35 mol% J012-1 in isopropanol (iPrOH) under 8 bar Hp.
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Andersson (2017)

?-EtPh o-Tol
N TN oEPh O\' o-Tol
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R H, (100 bar) R R
toluene, rt, 24 h (de-F)
EtO,C  CO,Et BnO,C  CO.Et EtO,C CO.Et EtO,C CO.Et
\
MeO
8 % de-F 13 % de-F 10 % de-F 7% de-F
96% 99%, 99%, a 99%,

EtO,C  CO,Et
EtO,C  CO,Et EtO,C  CO,Et EtO,C  CO,Et

Me Et
¢ o7
15% de-F 0% de-F 0% de-F 0% de-F )
99% b 20%, c 31%, d 22%,

Scheme 1.11: Representative examples of the AH of tetra-substituted vinyl flourides reported by Andersson. The
reactions were run at rt for 24 h, with 1-4 mol% catalyst loading in toluene under 100 bar Hs. 2 2 mol% catalyst
loading, b 4 mol% catalyst loading, ¢ 2 mol% catalyst loading of L.1.2, ¢4 mol% catalyst loading of L1.2 Conversions
are reported in blue and include both hydrogenated product and deflourinated byproduct (de-F), ee is reported in
green.
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1.2.3 Mechanistic Investigations of Tetra-substituted Olefins

The AH of TSC=C remains one of the most demanding challenges in homogeneous
catalysis. However, notable successes have been achieved and demonstrate overarching
themes from the literature. Chiral catalysts in this field are highly substrate-specific,
where even minor structural modifications to the substrate often result in dramatic
changes in catalytic performance. This lack of generality means that optimisation
campaigns typically begin with the screening of model substrates against a large ligand
library, followed by the systematic evaluation of substrate scope, an exhaustive and
time-consuming approach.

Additionally, some approximate trends can be derived between functionalised
and unfunctionalised substrates. Since Pfaltz’s seminal pioneering report, the AH of
unfunctionalised olefins has been dominated by Ir-P,N complexes, most commonly
with oxazoline scaffolds employed with [Ir(COD)|[BArfs] complexes. In contrast,
functionalised substrates continue to be more extensively studied with bisphosphine
ligands employed in rhodium catalysts often generated in-situ.

The mechanism of AH of TSC=C remains comparatively underexplored in the
literature. In many cases, it is assumed that the mechanism proceeds through pathways
analogous to those established for tri-substituted alkenes, despite the additional steric
and electronic complexity of tetra-substituted substrates. Among transition-metal
catalysts, rhodium was the most extensively investigated. However, mechanistic
proposals for Rh-catalysed AH of TSC=C substrates are still largely assumed from
studies on tri-substituted olefins.

A commonly reported mechanistic example of rhodium AH employs a chiral
bisphosphine-Rh(I) complex, specifically with (S,5)-1,2-bis[(2-
methoxyphenyl)(phenyl)phosphino]ethane ((.S,5)-DIPAMP) for the hydrogenation of
the tri-substituted olefin, dehydroamino acid methyl (Z)-o-acetamidocinnamate

(MAC, Scheme 1.12).
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Scheme 1.12: Mechanistic example of Rh-catalysed AH of MAC. The major pathway is shown in blue and the
minor pathway is shown in grey.
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The favoured mechanism shown in Scheme 1.12 is known to be the unsaturated
mechanism.%6: 47 In this mechanism, the 16-electron square planar complex, A
coordinates to either the st or re face of the olefin resulting in the two square planar
complexes B and By, respectively. Notably, for this case of a functionalised substrate,
the olefin coordinates in a bidentate manner, with both the directing group and the
olefin unit coordinated to the metal centre. Additionally, the alkene coordination is a
dynamic equilibrium, and in this instance a greater proportion of Bz was observed.
Following alkene coordination, oxidative addition of dihydrogen results in the
formation of an 18-electron octahedral complex (Ci; and Cj). This is the rate
determining step (RDS) of the reaction.*® Subsequently, migratory insertion of the
alkene into an Rh-H bond forms D; and D». Finally, reductive C-H elimination results
in the formation of the two enantiomers Complexes B; and B are diastereomers which
ultimately govern enantioslectivity leading to the two enantiomeric products.

In the example above, the major enantiomer from D; is selectively formed over
that from Dj;. As discussed, coordination of the olefin resulting in By is favoured
relative to B (si-face binding). However due to the Curtin-Hammett principle,*® the
rate of oxidative addition (the RDS) for B; is significantly higher than By due to the
steric clashes that result in complexes C; and Cp;, resulting in the selective formation
of the major enantiomer from Dj,

Although the unsaturated pathway discussed above is the most common, a
dihydride pathway has also been reported specifically for electron-rich phosphine
ligands,®® %! in which the oxidative addition of dihydrogen to A occurs before substrate
coordination. The remaining mechanistic pathway is analogous to the unsaturated
pathway reported.

Similarly, variations in mechanism are observed for different metal centres.
While the AH reactions facilitated by rhodium operate through the mentioned Rh(I)
and Rh(III) centres, ruthenium catalysts employ Ru(II) and Ru(IV) oxidation states
in an analogous mechanism.

In contrast to the mechanistic understanding of rhodium-catalysed AH, which

is largely derived from studies on tri-substituted olefins, recent years have seen a
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growing number of reports examining iridium-catalysed AH of TSC=C.% 52 The reports
have focused on systems employing chiral P, N-oxazoline ligands, reflecting their
remarkable success in the hydrogenation of unfunctionalised olefins. Mechanistic
investigations by Andersson, Bigler, and Burgess have shown that the Ir-catalyzsd
process most likely operates through Ir(IIl)/Ir(V) hydride species over the
analogous Ir(I)/Ir(III) seen in Rh-based systems.>3% Notably, the operative pathway
has been reported as a pressure-dependent system, with the Ir(I)/Ir(III) operating at
low hydrogen pressure.®” 58

A representative Ir(III)/Ir(V) mechanism is illustrated in Scheme 1.13.5° The
alkene substrate typically coordinates to the dihydride-dihydrogen complex, generating
[(N, P*)Ir(H),H,) (alkene)]+.3 69 61 Subsequently, the enantiodetermining hydrogen
transfer to the coordinated olefin can proceed by two possible pathways: (i) migratory
insertion of a hydride from the metal centre into the C=C bond, or (ii) o-bond
metathesis between dihydrogen and the olefin. These processes generate an Ir(V)-
alkyl-hydride intermediate (or related species), which is stabilized by the steric and
electronic environment of the ligand. Subsequent reductive elimination releases the
hydrogenated product, with H, activation regenerating the active catalyst. In 2014,
Pfaltz and co-workers succeeded in characterising Ir—-dihydride complexes including
[(N, P¥)Ir!(H),H,)(alkene)]+,5 lending experimental support to this mechanism. Their
work also concluded that hydrogen was required to convert the alkene bound to the
catalyst to the hydrogenated product. Additional computational studies from other
groups suggest that the migratory insertion pathway is generally preferred to the o-

bond metathesis.55 56, 62
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1.3 MACHINE LEARNING THEORY
In principle, ML can be applied to predict the experimental ee of AH reactions of
TSC=C, thereby reducing the resources and time typically required for trial-and-error
experimentation in optimisation campaigns.

In this section, the general workflow and theory of applying ML to chemical

problems of this nature is outlined.

1.3.1 Machine Learning Overview
ML is a rapidly developing subfield of artificial intelligence (AI) that focuses on
developing computational models capable of identifying patterns within data. Over the
past decade, ML has found applications across all domains of science, %367 and its use
within chemistry has been increasingly widespread.58-83 These applications include
reaction outcome prediction,26: 68 84 8 prediction of DFT outputs,?6-89 materials
property prediction,”® and in spectroscopy and analytical chemistry.90-92

ML methods are broadly categorised into supervised and unsupervised learning
(Figure 1.2).%3 In supervised learning, algorithms are trained using labelled data where
both inputs and corresponding outputs are known. The model learns an objective
function by optimising its internal parameters so that it can predict the target outputs
for previously ‘unseen’ data. In contrast, unsupervised learning is trained only on input
data without labelled outputs. Instead, it identifies hidden structures or relationships
within datasets, such as in clustering or dimensionality reduction tasks. For example,
in chemistry, unsupervised methods can be used to cluster chemical structures based
on similar structural motifs.®* However, the majority of ML applications in chemical

research fall under the domain of supervised learning.®3
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Figure 1.2: Overview of ML approaches. A) Supervised learning: models are trained on paired inputs and output

labels to learn a mapping that can then be used to make predictions on unseen data. B) Unsupervised learning:
models are trained only on input features, with no labelled outputs, to uncover patterns or trends in the data.

Supervised  learning  problems are typically  further divided into
classification and regression tasks (Figure 1.3). In classification models outputs belong
to discrete categories (e.g., atom type or reaction class), whereas in regression models,
outputs are continuous values (e.g. reaction yield or ee).®> The input data,
termed ‘features’, are critical for model performance. In chemical ML, careful
featurisation or encoding of molecular structures is particularly important as it
strongly influences the accuracy and generalisability of the model.%® Generalisability,
in the context of ML, refers to the ability of the model to make reliable predictions on

‘unseen’ data not included during training.

(A) Regression (B) Classification
(continuous outputs) (discrete outputs)
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Figure 1.3: Example of supervised learning tasks. A) Regression: a continuous-valued output predicted from input
data (blue), the magenta line shows a fitted linear model. B) Classification: data points are assigned to a category
(Class A in green and Class B in purple) based on their input features. The dashed blue line indicates the linear
decision boundary between two classes.
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In addition to feature representation, both the size and diversity of the training dataset
significantly impact predictive performance. These considerations will be discussed in
more detail in Sections 1.3.2 and 1.3.3, with specific emphasis on how they apply to
predicting experimental results.

The workflow for building a predictive supervised ML model begins with the
collection of an appropriate dataset. Next, machine-interpretable features are
generated, an ML algorithm is selected, and the dataset is divided into training and
test sets. The model is then trained on the input features to learn the target objectives,
and its performance is evaluated by assessing how accurately it predicts target outputs

for previously unseen data.

1.3.2 Dataset Generation

The generation of a suitable dataset is typically the first step in applying ML methods
to chemical problems. The size and quality of the dataset have a profound impact on
model performance.®” However, the amount of data required depends on both the
complexity of the problem domain and the class of model selected.

A logical starting point for dataset generation is the use of data already available
in the published literature. Although the process of collecting such data can be time-
consuming, it remains a practical and cost-effective strategy. However, chemical
reactions are inherently high-dimensional, involving numerous parameters such as
solvent, additives, temperature, catalyst identity, catalyst loading, and reaction time.
Consequently, the chemical reaction space is orders of magnitude larger than the
conceptual chemical space defined only by the molecular structures of the reactants
and products.?® Available reaction data therefore cover only a narrow subset of
conditions and are often reported inconsistently, leading to incomplete datasets.?

Owing to these limitations and the effort required to manually curate datasets
from the literature, there has been a strong push in recent years toward the creation
of publicly accessible reaction databases.?® These resources have become increasingly
prevalent, driven both by the growing availability of published reaction data and the

high demand for accurate reaction outcome prediction. Developing predictive models
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from such datasets is therefore highly desirable for both academic and industrial
applications.”

In addition to the considerable time required to curate datasets from the
literature, another major challenge lies in the biases inherent in published experimental
data. These biases have been broadly categorised into three types (Figure 1.4).%
First, experimental noise, which arises from unavoidable errors and variability in
experimental execution. Second, selection bias, driven by the tendency of researchers
to explore reaction conditions that have previously proven successful, thereby
neglecting unexplored conditions that might also yield favourable outcomes.
Third, reporting bias, since literature sources are typically skewed toward positive
results, with ‘failed’ or low-yielding experiments rarely disclosed.!® This reporting bias
can result in datasets that are imbalanced and therefore not fully representative of the

problem domain.

Experimental Noise Selection Bias Reporting Bias

R

High-yield results

e 5 5 :
1 : 1 : 1 :
I o o J
! Lo ‘. b (commonly reported)
1 1 1 1 1 ° 1
1 ) I ] 3 1 1 1
1 : 1 i : 1 :
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! P i | Low-yield/failed results
! i ! LY E ! (rarely disclosed) i
L . LI I N TN B N S S !
variability & focus on known-
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Figure 1.4: Sources of bias in reaction data used for machine learning. A) Experimental noise, arising from errors
during data collection. B) Selection bias, reflecting the tendency of researchers to preferentially explore reaction
conditions that are already known or expected to work well, leaving much of the reaction space unexplored. C)
Reporting bias, caused by the underreporting of low-yielding or ‘failed’ experiments, leading to datasets skewed to
positive outcomes.

A dataset is considered imbalanced when the target outputs are not equally
represented. For example, an experimental dataset may predominantly contain
reactions with high yields or high ee (majority class), while unsuccessful or low-

performing reactions (minority class) are rarely reported in publications and may only

be accessible through archived laboratory notebooks.19% 101 Such imbalance can hinder
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model generalisability. One straightforward strategy to mitigate this issue is to
resample the dataset, either by over-sampling the minority class or under-sampling the
majority class (naive sampling). However, such methods can be inefficient, specifically
for the production of ML methods for experimental predictions.192

A more sophisticated strategy for addressing imbalanced datasets is the
generation of synthetic data. The synthetic minority over-sampling technique
(SMOTE) creates new data points for the minority class by interpolation.®3
Specifically, a data point from the minority class is randomly selected, and a line is
drawn between it and one of its nearest neighbours in feature space. A synthetic sample
is then generated at a random point along this line. Adaptive synthetic sampling
(ADASYN) is a modification of SMOTE in which the number of synthetic samples
generated is guided by the local density distribution: more synthetic points are created
in sparse regions of feature space that are more difficult for the model to learn.1%¢ A

representation of these methods is shown in Figure 1.5.
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Figure 1.5: Illustration of synthetic oversampling strategies for imbalanced datasets. A) The synthetic minority
oversampling technique (SMOTE) B) Adaptive synthetic sampling (ADASYN).

Although synthetic data generation can improve model training, its effectiveness is
inherently limited, and a larger volume of real experimental data remains preferable.
In this context, high-throughput experimentation (HTE) is a particularly powerful
approach. By enabling many parallel experiments to be conducted simultaneously,

HTE rapidly produces large datasets that better capture the underlying distribution
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of outcomes. Many of these datasets have been used for the generation of successful
predictive ML models.%8 105 Moreover, the combination of HTE and ML offers
additional value through their self-reinforcing nature: ML methods can guide the
design of HTE campaigns, and the resulting data can be iteratively fed back into the
ML model, establishing a closed feedback loop that accelerates discovery.!06

Despite significant recent progress in automated HTE, its availability remains
limited, particularly within academia due to instrumentation costs and infrastructure
demands.197 Furthermore, current platforms are often not compatible with harsh
conditions such as high temperatures and pressures, and the datasets they generate
can still suffer from considerable experimental noise.

Given the incomplete and noisy nature of experimental datasets, it is perhaps
unsurprising that the majority of ML applications in chemistry to date have focused
on computational datasets, where data can be systematically constructed and
maintained with high consistency.l®® Such datasets are often used to predict
physicochemical properties from input features derived from quantum mechanical
(QM) calculations, typically density functional theory (DFT).286 ML models trained on
such datasets have been remarkably successful, as evidenced by hundreds of
publications reporting accurate predictions.1% However, the integration of ML into the
experimental workflows of synthetic chemists remains rare.198: 110 Developing predictive
models that can directly leverage experimental data to deliver practically relevant

insights is therefore a critical next step.

1.3.3 Feature Generation

While data collection provides the foundation for machine learning, the subsequent
representation of this data as features is equally important, as it directly influences
model performance. Well-designed features capture the essential aspects of the problem
domain and enable the model to establish a reliable mapping between inputs and
outputs.!! In many cases, features can be transformed into a lower-dimensional
representation to reduce complexity while preserving the most relevant information,

although such transformations may also lead to information loss. In chemistry, features

39



typically consist of machine-interpretable encodings of molecular structures and/or

their physicochemical properties (Figure 1.6).112
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Figure 1.6: Illustrations of example features used for chemical structures in supervised ML tasks.

There are various methods used in chemistry to encode molecular structures. However,
retaining the structural information or key properties that would lead to accurate
predictions of the target output is a key challenge.!'3 114 Often in computational
chemistry structures are represented by their three-dimensional coordinates or
Cartesian coordinates. However, raw Cartesian coordinates are generally unsuitable as
features for ML, since effective molecular representations must be invariant to rigid
transformations, such as translation and rotation.!'® Alternative representations
include molecular fingerprints,!'6 117 International Chemical Identifier (InChI) keys,!1®
molecular graphs,!!® and simplified molecular input line entry strings (SMILES).120 12

In SMILES, molecules are encoded as character strings representing atoms and

bonds, and this representation has been successfully applied in tasks such as virtual

screening and lead discovery. A limitation of SMILES is that they are non-canonical,
meaning that multiple valid SMILES strings can represent the same molecular
structure. This redundancy can lead to complications in structure searching and may
introduce data leakage in ML tasks.!?2 To address this, algorithms have been developed
to canonicalize SMILES and ensure that a unique string corresponds to each

structure.1?3-125 Unfortunately, because SMILES were originally designed to represent
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organic molecules with covalent bonding, they lack a formalism for describing
coordination or dative bonds, such as those found in metal-ligand complexes.!?6 By
contrast, this limitation does not apply to molecular fingerprints which, due to their
ease of generation and richer chemical information content, are often the preferred
choice for ML applications.11?

Molecular topological fingerprints represent chemical structures as bit vectors.
Among these, the extended-connectivity fingerprints (ECFPs) are particularly
popular.!l” ECFPs are circular topological fingerprints generated through a variant of
the Morgan algorithm.!2” The procedure begins by assigning every non-hydrogen atom
an integer identifier, which is iteratively updated based on the identifiers of
neighbouring atoms. With each iteration, progressively larger atom neighbourhoods
are captured. These identifiers are then hashed into integers, duplicates are removed,
and the resulting set is represented as bits in a virtual bit string. For use in ML, where
features must have fixed length, the virtual string is folded into a fixed-size bit vector.

Beyond structural encodings, steric and electronic or physical-organic
descriptors also provide interpretable features for supervised ML models. Simple
descriptors include counts of functional groups or chemical motifs (e.g., hydrogen-bond
donors, hydrogen-bond acceptors, aromatic rings, sp® carbons). More complex
descriptors are derived from QC or from molecular mechanics (MM) optimised
structures. Examples include frontier orbital energies (highest occupies molecular
orbital, HOMO, lowest unoccupied molecular orbital, LUMO), partition coefficient
(logP),'?8 atomic charges, electronegativity,!?® Sterimol parameters,!3® percentage
buried volume (%Vbur), electrotopological states (E-states), and solvent-accessible
surface area (SASA).

Since physical-organic descriptors are often expressed in different units and
scales, preprocessing is essential. ML models generally achieve higher performance
when input features are scaled to a comparable range.!3! Two standard approaches are
normalisation and standardisation: in normalisation, each feature value is scaled to lie
within the range 0-1, whereas in standardisation, values are centred by subtracting

the mean and scaled by the standard deviation (SD). Both approaches facilitate
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pattern recognition by the learning algorithm and reduce bias toward features with
larger absolute magnitudes.

QM derived descriptors can capture more complex chemical information than
basic structural encoding or simple descriptors but often require prior mechanistic
knowledge of the reaction class being modelled in order to extract useful features.
Moreover, descriptors derived from QM calculations, such as those based on DFT, can
be computationally expensive and time-consuming to generate.'3? Consequently, when
appropriate, the use of less complex representations such as molecular fingerprints may

provide a more practical alternative to QM-derived features.!33

1.3.4 Dataset Splitting and Model Training

Following the collection of data and the generation of input features, the dataset must
be split into a training set and a test set. Conventionally in supervised ML, this is
achieved through a train—test split, in which the data is separated into two subsets.
This is most commonly done randomly, but other methods, such as scaffold splitting,
can be implemented, in which molecules sharing the same scaffold are placed entirely
in either the training set or the test set to more rigorously assess model generalisability.
The training dataset is used to fit and train the model, while the test dataset is
withheld from training and instead used to evaluate performance. During testing, the
model receives only the input features and generates predictions, which are then
compared with the true outputs. This procedure mimics real application, where the
true output values are unknown.

As good practice, multiple iterations of train-test splits should be performed to
ensure consistent performance. This is commonly achieved through k-fold cross-
validation (CV), allowing several unique train-test splits, and several rounds of
validation to be performed (Figure 1.7). The results from each round of validation can

then be averaged to give an overall estimate of model performance.?
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b-fold Cross Validation

. Training portion
[] Validation fold

K-fold cross-validation (k = 5). Each fold uses a different validation slice;
average across folds.

Figure 1.7: Illustration of 5-fold CV. The dataset splits into 5 equal folds. In each iteration, one fold (light blue) is
used as the validation set while the remaining folds (dark blue) are used for training. This is repeated until every
fold is used once as the validation set, the final performance is averaged across all folds.

Training the model involves adjusting the hyperparameters of the ML algorithm to
minimise the error between predicted and true outputs, a process known
as hyperparameter tuning. Hyperparameters are the parameters of an ML algorithm
that are chosen before training and control how the model learns. The purpose of
hyperparameter tuning is to tailor the algorithm to the specific problem. Different ML
models have different sets of hyperparameters, and identifying the optimal combination
is essential for achieving the best predictive performance.

The most common approaches to hyperparameter optimisation are grid
search and random search. In both cases, a search space is defined where each
dimension corresponds to a hyperparameter, and each point represents a possible
configuration. In grid search, all points in the defined grid are systematically evaluated.
In random search, points are sampled randomly from within predefined parameter
bounds. The best-performing configuration is then selected, and the model is then fit
on the entire training set through k-fold CV and evaluated on the test set.

k-fold CV helps diagnose overfitting as well as highlighting any selection bias.
Overfitting, which is described in greater detail in Section 1.3.6, occurs when a model
fits too specifically to the training data and fails to generalize to unseen data.l3¢ A
telltale sign is strong internal CV performance on the training set but substantially

poorer performance on the external test set. A large gap between train and test results
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can also indicate selection bias or a distribution shift. Specifically, the CV folds could

highlight an ‘easy’ subset of the training data by displaying overly optimistic results.

1.3.5 Model Evaluation

Once an algorithm has been fitted and optimised via hyperparameter tuning, the
model’s performance can then be evaluated. In regression models, one of the most
widely used evaluation metrics is the mean absolute error (MAE), defined as the mean
of the absolute differences between the predicted and true values (Equation 1.1).
Another common metric is the root mean squared error (RMSE) (Equation 1.2). While
RMSE penalises larger errors more heavilyy, MAE is often considered the most
interpretable metric and can be used to compare model performance across both

different models and datasets.13®

n
1
MAE = <H)Z|Y1 — 9l (1.1)
=1

1¢ . (1.2)
RMSE = |~ (i — )
i=1

Where y;and y; are the experimental and predicted wvalues for thei-th

observation, respectively, and n is the total number of observations.

For classification models, the most reported metric is accuracy, defined as the
ratio (or percentage) of correct predictions to the total number of predictions
(Equation 1.3). Classification performance is frequently summarised in a confusion
matrix, where the predicted classes are represented along one axis and the true classes
along the other, providing a detailed breakdown of model accuracy across all classes

(Figure 1.8).136

(Number of correct predictions)
Accuracy = X 100 (1.3)
(Total number of predictions)

44



Predicted class Predicted class

Positive Negative Class 1 Class 2 Class 3

______________

\
1
1
Cl 1
Positive False ! -
negative |
w I [}
17} i 0
8 .3
[3) 4 3] Class 2
[} ! o)
: : :
]
& Negative | pg:;isi?re &
] Class 3
|
1

Figure 1.8: Confusion matrices for multiclass classification. (Left) 2x2 matrix with cells labelled for true positive,
false negative, false positive and true negative. (Right) 3x3 matrix illustrating a multiclass setting. In both panels,
rows are the true class and columns are the predicted class; diagonal cells (green) indicate correct predictions and
off diagonal cells (light blue) indicate errors.

Beyond overall performance metrics, determining which features contribute most
strongly to an ML model can yield valuable insight into the underlying factors that
drive predictions. Permutation feature importance is a widely used method for
assessing feature importance in a model-agnostic manner.13". 138 In this approach, the
trained model is first used to predict the outputs of the test set. Then, for each feature
in turn, its values are randomly permuted (scrambled) while keeping all other features
unchanged, and the model’s performance is re-evaluated. The decrease in predictive
performance indicates the relative importance of that feature. Repeating this process

multiple times allows for the calculation of a mean importance score for each feature

(Equation 1.4).

Importance score = Accuracy (original) — Accuracy (permuted) (1.4)

Another useful procedure when analysing an ML model is the calculation of learning
curves. In which, the model is refitted using increasingly larger subsamples of the
training data and evaluating the performance on the test set. The resulting error can
then be plotted against the size of the training set. This procedure provides information
of the size of the dataset in terms of predictive performance, specifically if the same
metrics could be obtained with a smaller number of data points. Conversely, if the
curve has not plateaued and the metrics are still improving at the highest training set

size, this can suggest a higher number of data points would improve performance.
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1.3.6 Machine Learning Algorithms

While having the best dataset is arguably the most important part of an ML
workflow,3 the choice of model determines which patterns can be picked up from the
data.

Supervised ML models must identify the essential structures and patterns
within the training data while ignoring noise, minor fluctuations, and artefacts of data
collection that lack chemical relevance for learning the objective function. When a
model instead learns these irrelevant patterns or noise, overfitting occurs. Overfitting
is particularly prevalent when the number of features per data point significantly
exceeds the number of data points, as the model is more likely to memorise the dataset
rather than learn the underlying patterns.!34

The risk of overfitting also depends on the choice of model algorithm.
Fundamentally, selecting the best ML algorithm for a given dataset is found by finding
the best trade-off between bias and variance. In each ML algorithm different
assumptions (biases) are made about the form of the target function. High-bias
algorithms considerably simplify the relationship between inputs and outputs and are
typically parametric. Because of their simplicity, they train quickly and require less
data, but their limited flexibility can lead to underfitting. Low-bias algorithms, in
contrast, are generally non-parametric, making fewer assumptions about the functional
form and offering far greater flexibility. However, they involve more hyperparameters
to optimise, require larger datasets, and demand longer training times.

Low-bias (flexible) algorithms are associated with high variance. Variance
reflects how much a model’s estimate of the target function would change if trained on
different subsets of data. High-variance models may become overly sensitive to random
fluctuations or noise, leading to overfitting and poor generalisability.'** Conversely,
high-bias models may underfit, as they lack the flexibility to capture the full
complexity of relationships in the input features. This trade-off between bias and

variance is illustrated in Figure 1.9.
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Figure 1.9: Illustration of the bias—variance trade-off in supervised machine learning. The left panel
shows underfitting (high bias). The middle panel shows a good fit (balanced bias—variance). The right panel
shows overfitting (high variance).

An overview of the models selected for use in this research is described in the following
Sections 1.3.7, 1.3.8 and 1.3.9. While this work focusses on these specific approaches,
it is important to note that neural networks (NNs) have also achieved considerable
success in chemistry,'*® including reaction outcome prediction.!41-143 Similarly,
Bayesian optimisation (BO) has found recent applications within reaction optimisation

workflows;!44 this thesis examines such an approach in Chapter 4.

1.3.7 Linear Regression Algorithms
Linear regression is one of the most widely used parametric algorithms, where a linear
relationship is assumed between the input features and the output targets. The target

function is shown in Equation 1.5:145

f(x) = Bo + P1Xs + Baxz + ... + BpXp (1.5)
Where:
f(x) is the predicted output, xi, X2, ..., Xpare the input features, Pois the
intercept and P, P, ..., Bp are the model coefficients (weights).

If only a single input feature is supplied, the model reduces to fitting a straight
line. With multiple features, the model is termed multiple linear regression (MLR) and

the relationship extends to a hyperplane in higher-dimensional feature space. The
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parameters B are then estimated by minimising the least-squares error between the

true outputs and the model predictions (Equation 1.6).

minf I (y; — f(x;))? (1.6)
Where:

yi is the observed (true) output value for sample 7, f(x;) is the predicted output
for sample 2 based on the linear model, B is the set of model coefficients being
estimated and Z; is the summation that runs over all training examples.

Large coefficients can make the model unstable and prone to overfitting. To
address this, regularisation terms are introduced that penalise large parameter values.
Different variants of linear regression models employ different forms of regularisation.
The least absolute shrinkage and selection operator (LASSO) regression (L1
regularisation) penalises the sum of the absolute values of the coefficients.!46 This can
shrink less important coefficients exactly to zero, effectively performing feature
selection. Ridge regression (L2 regularisation) adds a penalty proportional to the sum
of squared coefficients, shrinking all coefficients towards zero but never eliminating
them entirely.’#” An illustration of both LASSO and ridge regression is shown in Figure
1.10.

In both cases, the strength of the penalty is controlled by the hyperparameter A.
When A=0, the model reduces to ordinary least squares regression, while larger values

of A increase the influence of the penalty.
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Figure 1.10: Ilustration of A) LASSO and B) Ridge regression. The diamond region in orange and the circle in
purple show the constrained region for LASSO and Ridge regression respectively. The constrained optimum is a
black star and the equation for the penalty term used in each regression model is shown in the middle of each
graph.

1.3.8 Decision Tree Algorithms

In contrast to linear regression algorithms, which are typically only applied to
regression tasks, decision tree algorithms can be applied to both classification and
regression problems. A decision tree consists of a hierarchy of compiled nodes that split
the data depending on the values of input features. Each internal node branches into
another two nodes that split the data further; this is carried out until the end of the
tree is reached, where the last nodes are termed the leaf nodes.

In classification tasks, trees are trained so that each leaf node corresponds to a
particular class. In regression tasks, nodes are created to minimise the RMSE between
the model’s predictions and the true output values.

Several widely used ML algorithms are based on ensembles of decision trees,
including random forests, extremely randomised trees (extra-trees) and gradient

boosting.

The random forest algorithm is the most common and has been used
successfully for both regression and classification predications of problems.#8-151 In this

algorithm multiple independent, unpruned decision trees are trained wusing

the bootstrap aggregation (bagging) technique.'®® In bagging, each tree is trained on a
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different bootstrap sample of the training data, generated by sampling with
replacement.152 At each node, an optimised specific subset of input features is selected
for splitting. This design encourages diversity among trees so that they make different
predictions with different errors. The overall prediction of the ensemble is obtained by
averaging (regression) or majority voting (classification) across all trees. Pruning, by
contrast, is a separate complexity reduction technique in which branches of a tree are
removed if they are not critical for prediction.

The extra-trees algorithm is closely related to random forests.!®3 However,
unlike random forests, each tree is trained on the full dataset rather than a bootstrap
sample. Diversity is introduced by splitting features randomly at each node, rather
than optimising splits. This approach is computationally less expensive than random
forests while still maintaining diversity in the ensemble. An illustration of random

forest and extra-trees is shown in Figure 1.11.

(A) Random Forests (B) Extra-Trees
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Figure 1.11: llustration of Random Forests and Extra-Trees algorithm. A) Random Forests: multiple decision trees
are trained on different bootstrap samples of the training data, with random subsets of features at each split. B)
Extra-Trees: all decision trees are trained on the entire dataset, but split thresholds are chosen randomly. In both
cases the output is obtained from the average predictions of all individual trees.

Gradient boosting differs from random forests and extra-trees in that trees are built
sequentially rather than independently (Figure 1.12).154 155 Boosting refers to methods
that transform weak learners (such as decision trees) into a strong predictive model

through iterative training. In gradient boosting, each new tree is trained to reduce the
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residual error from the ensemble of previously built trees.!%6 Although this process is

typically slower to train, it often results in superior predictive performance.

Gradient Boosting
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Figure 1.12: Schematic illustration of Gradient Boosting. At each stage of training each new tree (coloured) is fit
to the residual errors of the current ensemble (grey), gradually reducing the overall training error (blue curve).

1.3.9 Support Vector Machines
Support Vector Machines (SVMs) are a class of supervised learning algorithms that
can be applied to both classification and regression tasks, support vector classification
(SVC) and support vector regression (SVR).157 The central concept underlying SVMs
is the kernel trick, which enables data to be implicitly mapped into a higher-
dimensional feature space.1®® This approach is also central to other kernelized methods
such as Gaussian Process Regression (GPR). The approach allows linear models in the
new higher-dimensional space to represent highly complex, nonlinear relationships in
the original input space. Crucially, the kernel trick avoids the explicit computation of
coordinates in the higher-dimensional space, making such models computationally
efficient. Common kernel functions include the linear, polynomial, sigmoid, Laplacian,
and Radial Basis Function (RBF) kernels, all of which may be applied to either
classification or regression variants of SVMs.

In classification tasks, SVMs construct a decision boundary (a hyperplane in the
transformed feature space) that separates data points belonging to different classes.

The algorithm seeks the hyperplane that maximizes the margin, defined as the distance
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between the boundary and the closest data points of each class. These closest points
are the support vectors, which determine the orientation and position of the
hyperplane. The kernel function enables SVC to capture nonlinear class boundaries by
implicitly operating in higher dimensions. Predictions are then made based on which
side of the decision boundary a new point lies.

In regression tasks, the same principles are adopted but the objective differs.
Instead of separating classes, SVR aims to find a function that approximates the
continuous output values within a specified tolerance. This tolerance is defined by
the e-insensitive loss function, which introduces a tube (the e-tube) around the
regression function. Errors that fall within this tube are ignored, while deviations
outside are penalized. Only the data points lying outside or on the boundary of the e-
tube influence the model parameters, these are the support vectors in the regression
setting. By combining the e-insensitive loss with kernel functions, SVR can model both
linear and highly nonlinear regression problems. An illustrative example of SVC and

SVR is presented in Figure 1.13.
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Figure 1.13: Schematic representation of Support Vector Machines for classification (left) and regression (right),
illustrating the separating hyperplane or regression function together with their respective margins or e-tube,
class data points, and support vectors.
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1.4 MACHINE LEARNING FOR REACTION OUTCOME PREDICTION

ML has been applied in many areas of chemistry, including reaction optimisation
through the prediction of reaction outcomes,?6: 159 such as reaction yields,68: 70, 160-162
and, most notably for the purpose of this work, the prediction of enantioselectivities
in asymmetric transformations.19%. 163-168 Predicting experimental outcomes, however,
remains inherently challenging because chemical reactions typically involve multiple
molecular components and parameters. Consequently, the input features used in ML
models must capture this complexity.1%® Broadly, ML approaches to reaction outcome
prediction can be distinguished by whether or not they rely on mechanistic knowledge
to generate their input features.

Mechanism-based approaches typically involve QM/MM calculations of key
transition states (T'Ss) in the catalytic cycle.!”™ From these, specific physical-organic
features (as discussed in Section 1.3.3) can be extracted. These models are
computationally intensive and tend to be specific to the catalytic system being studied.
Only a limited number of studies have applied this strategy to AH reactions, and those
reported to date focus specifically on Rh-based systems.166, 171, 172

An alternative, mechanism-free strategy is the use of quantitative structure—
property relationships (QSPR),17 17 which aim to find correlations between chemical
structure and performance. ECFPs are a common example of such descriptors.

A hybrid approach, integrating computationally derived descriptors with QSPR
models, has also been used. In some cases, specific features can be extracted from
ground-state structures of reactants, products, and catalysts, avoiding the high
computational cost of obtaining T'S energies. This is particularly advantageous for AH
of TSC=C, where generating a sufficiently large and diverse dataset of T'S energies for
such a complex reaction pathway is both computationally prohibitive and impractical.

Beyond the type of descriptors used another distinction of ML approaches for
reaction outcome prediction is the source of training data. Datasets can be obtained
from HTE, computational studies, conventional batch experiments, or manual curation

of literature reports (as discussed in Section 1.3.2).101
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Recent efforts have successfully applied ML to predict reaction outcomes of yield and
enantioselectivity. For example, the Doyle group developed ML models to predict
experimental yields in the Pd-catalysed Buchwald-Hartwig amination of aryl halides
with 4-methylaniline.®® In this work, an experimental dataset comsisting of 4,014
reactions was created through HTE, and physical-organic features were generated from
DFT-derived ground state structures of the reaction components. Using a random
forest regressor (RFR), the model achieved a coefficient of determination (R?) value of
0.92.

In contrast, the Denmark group reported ML models for predicting
enantioselectivity in chiral phosphoric acid—catalysed asymmetric N,S-acetal
formation.!% In this case, features were derived from DFT-calculated TS energies
corresponding to the competing enantiomeric pathways, generating a combinatorial
dataset of 1,075 reactions. SVR models were trained to predict the difference in
activation free energy between the two competing TSs (AAG?) values rather than
experimental ee, with only 15 catalysts tested experimentally for calibration and
validation. The trained models achieved an MAE of 0.152 kcal mol™' and were
subsequently applied to an in-silico library of 1,000 candidate catalysts. From this
screen, three catalysts predicted to give the highest ee values were synthesized, all
three outperformed the original experimental set.

Building on this, the Glorius group introduced a multiple fingerprint feature
(MFF) model, in which a deep neural network (DNN) was trained directly on
structural fingerprints of the Denmark dataset (1,075 reactions).!™ Using these
mechanism-agnostic descriptors, they reported a slightly higher predictive result,
achieving an MAE of 0.144 kcal mol™?, thereby matching or surpassing the T'S-based
model while avoiding costly DFT calculations.

The competitive results seen from the Glorius group demonstrate that reactivity
can, in some cases, be predicted directly from chemical structures using fingerprints
alone, thereby avoiding the need for computationally-expensive DFT TS calculations.

A similar point was underscored by Doyle’s work on yield prediction, where strong
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predictive performance was achieved using features derived solely from optimised

ground-state structures.

1.4.1 Machine Learning for ee Prediction in AH Reactions of Olefins
To date, only two studies have reported the application of ML approaches to predict
the experimental ee of AH reactions of olefins.

In 2019 Singh et al,. reported a proof-of-concept study applying ML to predict
ee values for AH reactions of alkenes and imines.*® Their protocol focussed exclusively
on five families of asymmetric binaphthyl-derived catalysts. A dataset comprising 368
known AH reactions were compiled and subdivided into five groups according to the
catalyst family employed. Physical-organic descriptors were generated for the ML
models from DFT-optimised ground states of the chemical structures in the dataset
(including HOMO and LUMO energies, bond lengths, tPSA, and related features).

ML models were trained independently on each subset using RFR, convolutional
neural networks (CNN),!"® gradient boosting regression (GBR), and linear regression.
Among these, RFR exhibited the best performance, with RMSEs of 6.3, 6.5, 9.2, 8.2,
and 7.1% ee for the respective subsets. The subsets were subsequently merged into a
larger combined dataset containing all reactions, yielding an overall RMSE of 8.4 +
1.8% ee. SMOTE was employed to address the class imbalance that existed in the
dataset,!03 however this adjustment did not significantly improve model performance.

Notably, the RMSE obtained from the combined dataset overlapped with those
derived from the individual subsets, indicating the structural diversity that the RFR
algorithm could accommodate. Nevertheless, it should be emphasised that binaphthyl-
derived catalysts represent only a narrow fraction of the asymmetric catalysts
employed in AH reactions. Moreover, the dataset did not include any examples of tetra-
substituted alkenes, limiting its broader generality.

In 2021 Hong et al.?® developed an ML procedure to find the optimum
asymmetric catalyst for the AH of a target olefin. The experimental data from 12,619
AH reactions on 2754 di-, tri- and tetra-substituted olefins collected from the literature,

and extended tight-binding (xTB) optimised geometries were generated for the
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reactants, products, and catalysts. The resulting dataset provides a valuable resource
for ML applications in this domain.

The procedure outlined followed a hierarchical learning strategy.l”” For each
olefin to be targeted, different ML models would be built from different subsets of the
original dataset. Beginning with the target substrate, a subset was formed of reactions
of olefins that matched one substituent of the target olefin. This dataset was used to
form a base model to make base predictions of the ee. A second dataset was
subsequently formed where two substituents matched that on the target olefin, this
dataset was used to learn the difference between the reported ee and the predicted
values from the base model for the substrates in this second dataset, a process known
as A learning.l”” For tri-substituted olefins this step could be repeated with a third
dataset being formed of the olefins that match three of the substituents on the target
olefin. The final prediction is the sum of the predicted values from the base model and
the A model(s). This publication utilised the most common olefin in the original
dataset ((Z)-2-acetamido-3-phenyl-acrylate) for this procedure.

The features input into the base and A models included both physical-organic
(3D features) and molecular fingerprints (2D features). The models were built on 2D
and 3D descriptors independently and combined. The best performance was found
with the combination of 2D and 3D features with the Extra Trees algorithm for the
olefin tested.

The hierarchical workflow performed well on the most common olefin; however,
it has not been evaluated on less common or entirely novel substrates for which little
or no experimental data are available. Consequently, its performance in these cases

remains unclear.
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1.5 PROJECT AIMS

The overarching aim of this research was to develop ML models capable of predicting
the ee of AH reactions of TSC=C, thereby reducing the reliance on costly trial-and-
error experimentation traditionally employed in optimisation campaigns.

The first objective (Chapter 2) was to assemble a comprehensive dataset of all
available TSC=C reactions reported in the literature, to enable development of ML
models trained on reaction features to predict the ee of AH reactions of TSC=C, and
to evaluate their predictive ability by comparing predicted and experimental ee values.

The third objective (Chapter 3) was to assess the performance of novel AH
reactions of TSC=C, by conducting reactions experimentally and comparing the
predicted ee values to the experimentally determined results. This aimed to evaluate
the potential of the models for integration into real experimental workflows, which
would enable synthetic chemists to more efficiently identify highly enantioselective
reactions and reduce the number of experiments required in a typical reaction
optimisation study.

Finally, the fourth objective (Chapter 4) was to explore the application of
Bayesian optimisation (BO) to guide the AH of a challenging TSC=C substrate, using
the workflow to identify in real time the most enantioselective and high-yielding

reactions from a predefined set of candidates.
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2 Using Machine Learning to Predict Enantiomeric Excess of
a Literature Dataset of Asymmetric Hydrogenations of

Tetra-substituted Olefins




2.1 INTRODUCTION

2.1.1 Chapter Aims

The aim of this project was to develop ML models capable of predicting the ee of AH
reactions of TSC=C reported in the literature. This was accomplished by: (i)
assembling a comprehensive dataset of all relevant literature examples of AH of
TSC=C; (ii) carrying out conformational searches and geometry optimisations for the
chemical structures in the dataset, specifically the reactants, products and metal
catalysts; (iii) generating input features for each reaction that were both suitable for
ML model input and informative for predicting ee; (iv) constructing and training a
series of ML models to predict the ee of the compiled dataset; and (v) evaluating the

models in terms of predictive performance and the most informative input features.

2.1.2 Computational Theory
As outlined in chapter 1, many effective input features for ML are extracted from
computationally optimised molecular structures. In this project, such features were
generated to evaluate their predictive power for the ee of the studied reaction class.
Since the QC, electronic, and steric properties of a structure vary across conformers,
it is essential to identify the conformer corresponding to the global minimum, the
lowest-energy ground state on the potential energy surface (PES), to obtain reliable
parameters.17®

The PES describes the potential energy of a chemical system in terms of a
function of its coordinates. Reactants and products are found as minima on the PES
due to their stable chemical nature, while saddle points are high in energy and
correspond to T'Ss. The PES typically contains many local minima, the lowest of which
is called the global minimum and corresponds to the true ground state chemical
structure. This global minimum can be found through conformational searching and
subsequent geometry optimisation techniques, utilising both QC and MM methods.

Conformational searching explores the PES by generating multiple conformers
of a chemical system to identify the lowest-energy structure. Starting from an initial

geometry, new conformers are produced iteratively, and searches are restarted
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whenever a lower-energy conformer is discovered. Conformers are distinguished by
their relative energies, rotational constants, and root mean squared deviations
(RMSD). Geometry optimisation methods optimise the conformer to the lowest energy
chemical arrangement that can be found, the local minimum. If conformational
searching has successfully found the lowest energy conformer, this local minimum will
in fact be the global minimum

Geometry optimisation can be performed using a range of QC methods,
including DF'T and semi-empirical quantum mechanical (SQM) approaches. DFT is a
widely used method in which the ground-state electronic energy is determined entirely
by the electron density,!” 180 offering good accuracy for electronic structures and
energies. However, DFT can become computationally demanding for larger systems
and for those containing transition-metals. In contrast, SQM methods introduce
approximations and incorporate parameters derived from experimental data or high-
level theoretical calculations. This makes them significantly faster and suitable for
larger systems, though generally at the cost of lower accuracy.!® A widely adopted
subset of SQM methods is based on DFT, known as density functional tight binding
(DFTB) methods. Examples include the geometry, frequency, noncovalent (GFN)
method, GFNn-xTB (n=0,1,2).182, 183

Traditionally, conformational searches are performed using MM methods. Most
MM approaches rely on Monte Carlo random sampling to generate conformers.184 185
The energies are calculated using predefined force fields, which describe atomic
interactions based on parameters derived from experiment. While these force fields are
transferable between many systems, they are not universally applicable. With the
exception of the Universal Force Field (UFF),'8 force fields have not yet been
parametrized for the whole of the periodic table, which limits the applicability of MM
methods to systems containing elements such as 3d—5d transition metals.!8”

To address this limitation, QC based alternatives have been developed. One
such method is the Conformer—-Rotamer Ensemble Sampling Tool (CREST), which
combines RMSD-based metadynamics simulations with the SQM GFNn-xTB

methods.’® Conformers are generated using the iMTD-GC algorithm,'8% an iterative
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approach that integrates metadynamics (MTD) sampling to explore the PES with
genetic cross-over (GC) techniques to promote structural diversity.!'%° Each conformer
is subsequently optimised at the GFNn-xTB (n = 0, 1, or 2) level of theory.
Alternatively, the iMTD-GC algorithm can be combined with geometry
optimisation at the GFN-FF level.!®! GFN-FF is a generic force field parameterized to
reproduce geometries obtained using the density functional B97-3c.1? Importantly,
both GFNn-xTB and GFN-FF are broadly parameterized for 3d-5d transition
metals,'8” offering significant advantages over UFF and demonstrating strong

performance in the literature.193-197
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2.2 METHODS
2.2.1 Dataset Generation (i)
The dataset for this project was compiled from published chemical studies reporting
AH reactions of TSC=C. In 2021, Hong et al. published a database containing 12,619
reactions involving di-, tri-, and tetra-substituted olefins, extracted from 355
publications.?® Of these, 41 papers reported reactions specifically involving TSC=C,
providing a valuable starting point for dataset construction. An additional 27 relevant
papers were subsequently identified, yielding a final dataset of 1,271 reactions.% & 29
33, 36, 38, 40-45, 198-249

For each reaction, the following information was recorded: reactant, product,
metal employed, catalyst, temperature, pressure, additive, solvent, catalyst loading
S/C), scaffold-type, ee and the Digital Object Identifier (DOI) for the paper for which
the reaction came from. An example of a reaction in the dataset is shown Table 2.1.
Chemical structures were recorded as their SMILES representations, with ancillary
ligands removed from metal catalysts. As a given structure can be represented by
multiple SMILES strings, standardization was performed using the rational discovery
kit (RDKit). Additionally, as SMILES lack a built-in method to encode metal-ligand
coordination, a custom script was implemented to represent dative bonds from

coordinated ligands to the metal centre.
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Table 2.1: Example row from the dataset of AH reactions of TSC=C extracted from the literature. The highlighted
region of the metal catalyst corresponds to the portion recorded in SMILES format, with ancillary ligands removed.
The complete dataset contains 1,271 reactions
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2.2.2 Computational Methods (ii)

From the SMILES representations, 3D coordinates were generated for each structure
in the dataset using RDKit.1?* Conformational searches and geometry optimisations of
the ground state structures in the dataset were then performed with CREST at the
GFN2-xTB level of theory.'88 During longer simulations of ferrocene-containing
structures, incorrect changes in connectivity were observed in 13 of the 50 ferrocene-
containing metal catalysts. For these cases, conformational searches were instead

carried out with GFN-FF,!°! followed by geometry optimisation with GFN2-xTB.

2.2.3 Feature Generation (iii)

To make the data interpretable for ML algorithms, reaction conditions, including
solvent, additives, metal, and scaffold type, were converted into numerical format. The
chemical structures of the reactant, product, and catalyst were represented by ECFPs
generated from their corresponding 3D coordinates using RDKit, with a radius of three

and a fixed fingerprint length of 2,048 bits.!16
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In addition, a range of physical-organic descriptors were extracted for each structure
in the dataset from the optimised ground state structures using various Python
toolkits, Table 2.2. Features were computed at both the molecular level and, where
applicable, for selected common atoms. For this reaction system, the common atoms
include: the reaction centre of the reactant and product (the two carbons of the double
bond, Cl and C2), the metal centre in the catalyst (M), and the two atoms of the
ligand coordinated to the metal centre (L1 and L2, Figure 2.1). Notably, all metal

catalysts in this dataset consisted of a single metal centre with bidentate ligands.

o _l BArF,

t-Bu

Figure 2.1: Example of the common atoms in chemical structures from the dataset, highlighting those for which
features were extracted at the atomic level.
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Table 2.2: Features extracted for ML including a) reaction conditions extracted from literature publications; b)
physical-organic features extracted for the reactant, product, and metal catalyst at the molecular level; c) physical-
organic features extracted for the reactant, product and metal catalyst for the common atoms: M, Ci, Cg, L; and
Ly; d) ECFPs extracted for each reactant product and metal catalyst at radius 3 at a fixed length of 2048 bits.

Feature Source Description
Energy® Goodvibes?50 Electronic Energy
Enthalpy® Goodvibes Enthalpy
QH Entropy® Goodvibes Quasiharmonic energy
ZPEP Goodvibes Zero-point energy
HB AcceptorsP Pybel?51 Number of hydrogen bond acceptors
HB donor? Pybel Number of hydrogen bond donors
TPSAP Pybel Topological polar surface area
Chemical Pot.P Cclib252 Global chemical potential
HOMOP Cclib Highest occupied molecular orbital (HOMO) energy
LUMOP Cclib Lowest unoccupied molecular orbital (HOMO) energy
Vib Freq.P Cclib Lowest vibrational frequency
Vib IRP Cclib Lowest infrared intensity
MullikenP:c Cclib Muliken atom charge
SASAbc DBSTEP23 Solvent accessible surface area
PBVbic DBSTEP Percent buried volume (3.5 °A radius)
Sterimol B1,B5, Lb:c DBSTEP Sterimol Bmin, Bmax, and L parameter!30
PEOEP«< RDKit124 Partial equalisation of orbital electronegativities
LogPP.c RDKit Wildman-Crippen partition coefficient
MRPb.c RDKit Wildman-Crippen molar refractivity
Estateb:<c RDKit Electrotopological state index
MWt RDKit Molecular weight
Chib RDKit Molecular connectivity Chi indexes?54
IpcP RDKit Information polynomial coefficient255, 256
BalabanJb RDKit Balaban topological index?257
BertzCT® RDKit Bertz index of molecular complexity?258
KappaP RDKit Kappa shape indexes?%4
NHOHcountP RDKit Number of NHs or OHs
NOcountP RDKit Number of nitrogens and oxygens
ECFPd RDKit Extended connectivity molecular fingerprint
Metal2 Literature Metal present in the metal catalyst
Additives2 Literature Additives present in the reaction
Scaffold type? Literature Type of ligand scaffold in the metal centre
Temperature2 Literature Temperature of the reaction
Pressure? Literature Pressure of the reaction
Solvent? Literature Solvent the reaction was carried out in
s/Ca Literature Substrate over catalyst concentration
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2.2.4 Machine Learning Methods (iv)
The Python ML library scikit-learn (sklearn) was used for dataset splitting, model
construction, training, and evaluation. An 80:20 train-test split was applied to the
dataset prior to model training, resulting in a training set of 1,017 reactions and a test
set of 254 reactions. Both regression and classification supervised learning models were
employed, specifically: Lasso linear regressor (LLR), ridge regressor (RR), random
forest regressor (RFR), gradient boosting regressor (GBR), extra-trees regressor
(ETR), random forest classifier (RFC), gradient boosting classifier (GBC), and extra-
trees classifier (ETC).

Each model was trained and evaluated using three subsets of input features,

summarised in Table 2.3. For clarity, these are referred to as 2D descriptors (subset

1), 3D descriptors (subset 2), and their combination, 2D + 3D descriptors (subset 3).
The 2D descriptors consist of ECFPs derived from chemical structures, while the 3D
descriptors comprise the physical-organic features (Table 2.2) extracted from
optimised structures in the dataset. All feature sets additionally include the seven
features describing the reaction conditions which include, scaffold type, temperature,

pressure, solvent, catalyst loading, additives and metal centre.

Table 2.3: The three different subsets of input features employed in this project. The reaction conditions are a set
of 7 features including scaffold type, temperature, pressure, solvent, catalyst loading, additives and metal centre.
The physical-organic features are composed of 250 individual features described in Table 2.2.

Input Type Description No. Input Features
(2D) Reaction conditions + ECFPs of chemical structures 6,151
(3D) Reaction conditions + physical-organic features 257

(2D + 3D) Reaction conditions + ECFPs + physical-organic features 6,401

Prior to model training, the input features were standardized wusing
sklearn’s StandardScaler. Hyperparameter optimisation was then performed on the
training set with scikit-learn’s GridSearchCV, searching for the combination of
hyperparameters that yielded the highest MAE or accuracy score under 5-fold CV.
The hyperparameter search space for each model is detailed in Table 2.4. Each

algorithm was subsequently retrained on the full training set using its optimal
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hyperparameters (Appendix), before being applied to predict the outputs of the test

set.

Table 2.4: The sklearn hyperparameters tuned for each model algorithm. The ML algorithms based of decision
trees including random forest, extra-trees and gradient boosting. The support vector regression model was fit with
the RBF kernel. Model abbreviations are defined as follows: LLR—Lasso Linear Regressor, RR—Ridge Regressor,
RFR—Random Forest Regressor, RFC—Random Forest Classifier, GBR—Gradient Boosting Regressor, GBC—
Gradient Boosting Classifer, ETR—Extra-Trees Regressor, ETC—Extra-Trees Classifier, SVR—Support Vector
Regressor.

I Model Hyperparameters Values I
! LLR o 1e-06, 1e-05, 0.0001, 0.001, 0.001, 0.1, 1, 10, 100 !
: ______ RR a 1e-06, 1e-05, 0.0001, 0.001, 0.001, 0.1, 1, 10, 100 :
N Max_features 01,02 03, 04,05, 06,07 0809 |
: Max_samples 0.001, 0.01, 0.1, 1 :
1 RFR Min_samples leaf 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60 1
: RFC Min samples _split 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60 :
I Max_depth: None, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15,20 |
SR S N S G O ) D
1 Learning rate 0.001, 0.01, 0.05, 0.1, 1 1
: Max_ depth None, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 20 :
I GBR Max_features 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9 I
I GBC Min_samples_leaf 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60 !
: Min_samples_ split 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60 :
| n_estimators 200, 300, 400, 500, 600, 700, 800, 1000, 1200, 2000 |
S Max_features  01,02,03,04, 0506070809 |
I Max_depth None, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15,20 |
1 ETR . 1
| ETC Min_samples_leaf 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60 |
I Min_samples_split 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60 I
: ________ E_Esti_ma_tois L 300_, 330, _402, 5_00;620, _702, EE)O’_KLOOL 1300L 2200_ _:
1 Gamma scale, auto 1
: SVR c 1,2,3,4,5,6,7, 8,09, 10, 15, 20 :
: Epsilon le-10, 1e-09, 16-08, 1e-07, 1e-06, 1e-05, le-04, 1e-03,
e e e o _____5,0,010250507,1012515 _ _ _,

2.2.5 Machine Learning Evaluation (v)

To assess the performance of each ML regression model, the ee values for the test set
were compared with the corresponding experimental values, and the MAE between
them was reported (Equation 1.1).

For the classification models, the target ee values were categorised into
predefined classes based on their magnitude. The exact classes used will be discussed

in Section 2.3.3. The models were then trained to predict the class membership of
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each instance rather than its exact ee value. Model performance was then evaluated
using classification accuracy, defined as the percentage of predictions falling into the
correct class (Equation 1.3).

Model performance was assessed using 5-fold CV. For each fold, MAE and
accuracy were computed on both the training and test sets. The mean + SD across
folds of the train and test sets were reported.

To validate the adequacy of the training set, identify potential overfitting, and
assess whether equivalent performance could be achieved with less data, learning
curves were generated for each fitted model. This was achieved by refitting the model
on progressively larger fractions of the training data and plotting the resulting training
and test MAE and accuracy as a function of training-set size.

Permutation feature importances were also calculated for the models, by
permuting each feature in the training set and measuring the change in MAE or

accuracy on the test set, as discussed in Section 1.3.5.
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2.3 RESULTS AND DISCUSSION

2.3.1 Dataset Analysis

The dataset used for this ML project comprised 1,271 AH reactions of TSC=C,
extracted from 68 publications. Across these reactions, 317 distinct metal catalysts and
468 unique substrates were identified. The most prevalent substrates ranked by
publication count are shown in Figure 2.2, while those ranked by total reaction count
are shown in Figure 2.3. When ranked by publication count, the figure reflects
structures that are widely studied across the literature, even if they appear only a few
times in each paper. These substrates likely represent broadly applicable or benchmark
substrates for AH reactions, tested by multiple research groups under varied reaction
conditions. In contrast, when ranked by reaction count, the list shifts and reflects
frequently repeated structures that are concentrated in just one or two publications,
indicating they are likely substrates within optimisation campaigns rather than

benchmark substrates.
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Figure 2.2: Chemical structures of the 12 most frequently reported substrates in the dataset, ranked by the number
of unique publications (DOIs) in which they appear. The number of publications for each substrate is shown below
in orange, and the corresponding number of reactions is shown in green.
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Figure 2.3: Chemical structures of the 12 most frequently reported substrates in the dataset, ranked by the number
of reactions in which they appear. The number of publications for each substrate is shown below in orange, and
the corresponding number of reactions is shown in green.

A similar analysis was performed for chiral ligands, ranking them both by the number
of unique publications and by total reaction count (Figures 2.4 and 2.5). Ranking by
publication count highlights ligands that have been applied across a wide range of AH
studies and substrates and are therefore well-established ligand systems for this
reaction. Ranking by reaction count identifies ligands that are associated with one or

two publications, reflecting their use in targeted optimisation campaigns.
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Figure 2.4: Chemical structures of the nine most frequently reported ligands in the dataset, ranked by the number
of unique publications (DOIs) in which they appear. Publication counts are shown in orange, and reaction counts
in green.
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Figure 2.5: Chemical structures of the six most frequently reported ligands in the dataset, ranked by total reaction
count. Reaction counts are shown in green, and publication counts in orange.

The distinction between reaction counts and publication counts for both substrates
and ligands underpins the trade-off between breadth of application and depth of study,
which has important implications for model training and generalisability. When the
dataset contains many reactions of the same ligand or substrate from a single
publication, the model may overfit to the specific reaction conditions of that study.
Structures observed across multiple publications reflect broadly applicable reaction
conditions. Therefore, reaction heavy datasets provide depth but risk poor
generalisability, while publication diverse datasets offer breadth but less data per
scaffold can reduce structure specific predictive ability, but increase overall
generalisability. Striking the right balance between depth and breadth can be
challenging. In this project, the choice was made to maximise the total number of
reactions available for model training by including all reactions reported.

To examine the distribution of ligand types in the dataset, ligands were grouped
into categories according to their scaffold type. This categorisation was used as a
feature in the ML models (Table 2.2). Representative examples of the most prevalent

ligands for each scaffold type are shown in Figure 2.6.
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Figure 2.6: Examples of top-ranked ligands by reaction number for each scaffold type.

The relative distribution of catalysts is shown in Figure 2.7, categorised by metal
centre and ligand scaffold type, based on the number of reactions reported for each.
The left panel shows that iridium (44.2%) and rhodium (34.0%) dominate the metal
distribution, together accounting for nearly 80% of all reactions. Ruthenium follows at
10.9%, with other metals such as cobalt, nickel, palladium, and zirconium contributing
less than 6% each.

The right panel shows the scaffold type distribution, in which P,N type (39.0%)
and double P type (38.7%) are the most prevalent, making up nearly 78% of all cases.
Ferrocene type (13.2%) and BINOL type (6.9%) scaffold appear less frequently, and
any other types are rare (2.1%).

The heatmap in Figure 2.7 reveals a strong association between metal and
scaffold type, indicating that certain metals are predominantly paired with specific
ligand structures. Rhodium is most frequently associated with bisphosphine ligands
(double P type), while iridium shows a clear preference for P, N-type scaffolds. This
reflects the discussion of the landscape of this reaction in Chapter 1. Other metals that

are less prevalent in the dataset, display more diverse scaffolds, but remain dominated
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by one or two categories. Additionally, several metal-scaffold combinations remain
completely unexplored. This skew has implications for ML as the model will be heavily
influenced by the selection bias by having reduced predictive capability for the
underrepresented combinations. However, the less explored regions highlight areas that

could offer unique opportunities for future catalyst development.

Metal Distribution Scaffold Type Distribution
Zr 4 15 (1.2%) others 1 27 (2.1%)
Pd 27 (2.1%)
o BINOL type 88 (6.9%)
Ni -4 28 (2.2%) g
= B
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Ru 139 (10.9%) q
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Figure 2.7: Metal and scaffold type distributions (top) and their relationship (bottom). The top left panel shows
the number and percentage of reactions for each metal, while the top tight panel shows the distribution of scaffold
types, with less common types grouped as ‘others’. The bottom panel presents a heatmap of reaction counts for
each metal-scaffold combination.

The distribution of solvents and additives in the dataset (Figure 2.8) are also highly
skewed, with a small number of entries dominating the reported reactions. DCM and
MeOH are used as solvents in most cases, reflecting their widespread use in
homogenous catalysis. Over 80% of the reactions were conducted with no additive, but
tetrafluoroboric acid (HBF4), triethylamine (TEA), trifluoroacetic acid (TFA) and

potassium tert-butoxide (tBuOK) are the most frequent and have been used
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successfully in the literature. Many solvents and additives occur very rarely, with
entries representing less than 3% of solvents and 1% of additives grouped as ‘others’
in this figure. This could again bias the ML model towards the more well-represented

combinations and be unable to successfully predict the reactions of these unexplored

areas.
Solvent Distribution Additive Distribution
TFE 46 (3.6%) K2COj3 413 (1.0%)
t-BuOH - 48 (3.8%) N-halosuccinimide (Br/Cl) 20 (1.6%)
Benzene 4 49 (3.9%) HBF4 - Et20 20 (1.6%)
o - J21 %
'E PhCIl 453 (4.2%) > t-BuOK ( )
3 THF 858 (4.6%) % TFA 424 (1.9%)
& | 2 TEA 30 (2.4%)
others 177 (13.9%) —_—
MeOH others
DCM 547 (43.0%) None
0 200 400 0 500 1000
Number of Reactions Number of Reactions

Figure 2.8: Distribution of solvents (left) and additives (right) used in the dataset. Rare entries were grouped into
an ‘others’ category (solvents: <3% of reactions; additives: <1%). Labels show the number of reactions and
corresponding percentage for each entry.

Figure 2.9 shows the temperature and pressure distributions for the dataset. Most
reactions (665) were conducted at room temperature (20 — 25 °C), likely to preserve
enantioselectivity, while the remainder were carried out at elevated temperatures up
to 104 °C. Reaction pressures exhibited greater variability, with the kernel density
estimate (KDE) revealing multiple peaks, most prominently around 50 bar Hy, followed

by peaks near 10, 30, and 100 bar Has.
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Figure 2.9: Pressure (left) and temperature (right) distributions in the dataset, shown as histograms with overlaid
KDE. Histograms display the frequency of reported conditions, while KDE curves highlight the underlying
distribution trends.

Figures 2.7, 2.8, and 2.9 highlighted the skew caused by selection bias inherent in
datasets derived from literature sources, due to the human tendency to rely on
established synthetic routes. Such datasets also reflect a strong reporting bias, with
unsuccessful or low-performing outcomes rarely disclosed. This bias is seen in this
dataset, evident in the distribution of ee (Figure 2.10). 648 reactions achieve over 90%
ee while low and moderate ee values are comparatively rare. This presents a challenge

for developing balanced ML models capable of accurately predicting ee, specifically in

the low-mid range.
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Figure 2.10: Distribution of ee values in the dataset, shown as a histogram with an overlaid KDE

2.3.2 Regression Machine Learning Models

To predict the ee of AH reaction of TSC=C, regression ML models were trained on
80% of the dataset using three sets of input features (2D descriptors, 3D descriptors,
and 2D+3D descriptors) with the true ee values as the target output. The optimum
combination of hyperparameters found for each model algorithm, and therefore used
for model training, are displayed in the Appendix. Following training, the ML models
were used to predict the ee of the remaining 20% of the dataset, and the resulting
MAE between the ML predictions and the true values and SD are shown in Figure
2.11. An MAE of under 10% ee was set as the performance target for this project, as
this level of accuracy was thought to be sufficient to guide the early stages of screening
in an optimisation campaign.

Figure 2.11 shows that model class influenced test MAE more strongly than
the descriptor set, with tree-based ensembles outperforming linear models across the
different descriptor sets. The best-performing model was ETR(2D+3D) with a test
MAE of 9.8 4+ 1.2% ee, the only model below the 10% ee MAE target. Relative to the
same algorithm using 2D descriptors only (ETR(2D): 11.9 £+ 1.3% ee), the combined

input model achieved an absolute improvement of 2.1% ee (a 17.6% reduction),
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indicating that 2D and 3D descriptors provided a complementary pattern that this
model could exploit.

A similar observation was seen for GBR, where GBR(2D+3D) outperformed
both GBR(2D) and GBR(3D). In addition, models based solely on 2D features
generally outperformed those based solely on 3D features across these ensembles. By
contrast, adding 3D descriptors did not improve the linear models (LLR, RR) or RFR.
For example, LLR(2D) and LLR (2D+3D) both showed an MAE of 15.4 + 1.3% ee,
each outperforming LLR(3D). This lack of improvement with the addition of 3D
descriptors for linear models likely reflect their limited capacity to capture increased
variance in  the  features. Despite  the  algorithms  similarity to
ETR/GBR, RFR performed less well, likely due to its different randomisation strategy
relative to ETR.

SVR was evaluated on the 3D subset only due to its higher training time when
high-dimensional ECFP features were included. However, although training time
increased with feature count, ECFPs can be derived directly from SMILES and
therefore avoid QC calculations. Therefore, where comparable accuracy is attainable
without QC descriptors, the models trained on 2D features alone can offer a
computationally faster and more scalable approach.

Error bars (+1 SD over repeated 80/20 splits) indicate moderate sensitivity to
the train/test partition, typically 0.6-1.3% ee MAE. Several mid-tier models (MAE
~ 12-15% ee) show overlapping intervals, as such rank differences among them
may not be substantially meaningful. Additionally, the ETR(2D+3D) SD straddles
the 10% MAE ee threshold.

For predictive use, ETR(2D+43D) was the Dbest-performing in terms of
predictive ability, with ETR(2D) second best, which may be advantageous in settings

where omitting 3D/QC features and thus reducing computational cost is beneficial.
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RESULTS AND DISCUSSION

Test MAE (mean =+ err) by Model & Descriptor

10% target Descriptor Type

ETR (2D + 3D)

ETR (2D) 11.0 + 1.3 mEm 3D
SVR (3D) 12.7 + 1.0 888 2D+3D
GBR (2D + 3D) 12.9 £ 0.9
cer 20) 13.5 + 0.9
ETR (3D) 13.7 + 0.9
GERGD)I 14.4 + 0.6
RR (2D + 3D) 15.0 + 1.2
LLR (2D) 15.4 + 1.3
LLR (2D + 3D) 15.4 + 1.3
RFR (2D) 16.7 + 1.2
RFR (2D + 3D) 17.5 + 1.1
LLR (3D) 18.2 + 0.9
RR (3D) 18.3 £ 0.7
RFR (3D) 18.3 £ 1.1
RR (2D) 18.8 + 0.9
.
o s 10 15 20 25

Test MAE ee

Figure 2.11: Test-set performance of all regression models across descriptor sets. Reported in percentage points of
ee (% ee). Bars show MAE with + SD, computed over different train-test splits, evaluation is always on the held-
out portion. Models are ordered by increasing MAE, and colours indicate descriptor type (purple = 2D, green =
3D, blue = 2D+3D). The vertical line at 10% marks the target MAE threshold.

Learning curves were generated for all fitted models (see Appendix). Figure 2.12 shows
the curves for the best-performing model ETR(2D+3D), and ETR(2D) shown for
comparison. In both cases, the CV test MAE decreases as the training set grows and
the SD bands narrow, indicating that the models are learning a genuine signal and
predictions become more stable with additional data. The training MAE remains below
the test MAE, and the two curves have not converged at the largest sample size,
consistent with moderate overfitting. Notably, the test curve continues to trend
downward at the maximum training size, suggesting that additional data would likely

improve the model’s performance.
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Figure 2.12: Learning curves for the ETR(2D) and ETR(3D+2D) models, where ee is represented as a fractional
value. An MAE of 0.10 corresponds to 10% ee. Blue markers show the CV training MAE and the red markers show
the CV test MAE. The shaded bands denote the SD.

The learning curves for the GBR(2D) and the GBR(2D+3D) models are shown in

Figure 2.13 and show a similar pattern as the ETR models.
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Learning Curve GBR (2D)
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Figure 2.13: Learning curves for the GBR(2D) and GBR(3D+2D) models, where ee is represented as a fractional
value. An MAE of 0.10 corresponds to 10% ee. Blue markers show the CV training MAE and the red markers show
the CV test MAE. The shaded bands denote the SD.

Figure 2.14 shows the RFR(2D) learning curve contrasts with the patterns observed
for ETR and GBR. The training and CV test MAE curves nearly converge, and their
uncertainty bands overlap, indicating no overfitting. However, this observation
combined with the higher MAEs seen for RFR relative to the best models, suggest

that this model algorithm may not capture the full complexity of the dataset.
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Figure 2.14: Learning curves for the RFR(2D) model, where ee is represented as a fractional value. An MAE of
0.10 corresponds to 10% ee. Blue markers show the CV training MAE and the red markers show the CV test MAE.
The shaded bands denote the SD.

To evaluate whether the uneven distribution of eein the dataset affects predictive

performance, the predicted vs. true ee and residual histograms (predicted — true) were
generated for each model (see appendix). The plots for the ETR models are shown in
Figure 2.15. The residual histograms are centred at zero, indicating that most
predictions are close to the true values. However, the scatter plots show that the low
ee cases tend to be overpredicted, whereas the high ee region is generally well
captured. This pattern is seen across all input features and is consistent with the
unbalanced ee distribution in the dataset. This heavily suggests that additional data

in the low ee regime could reduce this bias.
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Figure 2.15: : Performance of the ETR model for ee prediction across the different sets of input features. (Left)
Distribution of prediction errors on the test set, with the KDE curve overlaid. (Right) scatter plot comparing
predicted versus true ee values for the test set, with the dashed line indicating perfect prediction (y=x).

The permutation feature importances were calculated for each of the fitted models (see

Appendix) and the plotted permutation importances for ETR(2D+3D), GBR(2D+3D)
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and SVR(3D) are shown in Figures 2.16, 2.17 and 2.18. The results indicate that the

prediction is influenced by a complex combination of steric, electronic factors as well

as being heavily influenced by reaction conditions such as solvent and pressure. The

SVR(3D) model highlighted steric descriptors as particularly important with a sterimol

parameter around the metal (c_sterimol metal L (L1)) showing a higher importance

than other features. ETR(2D+3D) and GBR(2D+3D) distribute importance more

evenly across the feature set. The consistently high importance of the solvent and

pressure used across models emphasises the importance of the reaction conditions to

enantioselectivity. Interestingly, the ETR(2D+3D) model is governed more by chemical

structure, rather than electronic and steric parameters, indicated by the ECFP features

found to be most important.
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Figure 2.16: Permutation feature importance for the ETR model trained on the combined 2D + 3D descriptor set.
Bars show the mean increase in test MAE (AMAE) when each feature’s values are randomly permuted and error

bars denote the SD across repeated permutations.
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SVR (3D)
Permutation Feature Importance on Test Set

c_sterimol metal L (L1) 0.03 + 0.0029
pressure 0.01 + 0.0009

¢ _MolLogP total 0.01 + 0.0015
c_sterimol metal Bmin (L2) 0.01 + 0.0017
additives 0.01 * 0.0022

¢_Spherocity 0.01 + 0.0011

c_vibirs 001 0.01 * 0.0015

solvents 0.01 * 0.0010

¢ _HallKijerAlpha 0.01 + 0.0010

¢ LabuteASA m 0.01 + 0.0015

0.000
Permutation importance (AMAE)

Figure 2.17: Permutation feature importance for the SVR model trained on the 3D descriptor set. Bars show
the mean increase in test MAE (AMAE) when each feature’s values are randomly permuted and error bars denote
the SD across repeated permutations.

GBR (2D + 3D)
Permutation Feature Importance on Test Set

C_TPSA 0.01 + 0.0019

solvents 0.01 + 0.0018

c_EState 12 0.01 + 0.0013
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Figure 2.18: Permutation feature importance for the GBR model trained on the combined 2D + 3D descriptor set.
Bars show the mean increase in test MAE (AMAE) when each feature’s values are randomly permuted and error
bars denote the SD across repeated permutations.
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2.3.3 Classification Machine Learning Models

Regression models showed reduced predictive abilities for low—mid ee values, where
limited data was available. The problem was therefore reformulated as a classification
task by binning ee into two categories, high (> 80% ee) and low (< 80% ee), and
models were trained to predict class membership rather than exact values. This was
expected to improve predictive ability relative to the direct regression models by
increasing data density in this low ee region. Additionally, although not giving a
prediction of the exact ee value, resulting models built on this prediction could
determine whether a reaction would be selective enough for consideration at the early
stages of an optimisation campaign. The classes are shown in Figure 2.19, after
categorisation below and equal to or above 80% ee. The 1271 reactions were split
resulting in 863 (67.9%) reactions in the high class and 408 (32.1%) in the low class.
This reinforces the class imbalance that exists in the dataset, with the high ee class

having the majority of reactions.

ee Class Distribution

OOl 863 (67.9%)
600

400

408 (32.1%)

Reaction Count

200

majority = 80% minority < 80%
Class
Figure 2.19: Distribution of ee classes after binarization at the 80% threshold.

The accuracies obtained for the percentage of correct predictions and their relative SD
are shown in Figure 2.20. Across all algorithms and descriptor sets the test set accuracy
fell into 76 - 81%. The highest accuracy was given by the GBC model with 3D input
features, resulting in an accuracy of 81.4 + 1.1%. Given the class imbalance (high ee
class being 67.9%), all models exceeded this majority class baseline by 8-14%,

indicating meaningful predictions were produced. Error bars between the models and
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input features overlap, suggesting a limited separation of performance. A small

advantage was observed for 3D descriptors over 2D and combining 2D+3D feature sets.

Test Accuracy (mean =+ err) by Model & Descriptor

Descriptor Type
B 2D
s 3D
Bw 2D+3D

81.4 + 1.1%

GBC (3D)

GBC (2D) 80.4 + 2.6%

ETC (2D) 80.3 + 1.9%

GBC (2D + 3D) 79.4 + 1.2%

RFC (3D) 79.0 + 1.0%

ETC (2D + 3D) 78.8 + 1.8%

RFC (2D) 78.2 + 1.8%

ETC (3D) 76.7 + 1.2%

RFC (2D + 3D) 76.0 + 1.9%

I T T T T

40 50 60 70 80 90 100
Test Accuracy (%)

Figure 2.20: Test accuracy (mean + SD across train-test splits) for ee classification (high: >80% ee; low: <80%
ee) by algorithm and descriptor set, reported as a percentage. Bars are coloured by descriptor type (purple: 2D;
green: 3D; blue: 2D+3D); error bars show +1 SD.

To examine the breakdown of the accuracies for each of the classes, confusion matrices
were plotted for all fitted models and are shown in Figure 2.21, 2.22 and 2.23. The
matrices reveal a consistent asymmetry in class performance. Across all algorithms and
descriptor sets, the class prediction for the high ee class (80-94% accuracy) was
stronger than for the low ee class (41-72% accuracy). Consequently, the dominant error
in the models is false positive, where low-ee reactions were predicted as high, reflecting
the 67.9% majority of high-ee samples in the data.

For 2D descriptors (Figure 2.21), GBC achieves the highest overall accuracy for
this set of descriptors and shows strong high-class prediction (92% accuracy) with
moderate low-class prediction (62% accuracy). ETC attains the highest high-class
accuracy (94%) but at the expense of lower low-class accuracy (56%). RFC provides
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the best low-class prediction in the 2D set (72% accuracy), resulting in a balanced

accuracy of 78%, despite lower overall mean accuracy than GBC.
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Figure 2.21: Confusion matrices for 2D descriptor classifiers, RFC, ETC and GBC on the classification task (high
> 80% ee, low <80% ee). Cell entries are counts with per class accuracy percentages given.

For 3D descriptors (Figure 2.22), ETC improves low-class accuracy to 68% while
maintaining 80% accuracy on the high class, RFC drops to 47% low-class accuracy
despite 92% accuracy on the high class. The highest performing GBC model balances
these at 89% (high-class accuracy) and 58% (low-class accuracy).
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Figure 2.22: Confusion matrices for 3D descriptor classifiers, RFC, ETC and GBC on the classification task (high
> 80% ee, low <80% ee). Cell entries are counts with per class accuracy percentages given.

For combined 2D+3D descriptors (Figure 2.23), performances were similar to the
singular input descriptor models, indicating there was limited complementary patterns
found in this dataset by these models. However, GBC retains very high high-class
accuracy (92%) but with poorer low-class accuracy (53%). Whereas RFC improve low-

class accuracy to 65%.
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Figure 2.23: Confusion matrices for 2D+3D descriptor classifiers, RFC, ETC and GBC on the classification task
(high > 80% ee, low <80% ee). Cell entries are counts with per class accuracy percentages given.

Learning curves were fit for all fitted classification models and can be seen in the
Appendix. The curves for GBC(3D), ETC(3D) and RFC(2D) are shown in Figure
2.24, 2.25 and 2.26. Across models, the test accuracy increases with training size,
confirming learnable patterns in the features. The training-test gaps are modest,
indicating some variability and overfitting. However, this narrows with training sample
size, consistent with reducing the dataset noise.

The highest-accuracy model GBC(3D) (Figure 2.24), shows a persistent gap
between the train and test accuracies, suggesting this model is still variance limited at
the available sample size. This aligns with its highest performing accuracy (81%) and

the confusion matrix pattern, showing much better accuracy for the high ee class.
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Additional data would be expected to close this gap and improve distinction of the low

ee class.
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Figure 2.24: Learning curves for the GBC(3D) model. Blue markers show the CV training accuracy and the red
markers show the CV test accuracy, reported as fractional accuracy (0-1 scale, where 1.0 corresponds to 100%
accuracy). The shaded bands denote the SD.

The ETC(3D) model (Figure 2.25), shows a smaller more stable train-test gap and a
steady rise in both curves. This is characteristic of lower model variance compared to
GBC(3D). The corresponding confusion matrix showed improved low ee accuracy to
the other 3D models, indicating this model captures discriminative patterns for the
low ee class without overfitting. Again, the upward slope at the largest dataset size
suggests that additional data should result in improved performance.

The RFC(2D) (Figure 2.26), shows a gap comparable to ETC. At the smaller
sample size, the train-test gap is larger, but this narrows considerably with more data.
Despite slightly lower overall accuracy than the GBC(3D), the confusion matrix
revealed a relative strong prediction of the low ee class (highest low class accuracy
among 2D models). The continued upward trend of both curves indicates that again

this model remained data limited with this set of input features.
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Figure 2.25: Learning curves for the ETC(3D) model. Blue markers show the CV training accuracy and the red
markers show the CV test accuracy. The shaded bands denote the SD.
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Figure 2.26: Learning curves for the RFC(3D) model. Blue markers show the CV training accuracy and the red
markers show the CV test accuracy, reported as fractional accuracy (0-1 scale, where 1.0 corresponds to 100%
accuracy).The shaded bands denote the SD.

The permutation feature importances were fitted for all classification models and are
shown in the Appendix. The feature importances for GBC(3D) and ETC(3D) are
shown in Figure 2.27 and 2.28. Overall, the feature importances on the test set

indicated multiple features drove predictions, rather than a single dominant feature.
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For GBC(3D) (Figure 2.27), the most influential features combined the local 3D sterics

around the metal, such as the sterimol lengths, with the polarity (TPSA) and electronic

descriptors (partial charges and frontier orbital energies) from the reactants, products

and catalysts.

GBC (3D)
Permutation Feature Importance on Test Set
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Figure 2.27: Permutation feature importance for the GBC model trained on the 3D descriptor set. Bars show
the mean increase in test accuracy when each feature’s values are randomly permuted and error bars denote

the SD across repeated permutations.

For ETC(3D) (Figure 2.28), importance shifted towards heteroatom counts (NO count,

H-bond acceptors), SASA on the metal catalysts, alongside the experimental reaction

conditions (additives, pressure, catalyst loading). The overlap in heteroatom and

polarity features across the two models suggests a shared pattern found from these

input features. The GBCs emphasis on steric/electronics and ET'Cs emphasis on counts

and conditions could indicate their confusion matrix behaviour of the higher overall

accuracy for GBC(3D) and stronger low ee accuracy for ETC(3D).
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ETC (3D)
Permutation Feature Importance on Test Set

c¢_NOCount 0.01 + 0.0018
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¢ _metal pbv 0.01 * 0.0043

s/C 0.00 + 0.0038

pressure 0.00 + 0.0053

scaffolds 0.00 + 0.0031

c¢_NHOHCount 0.00 + 0.0018
0.000 0.010 0.020

Permutation importance (AAccuracy)

Figure 2.28: Permutation feature importance for the GBC model trained on the 3D descriptor set. Bars show
the mean increase in test accuracy when each feature’s values are randomly permuted and error bars denote
the SD across repeated permutations.

2.3.4 Synthetic Minority Over-sampling of Classification Models
To counteract the class imbalance that exists in the dataset, the minority class (<80%
ee) of the training set was augmented with synthetic samples using SMOTE. This
approach was better suited to classification, where class frequencies could be equalised,
than to the regression models. After implementing SMOTE on the training set, the
classes were balanced from containing 326 low ee class reactions and 690 high ee class
reactions, to both classes containing 690 data points. This dataset was used to train
classifications models on the GBC and ETC algorithms, which showed good predictive
performance previously, but struggled with predictions for the low ee class (minority
class). Due to the generation method of SMOTE, synthetic data was only added on
the 3D feature subset due to their greater interpretability, compared to the synthetic
generation of fingerprints. The accuracy and SDs of the fitted models and their
confusion matrices are shown in Figure 2.29.

For GBC(3D), the test-set accuracy decreased slightly from 81.4 + 1.1% (no
SMOTE) to 80.7 + 1.5% with SMOTE. The confusion matrix shows the low class

accuracies rising from 58% to 76%, while high class accuracy decreased (89% to 85%).
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The main failure observed without the inclusion of SMOTE data, misclassifying low
ee as high ee, was reduced by 18%, but remained the biggest source of error for this
model.

For ETC(3D), overall accuracy improved (76.7 + 1.2% to 78.6 + 1.6%). Low
class predictive accuracy increased from 68% to 77%, accompanied by a small increase

in the high class accuracy 80% to 81%.
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Figure 2.29: Confusion matrices for classifiers with added SMOTE data, ETC(3D) and GBC(3D) on the binary
classification task (high > 80% ee, low <80% ee). Cell entries are counts with per class accuracy percentages given.

The inclusion of SMOTE data produced more symmetric confusion matrices with
similar balanced accuracy for both models. The additional synthetic variation helped
the models to learn a decision boundary that discriminated better the minority class.
However, in the case for the best-performing GBC(3D) model, this improvement came
with a slight reduction in high class accuracy. Additionally, the biggest failure for both
models still remained misclassifying low-ee as high.

The learning curves were fitted and plotted for the two models and are shown
in Figures 2.30 and 2.31. With the addition of SMOTE the learning curves show
similar performance to the initial curves shown in Figures 2.24 and 2.25, with a similar
train-test gap. Thus, the models remain in a variance-limited regime, with substantial

improvement requiring additional real data.
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Figure 2.30: Learning curves for the GBC(3D) model with added SMOTE data. Blue markers show the CV training
accuracy and the red markers show the CV test accuracy, reported as fractional accuracy (0-1 scale, where 1.0
corresponds to 100% accuracy).The shaded bands denote the SD.
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Figure 2.31: Learning curves for the ETC(3D) model with added SMOTE data. Blue markers show the CV training
accuracy and the red markers show the CV test accuracy, reported as fractional accuracy (0-1 scale, where 1.0
corresponds to 100% accuracy). The shaded bands denote the SD.

The permutation feature importances of the two models are shown in Figures 2.32
and 2.33. For the GBC model, the feature importances became more concentrated
with the difference in accuracy increasing from 0.01% (without SMOTE data) to 0.03%
for the top feature with SMOTE data, indicating a smaller reliance on a smaller set of

descriptors. For the ETC model the features remained at a 0.01% difference in
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accuracy. Notably, the features for both models would now be reordered towards

features that better distinguish the low ee class.

GBC SMOTE (3D)
Permutation Feature Importance on Test Set

S/C 0.03 + 0.0088

c_sterimol metal L (L1) 0.02 *+ 0.0077
¢ LabuteASA m 0.02 + 0.0097
c_vibirs 001 0.02 + 0.0108

r EState 2 0.01 + 0.0049

p_EState 1 0.01 + 0.0049

¢_homo-1 0.01 + 0.0049

r _Eccentricity 0.01 + 0.0018

C sasa m 0.00 * 0.0036

r sasa2 0.00 + 0.0106

0.000 0.010 0.020 0.030 0.040
Permutation importance (AAccuracy)

Figure 2.32: Permutation feature importance for the GBC model with additional SMOTE data trained on the
3D descriptor set. Bars show the mean increase in test accuracy when each feature’s values are randomly permuted
and error bars denote the SD across repeated permutations.

ETC SMOTE (3D)
Permutation Feature Importance on Test Set

c¢_NOCount 0.01 + 0.0046
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s/C 0.01 + 0.0073
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Figure 2.33: Permutation feature importance for the ETC model with additional SMOTE data trained on the
3D descriptor set. Bars show the mean increase in test accuracy when each feature’s values are randomly permuted
and error bars denote the SD across repeated permutations.
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2.4 CONCLUSIONS

This chapter established a workflow for predicting ee in AH reaction of TSC=C from
literature data. A curated dataset of 1,271 reactions was assembled. Three subsets of
input features were constructed, 2D structural fingerprints (ECFPs), 3D physical-
organic features from CREST/GFN2-xTB ground state geometries, and the
combination of 2D+43D features, all including features for the experimental reaction
conditions. Due to the reporting bias towards high-ee reactions present in the dataset,
the prediction task was formulated as regression and classification tasks. For the
regression task the models were trained to predict the continuous ee values and the
MAE of predicted ee compared to true ee values were analysed. For classification task,
the ee values were binned into a high ee class (= 80% ee) and low ee class (< 80% ee)
and the accuracy of the models at predicting the correct class was analysed. Learning
curves and permutation feature importance on the held-out test set were also reported.
Additionally, class imbalance was addressed with SMOTE data.

The regression models found tree-based ensembles outperformed linear models
with the ETR with combined 2D+3D features reaching a test MAE of 9.8 + 1.2% ee,
meeting a 10% ee MAE target. However, errors were heavily concentrated in the low-
mid ee region due to the dataset bias, motivating the reformulation to a classification
task.

In the classification models, across algorithms and descriptor sets, test
accuracies were 76-81%, exceeding the majority class baseline of 67.9%. GBC with 3D
descriptors achieved the top accuracy of 81.4 =+ 1.1%. Confusion matrices revealed
asymmetric prediction accuracy, high predictions were reliable (80-94% accuracy) but
accuracy of low ee was limited (42-72%). 3D descriptors showed a predictive advantage,
but the addition of 2D+3D features did not improve on 3D alone.

The inclusion of SMOTE data to the 3D classifier models GBC and ETC,
increased the minority class accuracy. However, for the best-performing classifier
GBC(3D), this came with a reduced high-class accuracy, emphasising the need for

more real experimental data to increase model performance.
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Across all models, the permutation feature importances showed no single dominant
feature drove predictions. Instead ee was found to be governed by complementary
steric, electronic and experimental reaction condition feature signals. The learning
curves for the most predictive models indicated a variance limited region and predictive
ability in both classification and regression tasks was improving on the largest available
sample size. This further emphasises the need for more real experimental data for
better predictive ability, specifically in the low-mid range ee region.

In conclusion, this chapter established a methodology that produced prediction
for ee in both classification and regression tasks, with different options of input
features, dependent on inclusion of QC calculations of ground-states. The regression
models met the predefined 10% ee MAE benchmark, and the classification models
indicate an accuracy of 81.4%. Both models show limitations in predictive ability
around the low-mid range ee values and classes, where additional data is needed.

Given the current performance, the next step was to evaluate the models
through their application to novel TSC=C AH reactions, validate the predictions
experimentally, and assess suitability for integration into a real-time optimisation

workflow.

99



3 Evaluating Machine Learning Models on Novel Asymmetric

Hydrogenation Reactions of Tetra-substituted Olefins




3.1 INTRODUCTION

While ML has been applied in the literature to the prediction of experimental reaction
outcomes, very few studies have validated these models on novel experimental
reactions. Such evaluation is essential if ML models are to be applied in practice for
the optimisation of unoptimised reactions, whether trained on literature data, where
reactions are often reported under optimised conditions, or on HTE data, which may
not reflect the same screening processes used in new studies.

In the previous chapter, ML models were developed using the available
literature data on T'SC=C reactions to predict both ee as a continuous value and the
ee class, defined as high (=80% ee) or low (<80% ee). These models demonstrated
promising performance on held-out literature test sets, particularly the best-
performing regression and classification models: ETR(2D+3D) and GBC(3D).
However, their practical utility ultimately depends on how well they can predict
outcomes for completely novel reactions.

To reflect how such models might be applied in practice, the test reactions in
this chapter were designed to mimic an initial screening study, where conditions are
not optimised, enantioselectivities are expected to be modest, and structurally diverse
chiral ligands are assessed. For this purpose, 2,3-diphenyl-1H-inden-1-one (S3.1) was
selected as the test substrate. Although the racemic hydrogenated product, 2,3-
diphenylindan-1-one, has been prepared,?®® no method for its enantioselective synthesis
has been reported. This made S3.1 an ideal case study to evaluate the predictive
capability of the models in the absence of prior training data.

Furthermore, evaluating the ML models on S3.1 also provides broader insight
into their potential to accelerate optimisation campaigns of relevance to drug discovery.
Indanone derivatives are of particular interest due to their applications in
pharmaceuticals, materials, and natural products,?6% 261 which has motivated prior
studies on their racemic synthesis—most notably through palladium-catalysed
transformations of vinyl benzoic acids.?®® One natural product of interest containing
the diphenylindan-1-one motif is (+)-Isopaucifloral F (Figure 3.1).262 Although

racemic syntheses of (+)-Isopaucifloral F have been reported,?%® an enantioselective
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synthesis has not yet been achieved. As such, if the generated models can accurately
predict the ee of reactions involving S3.1, this would highlight their potential

applicability in the development of intermediates to complex motifs such as (+)-

Isopaucifloral F.

Figure 3.1: Structures of S3.1 and the natural product (+)-Isopaucifloral F.

In addition to testing the models on a completely novel substrate, it was also important
to evaluate their performance on substrates already represented in the training dataset
(‘seen’ substrates). This approach allows assessment of whether the models can reliably
extend their predictions to new catalyst—substrate combinations, when the substrate
itself has prior representation in the data. To this end, reactions of these substrates
with chiral catalysts not previously reported for their transformations were carried out,
providing a further test of the models’ predictive capability

This chapter therefore presents the experimental evaluation of the ML models
developed in this work, comparing predicted and observed outcomes for novel AH
reactions, and assessing their potential and limitations for guiding future optimisation

campaigns.
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3.1.1 Chapter Aims

This chapter aimed to evaluate the predictive performance of the ML models developed
in Chapter 2 on novel AH reactions of TSC=C. Specifically, the objectives were: (i) to
design an experimental dataset comprising both ‘unseen’ and ‘seen’ substrates with a
structurally diverse set of chiral ligands; (ii) to extract the relevant features from this
dataset to ensure consistency with those used in model development,; (iii) to generate
predictions using the best-performing models, ETR(2D+3D) and GBC(3D); and (iv)
to conduct the reactions experimentally and compare the predicted and experimental

ee values in order to assess the models’ reliability.
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3.2 METHODS

The experimental dataset used to test the predictive ability of the ML models
comprised the substrates and ligands shown in Figure 3.2. Substrate S3.1 represents
a novel ‘unseen’ substrate, whereas substrates $3.2-S3.5 are ‘seen’ substrates for which
reaction data already exist in the literature dataset. All ligands included in Figure 3.2
are also present within the literature dataset.

To evaluate the predictive performance of the ML models on the ‘unseen’
substrate S3.1, conformational searching and geometry optimisation were performed
using CREST at the GFN2-xTB level of theory, consistent with the procedure applied
to the literature substrates. From the optimised structures, molecular fingerprints (2D)
and physical organic features (3D) were extracted in alignment with the approach
described in Section 2.2.3. The reaction conditions employed in the experimental
reactions (outlined in detail in Section 3.3) were likewise encoded as input features in
the same manner as in the original ML dataset.

The ee of the reactions was predicted using models ETR(2D+3D),
GBR(2D+3D), GBR(3D), ETR(3D), ETC(3D), GBC(3D) and the SMOTE datasets
ETC(3DSMOTE) and GBC(3DSMOTE) for comparison across feature sets and

models.
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Figure 3.2: Substrates and ligands employed in the AH reactions of the experimental dataset.
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3.3 RESULTS AND DISCUSSION

3.3.1 Prediction of Reactions of a Novel Substrate

To assess the predictive performance of the ML models on the ‘unseen’ substrate S3.1,
reactions were carried out using four commercially available chiral ligands (Figure 3.2)
that have previously been employed in AH reactions of TSC=C. It was hypothesised
that catalysts prepared in-situ from these ligands would deliver adequate conversion,
enabling their enantioselectivities to be evaluated. The frequency of occurrence of each
ligand in the literature dataset is also shown in Figure 3.3. All four ligands have been
used multiple times in prior studies and rank among the twelve most frequently

employed ligands by reaction count (Figure 2.4, Section 2.3).

¢ Ligands ~N

L3.1 L3.2 L3.3 L3.4

g /

Figure 3.3. Ligands employed in the AH reactions of S3.1. The number of times each ligand appears in the literature
dataset is reported below the ligand in purple.

The reactions were all conducted with 5 mol% [Rh(NBD),|BF4, 6 mol% of a chiral
ligand, in DCM at rt under 100 bar of Hy. The ee of the reactions were predicted using
the best-performing regression model, ETR(2D+3D), while the ee class (high > 80%
ee, low < 80% ee) was predicted using the best-performing classification model,
GBC(3D). The outcomes of these predictions (p.ee and p.class) and the newly obtained
experimental ee values are presented in Table 3.1.

The reactions afforded moderate to high conversions, while the
enantioselectivities were low to modest, ranging from 21% ee with L3.1 to 73% ee with
L3.2. The latter represents the first report of the enantioselective formation of this
product. Further screening and optimisation may therefore yield a particularly useful

catalytic system for this class of substrates.
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Table 3.1: Results obtained for the AH reactions of S3.1 with ligands L.3.1-L3.4, alongside the predicted ee values
from ETR(2D+3D) and class prediction from GBC(3D).

L (6 mol %) 0

0
Q’ Ph  H, (100 bar) (%—Ph
Ph

DCM, rt, 48 hrs "—Ph
R_N Ligand C°n(";f;i°n d.r ee(%) ET:.(:;;)B 7 G:(c:l:sm
3.1 L3.1 73 4:3 21 80 high
3.2 L3.2 95 100 73 75 high
3.8 L3.3 56 100 15 83 high
3.4 L3.4 34 100 31 58 high

Both the regression and classification models overestimated the enantioselectivity. The
classification model, in particular, predicted all cases as belonging to the high class,
despite the experimental ee values being below 80% and therefore belonging to the low
class. The regression model gave one accurate prediction for reaction 3.2, estimating
75% ee compared with the experimental 73% ee, but performed poorly for the other
reactions. This discrepancy likely reflects class imbalance in the training dataset, where
863 of the 1271 reactions exhibited an ee > 80%. As a result, the models perform

poorly when applied to low-ee reactions.

3.3.2 Predictions of Literature Substrates

Given the poor predictive performance of the models on low-ee reactions with an
‘unseen’ substrate, attention was redirected to predicting AH reactions on substrates
already represented in the ML training dataset. The selected and synthesised
substrates are shown in Figure 3.4, along with the number of reactions reported for
each in the literature dataset. The ligands used for the reactions are shown in Figure
3.5: L3.2 and L3.4 were employed in the AH of S3.1, while L3.5 and L3.6 were also

ligands in the literature dataset, used in 19 and 1 reactions respectively.
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Figure 3.4: Substrates selected and synthesised for AH reactions. The number of reactions reported for each
substrate in the literature dataset is indicated in purple.
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Figure 3.5: Ligands employed in the AH reactions of S3.2-3.5.

The use of substrates already represented in the ML training dataset was hypothesised
to improve predictive performance, as the models could draw on prior reaction data.
For example, S3.4 is the second most frequently occurring substrate in the dataset
when ranked by reaction count (Figure 2.2, Section 2.3). S3.5 has previously been
studied with ligands L3.2 and L3.6 in a report by Zhang (2017),3® where it was
screened against multiple ligands before anthryl-MeOBIPOP— a modified form of
MeO-BIPOP (L3.6)—was identified as the optimal ligand. In that study, reactions
were carried out using 10 mol% [Rh(NBD),|BF, and 12 mol% of the chiral ligand in
DCM. These conditions therefore served as the basis for the reactions performed on
the present substrates.

The ee of all reactions were again predicted using the best-performing regression
model, ETR(2D+3D), while the ee class (high > 80% ee, low < 80% ee) was predicted

using the best-performing classification model, GBC(3D). The outcomes of these
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predictions (p.ee and p.class) and the newly obtained experimental ee values for S3.2

are presented in Table 3.2.

Table 3.2: Results obtained for the AH reactions of S3.2 with ligands L3.2, L3.4, L.5 and L3.5, alongside the
predicted ee values from ETR(2D+3D) and class prediction from GBC(3D).

L (12 mol %)

OQ. H, (85 bar)

DCM, 60 °C, 48 hrs

e N
3.5 L3.2 >99 15 67 low
3.6 L3.4 >99 55 55 low
3.7 L3.5 0 N.D 75 low
3.8 L3.6 77 13 71 low

Although conversions were high for reactions 3.5, 3.6, and 3.8, the enantioselectivities
were low, ranging from 13% to 55% ee, with the highest value of 55% obtained using
L3.4. In contrast to the predictions for 83.1, the class predictions from GBC(3D) were
fully accurate, correctly assigning all cases to the low class. The regression model,
ETR(2D+3D), was less reliable as it substantially overestimated the ee for reactions
3.5 and 3.8, predicting 67% and 71% ee compared to the experimental 15% and 13%
ee, respectively. However, it accurately predicted the outcome of reaction 3.6, which
gave the highest ee for this substrate, at 55%.

The experimental results and predictions for S3.3 (Table 3.3), again gave the
highest ee with L3.4 (78%), which also achieved full conversion for this substrate. Due
to the low conversions obtained in reactions 3.11 and 3.12, ee values were only available
for two reactions. Both were classified as high by GBC(3D), although their
experimental ees were low. The regression model, ETR(2D+3D), also failed to predict
these values accurately, with absolute errors of 20 and 25%, respectively. Nevertheless,
it is worth noting that although the predictions fell outside the 10% MAE achieved

previously, the model did not default to reporting >90% ee (the ee values seen for the
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majority of reactions in the literature dataset). This suggests the model is capable of

assigning more moderate predictions, even if they are not yet sufficiently accurate.

Table 3.3: Results obtained for the AH reactions of S3.3 with ligands L3.2, L3.4, L.5 and L3.5, alongside the
predicted ee values from ETR(2D+3D) and class prediction from GBC(3D).

Ph L (12 mol %)

[Rh(NBD),]BF, (10 mol%) .~Ph
O‘ H,, (85 bar) ©:>...Me

DCM, 60 °C, 48 hrs

R e U ey THY
3.9 L3.2 39 45 65 high
3.10 L3.4 >99 78 53 high
3.11 L3.5 0 N.D 76 high
3.12 L3.6 19 N.D 72 low

A similar outcome was observed for S3.4 (Table 3.4). The GBC(3D) model once again
predicted all ee values to fall in the high class, despite the experimental results being
low. The regression model performed best for the highest ee observed with this
substrate, obtained using L.3.2 (69%), where the model predicted 59%. This falls within
the 10% ee MAE benchmark defined for the regression models. However, for the lower
ee values in reactions 3.14 and 3.16 (15% and 33%, respectively), the model

overestimated the outcomes, predicting 60% and 68% ee.

Table 3.4: Results obtained for the AH reactions of S3.4 with ligands L3.2, L3.4, L.5 and L3.5, alongside the
predicted ee values from ETR(2D+3D) and class prediction from GBC(3D).

L (12 mol %)
[Rh(NBD),]BF, (10 mol%)

H, (85 bar) ‘
MeO DCM, 60 °C, 48 hrs MO
R N Ligand Con(v;{)r)sion ee(%) ETE(:eI?;:D) GES:?)
3.18 L3.2 >99 69 59 high
3.14 L3.4 >99 15 60 high
3.15 L3.5 0 N.D 72 high
3.16 L3.6 53 33 68 high
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As noted previously, substrate S3.5 has been studied with ligands L3.2 and L3.6
(Zhang, 2017). In the present work, experimental ee values were obtained for these
pairings and, together with a novel reaction using L3.5, are summarised in Table 3.5.
The results closely match the literature: L3.2 and L3.6 afforded 11% and 87% ee here,
compared with 14% and 82% ee reported previously. Notably, the new reactions were
conducted at higher hydrogen pressure (85 bar vs 60 bar) and shorter reaction time
(48 h vs 96 h). Unfortunately, no conversion was observed for the novel reaction 3.18

with L3.5, precluding an evaluation of the ML models’ performance on this substrate.

Table 3.5: Results obtained for the AH reactions of S3.5 with ligands L.3.2, L..3.5 and L3.5, alongside the predicted
ee values from the novel reaction 18 from ETR(2D+3D) and class prediction from GBC(3D).

Me L (12 mol %)

Me
Me H, (85 bar) Me
MeO MeO

DCM, 60 °C, 48 hrs

R N Ligand Con(v(;)r)sion ee(%) ETE(:;;;)BD) GESSSD)
3.17 L3.2 >99 11

3.18 L3.5 0 N.D 74 high
3.19 L3.6 >99 87

As this substrate could not be evaluated with the previously conducted reactions,
attention turned to strategies that have shown success in the literature for
unfunctionalised TSC=C substrates, particularly P,N-oxazoline ligands with
[Ir(COD)|[BAr4] complexes. This approach had not yet been applied to the present
substrate. Accordingly, the P,N-oxazoline ligand L3.1 was employed with the complex
[Ir(L3.1)(COD)|BArF4, and the experimental results together with the model
predictions are presented in Table 3.6. The reaction yielded >99% conversion and 67%
ee. The ee class was again misclassified as high, whereas the true ee class was low (<
80% ee). However, the regression model ETR(2D+3D) predicted an ee of 73%,

indicating a good performance of this model on this system.
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Table 3.6: Results obtained for the AH of S3.6 with [Ir(L3.1)(COD)|BArF,, alongside the predicted ee from
ETR(2D+3D) and class prediction from GBC(3D).

Me  heemmeeosmomemcee-emceeoee- ; '
[Ir(L3.1)COD|BArF, (2 mol%) /©:>"'Me
O L
MeO

H, (50 bar)
DCM, rt,4 h 67% ee
R N Licand Conversion % ETR(2D+3D) GBC(3D)
= 1gan (%) ee( 0) p-ee(%) p.class
3.20 L3.1 >99 67 73 high

This result aligns with the overall trend observed in the evaluation of the ML models
on these substrates. When the experimental ee values are higher, the models predict
them with reasonable accuracy. Across the full experimental dataset of 20 reactions,
the MAE between predicted and true ee values was 31.3%, substantially higher than
that reported from the literature test sets. This discrepancy reflects the fact that the
training dataset, drawn primarily from optimised literature reactions, is not directly
applicable in a real-time experimental setting. The accuracy of class predictions from
GBC(3D) was also poor at 25%, as all experimental ees fell into the low class; the only
correct classifications were for S3.2. Excluding the first four reactions and recalculating
the MAE for substrates already represented in the training dataset improved
performance to 27.9% MAE ee. However, this remains considerably higher than the
10% ee MAE achieved by ETR(2D+3D) on the literature test set. This gap is likely
due to the class imbalance in the training data, which contains a much higher
proportion of high-ee reactions compared with the predominantly low-ee values in this
experimental dataset.

For comparison of models and descriptor types the experimental dataset was

also predicted by the GBR(2D+3D), ETR(3D), ETC(3D), GBC(3D) and the SMOTE
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datasets ETC(3DSMOTE) and GBC(3DSMOTE) and the results are shown in Table
3.7.

Table 3.7: The prediction of ee values and class from models ETR(2D+3D), GBR(2D+3D), GBR(3D), ETR(3D),
ETC(3D), GBC(3D) and the SMOTE datasets ETC(3DSMOTE) and GBC(3DSMOTE), alongside the true
experimental ee values.

ETR GBR GBR ETR ETC GBC ETC GBC
R N ee(%) (2D+3D) (2D+3D) (3D) (3D) (3D) (3D) (3DSMOTE)  (3DSMOTE)
p.ce p.ce p.ce p.ee p.ce p.ce p.ce p.ee
3.1 21 80 92 52 77 high high high high
3.2 73 75 86 61 80 high high high high
3.8 15 83 94 54 84 high high high high
3.4 31 58 84 38 74 high high high high
3.5 15 67 74 26 69 low low high high
3.6 55 55 71 100 64 low low high high
3.7 N.D 75 62 25 74 high low low high
3.8 13 71 36 4 56 low low high high
3.9 45 65 74 51 72 high high high high
3.10 78 53 73 28 65 high high high high
3.11 N.D 76 70 51 71 high high high high
3.12 N.D 72 52 24 57 low low high high
3.18 69 59 84 74 74 high high high high
3.14 15 60 83 54 66 high high high high
3.15 N.D 72 80 83 77 high high high high
3.16 33 68 49 45 60 high high high high
3.17 11
3.18 N.D 74 65 79 76 high high high high
3.19 87
3.20 67 73 49 43 57 low high high high

Overall, the models tended to overestimate enantioselectivity and underestimate the
number of poor outcomes. Most regression models consistently predicted relatively
high ee values, typically in the 60-90% range, even when the true experimental ee was
low. For ETC(3D SMOTE) and GBC(3D SMOTE), nearly all reactions were classified
as high regardless of the experimental value, suggesting that the use of SMOTE
worsened class calibration in this case. GBR(3D) was the only model that occasionally
identified low-ee reactions, consistent with its status as the best-performing model in

the literature dataset. Notably, while ETR(2D+3D) performed best on the literature
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dataset, in the experimental dataset GBR(3D) achieved the lowest MAE of 24% ee for
this experimental dataset.

GBR(3D) achieved an MAE of 14.4 £ 0.6% ee on the test sets of the literature
dataset. Although the MAE obtained for the experimental dataset was much higher,
examination of the predictions reveals that this model outperformed the others on low
ee reactions. In particular, reactions 3.4, 3.5, 3.8, 3.9, and 3.16 (all of which gave low
experimental ee) were predicted with reasonable accuracy by GBR(3D). This suggests
that, despite its lower overall MAE on the literature dataset, GBR(3D) may provide a
more reliable alternative when applied to experimental reactions characterised by

modest enantioselectivity.
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3.4 CONCLUSIONS AND FUTURE WORK

This chapter evaluated the predictive performance of the ML models developed in
Chapter 2 on novel AH reactions of TSC=C. The experimental dataset comprised both
a completely ‘unseen’ substrate (S3.1) and ‘seen’ substrates (S3.2-3.6), tested with a
diverse set of chiral ligands.

Across the dataset, the models overestimated enantioselectivity, particularly for
reactions with low experimental ee. The best-performing regression model on the
literature dataset ETR(2D+3D) tended to predict values in the 60-90% ee range, even
when the true ee values were much lower, while the classification models frequently
misclassified low-ee reactions as belonging to the high ee class. The outcomes highlight
the influence of class imbalance in the training dataset, which was dominated by
optimised literature reactions with ee >80%.

Despite this limitation, certain encouraging trends were observed. The models
performed more reliably when experimental ees were relatively high, with some
predictions falling in the 10% ee MAE benchmark. For example, ETR(2D+3D)
accurately predicted the ee of reaction 3.2 (73% vs 75%), reaction 3.6 (55%), and
reaction 3.20 (67% vs 73%). The GBR(3D) model showed better generalisation to low-
ee reactions, achieving the lowest overall MAE of 24% on the experimental dataset.

Future improvements would require further balancing the training dataset with
a broader distribution of low ee examples, incorporating negative ‘failed’ reactions to
counteract the reporting bias that exists in the dataset, and expanding the diversity
of substrates and ligands included. Such improvements could enable the development
of models with improved calibration across the full range of experimental outcomes
and enhance their practical use for guiding optimisation campaigns of this challenging

transformation.
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3.5 EXPERIMENTAL

3.5.1 General Considerations

Unless otherwise stated all manipulations were carried out under an inert atmosphere
(N3 or Ar) using standard Schlenk techniques or employment of an MBraun glovebox.
Glassware was dried in an oven at 180 °C overnight before use.

Unless otherwise stated, all reagents were purchased from Merck or Fluorochem
and used as purchased. Laboratory grade toluene and tetrahydrofuran (THF) were
dried over sodium/benzophenone and distilled prior to use. MeOH, DCM and ethyl
acetate (EtOAc) were refluxed over calcium hydride (CaH) and distilled onto activated
3A molecular sieves. Room temperature (rt) refers to 298 K. Ethylene diamine was
also dried over activated 3A molecular sieves.

High pressure hydrogen reactions were conducted in a HEL cat24 high pressure
reactor vessel.

'H, 13C{'H} and 3P{'H} NMR spectra were recorded on a Brucker 400 MHz or
500 MHz spectrometers in CDCls and 'H and 3C{'H} NMR chemical shifts are
reported relative to CDCl3 at 8y 7.26 ppm and 8¢ 77.16 ppm. Coupling constants (J)
are reported in Hertz (Hz). Multiplicities are indicated by: br s (broad singlet), s
(singlet), d (doublet), t (triplet), q (quartet), p (pentet) and m (multiplet).

Chiral supercritical fluid chromatography (SFC) analysis was performed on a
Waters ACQUITY UPC2 System with DAICEL CHIRALPAK IC, 1], IK or IG columns
(4.6 x 250 mm, 3,0 um) in a mixed solvent system of supercritical carbon dioxide

(CO3) and MeOH. A system backpressure of 138 bar was used in all cases.

3.5.2 General Procedure for Asymmetric Hydrogenation Reactions

In a nitrogen-filled glovebox a 4 mL vial equipped with a magnetic stirrer bar was
charged with either [Rh(NBD)y]BF4 (5 mol%, 0.005 mmol, 1.86 mg), chiral ligand (6
mol%, 0.006 mmol); [Rh(NBD)2]BF4 (10 mol%, 0.010 mmol, 3.74 mg), chiral ligand
(12 mol%, 0.012 mmol) or 2 mol% [Ir(L3.1)COD|BArfs and DCM (0.5 mL). The
resultant mixture was stirred for 30 min before the substrate (0.1 mmol, 17 mg) was

added. The charged vial was placed into a stainless-steel autoclave (HEL cat24 high
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pressure reactor vessel). The autoclave was then purged with Hy three times and
charged to the indicated pressure and temperature. The mixture was stirred for 24 h
before it was cooled to room temperature and depressurised. The resultant mixture
was directly passed through a short plug of silica with EtOAc/petreoleum ether to give
the desired product, evidenced by 'H NMR accordance with the racemate product to
give the conversion of starting material to product. The ee of the product was

determined by chiral SFC analysis.

3.5.3 General Procedure for Racemic Hydrogenation Reactions

To 4 mL vial the relevant substrate (0.1 mmol), palladium on carbon (Pd/C) 10 wt%
(0.01 mmol, 2 mg) and 500 uLs EtOAc was charged. The vial was places in high pressure
autoclave (HEL cat24 high pressure reactor vessel). The autoclave was pressurised to
100 bar H; and the reaction was left stirring for 18 hours. After carefully depressurising
the autoclave the reaction was passed through celite, the volatiles were subsequently
removed at reduced pressure. Purification by column chromatography (petroleum

ether/ethyl acetate, 4:1) obtained the hydrogenated product.

3.5.4 Characterisation of Hydrogenated Product 2,3-Diphenyl-indan-1-one
2,3-diphenyl-indan-1-one (P3.1)
(S,R)/(R.S)

'H NMR (400 MHz, CDCls): 5 7.97 (d, J = 7.5 Hz, 1H), 7.7 — 7.66 (m, 1H), 7.54 —
7.49 (m, 1H), 7.44 - 7.41 (m, 1H), 7.36 — 7.24 (m, 2H), 7.05 — 6.95 (m, 4H), 6.81 — 6.75
(sm 1H), 6.65 — 6.57 (m, 1H), 5.07 (d, J = 8.2 Hz, 1H), 4.49 — 4.36 (m, 1H).

13C{!H} NMR (101 MHz, CDCls): 5 206.4, 155.8, 140.7, 138.0, 137.1, 135.8, 130.5,
129.8, 128.75, 128.27, 127.85, 126.96, 124.2, 61.2, 52.0.

Chiral SFC Analysis: CHIRALPAK IC (CO2:MeOH, 90:10, 1.25 mL min™, 40 ° C, 240
nm) tR = 8.8, 10.6 minutes.
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(S7S)/(R”R) O

Ph

'H NMR. (400 MHz, CDCls): 5 7.89 (d, J = 7.7 Hz, 1H), 7.66 — 7.62 (m, 1H), 7.51 —
7.47 (m, 1H), 7.34 — 7.29 (m, 7H), 7.12 — 7.08 (m, 2H), 4.58 (d, J = 4.8 Hz, 1H), 3.82
(d, J = 4.8 Hz, 1H).

13C{H} NMR (101 MHz, CDCls): 5 138.3, 136.4, 135.3, 128.8, 128.7, 128.2, 128.1,
127.8, 127.0, 126.5, 123.9, 64.4, 54.7.

Chiral SFC Analysis: CHIRALPAK IC (CO2:MeOH, 90:10, 1.25 mL min™, 40 ° C, 240
nm) tR = 6.1, 6.8 minutes.

MS ES+: 284.10 ([C21H160]

3.5.5 Preparation of Substrates
1,2,3,4-tetrahydro-9H-fluorene (S53.2)

Se

Synthesised according to reported procedure.?64

In a 250 mL flame dried Schlenk flask Fluorene (3.33 g, 19.33 mmol) was dissolved in
20mL of THF and 20 mL ethylene diamine under an argon atmosphere. The solution
was cooled to 0 °C, and lithium (2 g, 290 mmol) was added in 500 mg portions every
10 min. The mixture was brought to rt and left to stir for 18 h. The reaction was
carefully quenched with water and extracted with cyclohexane. Organic layers were
dried with magnesium sulfate (MgSO4) and the solvent was removed at reduced
pressure. Purification by column chromatography (petroleum ether) obtained 1,2,3,4-
tetrahydro-9H-flourene as a white crystalline solid. Yield 2.45 g (70%).

Spectroscopic analysis aligns with literature.?64
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IH NMR (400 MHz, CDCls): § 7.43 (d, J = 7.3 Hz, 1H, CH=), 7.33 — 7.29 (m, 1H,
CH=), 7.26 — 7.24 (m, 1H, CH=), 7.19 — 7.16 (m, 1H, CH=), 3.28 (s, 2H, CH,), 2.54
— 2.43 (m, 4H, CHy,), 1.89 - 1.82 (m, 4H, CH;) ppm.

13C{1H} NMR (101 MHz, CDCls): 5 146.3, 142.8, 141.5, 136.1, 125.9, 123.6, 123.3,
117.5, 40.6, 26.0, 23.3, 22.7, 22.3 ppm.

HRMS ES+: 171.1167 ([M+H]|*, [CisHu])

2-Methyl-3-phenyl-1H-indene (S3.3):

Ph

Synthesised according to reported procedure.?%°

A Schlenk flask was charged with Mg (4.3g, 180 mmol) and was flame dried under
vacuum. 250 mL THF and a catalytic amount of iodine were added and the mixture
was stirred for 2 h. Bromobenzene (3.79 mL, 86 mmol) was then added to the mixture
at 0 °C. The reaction was warmed to rt and then stirred at reflux for 18 h. The reaction
mixture was filtered away from the excess Mg. 2-methyl-1-indanone (2.7 mL, 18.46
mmol) was added to the prepared Grignard dropwise at 0 °C. The reaction was then
warmed to rt and stirred at reflux for 18 h. The reaction was cooled to room
temperature and quenched with water (40 mL). HCI (0.1M, 40 mL) and Et;O (40 mL)
were added. The organic layers were extracted with Et;O (3 x 20 mL), washed with
saturated sodium hydrogen carbonate (NaHCOs3), brine, water and dried over MgSOs.
Purification by column chromatography (hexane: EtOAc ; 95:5) obtained 2-methyl-3-
phenyl-1H-indene as a white solid (2.1 g, 55% yield).

Spectroscopic analysis aligns with literature.?6®

IH NMR (500 MHz, CDCls): 5 7.54 — 7.44 (m, 5H, CH=), 7.42 — 7.39 (m, 1H, CH=),
7.38 (ddd, J = 7.6, 3.7, 1.5 Hz, 1H, CH=), 7.20 (ddd, J = 7.3, 5.9, 2.6 Hz, 1H, CH=),
3.50 (s, 2H, CHy), 2.19 (s, 3H, CH3) ppm.

13C{1H} NMR (126 MHz, CDCls): 5 146.7, 142.8, 141.0, 139.0, 135.9, 129.5, 128.8,
127.4, 126.5, 124.4, 123.8, 119.4, 43.5, 15.2 ppm.

MS ES+: 206.1 ([C14H16])
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1-Methoxy-4-(3-methylbut-2-en-2-yl)benzene (S3.4):

MeO

Synthesised according to reported procedure using Wittig olefination.26¢
Isopropyltriphenylphosphonium  iodide (4.0 g, 9.26 mmol) potassium
bis(trimethylsilyl)amide (KHMDS) (1.8 g, 9.26 mmol) and toluene (40 mL) were
charged to a reaction vessel. The reaction was stirred at rt for 10 minutes until the
mixture turned red. A solution of 1(4-methoxyphenyl)ethan-1-one (772 mg, 5.14
mmol) in toluene (40 mL) was added at rt. The reaction was heated to reflux for 2 h
and then stirred at rt overnight. Volatiles were then removed at reduced pressure,
diluted with Et,O and filtered through silica. Purification by column chromatography
(hexane: EtOAc ; 7:3) yielded 1-methoxy-4-(3-methylbut-2-en-2-yl)benzene (361 mg,
80%) as a coloourless oil.

Spectroscopic analysis aligns with the literature.66

'H NMR (400 MHz, CDCls): & 7.06 (d, J = 8.8 Hz, 2H, CH=), 6.86 (d, J = 8.8 Hz,
2H, CH=), 3.81 (s, 3H, CHz-O ), 2.16 — 1.89 (m, 3H, CH3), 1.88 — 1.74 (m, 3H, CHa),
1.68 — 1.57 (m, 3H, CH3) ppm.

13C{1H} NMR (101 MHz, CDCls): § 157.7, 137.9, 129.5, 127.1, 113.4, 55.3, 22.2, 21.0,
20.7 ppm.

MS ES+: 176.10 ([Clelso])

5-methoxy-2-methyl-2,3-dihydro-1 H-indenone:

@)

MeO :

Synthesised according to reported procedure.?%?
A Schlenk flask was charged with 5-methoxy-1-indanone (1.25g, 7.69 mmol) and THF
(70 mL). The solution was cooled to — 40 °C and a solution of LiHMDS (1.7g, 10

mmol, 10 mL) in THF (40 mL) was added dropwise. The reaction mixture was stirred
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at — 40 °C for 2 h, after which methyl iodide (MeI) (0.67 mL) was added, and the
reaction mixture was stirred at 0 °C overnight. The reaction was diluted with aqueous
ammonium chloride (NH4Cl) and the volatiles were removed at reduced pressure. The
residue was extracted with toluene. The organic phases were combined, washed with
water (3 x 20 mL) and brine (3 x 20 mL), dried over MgSO, and volatiles were removed
at reduced pressure. Purification by column chromatography (hexane: EtOAc ; 7:3)
yielded 5-methoxy-2-methyl-2,3-dihydro-1H-indenone as a white solid (790 mg, 59%
yield).

Spectroscopic analysis aligns with literature.20?

IH NMR (400 MHz, CDCls): & 7.75 — 7.55 (m, 1H, CH=), 7.01 - 6.75 (m, 2H, CH=),
3.88 (s, 3H, CHs-O), 3.47 — 3.24 (m, 1H, CH), 2.85 — 2.58 (m, 2H, CHy), 1.30 (d, J =
7.3 Hz, 3H, CHs;) ppm.

6-Methoxy-2,3-dimethyl-1 H-indene (S3.5):

Synthesised according to reported procedure.?%?

To a solution of the prepared 5-methoxy-2-methyl-2,3-dihydro-1H-indenone (790 mg,
4.48 mmol) in THF (20 mL) at 0 °C was added methyl lithium (MeLi) (4.2 mL, 6.72
mmol) was added. The solution was then stirred at rt for 18 h. The reaction was
quenched with saturated NH4Cl dropwise. Subsequently, Et.O and water were added.
The organic phase was extracted with Et;O. The combined organic phases were washed
with sodium chloride (NaCl), dried over MgSO, and volatiles were removed at reduced
pressure. The resulting oil was extracted with toluene (20 mL). p-Toluenesulfonic acid
(56 mg) was added and the mixture was heated to reflux overnight. The solution was
allowed to cool to rt, Et;O and saturated NaHCO3; was added. The organic phase was
separated, washed with brine, dried over MgSO, and volatiles were removed at reduced
pressure. Purification by column chromatography (petroleum ether: EtOAc ; 9:1)
yielded 6-Methoxy-2,3-dimethyl-1H-indene as a yellow oil (470 mg, 60% yield).

Spectroscopic analysis aligns with literature.20?
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IH NMR (400 MHz, CDCls): 5 2.01 (s, 3H, CHs), 2.03 (s, 3H, CHs), 3.23 (s, 2H, CHy),
3.82 (s, 3H, CHs-O), 6.82 (dd, 1H, CH=, J= 8.2, J= 2.4 Hz), 6.98 (d, 1H, CH=, J=
2.4 Hz), 7.09 (d, 1H, CH=, J= 8.2 Hz) ppm.

MS ES+: 174.10 ([C12H140])

3.5.6 Characterisation of Hydrogenated Products
cis-1,2,3,4,4a,9,9a-heptahydro-4aH-flourene (P3.2):

Spectroscopic analysis aligns with literature.34

IH NMR (400 MHz, CDCI3): 5 7.30 — 7.24 (m, 1H), 7.19 (dtt, J = 15.5, 6.4, 3.1 Hz,
3H), 3.14 (q, J = 5.8 Hz, 1H), 2.90 (dd, J = 15.1, 6.6 Hz, 1H), 2.63 (dd, J = 15.1, 4.4
Hz, 1H), 2.48 (dqd, J = 8.4, 6.3, 4.6 Hz, 1H), 1.97 — 1.86 (m, 1H), 1.81 (dddd, J =
13.9, 9.8, 5.6, 3.8 Hz, 1H), 1.69 — 1.55 (m, 1H), 1.56 — 1.19 (m, 5H).

13C{!H} NMR (101 MHz, CDCI3): & 147.1(CHy,), 144.0 (CHa,), 126.1 (CHa,), 125.9
(CHay), 125.3 (CHa,), 123.0 (CHa,), 44.0 (Ca,CH), 39.8 (Ca,CHCH), 37.4 (Ca,CHz),
28.1 (CHQ), 27.3 (CHQ), 24.0 (CHQ), 22.7 (CHz) ppm.

HRMS: m/z 1450755 (M+2(CH;COO))2, 217.122 (M+HCOO), 231.1444
(M+CH3COO), calcd for CisHip 172.1247.

Chiral SFC Analysis: CHIRALPAK 1J (CO2:MeOH, 99.5:0.5, 2.50 mL min-!, 40 °C)
tR = 3.7 (major), 4.0 (minor) minutes.

cis-1-phenyl-2-methylindane (P3.3):

(CIwe

Spectroscopic analysis aligns with literature.202
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IH NMR (500 MHz, CDCls): § 7.33 — 7.27 (m, 3H), 7.25 — 7.11 (m, 5H), 7.03 — 6.97
(m, 1H), 4.39 (d, J = 7.9 Hz, 1H, CH-Ph), 3.07 (dd, J = 15.4, 7.4 Hz, 1H, CH,), 2.93
~2.79 (m, 1H, CH-Me), 2.69 (dd, J = 15.4, 7.4 Hz, 1H, CHy), 0.72 (d, J = 7.0 Hz, 3H,
CHs) ppm.

13C{H} NMR (126 MHz, CDCls): 5 146.4, 144.2, 141.7, 129.6, 128.1, 126.8, 126.6,
126.3, 125.6, 124.7, 55.4, 39.9, 39.6, 16.9 ppm.

Chiral SFC Analysis: CHIRALPAK IG (CO2:MeOH, 95:5, 2.50 mL min, 40 °C), tR
= 2.1 (major), 2.6 (minor) minutes.

MS ES+: 208.30 ([C16H16])

1-Methoxy-4-(3-methylbutan-2-yl)benzene (P3.4):

Meo/©/\|/

Spectroscopic analysis aligns with literature.20?

'H NMR (500 MHz, CDCls): & 7.07 (d, J = 8.6 Hz, 2H, CH=), 6.83 (d, J = 8.7 Hz,
2H, CH=), 3.79 (s, 2H, CHs), 2.47 — 2.29 (m, 1H, CH), 1.80 — 1.63 (m, 1H, CH), 1.21
(d, J = 7.1 Hz, 3H, CHs), 0.91 (d, J = 6.7 Hz, 3H, CHs), 0.75 (d, J = 6.7 Hz, 3H, CHa)

13C{H} NMR (101 MHz, CDCls): 5 128.6, 113.5, 55.4, 46.1, 34.7, 21.2, 20.3, 19.0

Chiral SFC Analysis: CHIRALPAK IG (CO3:MeOH, 99.5:0.5, 2.50 mL min, 40 °C,
219 nm), tR = 6.2, 7.1 minutes.
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5-Methoxy-1,2-dimethyl-2,3-dihydro-1H-indene (P3.5):

Me

~

MeO

Spectroscopic analysis aligns with literature.202

IH NMR (500 MHz, CDCI3): § 7.07 (d, J = 8.1 Hz, 1H, CH=), 6.79 — 6.68 (m, 3H,
CH=), 3.79 (d, J = 1.0 Hz, 3H, CHs), 3.11 (p, J = 7.1 Hz, 1H, CH), 2.95 (dd, J =
14.6, 6.5 Hz, 1H, CH), 2.62 — 2.49 (m, 2H, CH,), 1.11 (dd, J = 7.1, 1.0 Hz, 3H, CHs),
0.98 (dd, J = 6.9, 1.1 Hz, 3H, CH3) ppm.

MS ES+: 176.10 ([ClemO])

Chiral SFC Analysis: CHIRALPAK IG (CO3:MeOH, 99.5:0.5, 2.50 mL min, 40 °C,
279 nm), tR = 8.7, 9.4 minutes.
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3.5.7 Synthesis of Iridium Complex
2-(2-{Diphenylphosphanylphenyl)-4-isopropyl-4,5-dihydrooxazole-(n*-1,5-
cyclooctadienyl)iridium(I)Tetrakis(3,5-bis(trifluoromethyl)phenyl)borate
([Ir(L3.1)(COD)]|BArF,)

BArF4

thP\Ir ]Y

In A Schlenk flask under an argon atmosphere, a solution of ligand (219 mg, 0.59
mmol) and [Ir(COD)CI]; (198 mg, 0.295 mmol) in DCM (10 mL) was stirred at 40 °C
for 1.5 h. After cooling to rt, a suspension of NaBAr¥, (1.08 g, 1.22 mmol) in degassed
H,O (40 mL) was added, and the resulting mixture was stirred at rt for 4 h. The
organic layer was extracted with DCM and dried over MgSQO,. Purification by column
chromatography (Petroleum ether:DCM ; 8:2) yielded the complex as a bright red
powder.

Spectroscopic analysis aligns with literature.267

IH NMR (500 MHz, CDCls): 5 8.18 — 8.06 (m, 1H, CHa,), 7.76 — 7.68 (m, 8H, CHa,),
7.65 — 7.54 (m, 5H, CHa,), 7.53 — 7.44 (m, 6H, CHa,), 7.47 — 7.38 (m, 3H, CHa,), 7.15
— 6.96 (m, 2H, CHa,), 5.06 — 4.95 (m, 1H, CH of COD), 4.91 (p, J = 7.2 Hz, 1H, CH
of COD), 4.42 (dd, J = 9.6, 3.0 Hz, 1H, CH,) 4.33 (t, J = 9.5 Hz, 1H, CH), 4.11 (dt,
J = 95, 3.1 Hz, 1H, CH), 3.35-3.30 (m, 1H, CH of COD), 3.10 — 3.03 (m, 1H, CH of
COD), 2.63 -2.38 (m, 4H, CH; of COD), 2.14- 2.04 (m, 1H, CH, of COD), 2.04-1.93
(m, 2H, CH; of COD), 1.78-1.65 (m, 1H, CH, of COD), 1.50-1.44 (m, 1H, CH(CHas)y),
0.83 (d, J = 7.1 Hz, 3H, CHs), -0.10 (d, J = 6.7 Hz, 3H, CHa).

31p{!H} NMR (203 MHZ, CDCls): 5 15.88
13C NMR (126 MHz, CDCls): 5 162.1, 134.94, 134.33, 134.20, 134.14, 134.08, 134.02,

133.32, 133.24, 132.94, 132.57, 132.32, 130.05, 129.96, 129.11, 129.02, 125.8, 123.6,
117.6, 97.2, 93.6, 70.7, 68.4, 64.2, 63.8, 36.3, 33.1, 32.3, 28.7, 26.6, 18.7, 12.4.
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4 Applying Bayesian Optimisation to Asymmetric

Hydrogenation Reactions of Tetra-substituted Olefins




4.1 INTRODUCTION

In the previous chapters, ML models were developed and experimentally evaluated on
their ability to predict the ee values of AH reactions of TSC=C. Although, the
resultant MAEs from the literature-trained ML models indicated strong performance,
the models failed to predict the ee sufficiently on novel substrates in real experimental
settings, specifically for low-ee values, thereby limiting their practical use in reducing
costly trial-and-error experimentation.

Given the vastness of the chemical space associated with this reaction class, it
is likely thousands, or even tens of thousands of additional data points would be
required to yield a generalisable and accurate model for the prediction of ee values.
For this reason, an alternative optimisation strategy that is both efficient and
applicable is needed.

The method chosen for this was Bayesian optimisation (BO) which was applied
to a single substrate, with the objective of identifying the optimal reaction conditions

that maximise both ee and yield.

4.1.1 Acknowledgment of Contributing Researchers
The coding of the BO framework used in this chapter was conducted with the

assistance of Toby Lewis-Atwell.

4.1.2 Bayesian Optimisation
BO is an iterative design strategy used for the global optimisation of black-box
functions. It has proven highly effective in tuning ML models and has found increasing
applications in the field of chemistry.?68-274 Recently, BO has been used for optimising
chemical reactions and has shown excellent performance.?” In this context, it has been
applied to iteratively suggest new reaction conditions and aid the decision of which
experiments should be run.

BO employs a surrogate model, such as the ML models used in Chapter 2, to
approximate the objective function. Built on top of this surrogate model is an

acquisition function (AF), which guides the selection of inputs most likely to give
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optimal outputs (Figure 4.1). The AF not only predicts potential outcomes but also
quantifies the uncertainty of these predictions. One of the most used AFs is Expected
Improvement (EI), which balances exploitation (selecting inputs likely to improve the
current result) with exploration (sampling areas with high uncertainty to discovery

new optima).

Bayesian Optimisation

== (Objective Function
10 = Objective Function Mean
1 = Acquisition (EI, scaled)
® Sampled Points
) i
ok 5
0 -
_5 l—-_---—l —————— —_——= l---_--_l ------ T
0 2 4 6 8 10
X

Figure 4.1: Illustration of BO applied to a one-dimensional objective function. The blue curve represents the
optimisation process with its mean, and 95% confidence interval shown. The purple dashed line shows an acquisition
function guiding the future selections

Through this method, BO can aid experimentation by iteratively training and

retraining the surrogate model. At each step, the AF proposes new reaction conditions,

until the optimal conditions are found.

4.1.3 Gaussian Process Regression
Gaussian Process Regression (GPR) is one of the most widely used surrogate models
in BO, due to its flexibility and interpretability.14% 27> Importantly, numerous ML
studies identified GPR as the best-performing model, including in chemical property
prediction.276; 277

GPR is non-parametric, meaning that it does not assume a specific functional
form for the underlying data. Instead, it models the function as a collection of random
variables with a joint Gaussian distribution (Figure 4.2). The relationship between
inputs, the covariance, is described by the kernel function. The choice of kernel

determines the smoothness, periodicity, and general shape of the functions that the

128



model can represent. One of the most used kernels is the Radial Basis Function
(RBF) kernel, which assumes smooth, infinitely differentiable functions. The RBF
kernel function is given by Equation 4.1.

k(X; — X;) = exp (_ M) (4.1)

202

The kernel function quantifies the measure of the similarity between data points, the
value of which depends on the distance between points, X; — X;, and the length-scale
hyperparameter, . This length-scale hyperparameter is optimised to maximise the
log-marginal likelihood of the model. High values of ¢ cause the kernel value to increase
towards 1 and a low o cause the kernel value to decrease towards 0. As such, at the
two extremes of the hyperparameter ¢ of co and 0, the data points will be treated as

completely identical or completely different, respectively.278

Gaussian Process Regression

21 --. True function
=GP mean
14 95% CI
@® Training data
= 0-
-1 A

—
—

Figure 4.2: Depiction of GPR, the green dashed line represents the true function, the red points are the observed
training points, while the blue line shows the GPR prediction.

4.1.4 Chemical Representations for Bayesian Optimisation

Just as with typical ML methods, a systematic representation of chemical information
is required for input into BO frameworks. As optimisation campaigns are carried out
in low-data regimes, where few reactions of this class exist, the choice of chemical

representation can be challenging. The use of complex chemical descriptors on a low
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number of data points can result in poor performance.?® As such, this scenario may be
better suited to the use of one-hot encoding (OHE).

OHE transforms categorical variables into distinct binary vectors. For example,
reaction components are transformed into binary representations indicating whether a
particular catalyst, solvent or additive from the design space is present in the reaction.
OHE contains no explicit chemical or structural information but has demonstrated
strong performance in ML applications. Notably, models using these simple encodings
have, in some cases, achieved performances on par with those utilising computationally
expensive QM descriptors.27®

Such QM descriptors require mechanistic understanding, and have been used
often for reaction optimisation in a synthetic setting, where the datasets used are much
smaller. However, reports have suggested that these descriptors may contain little
relevant information and add unnecessary noise to datasets.133

A report from the Gaunt, Lapkin and coworkers compared the use of different
chemical representations on an iterative ML workflow on HTE dataset for prediction
of reaction yields.'3®* OHE was found to outperform complex descriptors incorporating
chemical information, even in low data-regimes. Additionally, the use of more complex
descriptors was found to require a larger initialisation dataset.

One technique used to retain more chemical information than OHE is the use
of dimensionality reduction techniques coupled with the use of fingerprints. A
commonly used example of this is principal component analysis (PCA). PCA is a
dimensionality reduction technique able to retain the variance and the global structure
of the data, with fewer dimensions. The high dimensional correlated variables are
transformed to a smaller set of uncorrelated variables, known as principal components.
Principal component 1 (PC1) contains the highest variance. In a two-dimensional plot,
this would be the line of best fit. Principal component 2 (PC2) contains the next
highest variance but is uncorrelated to PC1.28° This continues for the later principal

components. PCA is depicted in Figure 4.3.
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Figure 4.3: Illustration of PCA on a two-dimensional dataset.

4.1.5 Bayesian Optimisation for Reaction Optimisation
The conventional approach followed by synthetic chemists in an optimisation campaign
typically involves the time-intensive screening of a relatively small subset of the vast
space of possible reaction conditions. This process requires experts to simultaneously
consider multiple reaction parameters such as solvent, temperature, pressure, catalyst
loading and additives. The number of combinations increases exponentially with each
additional parameter. Additionally, this strategy relies heavily on expert chemical
intuition, mechanistic understanding and comprehensive literature knowledge to guide
experimental choices. This often results in selection bias by proposing reaction
conditions seen to work for similar reactions, but that may not be the optimal choice.?®
Advances in HTE have allowed for the supplementation and replacement of
manual screening in optimisation campaigns.®® By facilitating exhaustive screening,
HTE can reduce the reliance on expert-driven decision-making. However, access to
HTE platforms remain limited, and these systems are not always compatible with
reactions requiring harsh or inert conditions.270 28! Ideally, alternative approaches that
minimise the number of experiments required to efficiently converge to optimal

reaction conditions are preferable.
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BO can be used to emulate, rather than replace, the decision-making process
traditionally guided by domain experts, and has demonstrated success in ML driven
navigation of reaction space.?”® Unlike human-guided approaches, BO is less susceptible
to cognitive bias and can identify less obvious, yet potentially more advantageous,
reaction conditions in a more data-efficient manner.

BO has attracted growing interest within the chemical community and has been
applied to reaction optimisation strategies, most commonly for the use of automated
flow chemistry.” 270 271, 282 Notable BO frameworks such as Phoenics and Gryffin have
been developed and employed in chemical case studies, including the identification of
ligands and reaction conditions for Suzuki—-Miyaura cross-coupling reactions, among
other applications.268, 283

Many previous reports of implementing BO in chemistry have not been
applicable to typical batch-scale screening, without the use of HTE equipment. Once
such approach which has is the work from Doyle et al, who recently published an
Experimental Design via Bayesian Optimisation framework (EDBO) compatible for
human in-the-loop experimentation.?”® In this work, a BO framework was developed
using experimental data from palladium-catalysed cross-coupling reactions, specifically
the Suzuki-Miyaura and Buchwald-Hartwig reactions, with the objective of optimising
reaction yield.?®* The framework employed a gaussian process surrogate model in
conjunction with the parallel expected improvement AF. Various chemical
representative features were explored, but reaction encodings derived from DFT
calculations for the reaction components were selected. Initial results demonstrated
that this BO framework outperformed traditional design of experiments (DOE)
methods in identifying high-yielding conditions.28

The framework was subsequently tested on a novel palladium-catalysed C-H
functionalisation reaction, where it was benchmarked against human chemists in
identifying the global optimum yield within a reaction space of 1,728 possible
conditions. Prior to the BO testing, all reactions within this space were run using HTE,
allowing for an objective evaluation of performance. 50 chemists participated in a

gamified challenge to locate the highest-yielding conditions, each working under an
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experimental budget of 100 reactions, conducted over 20 batches of five reactions.
Participants received real experimental outcomes after each batch to inform their next
set of decisions. The BO framework consistently outperformed all human participants,
identifying reaction conditions that achieved >99% yield in every run and discovered
optimal conditions distinct from commonly used standards.

The optimiser was further evaluated on a significantly larger reaction space
comprising 180,000 potential conditions for the Mitsunobu reaction.?® In this case, the
BO framework found a higher yield than the reaction control, which consisted of the
typically reported parameters in the literature.

The work by Doyle et al. has displayed BO is a viable approach for reaction
optimisation. To further enhance its applicability within the routine workflow of
synthetic chemists, the implementation of real-time BO, without the reliance of HTE
or QM calculations, would represent another step forward in making these methods

more accessible and broadly adoptable in everyday laboratory practice.

4.1.6 Multi-objective Bayesian Optimisation
Although BO has been used successfully in locating reaction conditions that optimise
one objective such as yield, reports of multi-objective optimisation remain scarce.
Where explored, these studies often target objectives that are better suited to process
chemistry, or do not accurately represent the complexities of synthetic chemistry.28”

Straightforward screening methods for identifying optimal reaction conditions
often require many objective evaluations and scale exponentially with the number of
objectives involved. When multiple targets must be satisfied simultaneously, these
methods become inefficient and may still fail to find ideal conditions. As a result, the
time required becomes prohibitively high, which emphasizes the need for more efficient
approaches. To address this, multi-objective optimisation algorithms are a more
favourable approach.

To be used effectively in the context for reaction optimisation, BO must account
for such multi-objective functions, such as yield and selectivity, simultaneously.

Traditional single-objective ML approaches fail to capture the trade-offs between these
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often-conflicting performance criteria. It is most likely that ideal conditions for which
all outcomes assume their optimal values do not exist.

This concept is often described by the Pareto front, a formal concept
implemented in multi-objective optimisation. A solution is on the Pareto front if no
other solution is better for all objectives (Figure 4.4).27% 28 These solutions are termed
known dominating solutions, where one of the objectives cannot be improved without

having a detrimental effect on the other objective.

Pareto Front in Bi-Objective Optimisation
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Figure 4.4: An example of a system with two competing objective functions. Where, it is impossible to reach the
ideal point, where both objectives 1 and 2 are at their optimal values. Blue points correspond to dominated solutions
that are outperformed by others. The red curve represents the Pareto front, the set of non-dominating solutions
that define the optimal trade-off between objectives. The star marks the ideal point of an unattainable solution
that maximises both objectives.

Accounting for the Pareto front and therefore generating optimisation algorithms that
effectively capture the challenges of day-to-day research, would be more compelling for
adoption in a synthetic chemist’s reaction optimisation workflow. However, such ML
workflows remain relatively scarce.

Several approaches have been proposed to address the challenges of multi-
objective reaction optimisation. For instance, merit-based functions coupled with
single-objective optimisation algorithms have been used to determine trade-offs
between reaction rate and yield in the methylation of esters, as well as to balance rate
and conversion in Paal-Knorr reactions.?®® 29 In another study focused on the

synthesis of o-xylenyl adducts of buckminsterfullerene, a framework was implemented
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in which a primary objective was optimised while secondary objectives were
maintained within specified constraints.?9!

More recently, Doyle et al. extended their EDBO framework (developing
EDBO") to a multi-objective setting for the optimisation of both yield and ee in a
Ni/photoredox-catalysed enantioselective cross-coupling reaction. They employed the
g-Expected Hypervolume Improvement (g-EHVI) acquisition function, which
estimates the expected gain in Pareto hypervolume, to efficiently navigate a reaction
space of 1,728 possible conditions and identify optimal trade-offs.2%2

A method reported by Amar et al., used the Thompson Sampling Efficient
Multi-Objective Optimisation (T'S-EMO) algorithm.?%®> The T'S-EMO algorithm was
effective at approximating experimental conditions that lie on the Pareto front of yield
and diastereoseletivity of an AH reaction.?®* In this work, GPR surrogate models were
trained on an experimental dataset of dicarbonyl(acetylacetonato)rhodium(I)
(Rh(CO)z(acac))/Josiphos catalysed AH of a chiral a,B- unsaturated §-lactam. The
approach was successful in locating over 15 solvents that achieved over 90% conversion,
where only one of these solvents existed in their training set that was suggested by
human experts.

An alternative approach to multi-objective optimisation is Chimera, a
hierarchy-based scalarization function.?? In this method, objectives are prioritised by
assigning a hierarchy, with more critical objectives ranked higher. Each objective is
also associated with a tolerance, defining the acceptable deviation from its ideal value.
Optimisation proceeds by considering the higher objectives first; lower-priority
objectives are only optimised once all higher-priority objectives have met their
tolerance thresholds. Additionally, improvements to lower-tier objectives must not
compromise higher-tier objectives beyond their specified tolerances.

Chimera has been implemented successfully in chemical applications, notably
in the Gryffin optimisation framework, where it was applied to the multi-objective

optimisation of a Suzuki-Miyaura cross-coupling reaction.?83
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4.1.7 Asymmetric Hydrogenation of Tetra-substituted Enamides

Enamides have attracted attention in the AH of TSC=Cs, due to their ability to
provide direct access to a wide variety of chiral substituted amines and amides, which
are valuable intermediates in the synthesis of natural products, biologically active
compounds and drugs.

As discussed in Chapter 1, the AH of this class of compounds has been much
more successful for the di- and tri-substituted enamides, while tetra-substituted
enamides continue to remain challenging. However, several reports have demonstrated
successful results with good yields and selectivities.?9: 41, 42, 44, 203, 206, 222, 296-301

A pivotal advancement was reported by Burk et al. in 1995, demonstrating the
AH of both cyclic and acyclic tetra-substituted enamides with high ee using cationic
diphosphine-rhodium catalysts.#! This marked the first report for the AH of B,B-
disubstituted o-(acylamino)acrylates and showed compatibility with both E- or Z-
configured substrates. Their system employed chiral ligands Me-BPE and Me-DuPhos
in MeOH under 90 psi of Hy (Scheme 4.1).

Burk (1995)

(8,5)-Me-DuPHOS (L3.3)

Me S
COyMe Ph /v'\_/cozl\/le CO,Me
NHAC NHAC NHAc
96% ee 95% ee
0 (0]
COzMe COzMe COzMe
NHAc NHAc NHAc
94% ee 96% ee 98% ee

Scheme 4.1: Examples of the substrate scope reported by Burk et al. Reactions were conducted at 25 °C under 90
psi of Hy for 12-24 h with 0.2 mol% catalyst precursors [(.S,S)-Me-DuPHOS-Rh(COD)|*OTf or [(R,R)-Me-BPE-
Rh(COD)|+OTf.
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In 2003, another advancement in the AH of cyclic enamides was reported by the Zhang

group, with the enantioselective hydrogenation of cyclic B-(acylamino)acrylates

applying a Ru-C3-TunaPos catalytic system. While the method exhibited high

enantioselectivity for most cyclic substrates, a notable drop in selectivity was observed

when the ring size was extended to seven- or eight-membered substrates (Scheme

4.2).301

Zhang (2003)

Scheme 4.2:
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Examples of the AH of B-(acylamino)acrylates applying a Ru-(.S)-C3-TunaPos catalyst.
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This chapter is focused on the AH of cyclic enamides. However, a noteworthy example
involving an acyclic enamide is a 2009 study by a Merck team,?®” which demonstrated
the critical role of AH of enamides in drug development through the synthesis of
taranabant, a cannabinoid-1 receptor investigated for the treatment of obesity.30?
Chirality was induced in the final step of the synthesis using a chiral ferrocene-Rh

catalyst (Scheme 4.3).

Merck (2009)
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>
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40 °C, 18 h, TFE

Scheme 4.3: The last step in the synthesis of Taranabant, developed by Merck.

In 2017, the Zhang group reported the AH of B-aryl substituted tetra-substituted
enamides applying a Rh-Binapine catalytic system (Scheme 4.4).2°% A range of
carbocylic substrates exhibited high ee under mild condition. However, for the
cyclopentene enamides a different ligand, (R,S)-t-Bu-JosiPhos was required, and a

reduction in enantioselectivity was still observed for these substrates.
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Zhang (2017)
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Scheme 4.4: Examples of the substrate scope reported by the Zhang group for the AH of B-aryl substituted tetra-
substituted enamides, showing corresponding conversion and ee.

In 2019, the Tang group, in collaboration with Pfizer, published the AH of a range
carbocylic and heterocyclic tetra-substituted enamides, using a rhodium catalyst

bearing a new chiral bisphopshine ligand (Scheme 4.5).4
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Tang (2019)

electron-rich P-chiral bisphosphine
ligand with deep chiral pockets.
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Scheme 4.5: Development of the ArcPhos ligand for the AH of N-(2-methylcyclohex-1-en-1-yl)acetamide.

Using the model substrate, N-(2-methylcyclohex-1-en-1-yl)acetamide, it was found the
commercially available chiral ligand, (R,R,R,R,)-MeO-BIPOP showed adequate
enantioselectivity of 70% ee. Through modifying the 4,4’-positions of MeO-BIPOP
with a-isopropyl-substituted benzyloxy groups, the enantioselectivity increased to 96%
ee, thus developing the new chiral bisphosphine ligand, ArcPhos.

This system was used to produce a range of carbocyclic and heterocyclic amines,
with high yields and enantioselectivities, including compounds containing an ester
functional group, as well as amino acid, thiopyran and pyran derivatives (Scheme 4.6).
Surprisingly, the carbocyclic amide, N-(-2-methylcycloheptyl)acetamide (S4.1),

bearing a 7-membered ring, showed a poor ee of 22%.
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Tang (2019)
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Scheme 4.6: The substrate scope of heterocylic and carbocyclic amines published by the Tang group. Displaying
the low ee of 22% from substrates S4.1.

The system was used for the highly enantioselective synthesis of (R)-Tofacitinib, a
Janus kinase (JAK) inhibitor used for the treatment of rheumatoid arthritis.
Previously, the synthesis of (R)-Tofacitinib relied on the kinetic resolution of its
racemic mixture, resulting in significant waste. This AH system developed by the Tang
group has offered a more efficient alternative, substantially reducing waste in this
synthesis as well as in the production of future drug compounds containing this
structural motif.

Although the reaction conditions developed for this subset of enamides yielded
excellent results for several compounds, the poor performance observed with substrate
S54.1 suggests that the system, and the ligand ArcPhos in particular, was not well-
suited for this substrate. Furthermore, to date, no alternative systems have been

reported for the synthesis of this compound.
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Previous studies on the AH of enamides have highlighted the strong substrate-ligand
dependence of this reaction. Even minor structural changes to the substrate can lead
to significant drops in enantioselectivity, and in some cases, entirely different ligands
are required to achieve high ee. Given the low selectivity observed for S4.1 with the
reported system, the development of a new catalytic system is required for the
enantioselective synthesis of pharmaceutically relevant compounds containing this 7-
membered ring motif. This would enable broader access to structurally diverse chiral

amide intermediates with potential applications in medicinal chemistry.

4.1.8 Chapter Aims

This chapter aimed to optimise the AH reaction conditions for N-(-2-
methylcycloheptyl)acetamide (S4.1), using a BO approach. The objective was to
identify the most enantioselective and high-yielding reaction from a predefined set of
reactions, employing a more data-efficient strategy than a traditional screening
approach. To quantify achievement of this goal, an experimental budget of 10% of the
reactions in the predefined set was employed. To ensure compatibility with existing
synthetic practices for this reaction class, the BO was implemented in real time, guided
solely by experimental results from reactions selected by the model, without reliance

on HTE or QM calculations.
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4.2 METHODS

The revised approach to predict the most successful AH for S4.1 begun by defining a
diverse space of distinct reaction conditions. From this space, input features were
generated that are proficient for use in an ML model to guide ee prediction. Initially,
a set of reactions were carried out, and their experimental ee values and conversion to
product measured to train the surrogate model. The AF then measured the EI scores
of all the reactions in the set. The reactions with the highest EI score were then
selected, performed experimentally, and their ee values and conversion to product
measured. The new data points were then added to the training set, and the surrogate
model was retrained. This iterative process was repeated until the most selective

reaction was identified, as illustrated in Figure 4.5.
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Figure 4.5: Workflow for BO approach for reaction conditions. The reaction space is defined by varying metals, ligands,
solvents, additives, pressures, and temperatures, resulting in 1,782 possible reactions. Features are generated to
represent each reaction. An initial subset of reactions is sampled and ee and conversion measured, after which a GPR
surrogate model is trained. The AF evaluates the remaining candidates, selecting those with the highest EI for
experimental validation. This loop is repeated until the optimal ee is identified.
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4.2.1 Reaction Space
The prespecified set of reactions were designed by selecting the most used reaction
conditions, while also exploiting the use of commercially available chiral ligands. A

total of six pre-catalysts were chosen: chloro(1,5-cyclooctadiene)rhodium(I) dimer

([Rh(COD)ClJ2), chloro(1,5-cyclooctadiene)iridium(I) dimer ([Ir(COD)CI]z), bis(p-

methoxo)bis(1,5-cyclooctadiene)dirhodium(I) ([Rh(OMe)(COD)]2), bis(u-
methoxo)bis(1,5-cyclooctadiene)diiridium(I) ([Ir(OMe)(COD)]2), bis(u>-2-
methylallyl)(1,5-cyclooctadiene)ruthenium(II) ((Me-allyl);Ru(COD)) and

[Rh(NBD),|BF4. 16 chiral ligands were chosen and their structures are shown in Figure
4.6. The three most prevalent solvents in the literature were used: DCM, MeOH and
THF. Three temperatures used were: 25, 50 and 80 °C. As well as two additives seen
previous success in literature. Triethylamine (NEts;) and {BuOK. These conditions
defined a reaction space comprising 1,782 distinct reactions (Figure 4.6).

The remaining conditions: pressure (100 bar), time (24 h), pre-catalyst (5
mol%), chiral ligand (5.75 mol%) and additive loading (20 mol%) were all kept

constant.
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Figure 4.6: The reaction space used in this project, comprised of 16 chiral ligands, shown with their corresponding
CAS number, 3 solvents, 3 temperatures and 2 additives.

145



4.2.2 Model Features
Several different model features were considered, specifically one-hot encoding, due to
its success seen in previous publications. All reaction variables including pre-catalysts,
solvents, temperature, and additives were all represented as one-hot encoded features.
However, due to the increased complexity of the chiral ligands used in comparison to
the other features, they were represented using PCA of their respective ECFPs.

In this work, four principal components were used. PCA was performed on the
ECFPs for all the chiral ligands created from the ligand co-ordinates by RDKit, with
radius three and number of bits set to 4096. All bits that were zero across all ligands

were removed, with PCA performed on the remaining bits.

4.2.3 Initial Reactions

The initial set of reactions were selected to ensure each variable reaction condition was
represented approximately equally. 48 initial reactions were conducted as the input for
BO, 12 reactions were conducted in each solvent, 8 with each additive, 24 at RT, 12

at 50 and 12 at 80 °C. Each ligand was used at least once.

4.2.4 Machine Learning Methods
For the BO, the surrogate model used was GPR, with the RBF kernel, and a white
kernal with noise level set to 0.01, implemented by the sklearn python package.3% The
AF used was EI

Prior to model training, the hyperparameters for the GPR model with the RBF
kernel were tuned, specifically the value of o. This was carried out initially and
remained constant during the BO iterations. This is unlike the default setting for the
GPR model in sklearn, which automatically optimises the hyperparameters of the
kernel function by maximising the log-marginal likelihood of the model with respect
to the hyperparameters. This was instead kept constant as tuning the hyperparameter
to small amounts of training data can cause the model to overfit, resulting in poor
model performance.3%¢ This method was implemented following the approach described

by Tang et al.3% The RBF kernel parameter ¢ was selected prior to the collection of
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any training data. The value was selected to maximise the variance of the data in the
kernel space, thereby encapsulate the diversity of the dataset. The goal was to choose
a value of o that maximises the variance computed across all distinct pairs of data
points, enhancing the model’s ability to distinguish between them in kernel space.
This variance is a mono-model function of o, meaning it has a single peak. To
identify the optimal value, a binary search was performed over a grid of candidate o

values, stopping when the value that produced the maximum variance was found

(Figure 4.7).

Variance vs RBF o for one-hot parameters
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Figure 4.7: Plot of variance of how the variance of the RBF kernel space changes with the hyperparameter c.

4.2.5 Conversion Tolerance
Although the primary goal of this project was to optimize for enantioselectivity,
achieving sufficient product formation is a prerequisite. Therefore, when the reaction
conversion was low, maximizing conversion took priority. A conversion threshold of
10% was implemented in the BO approach using the Chimera Hierarchy-based
Scalarizing Function.??® Specifically, when conversion was below 10%, the algorithm
prioritized conversion as the main objective, once conversion exceeded 10%, the
algorithm shifted to optimizing enantioselectivity.

The overall values for the objective function used to train the surrogate GPR

model during BO is given by Equation 4.2.
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Thus, when conversion is low (below tolerance of 10%), the objective function values
are smoothly scaled to become the values of conversion, and when the conversion is
high the objective values become the enantioselectivities. A model of this is given in
Figure 4.8, where the extreme examples are shown. This figure illustrates that if the
conversion tolerance was set to 0% the objective function would optimise purely for
enantioselectivity and when the tolerance is set to 100% the objective function would
optimise purely for conversion to product. The bottom graph in this picture illustrates

the tolerance of 10% used in this project.

Combining Two Objectives: Conversion and
Enantioselectivity
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== Conversion to product
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Figure 4.8: Visualisation of the objective function combines the two objectives. In this model example, the orange
curve represents enantioselectivity, the blue curve represents conversion to product and the green curve represents
the combination of the two objective functions.
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4.2.6 Batch Selection

To select the next batch of reactions all the remaining reactions from the reaction
space not currently in the training set were ranked by their EI scores and the reactions
with the highest scores were selected.

As the reactions were carried out in a HEL cat24 autoclave, capable of carrying
out 24 reactions at once, the number of reactions selected for each batch was 24 to
maximise the number of data points obtained in a smaller time frame. However, as the
model was only ‘learning’ every batch this was later reduced to 12 to allow the model
a higher number of opportunities to ‘learn’, this will be discussed further in Section
4.3. All reactions in each batch were required to be conducted at the same temperature.
Therefore, the temperature for the entire batch was set according to the specified

temperature of the reaction with the highest EI score.
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4.3 RESULTS AND DISCUSSION

4.3.1 Principal Component Analysis

To capture more detailed chemical information than OHE, PCA was performed on
ECFPs. This allowed for the retention of key structural variance while reducing the
high dimensionality of the fingerprint space. Four principal components were
computed, with the PCA projection highlighting variance beyond the dominant PC1.
The distribution of ligands in this principal component space categorised by PC1-PC3
and PC2-PC4 is shown in Figure 4.9. Ligands that cluster closely in this plot are
expected to share similar functional features, while those far apart represent more
distinct structural chemotypes. The right plot PC2-PC4 highlights the variation
orthogonal to PC1, therefore revealing subtle structural differences not captured in the
first plot. Visualising the ligands in this reduced-dimensional space shows that the
library is not biased toward any specific region, indicating a diverse input space for

initiating BO.

PCA: PC1 vs PC2 vs PC3 PCA: PC2 vs PC3 vs PC4

PC1 PC2

Figure 4.9: PCA of ligand molecular fingerprints, showing the distribution of ligands in the PC1-PC2-PC3 (blue)
and PC2-PC3-PC4 (purple) space.
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4.3.2 Initial Set of Reactions

The initial set of reactions used to begin the BO workflow are shown in Table 4.1. The
reactions showed promising results, with several reactions achieving higher ee values
than those reported in the literature. However, enantioselectivity remained low in many
cases: 26 of the 48 reactions showed either an ee below 5% or conversion too low to
determine ee. Of the reactions with measurable conversion, ten had ee values below
5%. The mean ee across all reactions was 13.6%, excluding those for which ee could
not be determined. Notably, 17 reactions reached full conversion, while 13 exhibited
conversions below 5%, supporting the decision to apply a 10% conversion threshold for
the BO. Although no clear visual trend was observed between ee and conversion, linear

regression analysis indicated a slight positive correlation (Figure 4.10).
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Figure 4.10: a) and b) show the distribution of ee and conversion across the initial reaction dataset. The histogram
represents the frequency of the observed ee values, with the overlaid KDE shows a smoothed approximation of the
distribution. c) Scatter plot showing the relationship between ee and conversion (%) for the initial reactions. A
linear regression is fitted to the data, with the shaded region representing the 95% confidence interval.
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Table 4.1: The 48 initial reactions conducted. All reactions were carried out under conditions: 100 bar Hp, 24 h, 5
mol% pre-catalyst, 5.75 mol% ligand and 20 mol% additive.

R N Ligand Pre-cat Name Solvent  Additive T(eré‘;’ Conv.(%)  ee(%)
41 | L4l Rh(COD)ClJ2 DCM tBuOK 50 62 51
42 | L42 THF 50 28 o7
4.3 | L43  [Rh(OMe)(COD)] DCM 50 48 5
44 | Laa [Ir(OMe)(COD)]2 THF 50 0 .
4.5 L4.14 (Me-allyl);Ru(COD) DCM 50 100 35
46 | LAT [Rh(NBD),]|BF, THF {BuOK 50 100 3
47 | L4l Rh(COD)ClJ2 DCM 50 100 4
4.8 L4.9 THF 50 0 -
49 | L45  [Rh(OMe)(COD)]2 DCM 50 99 67

4.10 | 1415  [Ix(OMe)(COD)], THF 50 0 .

4.11 L4.16 (Me-allyl);Ru(COD) DCM tBuOK 50 100 7

412 | 148 [Rh(NBD)|BF, THF 50 99 31

413 | L4.10 Rh(COD)ClJ2 DCM rt 0 ]

4.14 | LA4.10 THF rt 62 30

4.15 | L43  [Rh(OMe)(COD)]; DCM NEts rt 29 3

4.16 | 1412  [Ir(OMe)(COD)], THF rt 0 .

4.17 | L4.13  (Me-allyl);Ru(COD) DCM rt 16 13

4.18 | L4l [Rh(NBD),]|BF, THF rt 0 .

419 | L4l Rh(COD)ClJ2 DCM rt 52 0

4.20 L4.2 THF NEt3 rt 0 -

421 | L43  [Rh(OMe)(COD)] DCM rt 0 ]

422 | L4 [Ir(OMe)(COD)]2 THF rt 0 ]

4.25 | L4.13 [Rh(NBD);|BF, DCM rt 99 0

4.24 | L4l Rb(COD)CI]; THF rt 65 0

4.25 L4.16 MeOH NEt3 rt 24 0

4.26 | L410  [Rh(OMe)(COD)]: MeOH rt 15 0

4.27 | L4.11 [Ir(OMe)(COD)]2 MeOH rt 0 -

4.28 L4.15  (Me-allyl);Ru(COD) MeOH rt 12 5

4.29 | LA4.10 [Rh(NBD);|BF, MeOH rt 51 3

4.50 | La.12 Rh(COD)CI] MeOH NEts rt 99 a1

4.81 | L49 [Rh(NBD);|BF, MeOH rt 99 27

432 | L46  [Rh(OMe)(COD): MeOH rt 99 29

4.38 L4.1 [Ir(OMe)(COD)]2 MeOH rt 18 0

4.34 L4.2 (Me-allyl);Ru(COD) MeOH rt 99 34

4.85 L4.3 MeOH NEt3 rt 0 -

4.96 | La.11 [Rh(NBD)2|BF, MeOH {BuOK rt 0 .

4.87 | L42 Rb(COD)CI]; THF {BuOK 80 67 30

4.88 L4.4 THF 80 74 3

4.89 L4.6 THF NEt3 80 87 5

440 | L4l [Ir(OMe)(COD)]2 THF 80 16 1
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441 | L49 MeOH tBuOK 80 99 37
442 | L45 Rh(NBD);|BF MeOH 80 99 67
443 | L416  Rh(OMe)(COD)]: MeOH NEts 80 99 17
444 | L48 [Rh(COD)CI]; MeOH 80 99 33
4.45 | 1410  [Ir(OMe)(COD)]: DCM tBuOK 80 11 0
4.46 | L4.10 DCM 80 99 30
447 | L43 [Rh(NBD)2|BF4 DCM 80 99 4
448 | L412  Rh(OMe)(COD)); DCM tBuOK 80 99 33

Figure 4.11 and Figure 4.12 show the distribution of ee across the different pre-
catalyst and ligands evaluated. Overall, the performance among the pre-catalysts was
relatively consistent, with no single complex demonstrating a markedly superior
outcome. Notably, [Ir(COD)Cl],, delivered moderate enantioselectivities of 27 and 30%,
with ligands L4.2 and L4.10 respectively (Scheme 4.7). This is particularly interesting
given that iridium-based pre-catalysts have been scarcely explored in the literature for
this class of substrates. However, [Ir(OMe)(COD)], exhibited notably poor
performance, yielding low ee across all instances and failing to produce any measurable

product conversion in six out of the eight reactions in which it was employed.
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Figure 4.11: Distribution of ee across the initial reactions, categorised by pre-catalyst (left) and ligand (right). Box
plots summarize the ee distribution for each category.
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RESULTS AND DISCUSSION
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Figure 4.12: Distribution of ee across the initial reactions, categorised by pre-catalyst (left) and ligand (right).
Each coloured point represents a distinct reaction, with colour indicating reaction identity.
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MeO Ph,

MeO ‘ Ph,

L4.2
0 NHAc
NHAG (5.75 mol%) .
> ( )""'
O\ H, (100 bar)
50 °C, THF
R N 4.2 27% ee
CoL
: 0. _\/
: o :
o0y
e L410 ...
0 NHAC
NHAG (5.75 mol%) .
U\ H, (100 bar) g :
rt, THF
R N 4.14
- 30% ee

Scheme 4.7: The reactions yielding the highest ee with the pre-catalyst [Ir(COD)Cl]s, using ligands L4.2 and L4.10
in THF at 50 and 25 °C, respectively.

Tang et al. reported that a modified version of the commercially available ligand L4.13
achieved 70% ee on N-(2-methylcyclohex-1-en-1-yl)acetamide (Scheme 4.5). However,
for S4.1, L4.13 gave significantly lower enantioselectivity, yielding only 13% ee with
(Me-allyl),Ru(COD) and 0% ee with [Rh(NBD),|BF, in DCM at room temperature,

as shown in Scheme 4.8.
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S L41s ... j
0 NHAc
NHAG (5.75 mol%) .
> Il
H, (100 bar)
rt, 24 h DCM
R N 4.17 13% ee
L4.13
NHAC (5.75 mol%) O\NHAC
U\ H, (100 bar) l
R N 4.23 rt, 24 h DCM
- 0% ee

Scheme 4.8: The reactions conducted with L4.13, and their corresponding conversion and enantioselectivities.

The highest ee observed was 67%, achieved in two separate reactions using the pre-
catalysts [Rh(OMe)(COD)], and [Rh(NBD),|BF, (Scheme 4.9). Both reactions
employed the same ligand, L4.5, and were conducted under identical conditions: 50 °C
in DCM with no additive. Despite the use of different pre-catalysts, both systems gave
the same ee. This 67% ee represents a significant improvement over the initial report
by Tang et al. However, for application in drug discovery, a more enantioselective
system was required. More importantly, the diversity of these initial reactions provided

a valuable foundation for the BO workflow.
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(5.75 mol%) NHAc

[Rh(OMe)(COD)], (5 mol%) .
@ H, (100 bar) -

R_N4.9 50 °C, 24 h DCM

67% ee

L4.5
NHAc

0
NHAG (5.75 mol%) R
(¥ . O
H, (100 bar)

50 °C, 24 h DCM
R_N 4.42

67% ee

Scheme 4.9: The two initial reactions that achieved the highest ee, both using ligand L4.5 in DCM at 50°C. The
reactions differed only in the pre-catalyst used: [Rh(OMe)(COD)], and [Rh(NBD),|BF.,.

4.3.3 Optimisation One

The results of the 48 initial reactions were input into the BO workflow, and the 24
reactions with the highest EI scores were selected. Table 4.2 shows the reactions
conducted and their corresponding conversion and ee. As the top-ranked reaction was
set to be carried out at 80 °C all 24 selected reactions were conducted at this
temperature, in accordance with the procedure described in Section 3.2.

Figure 4.13 illustrates the distribution of ee and conversion across the 24
reactions. Nearly all reactions achieved high conversions, with 23 out of 24 reaching
full conversion to product, likely a result of the elevated reaction temperature. In
contrast, the ee values exhibited greater variability. While nine reactions produced an
ee below 10%, a significant number achieved moderate ee values. The average ee for
this set was 23.0%, representing a notable improvement over the 13.6% observed in

the initial reaction set.
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Table 4.2: The 24 reactions conducted in Optimisation one. All reactions were carried out under conditions: 100

bar Hp, 24 h, 5 mol% pre-catalyst, 5.75 mol% ligand and 20 mol% additive.

R N Ligand Pre-cat Name Solvent  Additive T(e’gi’ Conv.(%) ee(%)
449 | LA.14 [Ir(COD)CI]; MeOH 80 100 0
4.50 | LA4.16 [Rh(NBD);|BF, MeOH 80 100 33
451 | L44 [Rh(NBD);|BF, MeOH 80 100 22
4.52 | L42 [Rh(NBD);|BF, MeOH 80 100 9
4.58 | 143 [Rh(NBD);|BF, MeOH 80 100 11
4.5 | L49 [Rh(NBD);|BF, MeOH 80 100 31
4.55 | L4.11 [Rh(NBD);|BF, MeOH 80 100 29
4.56 | LAT [Rh(NBD);|BF, MeOH 80 100 0
4.57 | L4l [Rh(NBD);|BF, MeOH 80 100 11
4.58 | 148 [Rh(NBD);|BF, MeOH 80 100 39
4.59 | L4.12 [Rh(NBD);|BF, MeOH 80 100 9
4.60 L4.7 (Me-allyl);Ru(COD) MeOH tBuOK 80 100 0
4.61 L4.3 (Me-allyl);Ru(COD) MeOH tBuOK 80 100 8
4.62 L4.4 (Me-allyl);Ru(COD) MeOH tBuOK 80 100 16
4.6 | L4.13 [Rh(NBD);|BF, MeOH 80 100 13
4.64 | LA4.15 [Rh(NBD);|BF, MeOH 80 100 67
4.65 L4.11  (Me-allyl);Ru(COD) MeOH tBuOK 80 100 2
4.66 L4.12 (Me-allyl);Ru(COD) MeOH tBuOK 80 100 46
4.67 L4.5 (Me-allyl);Ru(COD) MeOH tBuOK 80 26 64
4.68 | L411  [Rh(OMe)(COD)], DCM tBuOK 80 100 0
469 | L4l  [Rh(OMe)(COD)]; DCM {BuOK 80 100 76
470 | L4l [Rh(COD)Cl]; MeOH 80 100 39
4.71 L4.8 (Me-allyl);Ru(COD) MeOH tBuOK 80 100 4
4.72 L4.6 (Me-allyl);Ru(COD) MeOH tBuOK 80 100 31

Distribution of Enantiomeric Excess (ee)
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Figure 4.13: The distribution of ee and conversion across the set of reactions in Optimisation one.
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The top 11 ranked reactions, as identified by the BO workflow, employed the pre-
catalyst [Rh(NBD),|BF, in MeOH. Among these, the highest ee achieved was 39%,
observed with ligand L4.8. Figure 4.14 presents the distribution of ee values
categorised by both pre-catalyst and ligand. Although the BO algorithm
predominantly selected [Rh(NBD),|BF, as the pre-catalyst, a broader diversity of
ligands was explored, with 15 out of the 16 available chiral ligands represented.
Following [Rh(NBD),|BF,, eight reactions were carried out using (Me-allyl),Ru(COD),
with a wide range of ee values observed across both pre-catalysts and ligand
combinations.
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Figure 4.14: Distribution of ee across the reactions in Optimisation one, categorised by pre-catalyst (left) and
ligand (right). Box plots summarize the ee distribution for each category.

The reactions that produced the highest ee showed variation in chiral ligand, pre-
catalyst, and solvent, as shown in Scheme 4.10. Notably, ligand L4.5 once again
delivered a high ee of 64% under a different set of conditions compared to those in
Scheme 4.9. In this case, the pre-catalyst (Me-allyl),Ru(COD) was used in MeOH with
20 mol% tBuOK. This ee value is only marginally lower than the 67% previously
observed, highlighting the consistent performance of L4.5 under varied conditions.
Interestingly, although L4.5 showed the best performance in the initial reaction set, it

was only selected once by the BO workflow, and that reaction ranked 19th in terms of

159



EI score. This, combined with its slightly lower ee in the BO-guided reactions, suggests
that a reaction resulting in a higher ee value for this ligand may not exist in the pre-

defined set of 1,782 reactions.

(5.75 mol%)
NHAc [Rh(OMe)(COD)], (5 mol%) ~NHAC
20 mol% tBuOK O
'
H, (100 bar)
RN 460 80 °C, 24 h, DCM

"y

(5.75 mol%) NHAc

NHAcC
@\ [Rh(NBD),]BF, (5 mol%) _
> o
H, (100 bar)

80 °C, 24 h, MeOH

67% ee

(5.75 mol%)

NHAc \
20 mol% tBuOK
> "
H, (100 bar)
50 °C, 24 h, MeOH
R N 4.67 64% ee

Scheme 4.10: The three reactions in Optimisation one that achieved the highest ee.
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Another high-performing reaction involved ligand L4.15, another ferrocene-based
ligand, in combination with [Rh(NBD),|BF, in MeOH, resulting in an ee of 67%,
matching the highest value observed in the initial reaction set. Notably, one reaction
surpassed this benchmark, achieving an ee of 76% using (R)-Binap (L4.1). This
reaction employed [Rh(OMe)(COD)], as the pre-catalyst with tBuOK and was one of
only two reactions conducted in DCM instead of MeOH. Table 4.3 displays the details
from the initial set of reactions using L4.1, all of which produced significantly lower
ee values and, in most cases, significantly lower conversions. In this instance, the BO
workflow effectively identified an improved set of reaction conditions, most notably
the switch to [Rh(OMe)(COD)], as a pre-catalyst, resulting in a substantial

enhancement in reaction performance for this ligand and substrate combination.

Table 4.3: The highest ee reaction and the reactions also using L4.1 from the initial training set.

L4.1 :
. - Temp.

R N Ligand Pre-cat Name Solvent  Additive °C) Conv.(%) ee(%)
4.69 | L4 [Rh(OMe)(COD)]2 DCM tBuOK 80 100 76
4.1 L4.1 DCM tBuOK 50 62 51
4.7 L4.1 DCM 50 100 4
4.19 L4.1 DCM rt 52 0
4.83 | L4l [Ir(OMe)(COD)]2 MeOH rt 18 0
4,40 | L4l [Ir(OMe)(COD)]2 THF 80 6 1
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4.3.4 Optimisation Two

Following the addition of 24 new data points to the model training set, the next 24

reactions, selected based on the highest EI scores, are listed in Table 4.4.

Table 4.4: The 24 reactions conducted in Optimisation two. All reactions were carried out under conditions: 100
bar Hp, 24 h, 5 mol% pre-catalyst, 5.75 mol% ligand and 20 mol% additive.

R N Ligand Pre-cat Name Solvent  Additive T(ilél? Conv.(%) ee(%)
4.73 | L4.14 [Rh(NBD);|BF.4 MeOH 80 100 78
4.74 | L4.16 MeOH BuOK 80 11 4
4.75 | L4.14 MeOH tBuOK 80 100 1
4.76 | L4.10  [Rh(OMe)(COD)J, DCM tBuOK 80 100 3
4.77 | L4.9 [Rh(OMe)(COD)]: DCM tBuOK 80 100 29
4.78 | L4.12 [Rh(COD)Cl]: MeOH 80 30 12
4.79 | L4l [Rh(COD)Cl]: MeOH 80 100 0
4.80 | L4.15 [Rh(COD)Cl]: MeOH 80 100 55
4.81 L4.5 [Rh(COD)Cl]: MeOH 80 100 65
4.82 | LA4.2 [Rh(COD)Cl]: MeOH 80 100 19
4.83 | La4.14 [Rh(COD)Cl]: MeOH 80 100 53
4.84 | L4.16 [Ir(OMe)(COD)J, DCM BuOK 80 100 4
4.85 | LA4.6 [Rh(COD)CI]; MeOH 80 100 29
4.86 | L4.10 MeOH BuOK 80 100 9
4.87 | L4.9 [Rh(COD)Cl]: MeOH 80 100 17
4.88 | LA4.6 [Rh(COD)Cl]: THF BuOK 80 100 0
4.89 | L44 [Rh(COD)Cl]: THF tBuOK 80 100 11
4.90 | L4a DCM 80 100 49
4.91 | LAS [Rh(COD)Cl]: THF tBuOK 80 100 1
4.92 | L45 [Rh(COD)Cl]; THF tBuOK 80 100 41
4.93 | L4.13 [Rh(COD)Cl]: THF 80 100 21
4.94 | L44 [Rh(COD)Cl]: MeOH 80 100 7
4.95 | L4.9 DCM 80 7 0
4.96 | L47 [Rh(COD)CI]; THF BuOK 80 100 33

As in the previous optimisation round, all reactions were conducted at 80 °C, resulting
in consistently high conversions, 21 out of 24 reactions achieved full conversion to
product. Similar to Optimisation one, a wider variation in ee was observed, with a

slightly lower mean ee of 22.6% (Figure 4.15).
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Figure 4.15: The distribution of ee and conversion across the set of reactions in Optimisation two.

Once again, a broad range of ligands was selected, with 14 out of the 16 chiral ligands
used (Figure 4.16). In contrast, there was less variation in pre-catalysts: 15 of the 24
reactions were conducted using [Rh(COD)Cl|,, a pre-catalyst that was less explored
during Optimisation one. This suggests that the AF is prioritising exploration across
diverse reaction parameters rather than refining conditions around the previously best-
performing ligand, L4.1. Notably, the two reactions involving L4.1 in this round
(reactions 4.79 and 4.90) performed worse than the optimal pre-catalyst identified
earlier, with ee values of 0% and 49%, when using [Rh(COD)Cl], and (Me-
allyl),Ru(COD), respectively. These results contrast with the 76% ee previously
achieved using [Rh(OMe)(COD)], under the same reaction conditions of 80 °C in
MeOH.
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Figure 4.16: Distribution of ee across the reactions in Optimisation two, categorised by pre-catalyst (left) and
ligand (right). Box plots summarize the ee distribution for each category.

Once again, L4.5, demonstrated consistent performance, achieving 65% ee with
[Rh(COD)Cl]2in MeOH at 80 °C (Scheme 4.11). However, this result did not surpass
the previously observed 67% ee, obtained with [Rh(OMe)COD]; or [Rh(NBD)2]|BF, in
DCM at 50 °C (Scheme 4.9). A similar result was seen for reaction 4.80, where L4.15
generated a lower 55% ee with [Rh(COD)CI]; in MeOH at 80 °C, than the 67%
observed with [Rh(NBD),]BF4 under otherwise identical conditions (Scheme 4.10,
reaction 4.64).
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(5.75 mol%) NHAc

[Rh(COD)CI], (5 mol%) O
T
U\ H, (100 bar)

80 °C, 24 h, MeOH

55% ee

NHAC (5.75 mol%) NHAc
[Rh(COD)CI], (5 mol%)> O."”
H, (100 bar)

80 °C, 24 h, MeOH

R_N 4.81
65% ee

Scheme 4.11: Reactions 4.80 and 4.81 from Optimisation two.

One reaction from Optimisation two identified a new set of conditions that resulted in
a higher ee than previously observed (Scheme 4.12). This reaction, employing L4.14
with [Rh(NBD),|BF, in MeOH at 80 °C, outperformed all earlier conditions tested in
both the initial reaction set and Optimisation one, demonstrating the ability of the

workflow to discover improved reaction parameters.
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Scheme 4.12: The reaction resulting in the highest ee in Optimisation two.

4.3.5 Optimisation Three

While in Optimisations one and two, reactions yielding a higher ee were found each
time, Optimisation three was not as successful. The reactions conducted and their
results are displayed in Table 4.5, and the distribution of the conversion and ee is
shown in Figure 4.17. A narrower distribution of both ee and conversion was observed,
with five reactions showing no conversion to product, eight resulting in racemic
mixtures, and a further five showed less than 3% ee. As a result, the mean ee was

significantly reduced to 4.4%.

Table 4.5: The 24 reactions conducted in Optimisation three. All reactions were carried out under conditions: 100
bar Hs, 24 h, 5 mol% pre-catalyst, 5.75 mol% ligand and 20 mol% additive.

R N Ligand Pre-cat Name Solvent  Additive T(irél? Conv.(%) ee(%)
4.97 | L4.16 [Rh(COD)Cl]: MeOH 80 100 21
4.98 | LA [Rh(OMe)(COD)]2 DCM tBuOK 80 100 0
4.99 | L4.16 [Rh(COD)Cl]: THF tBuOK 80 100 0
4.00 | L4.10 [Rh(COD)Cl]; THF tBuOK 80 90 0

4.101 | 14.16 DCM 80 0 =
4.102 | L43 [Rh(NBD):]|BFs DCM NEts 80 100 2
4.103 | L4.3 MeOH 80 100 10
4.104 | L4.3 THF NEt3 80 100 2
4.105 | L4.3 DCM NEt; 80 100 0
4.106 | L4.3 MeOH NEt; 80 100 17
4.107 | L4.3 THF tBuOK 80 100 6
4.108 | L4.3 DCM tBuOK 80 100 0
4.109 | 143 [1x(OMe)(COD)] DCM 80 53 2
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Figure 4.17: The distribution of ee and conversion across the set of reactions in Optimisation three.

100

Figure 4.18 illustrates the distribution of ee values grouped by both pre-catalyst and

ligand. Compared to Optimisations one and two, Optimisation three exhibited less

diversity in the ligands selected, while all available pre-catalysts were represented. 15

reactions employed L4.3, all of which showed poor performance, with the highest

observed ee reaching only 17%.
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Figure 4.18: Distribution of ee across the reactions in Optimisation two, categorised by pre-catalyst (left) and
ligand (right). Box plots summarize the ee distribution for each category.

Table 4.6 presents the reactions that employed L4.3 in the initial reaction set, along
with its selection in Optimisation one (reaction 4.53). Among these, two reactions
showed no conversion to product, and reaction 4.53 achieved only a modest ee of 11%.
However, reaction 4.3 yielded a more promising ee of 51%. Since reactions with no
measurable ee are excluded from the training set and instead removed from the
reaction space, Li4.3 may have appeared as an underexplored region. This could explain

why it received a higher EI score than its previous performance would indicate.

168



Table 4.6: The reactions also using L4.3 from the initial training set (Reactions 4.3, 4.15, 4.21, 4.47) and
Optimisation one (reaction 4.53).

. t‘BU‘ Me !

. N '

: N 1

E@N/I :

: N~ R

: L3 Mg By

. iy Temp.

R N Ligand Pre-cat Name Solvent  Additive °C) Conv.(%) ee(%)
4.3 L4.3 [Rh(OMe)(COD)]; DCM tBuOK 50 62 51
4.15 | L43 [Rh(OMe)(COD)]2 DCM NEt; rt 0 -
4.21 L4.3 [Rh(OMe)(COD)]2 DCM rt 0 -
4.47 | 143 [Rh(NBD)2]|BF4 DCM 80 99 4
4.53 | 143 [Rh(NBD)2]|BF4 MeOH 80 100 11

The reaction with the highest EI score in this optimisation round also delivered the
highest ee observed, at 21% (Scheme 4.13). This reaction employed L4.16 with
[Rh(COD)CI]; in MeOH at 80 °C. As it ranked highest in terms of EI and used 80 °C
as the reaction temperature, this temperature was adopted for all subsequent reactions
in this round. However, it is possible that the high temperature contributed to the
overall poorer performance observed in Optimisation three, suggesting that this

parameter may be over explored.

e

NHAc

NHAG (5.75 mol%) .
@\ [Rh(COD)CI], (5 mol%)
' "

H, (100 bar)
80 °C, 24 h, MeOH

R_N 4.97
21% ee

Scheme 4.13: The reaction resulting in the highest ee in Optimisation three.
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The poorer performance observed in Optimisation three highlighted a potential issue
with the batch size used in this study. Since the model is only able to ‘learn’ between
optimisation rounds, employing a relatively large batch size of 24 may have resulted
in more reactions being performed per iteration than necessary. This could lead to
inefficient exploration of the reaction space. For example, the repeated selection of
L4.3, despite its poor performance, illustrates how a large batch size may delay the
model's ability to effectively redirect its focus based on new data. For this reason, the

batch size was reduced from 24 to 12 in subsequent optimisation rounds.

4.3.6 Optimisation Four
The 12 reactions selected for Optimisation four, and their corresponding experimental
results, are shown in Table 4.7. The reaction temperature was reduced to 50 °C, based
on the conditions of reaction 4.121, the reaction with the highest EI score in this round.
The distribution of ee and conversion for this set is shown in Figure 4.19. Compared
to the previous optimisation rounds, overall conversion was lower, likely as a result of
the decreased temperature, with only four of the 12 reactions reaching full conversion
to product.

Although four reactions resulted in racemic mixtures, several reactions
exhibited mid-range ee values, leading to a higher mean ee of 29.0%, the highest

observed across all optimisation rounds to date.

Table 4.7: The 12 reactions conducted in Optimisation four. All reactions were carried out under conditions: 100
bar Hs, 24 h, 5 mol% pre-catalyst, 5.75 mol% ligand and 20 mol% additive.

R N Ligand Pre-cat Name Solvent  Additive T(ilél? Conv.(%) ee(%)
4.121 | 1416  [Rh(OMe)(COD)]2 DCM 50 100 9
4.122 | 1414  [Rh(OMe)(COD)|2 DCM 50 65 51
4.128 | Laa [Rh(OMe)(COD)]2 DCM 50 100 0
4.124 L4.11 DCM tBuOK 50 0 -
4.125 L4.2 DCM tBuOK 50 43 63
4.126 | L4.12 DCM tBuOK 50 61 69
4.127 | L4.10 DCM tBuOK 50 100 0
4.128 L4.7 DCM tBuOK 50 32 1
4.129 L4.4 DCM tBuOK 50 97 0

170



[Rh(COD)CI), DCM tBuOK 50 18 54
[Rh(OMe)(COD)]2 DCM 50 100 51

[Rh(COD)CI); DCM tBuOK 50 49 21

4.130 | 143
4.131 | 142
4.132 | 145

Distribution of Enantiomeric Excess (ee) Distribution of Conversion (%)

0.10 0.075 A
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5 0.05
A A 0.025 -
0.00 T T 0.000
0 25 50 75 100 0 25 50 75 100
ee Conversion (%)

Figure 4.19: The distribution of ee and conversion across the set of reactions in Optimisation four.

Figure 4.20 categorises the ee values by pre-catalyst and ligand for this optimisation
round. There was substantial variation in ligand selection, with only one ligand used
more than once among the 12 reactions. In contrast, pre-catalyst selection was more
limited, with all reactions employing either [Rh(COD)CI], or [Rh(OMe)(COD)],.
Consistently, all reactions were conducted in DCM, with eight using tBuOK as an

additive and the remaining four conducted without any additive.
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Figure 4.20: Distribution of ee across the reactions in Optimisation four, categorised by pre-catalyst (left) and
ligand (right). Box plots summarize the ee distribution for each category.

Despite the increased average ee observed in this set of reactions, no individual reaction
exceeded the previously recorded maximum ee of 78%. Nonetheless, mid-range ee
values were achieved in Reactions 4.125 and 4.126, which employed chiral ligands L4.2
and L4.12, respectively, in combination with [Rh(COD)CI|, and tBuOK, resulting in
ee values of 62% and 69%. Tables 4.8 and 4.9 display the reactions from the initial set
and previous optimisation rounds involving L4.2 and L4.12, which formed part of the
training data for Optimisation four. For both ligands, improved reaction conditions
were identified, resulting in higher ee values compared to those in the training set.
This demonstrates that the BO workflow is capable of identifying reaction conditions

that enhance enantioselectivity.
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Table 4.8: The reactions also using L4.2 from the initial training set (Reactions 4.2, 4.20, 4.34, 4.37), Optimisation
one (reaction 4.52) and Optimisation two (reaction 4.82).

....... 42 .

R N Ligand Pre-cat Name Solvent  Additive T(?;? Conv.(%) ee(%)
4.125 | La2 [Rh(COD)Cl]; DCM tBuOK 50 43 63

4.2 L4.2 THF 50 28 27
4.20 L4.2 THF NEt; rt 0 -
4.84 L4.2 DCM rt 100 34
4.87 L4.2 [Rh(COD)CI]; THF tBuOK 80 67 30
4.52 4.2 [Rh(NBD)2]BF.4 MeOH 80 100 9
4.82 L4.2 [Rh(COD)CI]; MeOH 80 100 19

Table 4.9: The reactions also using L4.12 from the initial training set (Reactions 4.16, 4.30 and 4.48), Optimisation
one (reaction 4.59 and 4.66) and Optimisation two (reaction 4.78).

L L L

...... L4.12 .

R N Ligand Pre-cat Name Solvent  Additive T(ilél? Conv.(%) ee(%)

4.126 | La12 [Rh(COD)C1], DCM  tBuOK 50 61 69
4.16 L4.12 [Ir(OMe)(COD)]2 THF rt 0 -
430 | Lai2 [Rh(COD)Cl]; MeOH NEts t 100 21
448 | La12  [Rh(OMe)(COD)|, DCM  tBuOK 80 99 33
459 | La12 [Rh(NBD),]BF4 MeOH 80 100 9
4.66 L4.12 MeOH tBuOK 80 100 46
4.78 L4.12 [Rh(COD)CI], MeOH 80 30 12
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4.3.7 Optimisation Five

The reactions conducted in Optimisation five and their corresponding results are
presented in Table 4.10, with the distribution of ee and conversion shown in Figure
4.21. As in Optimisation four, all reactions were carried out at 50 °C. Compared to the
previous round, higher conversions were observed, with eight out of the 12 reactions
reaching full conversion to product. Notably, the overall performance in this round was
substantially improved, with a mean ee of 44.7%, and only two reactions exhibiting ee

values below 20%.

Table 4.10: The 12 reactions conducted in Optimisation five. All reactions were carried out under conditions: 100
bar Hp, 24 h, 5 mol% pre-catalyst, 5.75 mol% ligand and 20 mol% additive.

R N Ligand Pre-cat Name Solvent  Additive T;ilél? Conv.(%) ee(%)
4133 | L4.6 [Rh(COD)CI], DCM tBuOK 50 100 10
4134 | L4.14 [Rh(COD)CI]; DCM tBuOK 50 70 33
4.185 | L412  [Rh(OMe)(COD)J2 DCM 50 63 67
4.136 | L46  [Rh(OMe)(COD)|, DCM 50 100 23
4.187 | L4l  [Rh(OMe)(COD)J2 DCM 50 52 59
4.138 L4.2 DCM 50 100 47
4.139 L4.9 DCM 50 100 61
4.140 | L4.11 [Rh(NBD);]|BF4 THF 50 100 55
4.141 | 1L410  [Rh(OMe)(COD)J2 DCM 50 100 19
4.142 | L4.14 [Rh(NBD);]|BF4 THF 50 100 93
4.148 | L4.2 [Rh(NBD);]|BF4 THF 50 100 24
4144 | L43 [Rh(COD)Cl], DCM 50 0 -
Distribution of Enantiomeric Excess (ee) Distribution of Conversion (%)
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Figure 4.21: The distribution of ee and conversion across the set of reactions in Optimisation five.
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The distribution of ee values, categorised by both pre-catalyst and ligand, is shown in
Figure 4.22. A high degree of variation was observed in the selection of both pre-
catalysts and ligands, with nine different chiral ligands and four pre-catalysts employed
across the 12 reactions. In contrast, and consistent with previous optimisation rounds,
less variation was seen in the choice of solvent; nine reactions were conducted in DCM,

while the remaining three used THF.
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Figure 4.22: Distribution of ee across the reactions in Optimisation five, categorised by pre-catalyst (left) and
ligand (right). Box plots summarize the ee distribution for each category.

L4.12 continued to show consistent performance, seen in reaction 4.135, which achieved
an ee of 67%, closely matching the result from reaction 4.126 in Optimisation four.
This reaction also employed [Rh(OMe)(COD)], in DCM, but notably, it was conducted
without the use of an additive. In addition, the optimisation approach successfully
identified improved reaction conditions for a different chiral ligand, L4.9, in reaction
4.139. Table 4.11 presents the previous reactions involving L4.9 that were included in
the training set for comparison. The result from reaction 4.139 demonstrated a
substantial improvement, with an ee significantly higher than those previously

observed, with the best prior result for L4.9 being 37%.
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Table 4.11: The reactions also using L4.9 from the initial training set (Reactions 4.8, 4.31 and 4.41), Optimisation
one (reaction 4.54), Optimisation two (reaction 4.77, 4.87 and 4.95) and Optimisation three (reactions 4.115, 4.116

and 4.117).
5 SO
; I I Ph,!
.. Las ’
. - Temp.

R N Ligand Pre-cat Name Solvent  Additive °C) Conv.(%) ee(%)
4.139 | L4.9 DCM 50 100 61
4.8 L4.9 THF 50 0 -
4.81 | L4.9 [Rh(NBD);|BF.4 MeOH rt 100 27
441 | L49 MeOH tBuOK 80 100 37
4.54 | L4.9 [Rh(NBD);|BF.4 MeOH 80 100 31
4.77 | L4.9 [Rh(OMe)(COD)]; DCM BuOK 80 100 29
4.87 | L4.9 [Rh(COD)Cl]: MeOH 80 100 17
4.95 | L4.9 DCM 80 7 0
4.115 | L4.9 DCM 80 100 2
4.116 | L4.9 MeOH 80 100 19
4117 | L49 [RR(COB)EI; MeOH  tBuOK 80 100 0

The most notable result from this optimisation campaign was observed in reaction
4.142, employing L4.14, which achieved a high ee of 93% (Scheme 4.14). This
represents a significant improvement over the 78% ee previously obtained with this
ligand in Optimisation two, the highest ee recorded prior to this point. The reduction
in temperature from 80 °C to 50 °C, combined with a change in solvent from MeOH to
THF, led to a substantial increase in enantioselectivity, resulting in a notably high ee

value.
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(5.75 mol%) \NHAc

NHAc :
> Ty
H, (100 bar)

80 °C, 24 h, MeOH

78% ee
L4.14

(5.75 mol%) NHAc

NHAc \
> T
H.,, (100 bar)

R_N 4.142 50 °C, 24 h, THF

93% ee

Scheme 4.14: The reactions yielding the highest ee values in this optimisation campaign. Reaction 4.73 from
Optimisation two and reaction 4.73 from Optimisation five.

4.3.8 Summary of Bayesian Optimisation Performance

As the objective of employing BO to optimise the AH of S4.1 was to do so in a more
data-efficient manner compared to traditional screening approaches, an experimental
budget of 10% of the defined reaction space was applied. This corresponded to a limit
of 178 reactions to identifying the most selective reaction conditions within a total
space of 1,782 possible reactions. As the most selective conditions may have been
identified in reaction 4.142, representing just 8% of the total reaction space, one
additional optimisation round was conducted to explore the possibility of discovering
an even higher ee reaction within this iteration.

The reactions conducted in this iteration, along with their corresponding
experimental results, are presented in Table 4.12, with the distribution of ee and
conversion shown in Figure 4.23. All reactions were carried out at 50°C, in either
DCM or THF. While the ee values were generally lower than those achieved in
Optimisation five, with four reactions resulting in racemic mixtures and the mean ee
reducing to 24.8%, conversion remained high, with nine out of the 12 reactions reaching

full conversion to product.
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Table 4.12: The 12 reactions conducted in Optimisation six. All reactions were carried out under conditions: 100
bar Hp, 24 h, 5 mol% pre-catalyst, 5.75 mol% ligand and 20 mol% additive.

R N Ligand Pre-cat Name Solvent  Additive T(ilél? Conv.(%) ee(%)
4.145 | L45 [Rh(NBD),]BF. THF 50 100 73
4.146 | La44 [Rh(NBD),]BF. THF 50 100 8
4.147 L4.1 DCM 50 100 59
4.148 | L4.11 DCM 50 50 2
4.149 | L4.15 [Rh(NBD),]BF. THF 50 100 59
4.150 | L4.16 [Rh(NBD),]BF. THF 50 100 27
4.151 L4.4 DCM 50 100 3
4.152 L4.7 DCM 50 100 0
4.153 | L4.10 DCM 50 100 0
4.154 L4.8 DCM 50 100 0
4.155 | L4.15 DCM 50 13 0
4.156 | L4.13 DCM 50 16 66
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Figure 4.23: The distribution of ee and conversion across the set of reactions in Optimisation six.

The distribution of ee values categorised by pre-catalyst and ligand for this
optimisation round is shown in Figure 4.24. Interestingly, although a range of ligands
were explored, the best-performing ligand overall, L4.14, was not included among the
12 reactions with the highest EI scores. Instead, the highest-ranking reaction (reaction
4.145) employed ligand L4.5 and achieved the highest ee in this final optimisation
round (Scheme 4.19). This represented an improvement over the previous best result

for L4.5 of 67% ee observed in Reactions 4.9 and 4.42 (Scheme 4.15). By switching
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from switching from DCM to THF, the ee increased to 73%. Notably, these are the

same reaction conditions used in reaction 4.142, which yielded the highest ee overall.
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Figure 4.24: Distribution of ee across the reactions in Optimisation six, categorised by pre-catalyst (left) and ligand
(right). Box plots summarize the ee distribution for each category.
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NHAG (5.75 mol%) NHAc

@\ [Rh(OMe)(COD)], (5 mol%)
> e
H, (100 bar)
50 °C, 24 h DCM
R N4.9 67% ee
L4.5

(5.75 mol%) NHAc

NHAC O
> oy
H, (100 bar)

50 °C, 24 h DCM

.

R_N 4.42
67% ee
L4.5

(5.75 mol%) NHAc

NHAc O
> iy
@\ H, (100 bar)

50 °C, 24 h, THF
R_N 4.145 73% ee

Scheme 4.15: Comparison of the reaction that achieved the highest ee in Optimisation six with the previously
highest-performing reaction using the same ligand.

The results from Optimisation six suggested that the BO workflow was unlikely to
identify a reaction more selective than the 93% ee achieved in Optimisation five. Given
this outcome, and although the experimental budget was not exceeded, the
optimisation campaign was concluded without further iterations.

Figure 4.25 shows the distributions of ee and conversion for all six optimisation
rounds, together with a scatter plot illustrating the relationship between these two
metrics. Although the optimisation campaign successfully identified a highly selective
reaction, the overall ee distribution was broad, with most reactions falling in the low
ee range. In contrast, the conversion distribution was predominantly high across the
campaign, and no discernible trend was found between conversion and ee, indicating
that improvements in one metric did not necessarily correspond to changes in the

other.
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Figure 4.25: The distribution of ee and conversion across all 6 optimisation iterations. The bottom Scatter plot
shows the relationship between ee and conversion (%) for the initial reactions. A linear regression is fitted to the
data.

The skewness of the ee and conversion distributions was calculated for each
optimisation iteration (Figure 4.26). Positive skewness values indicate distributions
with a longer tail toward higher values, compared to a normal distribution, whereas
negative values indicate a longer tail toward lower values. Across the campaign, ee
distributions were consistently positively skewed, consistent with the majority of
reactions giving low enantioselectivity and occasional high ee outliers. In contrast,
conversion distributions were generally negatively skewed, consistent with most

reactions achieving high conversion and a minority exhibiting low conversion.
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Figure 4.26: The skewness of ee and conversion across optimisation rounds.

Figure 4.27 displays the highest ee observed in each iteration, the best ee achieved so
far, and the mean ee for each iteration. This figure highlights where improvements in
the highest ee plateaued. The highest ee per iteration increased during the early stages,
from the initial reactions (iteration 0) through optimisations one, two, and three,
reflecting the BO algorithm’s ability to identify increasingly selective conditions.
However, a decrease was observed in Optimisation three before increasing through
Optimisations four and five. Although the mean ee improved over most iterations, it
remained far from optimal, as high selectivity was achieved in only a small number of
experiments. This is typical of exploratory optimisation campaigns, where the search
space contains large regions of suboptimal performance with only narrow zones of

optimal conditions.
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Figure 4.27: Performance metrics for the optimisation campaign. Comparison of three metrics for each optimisation
iteration: (left, top) the highest ee achieved within each optimisation round, (right, top) the cumulative best ee
observed up to that iteration; (centre, bottom) the mean ee across all reactions in that optimisation round.

The BO approach successfully identified a highly selective reaction (93% ee) using
L4.14 and optimised the reaction parameters for other chiral ligands, leading to
improved selectivities for those systems (Scheme 4.16). As this project used
commercially available chiral ligands, most had previously been applied in AH
reactions of TSC=C. For example, L.4.5 was employed by Zhang in 2017 for the AH of
B-aryl-substituted tetra-substituted enamides (Scheme 4.4),2°% and (R)-BINAP (L4.1)
has been widely used throughout the AH literature.

In contrast, L4.14 has been less extensively explored. Notably, it was used by a
Merck team in 2017 for the synthesis of taranabant (Scheme 4.3),%°" and previously
for the AH of a,B-unsaturated ketones with Rh(COD),OTf and Zn(II) triflate at 70
bar H, and 70 °C.306
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Scheme 4.16: The most enantioselective reaction found with from three different chiral ligands, reaction 4.69 located
in Optimisation one, reaction 4.142 located in Optimisation five and reaction 4.145 located in Optimisation six.
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4.4 CONCLUSIONS AND FUTURE WORK

This BO approach successfully identified a highly enantioselective reaction (93% ee)
for the cyclic enamide substrate S4.1. In future work, the reaction conditions identified
through this workflow could be applied to other cyclic enamides and assess
performances across a diverse substrate scope.

The enantioselective reaction was identified within five rounds of optimisation,
exploring only 8% of the defined reaction space. While this is a promising outcome,
determining whether the approach is genuinely faster and more data-efficient than
traditional screening would require direct comparison with results obtained by
experienced experimental chemists. Likewise, performing several iterations of randomly
selected reactions could help establish whether BO offers an advantage over
conventional trial-and-error experimentation. For such comparisons to be fully accurate
in identifying the most enantioselective reaction within the reaction space, all 1,782
possible reactions would need to be conducted, a labour-intensive task that, without
HTE, lay beyond the scope of this project.

Future work could therefore focus on applying this approach to the optimisation
of a different, but equally challenging, substrate to further assess its performance and

generality.
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4.5 EXPERIMENTAL

4.5.1 General Considerations

Unless otherwise stated all manipulations were carried out under an inert atmosphere
(N3 or Ar) using standard Schlenk techniques or employment of an MBraun glovebox.
Glassware was dried in an oven at 180 °C overnight before use.

Unless otherwise stated, all reagents were purchased from Merck or Flurochem
and used as purchased. Laboratory grade toluene and THF were dried over
sodium/benzophenone and distilled prior to use. Ethanol (EtOH), DCM were heated
at reflux over CaH and distilled onto activated 3A molecular sieves. Room temperature
(rt) refers to 298 K. Diisopropylamine was also dried over activated 3A molecular
sieves.

High pressure hydrogen reactions were conducted in a HEL cat24 high pressure
reactor vessel.

'H and 3C{'H} NMR spectra were recorded on a Brucker 400 MHz or 500 MHz
spectrometers in CDClz and 'H and *C{'H} NMR chemical shifts are reported relative
to CDCl3 at 8y 7.26 ppm and 8¢ 77.16 ppm. Coupling constants (J) are reported in
Hertz (Hz). Multiplicities are indicated by: br s (broad singlet), s (singlet), d (doublet),
t (triplet), q (quartet), p (pentet) and m (multiplet).

GC-MS analysis was obtained on a Shimadzu Qp2020 (EI) instrument equipped
with a SH-Rxi-5MS column (25 m x 0.20 mm ID x 0.33 mm film).
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4.5.2 Synthesis of N-(2-Methylcyclohept-1-en-1-yl)acetamide

2-methylcycloheptanone

To a 250 mL flame dried Schlenk flask under an inert atmosphere n-butyllithium (n-
Buli, 1.6 M in hexane, 49 mL, 78.5 mmol) was added to a solution of diisopropylamine
(11 mL, 78.5 mmol) in THF (100 mL) slowly at 0 °C. The solution was stirred for 30
min before being cooled to —78 °C. Freshly distilled cycloheptanone (9.2 mL, 78 mmol)
was then added dropwise over 60 minutes and the resulting solution was stirred for a
further 30 minutes. The solution was warmed to room temperature and stirred for 18
hours. The reaction was quenched with sat. ag. NH4Cl and DCM, the organic layer
was successively washed with ag. HCl (0.1 M) and sat. ag. NaHCO3 and dried over
MgSQOs.

The solvent was removed n vacuo and the product was purified by vacuum distillation
at 1 X 107! mbar to give 2-methylcycloheptanone as a colourless oil (8.0 g, 81%).

Analytical data is in accordance with the reported literature.30”

IH NMR (400 MHz, CDCls): 5 2.65 — 2.52 (m, 1H, CH), 2.52 — 2.42 (m, 2H, CH,),
1.92 - 1.79 (m, 4H, CH,), 1.72 — 1.52 (m, 4H, CH,), 1.50 — 1.25 (m, 4H, CH,), 1.04 (d,
J = 6.9 Hz, 3H, CHj).

13C{1H} NMR (101 MHz, CDCls) 5 216.9 (C=0), 46.7 (CH), 42.6 (CH,), 33.4 (CHy),
29.8 (CHy), 28.8 (CHy), 24.6 (CHy), 17.6 (CHs).
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N-(2-methylcyclohept-1-en-1-yl)acetamide (S4.1)

)

~

o

To a 250 mL Schlenk flask under an inert atmosphere was charged 2-
methylcycloheptanone (1.5 g, 11.9 mmol), hydroxylamine hydrochloride (1.15 g, 16.7
mmol), pyridine (2.4 mL, 29.8 mmol) and EtOH (100 mL). The resulting mixture was
stirred at 60 ° C for 4 hours. The solvent was removed under vacuum and the mixture
extracted with EtOAc. The organic layers were combined and volatiles removed at
reduced pressure to give 2-methyl-cycloheptanone oxime.

To a 250 mL Schlenk flask under an inert atmosphere, iron powder (35.7 mmol,
2.0 g), acetic acid (71.4 mmol, 3.6 mL) and acetic anhydride (35.7 mmol, 2.8 mL) were
added. The resulting mixture was stirred at 130 ° C for 6 hours to form iron(II) acetate
in-situ.

2-methyl-cycloheptanone oxime was charged into the iron (II) acetate slowly,
the resulting mixture was stirred at 60 ° C for 4 hours. The reaction mixture was then
extracted with ethyl acetate and passed through celite to remove the metal precipitate.
Volatiles were removed at reduced pressure and purified by silica gel chromatography
(petroleum ether/ethyl acetate, 4:1), to give the desired product N-(2-
methylcyclohept-1-en-1-yl)acetamide as a white solid (538 mg, 25% yield).

Analytical data is in accordance with reported literature.*
!H NMR (500 MHz, CDCl;): & 2.40 — 2.28 (m, 2H), 2.19 — 2.08 (m, 2H), 2.01 (s, 3H,
CHs), 1.79 — 1.67 (m, 2H), 1.65 (s, 3H, CHs), 1.60 — 1.53 (m, 2H), 1.52 — 1.45 (m, 2H).

13C{!H} NMR (126 MHz, CDCls): 5 168.3 (C=0), 132.5 (C=C), 131.9 (C=C), 34.4
(CH,), 33.5 (CHa), 32.1 (CHy), 26.2 (CHy), 25.9 (CHa,), 23.6 (CHs), 20.6 (CHa).

EI-MS: m/z 167.0 [M]*
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4.5.3 Synthesis of N-(-2-Methylcycloheptyl)acetamide

N-(-2-methylcycloheptyl)acetamide (P4.1)
@)

~

NH

-

The racemate N-(-2-methylcycloheptyl)acetamide was formed following procedure.

To 4 mL vial N-(2-methylcyclohept-1-en-1-yl)acetamide (0.1 mmol, 17 mg), Pd/C 10
wt% (0.01 mmol, 2 mg) and 500 uL ethyl acetate was charged. The vial was placed in
high pressure autoclave (HEL cat24 high pressure reactor vessel). The autoclave was
pressurised to 50 bar Hy and the reaction was left stirring for 18 hours. After carefully
depressurising the autoclave the reaction was passed through celite and the volatiles
were subsequently removed at reduced pressure. Purification by column
chromatography  (petroleum  ether/ethyl acetate, 4:1) obtained N-(-2-
methylcycloheptyl)acetamide as a white solid (90% yield, 16 mg)

Analytical data is in accordance with reported literature for the (R,S/S,R)

diastereomer.4

IH NMR (500 MHz, CDCls): & 5.43 (brs, 1H, NH), 4.21 — 4.03 (m, 1H, CH), 1.98 (s,
3H, CHs), 1.98 — 1.93 (m, 1H), 1.72 — 1.46 (m, 8H, CHy), 1.32 — 1.25 (m, 1H, CH), 0.89
(d, J = 7.0 Hz, 3H, C-CHs).

13C{1H} NMR (126 MHz, CDCls): 5 169.3, 52.7, 36.5, 32.0, 28.1, 25.7, 23.9, 23.7, 17.7.
EI-MS: m/z 169.0 [M]*

GC-MS: (19.51 major, 20.33 minor)
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4.5.4 General Procedure for the Asymmetric Hydrogenation Reactions of N-(-2-

Methylcycloheptyl)acetamide

In a nitrogen-filled glovebox a 4 mL vial equipped with a magnetic stirrer bar was
charged the indicated pre-catalyst (5 mol%, 0.005 mmol), chiral ligand (5.75 mol%,
0.006 mmol) and solvent (0.5 mL). The resultant mixture was stirred for 30 min before
N-(-2-methylcycloheptyl)acetamide (0.1 mmol, 17 mg) was added. The charged vial
was placed into a stainless-steel autoclave (HEL cat24 high pressure reactor vessel).
The autoclave was then purged with H; three times and charged to the indicated
pressure and temperature. The mixture was stirred for 24 h before it was cooled to
room temperature and depressurised. The resultant mixture was directly passed
through a short plug of silica with EtOAc/petreoleum ether to give the desired
product, evidenced by 'H NMR. The conversion and ee of the product was determined
by GC with a chiral stationary phase.

The analytical data of the enantiopure product was in accordance with that of the

racemate in 4.5.3.
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5 Conclusion

The AH of tetra-substituted olefins remains one of the most challenging
transformations in homogeneous catalysis due to the severe steric congestion of these
substrates and the strong dependence of enantioselectivity on subtle substrate-catalyst
interactions. Despite major advances in ligand and catalyst design, optimisation of
these reactions typically relies on extensive experimental screening and expert chemical
intuition. The overarching aim of this thesis was to investigate whether ML-based
strategies could offer a complementary and more efficient framework for reaction
outcome prediction and optimisation in this sensitive reaction class.

In this work, supervised ML models were developed to predict ee for AH
reactions of tetra-substituted olefins using literature data. Both regression and
classification approaches demonstrated that meaningful structure-reactivity
relationships can be learned from existing experimental datasets, achieving prediction
errors below 10% ee MAE and classification accuracies exceeding 80%.

Application of the trained models to novel experimental reactions highlighted
both their promise and current limitations. While performance was better for reactions
similar to those represented in the training data, predictive accuracy declined for low-
ee reactions. This behaviour reflects a fundamental limitation of supervised learning
when applied to experimental chemistry, where model generalisability is constrained
by dataset size, diversity, and reporting bias. In the context of AH, the strong skew of
literature data toward successful reactions remains a significant barrier to the
production of efficient predictive models.

To address these challenges, BO was explored as an alternative strategy for
experimental optimisation. By iteratively guiding experiments using probabilistic
surrogate models, BO enabled efficient exploration of reaction space and the
identification of highly enantioselective conditions wusing substantially fewer
experiments than conventional screening approaches. This demonstrated the value of
closed loop, data-driven experimentation for reaction classes where data is scarce and

experimental costs are high.




Taken together, the findings of this thesis indicate that for this reaction class
ML is most effective when applied as a decision support tool rather than a standalone
predictive solution. When integrated with experimental workflows, data-driven
approaches can reduce unproductive screening, prioritise promising regions of reaction
space, and accelerate optimisation campaigns. While challenges remain, particularly in
data availability and generalisability, this work demonstrates that ML-guided
strategies offer a practical and impactful route toward more efficient development of

AH reactions of tetra-substituted olefins.
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7 Appendix

7.1 CHAPTER 2 APPENDIX

The dataset supporting this thesis, Research data supporting Using Machine
Learning to Optimise Asymmetric Hydrogenation Reactions of Tetra-substituted
Olefins, has been deposited in the University of Cambridge data repository (Apollo).

Table 7.1: The train and test MAE (% ee) for all the regression models with different input features.

Model Train MAE (% ee) Test MAE (% ee)
LLR(2D) 8.0 £ 0.2 154 + 1.3
RR(2D) 5.6 +0.3 18.8 + 0.9
RFR(2D) 16.0 + 0.3 16.7 + 1.2

ETR (2D) 8.2 £0.2 11.9 + 1.3
GBR(2D) 9.5+ 0.9 13.5 £ 0.9
LLR (3D) 16.7+£ 0.3 18.2 £ 0.9
RR(3D) 16.3 + 0.3 18.3 + 0.7
RFR(3D) 17.4 + 0.3 18.3 + 1.1
ETR (3D) 8.7 £0.2 13.7 + 0.9
GBR(3D) 7.8 +0.3 14.4 + 0.6
SVR(3D) 51+0.3 12.7 + 1.0
LLR(2D + 3D) 7.0 £ 0.2 154 + 1.3
RR(2D + 3D) 10.2 + 0.2 15.0 + 1.2
RFR(2D + 3D) 16.7+£ 0.3 175+ 1.1
ETR(2D + 3D) 6.4+£0.2 98 t1.2
GBR(2D + 3D) 8.7+0.7 12.9 + 0.9

213



Table 7.2: Optimum set of hyperparameters found for regression models with 2D input features.

Model Hyperparameters Values
LLR a 0.001
S T
"""" Max_features 08
Max samples 0.1
RFR -
Max _depth: 50
n_estimators 800
"""" Learning_rate ol
Max_ depth 8
Max_features 0.5
GBR -
Min_samples_leaf 4
Min_samples_ split 10
n_estimators 800
A Max_featuwres o5
ETR Min_samples_ leaf 2
Max_depth None
n_estimators 800

R e o e
I Model Hyperparameters Values
LLR a 0.001
e e e
RR a 10
Max_features 0.9
Max_samples 0.1
RFR
Max _depth: 2
n_estimators 800
Learning rate 0.05
Max_depth 4
GBR
Max_features 0.5
n_estimators 300
Max_features 0.4
Min_samples_leaf 4
ETR
Max_depth None
n_estimators 800
kernel rbf
Gamma scale
SVR
C 4
Epsilon le-06
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Table 7.4: Optimum set of hyperparameters found for regression models with 2D + 3D input features.

I Model Hyperparameters Values I
' LLR o 0.001 !
R e T e I
! Max_features 0.8 !
I I
I Max_samples 0.1 I
RFR
1 Max_depth: None 1
: n_estimators 800 :
1 Learning rate 0.1 1
: Max_ depth 8 :
1 Max_features 0.5 |
| GBR . 1
: Min_samples_leaf 4 :
I Min_samples_ split 10 I
! n_estimators 800 !
i T il eI I
I Max_features 0.4 I
I ETR Min_samples_ leaf 4 !
I I
I Max_depth None I
1 n_estimators 800 |
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Figure 7.1: Performance of the LLR model for ee prediction across 2D input features. (Left) Distribution of
prediction errors on the test set. (Right) scatter plot comparing predicted versus true ee values for the test set,
with the dashed line indicating perfect prediction (y=x).
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Figure 7.2: Performance of the RR model for ee prediction across 2D input features. (Left) Distribution of

prediction errors on the test set. (Right) scatter plot comparing predicted versus true ee values for the test set,
with the dashed line indicating perfect prediction (y=x).
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Figure 7.3: Performance of the RFR model for ee prediction across 2D input features. (Left) Distribution of

prediction errors on the test set. (Right) scatter plot comparing predicted versus true ee values for the test set,
with the dashed line indicating perfect prediction (y=x).
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Figure 7.4: Performance of the GBR model for ee prediction across 2D input features. (Left) Distribution of

prediction errors on the test set. (Right) scatter plot comparing predicted versus true ee values for the test set,
with the dashed line indicating perfect prediction (y=x).
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Figure 7.5: Learning curves for the LLR(2D) model. Blue markers show the CV training MAE and the red markers
show the CV test MAE. The shaded bands denote the SD.
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Figure 7.6: Learning curves for the RR(2D) model. Blue markers show the CV training MAE and the red markers
show the CV test MAE. The shaded bands denote the SD.
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LLR ee Prediction Error (3D) LLR Predicted vs. True ee (3D)
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Figure 7.7: Performance of the LLR model for ee prediction across 3D input features. (Left) Distribution of

prediction errors on the test set. (Right) scatter plot comparing predicted versus true ee values for the test set,
with the dashed line indicating perfect prediction (y=x).
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Figure 7.8: Performance of the RR model for ee prediction across 3D input features. (Left) Distribution of

prediction errors on the test set. (Right) scatter plot comparing predicted versus true ee values for the test set,
with the dashed line indicating perfect prediction (y=x).
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Figure 7.9: Performance of the RFR model for ee prediction across 3D input features. (Left) Distribution of

prediction errors on the test set. (Right) scatter plot comparing predicted versus true ee values for the test set,
with the dashed line indicating perfect prediction (y=x).
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Figure 7.10: Performance of the GBR model for ee prediction across 3D input features. (Left) Distribution of

prediction errors on the test set. (Right) scatter plot comparing predicted versus true ee values for the test set,
with the dashed line indicating perfect prediction (y=x).
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Figure 7.11: Performance of the SVR model for ee prediction across 3D input features. (Left) Distribution of

prediction errors on the test set. (Right) scatter plot comparing predicted versus true ee values for the test set,
with the dashed line indicating perfect prediction (y=x).
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Figure 7.12: Learning curves for the LLR(3D) model. Blue markers show the CV training MAE and the red markers
show the CV test MAE. The shaded bands denote the SD.
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Figure 7.13: Learning curves for the RR(3D) model. Blue markers show the CV training MAE and the red markers
show the CV test MAE. The shaded bands denote the SD.
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Learning Curve RFR (3D)
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Figure 7.14: Learning curves for the RFR(3D) model. Blue markers show the CV training MAE and the red markers
show the CV test MAE. The shaded bands denote the SD.
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Figure 7.15: Learning curves for the ETR(3D) model. Blue markers show the CV training MAE and the red markers
show the CV test MAE. The shaded bands denote the SD.
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Figure 7.16: Learning curves for the GBR(3D) model. Blue markers show the CV training MAE and the red
markers show the CV test MAE. The shaded bands denote the SD.
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Figure 7.17: Learning curves for the SVR(3D) model. Blue markers show the CV training MAE and the red markers
show the CV test MAE. The shaded bands denote the SD.
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Figure 7.18: Performance of the LLR model for ee prediction across 2D + 3D input features. (Left) Distribution

of prediction errors on the test set. (Right) scatter plot comparing predicted versus true ee values for the test set,
with the dashed line indicating perfect prediction (y=x).
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Figure 7.19: Performance of the RR model for ee prediction across 2D + 3D input features. (Left) Distribution of

prediction errors on the test set. (Right) scatter plot comparing predicted versus true ee values for the test set,
with the dashed line indicating perfect prediction (y=x).
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Figure 7.20: Performance of the RFR model for ee prediction across 2D + 3D input features. (Left) Distribution

of prediction errors on the test set. (Right) scatter plot comparing predicted versus true ee values for the test set,
with the dashed line indicating perfect prediction (y=x).
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Figure 7.21: Performance of the GBR model for ee prediction across 2D + 3D input features. (Left) Distribution
of prediction errors on the test set. (Right) scatter plot comparing predicted versus true ee values for the test set,
with the dashed line indicating perfect prediction (y=x).
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Figure 7.22: Learning curves for the LLR(2D + 3D) model. Blue markers show the CV training MAE and the red
markers show the CV test MAE. The shaded bands denote the SD.
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Learning Curve RR (3D + 2D, robust)
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Figure 7.23: Learning curves for the RR(2D + 3D) model. Blue markers show the CV training MAE and the red
markers show the CV test MAE. The shaded bands denote the SD.
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7.24: Learning curves for the RFR(2D + 3D) model. Blue markers show the CV training MAE and the red markers
show the CV test MAE. The shaded bands denote the SD.
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LLR (2D)
Permutation Feature Importance on Test Set
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Permutation importance (AMAE)

Figure 7.25: Permutation feature importance for the LLR(2D) model. Bars show the mean increase in test MAE
(AMAE) when each feature’s values are randomly permuted and error bars denote the SD.

RFR (2D)

Permutation Feature Importance on Test Set
solvents 0.00 + 0.0004
P1305 0.00 + 0.0004
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C1808 0.00 + 9.0001

0.000

Permutation importance (AMAE)

Figure 7.26: Permutation feature importance for the RFR(2D) model. Bars show the mean increase in test MAE
(AMAE) when each feature’s values are randomly permuted and error bars denote the SD.
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Figure 7.27: Permutation feature importance for the ETR(2D) model. Bars show the mean increase in test MAE
(AMAE) when each feature’s values are randomly permuted and error bars denote the SD.

GBR (2D)

Permutation Feature Importance on Test Set
solvents 0.01 + 0.0016
C830 0.01 + 9.0011
pressure 0.01 + 0.0016
s/C 0.01 *+ 0.0010
C602 0.01 + 0.0006
R1824 0.01 + 9.0013
R174 0.01 + 0.0004
P1305 0.00  0.0007
P228 0.00  0.0007
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Figure 7.28: Permutation feature importance for the GBR(2D) model. Bars show the mean increase in test MAE
(AMAE) when each feature’s values are randomly permuted and error bars denote the SD.
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LLR (3D)
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Permutation importance (AMAE)

Figure 7.29: Permutation feature importance for the LLR(3D) model. Bars show the mean increase in test MAE
(AMAE) when each feature’s values are randomly permuted and error bars denote the SD.

RFR (3D)

Permutation Feature Importance on Test Set
C_TPSA 0.00 = 0.0006
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c 11 apt 0.00 *+ 0.0002

0.000
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Figure 7.30: Permutation feature importance for the RFR(3D) model. Bars show the mean increase in test MAE
(AMAE) when each feature’s values are randomly permuted and error bars denote the SD.
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GBR (3D)
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Figure 7.31: Permutation feature importance for the GBR(3D) model. Bars show the mean increase in test MAE
(AMAE) when each feature’s values are randomly permuted and error bars denote the SD.
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Figure 7.32: Permutation feature importance for the ETR(3D) model. Bars show the mean increase in test MAE
(AMAE) when each feature’s values are randomly permuted and error bars denote the SD.
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Figure 7.33: Permutation feature importance for the LLR(2D + 3D) model. Bars show the mean increase in test
MAE (AMAE) when each feature’s values are randomly permuted and error bars denote the SD.
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Figure 7.34: Permutation feature importance for the RFR(2D + 3D) model. Bars show the mean increase in test
MAE (AMAE) when each feature’s values are randomly permuted, and error bars denote the SD.
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Table 7.5: Train and test set accuracies for all classification models across different sets of input features.

Model Train accuracy (%) Test accuracy (%)
RFC (2D) 82.2+0.8 78.2 + 1.8
ETC (2D) 88.3 £ 0.05 80.3 £ 1.9
GBC (2D) 86.8 1.0 80.4 + 2.6
RFC (3D) 83.5+0.1 79.0 + 10
ETC (3D) 83.7 £ 0.9 76.7 + 1.2
GBC (3D) 89.1+0.1 81.4+1.1

RFC (2D + 3D) 829+ 1.0 76.0 £ 1.9
ETC (2D + 3D) 85.7 +0.37 78.8 £ 1.8
GBC (2D + 3D) 84.0 +1.8 79.4. + 1.2
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Table 7.6: Optimum set of hyperparameters found for classification models with 2D input features.

Model Hyperparameters Values
Max_features 0.4
Min_samples_ leaf 15
RFC Min_samples_ split 50
Max_depth 12
n_estimators 800
"""" Learning_rate ol
Max_ depth 5
Max_features 0.9
GBC -
Min_samples_ leaf 60
Min_samples_ split 40
n_estimators 800
"""" Max_featuwres o8
Min samples leaf 8
ETC - -
Min_samples_ split 11
Max_depth 20
n_estimators 1000

I Model Hyperparameters Values !
1 Max_features 0.8 1
: Min samples split 11 :
' RFC - - !
1 Max_depth 5 [
! n_estimators 1200 !
T Learning_rate 06 :
! Max_depth 2 !
: GBC Max_features 0.7 :
I Min_samples_ leaf 30 !
: n_estimators 400 :
I Max_features 06 |
: Min samples leaf 13 :
' ETC - - !
1 Min_samples_ split 10 1
: Max_depth 12 :
I n_estimators 800 I
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Table 7.8: Optimum set of hyperparameters for classification models with 2D + 3D input features.

Model Hyperparameters Values
Max_features 0.4
Min_samples_ leaf 15
RFC Min_samples_ split 50
Max_depth 12
n_estimators 600
"""" Learning_rate oot
Max_depth 2
Max_features 0.3
GBC -
Min_samples_ leaf 60
Min_samples_ split 80
n_estimators 2000
"""" Max_featuwres o8
Min samples leaf 20
ETC - -
Min_samples_ split 11
Max_depth 21
n_estimators 1000
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Figure 7.35: Learning curves for the GBC(2D) model. Blue markers show the training accuracy and the red markers
show the CV test accuracy. The shaded bands denote the SD.
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Figure 7.36: Learning curves for the ET'C(2D) model. Blue markers show the training accuracy and the red markers
show the CV test accuracy. The shaded bands denote the SD.
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Figure 7.37: Learning curves for the RFC(3D) model. Blue markers show the training accuracy and the red markers
show the CV test accuracy. The shaded bands denote the SD.
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Learning Curve RFC (2D+3D)
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Figure 7.38: Learning curves for the RFC(2D + 3D) model. Blue markers show the training accuracy and the red
markers show the CV test accuracy. The shaded bands denote the SD.
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Figure 7.39: Learning curves for the GBC(2D + 3D) model. Blue markers show the training accuracy and the red
markers show the CV test accuracy. The shaded bands denote the SD.
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Learning Curve ETC (2D+3D)
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Figure 7.40: Learning curves for the ETC(2D + 3D) model. Blue markers show the training accuracy and the red
markers show the CV test accuracy. The shaded bands denote the SD.
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Figure 7.41: Permutation feature importance for the RFC(2D) model. Bars show the mean increase in test accuracy
(A accuracy) when each feature’s values are randomly permuted and error bars denote the SD.
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GBC (2D)
Permutation Feature Importance on Test Set

solvents 0.03 * 0.0059
additives 0.02 + 0.0085
P1947 0.02 + 0.0104
C1325 0.02 + 0.0087
R316 0.01 + 0.0031
R1738 0.01 + 0.0068
P890 0.01 + 0.0057
pressure 0.01 + 0.0106
Cb79 0.01 + 0.0066
C1l111 0.01 + 0.0080
0.000 0.010 0.020 0.030

Permutation importance (AAccuracy)

Figure 7.42: Permutation feature importance for the GBC(2D) model. Bars show the mean increase in test accuracy
(A accuracy) when each feature’s values are randomly permuted and error bars denote the SD.
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Figure 7.43: Permutation feature importance for the ET'C(2D) model. Bars show the mean increase in test accuracy
(A accuracy) when each feature’s values are randomly permuted and error bars denote the SD.
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RFC (3D)
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Figure 7.44: Permutation feature importance for the RFC(3D) model. Bars show the mean increase in test accuracy
(A accuracy) when each feature’s values are randomly permuted and error bars denote the SD.
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Figure 7.45: Permutation feature importance for the RFC(2D + 3D) model. Bars show the mean increase in test
accuracy (A accuracy) when each feature’s values are randomly permuted and error bars denote the SD.
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Figure 7.46: Permutation feature importance for the GBC(2D + 3D) model. Bars show the mean increase in test

accuracy (A accuracy) when each feature’s values are randomly permuted and error bars denote the SD.

ETC (2D + 3D)

Permutation Feature Importance on Test Set

c 11 apt 0.01

R1774 0.01

r gv T.8 0.01

r gv_T.qgh-8 0.01

p_PMI1 0.01

¢ ml2 apt sum 0.01

c_NOCount 0.01

r PMI2 0.01

p_gv_T.qh—S 0.01

c TPSA 0.01
0.000 0.010 0.020 0.030

Permutation importance (AAccuracy)

I+

I+

I+

+

+

+

+

I+

I+

0

0.

.0035

0012

.0043

.0045

.0038

.0019

.0044

.0032

.0040

.0026

Figure 7.47: Permutation feature importance for the ETC(2D + 3D) model. Bars show the mean increase in test

accuracy (A accuracy) when each feature’s values are randomly permuted and error bars denote the SD.
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Table 7.9: Train and test set accuracies for classification models with 3D input features with additional SMOTE
data added to the training set.

Model Train accuracy (%) Test accuracy (%)
ETC SMOTE (3D) 84.9 £ 1.15 78.6 + 1.6
GBC SMOTE (3D) 90.3 + 0.26 80.7 + 1.5

Table 7.10: Optimum set of hyperparameters for classification models 3D input features and additional SMOTE
data added to the training set.

1 Model Hyperparameters Values 1
: Learning rate 0.007 :
1 Max_depth 2 I
! GBC Max_features 0.9 !
: Min_samples_ leaf 40 :
! n_estimators 500 !
Siniiaie i fr Bemme T T T T TS o T T T |
1 Min samples leaf 10 1
1 ETC - - 1
I Min_samples_ split 11 I
1 Max_ depth 8 1
R posstmatos %0 :
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Figure 7.48: 1H NMR (400 MHZ, CDCI3) spectrum of (S,5) (R,R) 2,3-diphenyl-indan-1-one (P3.1).
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Figure 7.49: 13C{'H} NMR (101 MHZ, CDCls) spectrum of (S,5) (R,R) 2,3-diphenyl-indan-1-one (P3.1).
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Figure 7.50: 1H NMR (400 MHZ, CDCI3) spectrum of (S,R) (R,S) 2,3-diphenyl-indan-1-one.
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Figure 7.51: 13C{'H} NMR (101 MHZ, CDCls) spectrum of (S,R) (R,S) 2,3-diphenyl-indan-1-one.
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Figure 7.52: : 1H NMR (400 MHZ, CDCls) spectrum of 1,2,3,4-tetrahydro-9H-fluorene (83.2).
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Figure 7.53: 13C{!H} NMR (101 MHZ, CDCls) spectrum of 1,2,3,4-tetrahydro-9H-fluorene (S3.2)
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Figure 7.54: 'H NMR (500 MHZ, CDCls) spectrum of 2-Methyl-3-phenyl-1H-indene (83.3).
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Figure 7.56: 1H NMR (400 MHZ, CDCI3) spectrum of 1-Methoxy-4-(3-methylbut-2-en-2-yl)benzene (S3.4).
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Figure 7.57: 13C{'H} NMR (101 MHZ, CDCl3) spectrum of 1-Methoxy-4-(3-methylbut-2-en-2-yl)benzene (S3.4).
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Figure 7.58: 1H NMR (400 MHZ, CDCl3) spectrum of 5-methoxy-2-methyl-2,3-dihydro-1H-indenone.
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Figure 7.60: 1H NMR (400 MHZ, CDCl3) spectrum of 1 cis-1,2,3,4,4a,9,9a-heptahydro-4aH-flourene (P3.2).
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Figure 7.61: 13C{'H} NMR (101 MHZ, CDCls) spectrum of 1 cis-1,2,3,4,4a,9,9a-heptahydro-4aH-flourene (P3.2).
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Figure 7.62: 'H NMR (500 MHZ, CDCls) spectrum of cis-1-phenyl-2-methylindane (P3.3).
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Figure 7.63: 13C{'H} NMR (126 MHZ, CDCls) spectrum of cis-1-phenyl-2-methylindane (P3.3).
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Figure 7.64: 1H NMR (500 MHZ, CDCl3) spectrum of 1-Methoxy-4-(3-methylbutan-2-yl)benzene (P3.4).
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Figure 7.65: : 13C{'H} NMR (126 MHZ, CDCl3) spectrum of 1-Methoxy-4-(3-methylbutan-2-yl)benzene (P3.4).
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Figure 7.66: 'H NMR (500 MHZ, CDCl3) spectrum of 5-Methoxy-1,2-dimethyl-2,3-dihydro-1H-indene (P3.5).
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Figure 7.67: 'H NMR (500 MHZ, CDCls) spectrum of [Ir(L3.1)COD]BArF,.
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Figure 7.68: 3!P{'H} NMR (203 MHZ, CDCI3) spectrum of [Ir(L3.1)COD]BArF,.
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Figure 7.69: 13C{'H} NMR (126 MHZ, CDCls) spectrum of [Ir(L3.1)COD|BArF,.

251



1.2 CHAPTER 4 APPENDIX
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Figure 7.70: 1H NMR (400 MHZ, CDCI3) spectrum of 2-methylcycloheptanone.
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Figure 7.71: 13C{'H} NMR (126 MHZ, CDCls) spectrum of 2-methylcycloheptanone.
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Figure 7.72: 1H NMR (500 MHZ, CDCI3) spectrum of N-(2-methylcyclohept-1-en-1-yl)acetamide (S4.1).
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Figure 7.73: 13C{'H} NMR (126 MHZ, CDCls) spectrum of N-(2-methylcyclohept-1-en-1-yl)acetamide (84.1).
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Figure 7.74: 1H NMR (500 MHZ, CDCI3) spectrum of N-(-2-methylcycloheptyl)acetamide (P4.1).
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Figure 7.75: 13C{'H} NMR (126 MHZ, CDCl3) spectrum N-(-2-methylcycloheptyl)acetamide (P4.1).
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