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Abstracting complementarity for the design of
stereoselective acid catalysts
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ABSTRACT: Complementarity is invoked to holistically characterize interactions between a catalyst and its
substrate. Although the paradigm maintains utility across many fields of chemistry, it is challenging to proactively
deploy, requiring post hoc analyses to demonstrate. Here, we report active site-based buried volume furnishes a
quantitative and generalizable representation for complementarity by Brgnsted acid organocatalysts. The low-
dimensional, geometric abstraction helps construct analytical Gaussian models encoding complementarity. From
these footholds, experimental validation realizes new stereoselective solutions across diverse structural motifs
and functional modes. Unlike other heuristics for stereoinduction, active site-based buried volume guides the
design of stereoselective solutions without requiring detailed attention to the mechanisms of stereoinduction. We
anticipate the successful abstraction of high-dimensional, stereoselective interactions by complementarity into a

single, low-dimensional descriptor will offer a systematic framework for future catalyst design.

Introduction

Selectivity in catalysis has long been attributed to
complementarity between catalyst active site and
substrate. As the name implies, complementarity
reflects an ideal fit between the two species.
Historically, the phenomenon characterized the
specificity of enzymes where their activity relates to
binding to the transition state stronger than the ground
state."” Yet this idea is not exclusive to homogeneous
systems. Even heterogeneous catalysts (ex. zeolites)
leverage complementarity-like intuition to justify
selective outcomes from a collection of possible
products.>* In general, complementarity is principally
attributed to the selective stabilization of matched
intermediate(s) and/or destabilization of others via an
array of non-covalent interactions (NCIs, Fig. 1A).>°
Each NCI displays varying dependence on distance,
where close interactions are disfavored due to Pauli
repulsion while far interactions lose electronic
coupling. Interactions at just the right distance
maximize stabilization (Fig. 1B).”° The collective action
of many interactions culminates in the observed
complementarity.” As the field has evolved to consider
increasingly complex chemical phenomena, the

paradigm has remained a unifying criterion for the
design of catalysts achieving chemo-, regio-, and
stereoselectivity.*'*"

Although complementarity promises an intuitive
platform for catalyst design, molecular
representations for the paradigm are not well-formed.
Accordingly, construction of complementary catalysts
is rarely predictive. Instead, the principle is often only
inferred by elegant, post hoc rationalizations drawn
from rigorous mechanistic and computational
investigations.''® These challenges are especially
persistent in the context of stereoselectivity. Within a
single transformation, structurally analogous catalysts
can display disparate stereoinduction. Without clear

avenues to reflect complementarity for
stereoselectivity, subsequent structure-activity
relationships (SARs) drawn can require high-

dimensional models (ex. multivariate regression,
machine learning-based models) comprised of case-
specific molecular features with only circumstantial
relevance.*’** Simple, qualitative heuristics like
quadrant diagrams or stereochemical models can
emerge, but they lack quantitative insight. As a result,
their persistent utility is quite rare whereby only a few



instances are routinely engaged by chemists (ex.
Sharpless’ dihydroxylation,” Evans’  auxiliary,”
Ellman’'s sulfinamide?).

Identifying a molecular representation that clearly
reflects complementarity would empower chemists to
proactively leverage the principle for catalyst design.
Such a representation must generalize across
structural features and functional applications of the
catalyst, escaping any bespoke relationships (Fig. 1C).
In the context of stereoselectivity, our group has
recently reported active site-based buried volume is a
robust and holistic representation for diverse sets of
Bregnsted acid organocatalysts (BAOCs).”® These
catalysts are constructed from myriad structural
motifs and consequentially access a wide range of
functional modes (ex. acid/base, cooperative
transition metal catalysis, etc.) enabling chemists with
asymmetric access to ever-expanding regions of
chemical space.*”?' As active site-based buried
volume is a low-dimensional geometric abstraction of
the catalyst active site, we wondered whether the
representation can reflect complementarity.*** If so,
models constructed with active site-based buried
volume alone should anticipate stereoselective
BAOCs.

In this work, we show active site-based buried
volume quantitatively reflects complementarity,
transforming the fundamental principle into a
practical design tool (Fig. 1D). We experimentally
demonstrate models constructed from active site-
based buried volume can analytically represent
catalysts with optimal complementarity. Furthermore,
we demonstrate the representation can transfer
complementarity ~ across disparate scaffolds,
transcending  traditional  biases  surrounding
stereoinduction. Altogether, this simple geometric
abstraction readily steers chemists to ideal regions of
catalyst chemical space, furnishing a framework for
the design of selective catalysts.

Results

Modeling complementarity with active site-
based buried volume

Complementarity by a stereoselective catalyst
suggests the catalyst active site selectively stabilizes
one diastereomeric transition state and/or destabilizes
the other? Such a phenomenon implies a reaction-
specific optimum, pairing each substrate with a

potentially unique catalyst. Catalysts approaching
complementarity are expected to furnish increasingly
selective outcomes, while those diverging should
perform relatively worse (Fig. 2A).

Previously, we have reported active site-based
buried volume generally furnishes robust univariate
linear regressions to stereoselectivity by BAOCs (50+
reaction datasets). The original report described the
representation as a reflection of BAOC confinement - a
quality describing the relative constriction of an active
site and typically attributed to stereoselectivity. Based
on the theoretical implications of complementarity
discussed above, one single confinement cannot be
uniquely stereoselective across all reactions. To
validate this, the distribution of the most
stereoselective BAOCs was plotted against all BAOCs
calculated in the 50+ datasets considered herein (see
Supplementary Information for dataset details).
Immediately, it can be recognized that no specific
BAOC confinement is uniquely stereoselective (Fig. 2B,
max. Kolmogorov-Smirnov statistic = 0.23, p = 0.08).

This analysis implies there are reaction-specific
regions of chemical space occupied by complementary
stereoselective catalysts. As we approach such
regions, BAOCs should be increasingly stereoselective.
In our original report, we detected these gradients
with linear regression. However, if BAOCs deviate from
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the complementary solution, both more and less
confined catalysts should perform worse. This
behavior critically implies a nonlinear and non-
monotonic modality. Although many of the datasets
previously considered could be meaningfully modeled
by simple linear regression, physically meaningful fits
accommodating this complementary behavior would
be necessarily advantageous (Fig. 2C-F). **** In fact,
based on R?, mean absolute error (MAE), leave-one-out
cross validation (LOO-CV), and Akaike information
criteria (AIC), Gaussian regression furnishes the most
meaningful fits across all datasets relative to other
linear and non-linear regression-based analyses
(Gaussian, avg. R>=0.72, avg. MAE = 0.16 kcal/mol; see
Supplementary Information for numerical fitting
methods and statistical analyses, Supplementary Fig.
2-56 and Supplementary Table 3-7).

Well-populated datasets exhibiting the hallmarks
of complementarity showcase the unique utility of
Gaussian regression. We highlight two such datasets
here - one reflecting a stereoselective condensation
and one reporting access to chiral-at-N molecules. R-I
describes a stereoselective condensation furnishing a
chiral spirocycle (n = 11, Fig. 2G).* After screening a
diverse array of BAOCs, the authors realized only a
moderate degree of confinement was required to
confer stereoselectivity in the condensation (ref. CPA-
1). Further increases to confinement only eroded the
observed selectivity (ref. Anth-NTP). This sensitive
evolution of complementarity across the wide net of
BAOCs screened is excellently captured by Gaussian
regression with active site-based buried volume
(Gaussian, R? = 0.94, MAE = 0.15 kcal/mol).

R-II describes access to chiral-at-N stereocenters
from BAOC-mediated oxidation and substitution (n =
12, Fig. 2H)” The authors realized the
stereoselectivity from two distinct BAOC scaffolds -
chiral phosphoric acids (CPA) and spirophosphoric
acids (SPA). The former is a traditional catalyst, but
familiar analogs only furnished the N-heterocycle in
low enantioenrichment (ex. TCYP-CPA, obs. 7% e.e.).
Instead, fine increases to confinement at the active
site of SPAs were key to realize stereoselectivity. While
sterically bulky CPA-based substituents harmed
selectivity, sterically bulky SPA-based substituents
were essential (ex. TCYP-SPA, obs. 78% e.e.). Gaussian
regression with active site-based buried volume
readily accommodates this emergent complementarity
(Gaussian, R? = 0.80, MAE = 0.11 kcal/mol).
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The success of complementarity to inform
stereoselective  solutions above supports the
expectation that this criterion conveys the collective
consequence of each structural element on
stereoinduction. However, each of the above datasets
considered only explores stereoselective solutions
within analogous scaffolds, where stereoselective
NCIs are primarily modulated by altering the NCIs
from  3,3-substituents  decorating  analogous
backbones (Fig. 3A).° This design is so common that
empirical discovery often exclusively relies on
evaluation of BAOCs solely modulated at this position.
After all, simple heuristics like quadrant diagrams are
frequently deployed for qualitative stereochemical
predictions (Fig. 3B). Yet, these patterns require
specific catalyst architectures to maintain utility. Does
the low-dimensional abstraction of complementarity
continue to reflect selectivity even when disparate
catalysts (ex. without 3,3'-substituents) are under
consideration?

To investigate whether the representation of
complementarity transcends structural biases of
canonical BAOCs, we considered an alternative
architecture critically lacking 3,3-substituents along
the chiral backbone. This new BAOC is constructed
from a S-aryl sulfonamide (SIA) with two flanking
phosphoryl groups (denoted as P2-SIA). Now, modular
substitution of the aryl group at S furnishes a diverse
array of P2-SIAs. We report divergent access to 13 P2-
SIAs prepared in three steps from trityl NSO (Fig. 3C).

Equipped with the previously unreported P2-SIAs,
we first validated whether relationships to active site-
based buried volume and stereoselectivity could be
observed with datasets including traditional BAOCs
like CPAs and NTPs (R-III through R-VII, see
Supplementary Information for full benchmark
details). In total, five benchmark transformations were
evaluated with P2-SIAs, reflecting the reaction
diversity present across all datasets considered,
including: thermal or photochemical reactions,
additions or eliminations, and inter- or intramolecular
reactions (avg. benchmark dataset size = 18 ex. with
up to 13 ex. of P2-SIA, see Supplementary
Information for experimental observations across
datasets R-III through R-VII).**** Indeed, across these
benchmarks, we observe the P2-SIA-containing
datasets are well represented by Gaussian regression
constructed with active site-based buried volume (Fig.
3D; Gaussian, avg. R* = 0.72, avg. MAE = 0.17 kcal/mol,

see Supplementary Information for regression and
statistics).

To assess if complementarity truly generalizes
across each scaffold, we revisited whether active site-
based buried volume encodes relationships between
P2-SIA and more familiar BAOCs like CPA and NTP. On
inspection, P2-SIAs occupy a complementary region of
chemical space unpopulated relative to traditional
scaffolds (Fig. 3E). As such, we expect in some
reactions that P2-SIAs are more complementary
compared to one scaffold or another. By extension,
these P2-SIAs  would be  advantageously
stereoselective.

This is critically the case in R-IIL. Here, Yamamoto,
et al. observed the privileged analog TRIP-NTP
furnishes an enantioselective protonation of silyl enol
ether in modest stereoselectivity (rep. 54% e.e., obs.
60% e.e.), while the privileged TRIP-CPA is unsuitable
for the transformation (reported n.d., obs. 8% e.e.).*®
First, we probed whether Yamamoto's TRIP-NTP was
complementary by screening an additional five NTPs
populating the surrounding regions. It was observed
both more and less confined BAOCs were less
stereoselective compared to Yamamoto's reported
solution (Gaussian, train R* = 0.77, train MAE = 0.10
kcal/mol). Over this same domain, P2-SIAs populate
the chemical space occupied by less confined NTPs but
still modestly approach TRIP-NTP. This analysis
anticipates that the closest P2-SIA (P2-5) is the next
most stereoselective (pred. 36% e.e.), exceeding all
other BAOCs. Consistent with the model, P2-5 affords
the stereoselective protonation in  superior
stereoselectivity to the remaining dataset (obs. 36%
e.e., next most stereoselective obs. 30% e.e).
Moreover, the performance of the remaining seven P2-
SIAs is very well-aligned with predictions made by the
NTP-and-CPA-trained model (test MAE = 0.05 kcal/mol),
highlighting the transferability of the representation
for complementarity, even across disparate catalytic
scaffolds lacking familiar structural motifs.
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scaffolds. (a) Stereoselective NCIs are traditionally conferred by modular 3,3'-substituents decorating chiral
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enantioinduction. (c) Synthetic access into an unreported, disparate catalyst scaffold - P2-SIA (see
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The application of Gaussian regression models
constructed with active site-based buried volume
promises the discovery of complementary BAOCs. If
complementarity is to be a practical tool, then it must
be proactively leveraged to predict previously
unknown stereoselective solutions (Fig. 4A). Yet, at the
outset of catalyst discovery, chemists turn to privileged
solutions. In the context of BAOCs, privileged solutions
drastically minimize the number of 3,3-substituents
under consideration. In fact, across the 50+ datasets
considered herein, 2,4,6-triisopropylphenyl (TRIP), 9-
anthracenyl, and 3,5-bistrifluoromethyl are the most
popular, deployed in nearly 80% of all the reactions
(note - the average substituent is present in less than
10%, Fig. 4B). We wondered whether Gaussian
regression trained using only BAOCs from these
empirical choices accurately anticipates if other, less
popular BAOCs are more stereoselective. To this end,
we deployed Gaussian regression from empirical data
to nominate complementary regions of chemical space.
Then, we leveraged this insight to identify new
stereoselective BAOCs.

As proof-of-concept, we revisited R-I from Fig. 2F.
In this dataset, a wunique anthracene-derived
substituent was designed to furnish the condensation
in high stereoselectivity (CPA-1, rep. 94% e.e.),
exceeding other pouplar, anthracenyl substituted
BAOCs (Anth-CPA, Anth-NTP, and Anth-SPA, rep. up
to 78% e.e., 1.51 kcal/mol). We trained a Gaussian
regression model solely on the empirically popular
BAOCs - those constructed with the above, high-
frequency 3,3-substituents (n = 5, train R* = 0.97, train
MAE = 0.06 kcal/mol, Fig. 4C). Still, among the other 6
BAOCs, the model predicts CPA-1 to be the most
stereoselective (pred. 89% e.e., 2.05 kcal/mol),
expecting to exceed the training set's best instance by
+0.54 kcal/mol. This prediction is in strong agreement
with the reported outcome (rep. 94% e.e., 2.54
kcal/mol). Altogether, the test set is well-represented
by the empirical model (test R* = 0.64, test MAE = 0.48
kcal/mol).

Motivated by this initial success, we sought to
apply this approach to identify stereoselective
candidates in a catalyst optimization campaign.
Building on our prior report of an enantioselective
allenoate-Claisen rearrangement,” we hypothesized

that propargylic esters could function as conjugate
acceptors with allyl amines to generate analogous
reactive intermediates (Fig. 4D, see Supplementary
Information for experimental conditions). Initial
evaluation revealed that the privileged TRIP-CPA
catalyzed the desired transformation with high
diastereoselectivity and moderate enantioselectivity
(obs. >20:1 d.r. and 53% e.e.). However, screening of
other empirically successful catalysts, such as TCYP-
CPA, resulted in only marginal improvements in
selectivity. To guide further optimization, we trained a
Gaussian regression model on the compiled dataset
(train R? = 0.85, train MAE = 0.093 kcal/mol). The model
predicted a narrow region of opportunity between
TRIP-CPA and TCYP-CPA. Systematic evaluation of
candidate 3,3’-substituents, informed by computed
buried volume parameters, identified a single
promising CPA substituent - 2,4,6-tricyclopentylphenyl
(pred. 61% e.e.). Notably, this motif appeared in only
two examples within the 50+ datasets considered
herein. Synthesis of the BAOC (CPA-6) and
experimental evaluation confirmed the prediction,
delivering an optimal result (obs. 67% e.e., +0.12
kcal/mol over training set). In contrast, the analogous
2,4,6-tricycloheptylphenyl substituted (CPA-7) only
displayed attenuated selectivity as predicted by the
model (pred. 38% e.e, obs. 41% e.e.). Additional
derivatives resembling TRIP-CPA were designed and
prepared, but none were expected nor observed to
improve over CPA-6. Across the BAOCs prepared, good
agreement with the trained Gaussian model was
observed (test R* = 0.71, test MAE = 0.103 kcal/mol).

We further demonstrate the utility of
complementarity in the data-driven optimization
campaign to discover a stereoselective solution for
another previously unreported transformation - the
stereoselective reduction of propargyl alcohols to
enantioenriched allenes (Fig. 4E, see Supplementary
Information for experimental conditions). Initial
reaction discovery relied on empirical insights,
whereby popular BAOCs only  furnished
enantioenrichment of the model allene with an avg.
47% e.e., with the privileged TRIP-CPA providing the
best initial result (75% e.e., see Supplementary Fig.
71). Insights based on confinement naively would
suggest more confined chiral acids should be more
stereoselective, but empirical evaluation with of more
confined CPAs did not furnish marked improvements
over the privileged TRIP-CPA (ref. CPA-S16,
Supplementary Fig. 72). Instead, by leveraging the



empirical training set, we instead constructed a
Gaussian regression model using active site-based
buried volume representation, revealing a promising,
but critically unpopulated complementary domain
(train R* = 0.78, train MAE = 0.14 kcal/mol, see
Supplementary Fig. 72). Guided by the model, we
designed, prepared, and evaluated three CPAs to
realize an improved stereoselective solution within the
anticipated complementary domain. The model
predicted CPA-S23, the most complementary instance,
would furnish the allene with best-in-class enrichment
(pred. 84% e.e.). Indeed, experimental evaluation
validated this prediction, obs. 83% e.e. (+0.25 kcal/mol
over TRIP-CPA). Overall, the model predictions were in
strong agreement with the observations across the
prospective test set examples (test R* = 0.85, test MAE =
0.09 kcal/mol, see Supplementary Fig. 73).

Gaussian regression with active site buried
volume accurately anticipates stereoselective
solutions, highlighting experimental opportunities to
reveal optimized solutions over training data. Whereas
three examples showcasing this are highlighted
above, an additional seven analyses are detailed in
Supplementary Information (Supplementary Fig. 64-
70). To summarize, we observed the Gaussian
regression models solely trained on empirically
popular  catalysts readily identified more
stereoselective solutions from substantially less
popular choices (avg. improvement over training data
+0.45 kcal/mol). Beyond prediction of best-in-class
stereoselective choices, the trained models also
generalized well across the less popular, test set
catalysts (avg. test R> = 0.73, avg. test MAE = 0.25
kcal/mol).
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Conclusion

Complementarity has promised a fundamental
paradigm for the design of stereoselective catalysts,
yet its realization has long been restricted to
retrospective analyses. Here, we have shown that a
low-dimensional geometric abstraction of catalyst
active sites can reflect complementarity in a data-driven
manner and render it operational. Across a wide array
of acid-catalyzed benchmarks, the representation was
deployed in Gaussian regression models to anticipate
stereoselective solutions from both familiar and
previously unreported BAOC scaffolds (ex. P2-SIA). By
reframing complementarity from a qualitative principle
into a quantifiable workflow, the discovery of new
stereoselective catalysts can be approached
systematically. Still, some outstanding challenges
remain. During data-driven optimization campaigns,
Gaussian regression not only helps to prioritize the
most complementary regions of chemical space but
also quantify the maximum selectivity expected to be
observed. As a result, fitting and error associated with
the amplitude of the Gaussian regression model
reports a statistical, upper limit anticipated for
stereoselectivity by the BAOCs (within a given dataset).
In cases where this predicted limit remains
unsatisfactory to the experimentalist, the approach
reported offers little guidance to anticipate alternative
reaction mechanisms where the desired selectivity
may be realized. Accordingly, the present framework
most effectively guides optimization of catalyst
properties with respect to one view of
complementarity.  Anticipating which alternative
mechanisms to engage for more satisfactory
stereocontrol remains an important direction for
future research.
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