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Alberto Fabrizioac and Clemence Corminboeuf *abc

The automated construction of datasets has become increasingly relevant in computational chemistry.

While transition-metal catalysis has greatly benefitted from bottom-up or top-down strategies for the

curation of organometallic complexes libraries, the field of organocatalysis is mostly dominated by case-

by-case studies, with a lack of transferable data-driven tools that facilitate both the exploration of

a wider range of catalyst space and the optimization of reaction properties. For these reasons, we

introduce OSCAR, a repository of 4000 experimentally derived organocatalysts along with their

corresponding building blocks and combinatorially enriched structures. We outline the fragment-based

approach used for database generation and showcase the chemical diversity, in terms of functions and

molecular properties, covered in OSCAR. The structures and corresponding stereoelectronic properties

are publicly available (https://archive.materialscloud.org/record/2022.106) and constitute the starting

point to build generative and predictive models for organocatalyst performance.
Introduction

Constructing extensive yet tailored databases is crucial for the
successful development and application of data-driven tools in
catalysis and materials science.1,2 The way datasets are gener-
ated largely reects how chemists think about the structure of
a catalyst. In turn, this not only inuences the way improved
molecular systems are searched, but also how their structure is
manipulated, for example through trial-and-error,3 ne-tuning
according to mechanistic insight,4–7 or generating compound
libraries for activity/selectivity screening.8–11

Transition-metal catalysts are naturally viewed in a modular
fashion as a combination of active metal centre and ligands,
which are further decomposed into metal-coordinating groups,
backbone/bridging units, and substituents.12 This simple, yet
powerful fragment-based strategy has enabled tremendous
advancements in computer-aided catalyst design,13,14 from the
exploration of the chemical space of inorganic species curated
through bottom-up or top-down approaches,15–20 the construc-
tion of ligand databases with associated steric and electronic
esign, Institute of Chemical Sciences and
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descriptors,21–27 to the development of algorithms for the
assembly of metal complexes from fragments and evolutionary
experiments.28–30 Modularity is even more apparent in bio-
catalysts,31 which combine a limited number of building blocks,
the amino acids; inspired by natural evolution, strategies such
as combinatorial backbone assembly32 have allowed to generate
libraries of structurally diverse enzymes with altered catalytic
properties.

Organocatalysts are far less frequently classied according to
fragment-based schemes. Instead, they are typically grouped
into families of “privileged catalysts”,33,34 or according to the
functional components that encapsulate their catalytic power
(Fig. 1).35 Privileged catalysts are those species possessing
certain chiral scaffolds that have proven to be effective at
inducing high levels of enantioselectivity across a wide range of
mechanistically unrelated reactions.33,34 Some effort has been
made to summarize these catalytic motifs,36 however their
comprehensive enumeration across all of chemical space is
challenging due to the large possible variations in functional-
ities. This problem is exacerbated by the fact that organo-
catalysts are essentially a subclass of organic molecules, whose
space is estimated to exceed 1060,37,38 and chemical expertise is
required to evaluate whether an organic molecule could func-
tion as a catalyst in a reaction. Therefore, de novo organocatalyst
design is a formidable, seldomly approached task, primarily
due to the lack of robust ways of dening and assembling their
building blocks,39,40 and reaction optimization is dominated by
testing closely related analogues of a known privileged
catalyst.41
© 2022 The Author(s). Published by the Royal Society of Chemistry

http://crossmark.crossref.org/dialog/?doi=10.1039/d2sc04251g&domain=pdf&date_stamp=2022-11-30
http://orcid.org/0000-0002-2349-1944
http://orcid.org/0000-0001-6315-4398
http://orcid.org/0000-0002-3431-2470
http://orcid.org/0000-0001-7993-2879
https://archive.materialscloud.org/record/2022.106
https://doi.org/10.1039/d2sc04251g
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d2sc04251g
https://pubs.rsc.org/en/journals/journal/SC
https://pubs.rsc.org/en/journals/journal/SC?issueid=SC013046


Fig. 1 (A) Prototypical privileged chiral frameworks for asymmetric
catalysis. (B) Classification of organocatalysts according to their
catalytic motifs (X = O, S).
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Similarly, the eld of data-driven organocatalysis has been
dominated by efforts, either on the automation side42 (e.g.,
AARON43 or ACE/Virtual Chemist44,45) or on the development of
statistical models for enantioselectivity prediction,46–52 that have
focused on specic reaction classes or structurally related
catalysts. There is currently a dearth of general strategies and
platforms for organocatalysts comparison, fragmentation into
building blocks, and assembly across a wide region of catalyst
space, encompassing functionally and chemically diverse
molecules with a multitude of catalytic functions.

In this work, we propose a solution in the form of OSCAR
(Organic Structures for CAtalysis Repository), a database of
experimentally derived or combinatorially enriched organo-
catalysts and of the corresponding molecular fragments that are
extracted from them. Not only OSCAR constitutes a map to
Fig. 2 Graphical summary of the steps followed for the curation of OSC

© 2022 The Author(s). Published by the Royal Society of Chemistry
navigate organocatalyst space and potentially enable informed
catalyst design, but the modular strategy behind its construc-
tion paves the way to a multitude of data-driven and fragment-
based reaction optimization methods.53,54 Herein, we show how
such a dataset is curated and augmented with crystallographi-
cally determined structures using a combination of top-down
and bottom-up approaches, and how the fragments are
assembled in a combinatorial fashion to generate thousands of
species. In its current forms, OSCAR contains 4000 catalysts,
whose use has either been documented in the literature for
organic synthesis or with chemically analogous structure re-
ported in the Cambridge Structural Database (CSD), spanning
various catalytic functions (Lewis/Brønsted acids and bases),
and two exemplary enriched combinatorial supersets,
OSCAR!(NHC) and OSCAR!(DHBD). The former consists of over
8000 carbenes for covalent catalysis, the latter contains ca. 1.5
million non-covalent dual-hydrogen-bond donors. The
approaches used to generate these combinatorial databases
(vide infra) are however transferable to other classes, implying
the possibility of further extending OSCAR. A selection of ster-
eoelectronic molecular descriptors, including reactivity indices
derived from conceptual DFT, are provided and may help
establishing structure–reactivity relationships for reaction
optimization. All structures and properties are publicly avail-
able on the Materials Cloud for interactive visualization with
Chemiscope (https://doi.org/10.24435/materialscloud:gy-3h).55

They could serve as the starting point to dene the
combinatorial space for evolutionary experiments,56 as well as
the basis for dataset curation to train machine learning
models for applications in organic synthesis.54
Results and discussion
Database curation

No comprehensive repository of organocatalysts' structures
covering all of the functionalities summarized in Fig. 1B
currently exists. Most frequently, they are reported in the liter-
ature in 2D format (i.e., ChemDraw pictures) with associated
experimental characterization data in the ESI† (NMR and IR
spectra and, less oen, crystal structure information), but
molecular geometries are not easily accessible. To construct
OSCAR, we followed a ve-step protocol (Fig. 2), which starts
with the manual collection of catalysts (as 2D objects) from
reviews,35,57–68 journal articles,69–72 books,73–77 and commercial
AR.

Chem. Sci., 2022, 13, 13782–13794 | 13783
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Fig. 3 (A) Distribution histograms of catalytic motifs in the seed
database and in the CSD-extracted structures. (B) Pie chart showing
percentages of catalytic motifs in the seed and CSD-extracted data-
sets. (C) Distribution histograms of heteroatom types (X = halogens),
and (D) molecular weight in the seed and in the CSD-extracted sets.
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catalogues78,79 into a “seed” database (step 1). Each of the 1000
2D entries in this library is labelled according to the classes in
Fig. 1 and converted into a 1D (i.e., SMILES strings) and
subsequently 3D (i.e., optimized XYZ geometry) structure (see
the Computational methods). Given that more than ∼1500
publications on organocatalysis are published each year,80 it is
virtually impossible to curate an exhaustive library of all existing
catalysts. Nonetheless, the seed database aims at covering the
chemical diversity observed across all of organocatalyst space in
terms of chemical functionalities, catalytic motifs and scaffolds/
substituents, with the added bonus of each structure either
being commercially available or synthetically accessible, having
being mined from the literature.

This top-down approach ensures that only organic molecules
that have been reported to display, or be tested for, catalytic
activity are included in the database. However, it is a slow,
human error-prone process that cannot be automated and
might either introduce in the repository erroneous or mis-
labelled structures or lead to chemically interesting ones being
excluded. Existing crystallographic databases (e.g., CSD,81,82

COD83) offer the most comprehensive collection of organic (and
inorganic) molecules that have been synthetised. Although it
not possible to lter out a priori those compounds that have not
been tested as organocatalysts, CSD offers the chance to
signicantly augment the seed database with more, chemically
diverse structures, provided that the right chemical motifs,
which might make a molecule catalytically active, are searched.
To achieve this goal we enumerated, in 1D format, 64 “function-
based fragments” included in the seed database (step 2 Fig. 2
and S1 and S2†). Although not exhaustive, they represent the
most common catalytic motifs and ensure that the species that
contain them are relevant to the task at hand. In step 3, these
fragments are searched in CSD and the corresponding whole
molecules extracted. Aer retrieving the 3D geometries from the
cif les with the cell2mol soware,84 3010 compounds are
added to the seed database, yielding a total of 4000 entries (aer
ltering out identical ones, see the ESI†). All 3D entries are then
converted into 1D format for subsequent fragmentation and
recombination (steps 4 and 5, vide infra).

With respect to the catalytic motifs (cf. Fig. 1B), the distri-
bution of the CSD-extracted structures changes signicantly
from the seed database (see the two histograms in Fig. 3A). In
OSCAR, the majority of species (40%) are classied as dual-
hydrogen-bond donors; their large increase in number upon
CSD extraction is likely due to the popularity of the (thio)urea
moiety as pharmacophore85–87 and for anion recognition.88 The
secondmost popular class (24%) is aminocatalysts based on the
pyrrolidine motif: in the early days of organocatalysis, the vast
majority of reactions were indeed amine-based59,89 and ve-
membered (polycyclic) secondary amines are widely encoun-
tered in natural products, as well as being a preferred scaffold in
pharmaceutical science and drug design.90 The other classes are
more or less equally represented (∼5–6%, Fig. 3B), with a slight
predominance of Lewis bases (11%), given the large variety of
N(O)-, P(O)-, and S(O)-nucleophilic organocatalysts. If we
consider the increase in type of heteroatoms from the seed to
the CSD-extracted database (Fig. 3C), sulphur and nitrogen are
13784 | Chem. Sci., 2022, 13, 13782–13794
the most abundant due to the predominance of the thiourea
and pyrrolidine catalytic motifs. The amount of P, Si, X, and
especially B atoms increases to a signicantly lesser extent. In
the case of phosphorous, even though we seek to augment the
quantity of P-containing motifs, only a limited number of
phosphoric acids (ca. 25) are extractable from CSD. On the other
© 2022 The Author(s). Published by the Royal Society of Chemistry
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hand, no catalytic unit that specically contains halogens,
silicon or boron is searched. An exhaustive description of the
functional groups present in OSCAR is given in the ESI (Table S2
and Fig. S4†). Finally, the catalysts in the two datasets have
a similar distribution of molecular weights (Fig. 3D), with the
seed database containing on average slightly larger molecules
Fig. 4 (A) 2D t-SNE map of OSCAR on the basis of the FCHL19 repres
corresponding catalytic motif. Each cluster contains catalysts with simil
aromatic group; PTC = phase-transfer catalyst. (B) Property map: compu
electrophilicity (E-index) parameters.98 A zoom-in of the map is provide

© 2022 The Author(s). Published by the Royal Society of Chemistry
(∼430 u) and a displaying smoother decrease in occurrences as
their size increases.

Structure and property maps

The chemical and structural diversity contained in OSCAR is
visualized in Fig. 4A with a 2D t-SNE map91 based on FCHL1992
entation.92 Each point represents an organocatalyst, coloured by the
ar structure, with some examples being shown. R = alkyl group; Ar =
ted (uB97X-D/Def2-TZVP//B97-D/Def2-TZVP) nucleophilicity (Nrel) vs.
d on the right hand side.

Chem. Sci., 2022, 13, 13782–13794 | 13785
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of the 4000 organocatalysts from the seed and CSD databases.
Alternative representations and dimensionality reduction can
be found in the ESI (Fig. S5–S7†). Although the two axes
(dimensions) of this structure map have no formal physical
meaning, it is possible to establish a qualitative relationship
between them and chemical properties. In particular, species
found higher in the map are bigger (higher molecular weight/
surface area), whereas the degree of conjugation and the pres-
ence of aromatic scaffolds and substituents decreases le to
right. For example, diol-based catalysts,93 which act as single-
hydrogen-bond donors, and phosphoric acids94 are found
along the upper edge of the map, with the fully aromatic BINOL
derivatives on the le, the H8-BINOL core in the middle, and
BAMOLs on the right. Dual-HBDs, especially diaryl (thio)ureas,
occupy the lower le corner of the map, while simple proline
derivatives the bottom right, with larger and more complex
aminocatalysts in the upper le region. Other noticeable clus-
ters correspond to the ketone epoxidation catalysts developed
by Shi and Shu (covalent Lewis acidic carbohydrate deriva-
tives),95,96 and to iminophosphorane Brønsted bases.97

The structure map is complemented by a “property map”
(Fig. 4B) in which the organocatalysts are evaluated in terms of
their DFT-computed global electro/nucleophilicity indices (see
the Computational methods), which assume that, when these
catalysts react, they do so cumulatively and simultaneously at
all their atomic sites.99 The largest inuence on the descriptors
is exerted by the total molecular charge, and three regions are
found (four if the green point corresponding to the phosphor-
ylated sulfonimidamide100 with −1 charge is considered). E-
index increases with the charge, while Nrel decreases. Highly
electrophilic and charged species include phase transfer cata-
lysts101 (PTCs, non-covalent Lewis acids) and azolium ions,
which are the conjugate acid precursors of carbene organo-
catalysts.102 The zoom-in on the right hand side of Fig. 4B shows
the spread of E-index andNrel values for neutral organocatalysts.
Among the most nucleophilic species, Brønsted bases, in
particular iminophosphoranes, and phosphoramidite Lewis
bases are found towards the top of the map (Nrel ¼ 3:8 eV, s =

0.6 eV), while ketone epoxidation electrophiles are at the
bottom (Eindex ¼ 1:0 eV, s = 0.2 eV, Nrel ¼ 2:4 eV, s = 0.5 eV).
Some families of catalysts, such as DHBDs containing the
thiourea motif and aminocatalysts, cover a wide range of values
(0.4 < E-index,DHBD < 2.1 eV), indicating that their electronic
properties are highly dependent on the nature of the substitu-
ents bound to the catalytic motif. Although it is unlikely that
these simple reactivity indices can accommodate a robust and
universal scale for electrophilicity and nucleophilicity of such
diverse molecules with a varied range of structural, electronic,
and bonding properties, the property map in Fig. 4B and the set
of descriptors provided with OSCAR may supplement existing
structure–reactivity scales in organocatalysis,103–109 such as the
ones developed by Mayr et al.110–113
Combinatorial databases

OSCAR currently covers a signicant part of organocatalyst
space and a large pool of chemically and functionally diverse
13786 | Chem. Sci., 2022, 13, 13782–13794
catalytic motifs. However, given the nearly innite number of
possible derivatives of each catalyst, only relatively few exam-
ples are included. Harnessing the fragment-based strategy used
to enrich the seed database with structures from CSD in
a bottom-up fashion, we exponentially increase the size of
OSCAR by building combinatorial databases from molecular
fragments. The exact nature of the fragments depends on the
family of organocatalysts, but they can be grouped into two
categories: catalytic motifs (i.e., the chemical groups that
contain the reactive components) and structural substituents
(which modulate their stereoelectronic properties). If the cata-
lytic motif is easily distinguishable from the rest of themolecule
(e.g., for dual-hydrogen-bond donors, vide infra), it is extracted
as a subgraph of the whole catalyst, and the rest handled as
structural substituents. If the catalytic motif exhibits larger
chemical diversity and substitution patterns (e.g., carbenes, vide
infra), the possible functional units and substituents are
curated manually based on chemical expertise. Herein, we show
how to do this for two types of covalent and non-covalent
organocatalysts, specically N-heterocyclic carbenes
[OSCAR!(NHC)] and dual-hydrogen-bond donors
[OSCAR!(DHBD)]. In the rst case, a relatively “small” database
(8622 catalysts) is curated by carefully selecting catalytic motifs
and substituents found in OSCAR. In the second, we adopt
a graph-based approach to generate 1 573 015 DHBDs.

In the rst example (Fig. 5, top), 17 cores/scaffolds are
extracted from the seed and CSD libraries (Fig. 4A and S9,†most
central ring system generated with DataWarrior114); based on
structural features reported in the literature,115–118 60 substitu-
ents grouped into three categories (R1–3, Fig. S10–S12†) and
appropriate substitution patterns are dened. They are then
translated into exible SMILES strings (Table S4†), written in
such a way that different R1–3 in each core can easily be intro-
duced and exchanged. Finally, 3D structures are generated from
the SMILES and fully optimized, yielding a database of 8622
species. In the second example (Fig. 5, bottom), all the orga-
nocatalysts containing one DHBD unit in the seed and CSD-
extracted datasets (1593) are interpreted as molecular
graphs119 (i.e., undirected multigraphs with RDKit) and frag-
mented into the central catalytic motif and the two substituents
on either side (R1,2), affording a combinatorial space of 7× 6942

groups. Aer duplicate removal and recombination with RDKit,
they yield a total of 1 573 015 species (all optimized at the xTB
level); 1000 structures per each DHBD motif are selected and
optimized with DFT, and 6994 are shown in Fig. 6B.

The two combinatorial datasets are visualized with chemical
space maps (Fig. 6),120 which are typically constructed from
steric and electronic molecular descriptors. Based on their
popularity and chemical meaningfulness, the percentage of
buried volume121,122 %Vburied and nucleophilicity N-index (see
the Computational methods) are the parameters chosen for
OSCAR!(NHC), while the LUMO energy 3LUMO and the HNNH
dihedral angle of the HBD unit (q) are plotted for
OSCAR!(DHBD). The electronic descriptors provide an indirect
estimate of the catalysts' Brønsted acidity/basicity: analysis of
the experimental equilibrium acidities of 23 NHCs123 shows that
the pKa values of their precursors (the azolium ions) are directly
© 2022 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 Graphical summary of the steps followed to generate the combinatorial databases OSCAR!(NHC) (top) and OSCAR!(DHBD) (bottom). X =

O/S.
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proportional to the N-index of the carbene (R2 = 0.80, 2s= 0.72,
Fig. S8†), while the LUMO energies of 74 DHBDs69 scale linearly
(R2= 0.92, 2s= 2.32, Fig. S13†) with their experimental pKa's (as
previously noted by Sigman for a smaller subset).50 %Vburied and
q quantify the steric inuence exerted by the catalysts' core and
substituents.

The NHCs in Fig. 6A are coloured according to common
structural features. The N-substituent (R1 in Fig. 5 and S10†) has
the greatest effect on nucleophilicity, with catalysts bearing
Fig. 6 (A) Percentage buried volume vs. N-index of combinatorial N
experimental pKa values of azolium ions (Fig. S8†). (B) HNNH dihedral an
dual-hydrogen-bond donor species. Good linear correlation between 3L

© 2022 The Author(s). Published by the Royal Society of Chemistry
electron-donating alkyl groups [i.e., Me, Et, iPr, Cy, and C(Me)
Cy] having the highest N-index (blue points). These species are
predicted to be the most reactive towards electrophilic attack,
however their precursors have pKa's over 20,123 meaning that
relatively strong bases must be used for active catalyst genera-
tion. The steric demand of the carbene is mostly inuenced by
R3 (Fig. S12†): L-pyroglutamic acid-derived bicyclic NHCs124 with
diaryl- and diaryl(hydroxy)methyl substituents125,126 (red and
purple points) are located towards the top of the map (large %
HC organocatalysts. N-index is found to scale linearly with known
gle (q) vs. LUMO energy (uB97X-D/Def2-TZVP//B97-D/Def2-TZVP) of

UMO and the pKa's of DHBDs has been found (Fig. S13†).

Chem. Sci., 2022, 13, 13782–13794 | 13787
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Vburied). Despite their ability to enforce a rigid asymmetric
environment, which could be benecial in enantioselective
reactions, these catalysts are poorly nucleophilic and predicted
to be less reactive. Green and orange species, based on the
tetracyclic amino-indanol-derived core developed by Rovis and
Bode127,128 and on morpholine- and pyrrolidine-based tri-
azoliums, have more balanced steric and electronic properties
and indeed are among the most popular and versatile NHCs
used in organocatalysis.102 Analysis of the descriptors provided
with the 8622 carbenes in OSCAR!(NHC) could eventually be
used to tune the catalyst's composition for performance
improvement in specic reactions, as outlined in structure–
activity–stereoselectivity studies using similar physical organic
parameters.129–131 For example, Rovis, Lee, and co-workers found
correlations between the computed gas-phase acidity of a series
of triazolium cations and their selectivity in two Umpolung
reactions,132 while Wei and Lan developed a linear model to
predict the chemoselectivity of an NHC-catalyzed ester func-
tionalization based on the global nucleophilicity and electro-
philicity indices of the species involved in the product-
determining step.133

In Fig. 6B, each point is coloured according to the nature of
the central DHBD unit. Based on 3LUMO, and in agreement with
pKa measurements,134,135 croconamides and thiosquaramides
(purple and red species) are more acidic than thioureas, ureas,
and deltamides (yellow, blue, and light blue). Sulfamides
(orange points) cover a relatively wider range of 3LUMO values,
implying that the higher electron-withdrawing ability of the
sulfonyl group, which should result in stronger acidity of the N–
H bonds compared to ureas,136 is signicantly modulated by the
substituents. The rapid estimation and comparison of the
acidity of various DHBDs is useful for reaction optimization, as
dual-hydrogen-bond donors with lower pKa's have been found
to give better enantioselectivities and faster reaction times.137
Fig. 7 Distribution plots (y-axis: normalized probability density) of
molecular descriptors for NHCs (A and B) and DHBDs (C and D) in the
seed + CSD-extracted (red curves) and combinatorial databases (blue).
X = O/S.

13788 | Chem. Sci., 2022, 13, 13782–13794
Sulfamides are also themost exible species, as indicated by the
large number of catalysts with q > 80°. In OSCAR!(DHBD), the
majority of structures generated and selected for DFT optimi-
zation are in the anti–anti or syn–syn conformation (q < 80°,
Fig. 7D and S17†),138 the former being the most relevant to
catalysis, since the hydrogens point in the same direction.139

If we compare the distribution of q values in the “original”
and combinatorial datasets (Fig. 7D), we see that many CSD-
extracted DHBDs adopt the anti–syn conformation (q > 80°). In
a comprehensive study of diaryl(thio)ureas from CSD, Paton
et al. found that the majority (99%) of ureas exist as anti–anti
conformers, whereas about 60% thioureas are in the anti–syn
form.140 These results agree with our own, with thioureas
extracted from CSD having large q's (Fig. 7D). The “original” and
combinatorial sets are more similarly distributed in terms of
the other molecular descriptors (Fig. 7A–C, N-index, %Vburied,
and 3LUMO), suggesting that the recombination of the same
fragments does not signicantly alter the property space
covered; instead, the combinatorial strategy provides more
instances/structures for each property value.

Conclusions

We have introduced OSCAR (Organic Structures for CAtalysis
Repository), a database of 4000 organocatalysts mined from the
literature and CSD and enriched with several thousand species
generated from fragments in a combinatorial fashion. We have
developed a transferable fragment-based strategy for dataset
generation, which exploits the modularity of organocatalysts by
dening function-based catalytic motifs and structural substit-
uents. OSCAR covers a wide region of catalyst space with
incomparable chemical diversity, and includes a selection of
steric and electronic molecular descriptors useful for catalytic
properties estimation and performance prediction. All content
(geometries, stereoelectronic parameters) is publicly available
on the Materials Cloud for interactive visualization with
Chemiscope55 (https://doi.org/10.24435/materialscloud:gy-3h)
and fully searchable and interoperable with chemoinformatics
soware (e.g., RDKit, SMILES-based tools); the corresponding
chemical space maps could be used for many potential appli-
cations, including data and training set curation, organo-
catalyst inverse design through evolutionary experiments,56 and
mechanistic understanding. We expect OSCAR, and its future
extensions and renements, to assist in the establishment of
data-driven and fragment-based reaction optimization methods
in organic synthesis.53

Computational methods
Quantum chemistry

All DFT computations were performed with the Gaussian16
soware package.141 Geometry optimizations were carried out
at the B97-D/Def2-TZVP level142–144 in the gas-phase applying
density tting techniques. uB97X-D/Def2-TZVP single-point
energies145 were computed in the gas-phase at the B97-D
geometries. The ionization potential and electron affinity of
a subset 2060 organocatalysts from the seed and CSD datasets
© 2022 The Author(s). Published by the Royal Society of Chemistry
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were also computed at the IP/EA-EOM-DLPNO-CCSD146/cc-
pVTZ level as implemented in Orca 5.0.147 All coupled
cluster computations used the RIJCOSX approximation148 with
the cc-pVTZ/C and the Def2/J auxiliary basis sets for correla-
tion and resolution of identity. This high-level data is avail-
able and can be used for the training of ML models. The
structures in the combinatorial databases were pre-optimized
with the semiempirical GFN2-xTB Hamiltonian149 in the gas-
phase, followed by DFT optimizations and single-points, as
described above.

The initial set of Cartesian coordinates for each organo-
catalyst was either obtained by converting SMILES formats150

into three-dimensional structures with the 3D structure gener-
ator operation (i.e., gen3d operation) implemented in the
OpenBabel soware,151 or applying cell2mol84 on selected CSD
entries exported with ConQuest (version 5.42), included in the
CCSD soware, from the CSD database updated to May 2021.
The t-SNE map91 for the 4000 catalysts in OSCAR was computed
on the basis of the FCHL19 representation92 of each molecule.
The perplexity used to generate the structure map was set to 20
and the maximum number of optimization iterations was xed
at 5000.

Open shell single-point computations (n − 1 and n + 1
electrons) were also performed at the optimized n-electron B97-
D geometries and uuB97X-D/Def2-TZVP level for the 4000
catalysts in the seed + CSD dataset and for the 8622 carbenes in
OSCAR!(NHC). These energies provide an alternative way of
estimating the organocatalysts' ionization potential [IP = E(n −
1) − E(n)] and electron affinity [EA = E(n) − E(n + 1)] (see the
ESI† for further details).152
Reaction indices

The organocatalysts' ionization potential (IP) and electron
affinity (EA) were estimated from the frontier molecular orbital
energies (FMOs) of the n-electron species (in the gas-phase, at
the uB97X-D/Def2-TZVP level) using Koopman's theorem153

within a Hartree–Fock scheme and used to calculate the
conceptual DFT descriptors98,154,155 chemical potential (m),
hardness (h), E-index, N-index, and relative nucleophilicity (Nrel)
as follows:

m ¼ ð3LUMO þ 3HOMOÞ
2

(1)

h ¼ ð3LUMO � 3HOMOÞ
2

(2)

E-index ¼ m2

2h
(3)

N-index ¼ 1

E-index
(4)

Nrel = 3HOMO − 3HOMO(TCNE) (5)

where TCNE is tetracyanoethylene. Note that, based on the
different formalisms for dening nucleophilicity,156
© 2022 The Author(s). Published by the Royal Society of Chemistry
a distinction has been made between N-index (the reciprocal of
the E-index) and relative nucleophilicity (Nrel).157

Data availability

The structures of the the organocatalysts and their stereo-
electronic descriptors are publicly available on the Materials
Cloud for interactive visualization with Chemiscope (https://
archive.materialscloud.org/record/2022.106).
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