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Predicting the Yield of Pd-Catalyzed Buchwald-Hartwig
Amination Using Machine Learning with Extended
Molecular Fingerprints and Selected Physical Parameters

WeiRen Zhao™" and Yang Li*™"

Machine learning has gained attention due to its ongoing
advancements and diverse applications. Within the field of
homogeneous catalysis, a prominent area of research in
machine learning revolves around predicting reaction yield in
Pd-catalyzed Buchwald-Hartwig amination reactions. This study
sought to determine the optimal descriptors for representing
the both structural and physical information associated with
the reaction, particularly focusing on product details. To achieve
this, we assessed the utilization of product extended molecular
fingerprints (PEMF) and selected physical parameters (SPP). The
utilization of a random forest model incorporating these
descriptors yielded promising results in the prediction of

Introduction

In recent years, machine learning (ML) has gained significant
attention for its continued advancements and widespread
applications across fields such as materials science and drug
design."? ML has also proven valuable in the domain of
homogeneous catalysis, enabling the prediction of reaction
yield and selectivity, catalyst design, study of reaction mecha-
nisms, optimization of reaction conditions, and automated
experimentation.®> Compared to traditional experimental
methods, ML applications have the potential to improve
productivity and cost-effectiveness in catalyst development,
thus advancing environmentally friendly catalytic
technologies.®”

One of the significant research areas in ML for homoge-
neous catalysis is the prediction of reaction yield in Pd-
catalyzed Buchwald-Hartwig amination reactions, which are
known for their efficient formation of C—N bonds. Doyle et al.
made contributions to this research area through their
implementation of high-throughput experiments.®! They also
successfully predicted the yield using a random forest (RF)
model, employing 480 physical parameters derived from DFT
calculation, resulting in an R? value of 0.92 (Figure 1a). Glorius
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reaction yields in Pd-catalyzed Buchwald-Hartwig amination
reactions. The model achieved an impressive R* value of 0.943.
Data preprocessing on PEMF and sorting preprocessing on
physical parameters resulted in a significant reduction in data
size to 259 bits PEMF+2 SPPs per prediction, much less than
the two previous random forest models which utilized 480
physical parameters and 21,073 bits molecular fingerprints.
Although establishing definitive correlations between SPPs and
reaction yield presented challenges, our findings indicate that
the presence of heavier atoms in the aryl halides may have a
beneficial impact within the examined Pd-catalyzed Buchwald-
Hartwig amination reactions, as compared to their analogues.
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Figure 1. Previous ML models on predicting the yield of Pd-catalysed
Buchwald-Hartwig amination: (a) Random Forest model using the DFT
descriptors. (b) Random Forest model using MFFs as descriptors. (c) BERT
model using SMILES as input. (d) GNN model using manually screened
parameters as descriptors.

and colleagues, however, developed an RF prediction model
using multiple fingerprint features (MFFs) as descriptors with
21,073 bits (Figure 1b), achieving a similar R? value as Doyle’s
model.” These MFFs are derived from molecular fingerprint
(MF) based on the molecular structure of the reactants in the
Pd-catalyzed Buchwald-Hartwig reaction. More advanced mod-
els, such as Bidirectional Encoder Representations from Trans-
formers (BERT) in Figure 1c and Graph Neural Networks (GNNs)
in Figure 1d, have shown superior predictive performance
compared to the RF model."*'¥ However, these models come
with increased complexity and computational requirements.
Therefore, it is crucial to explore strategies that can enhance
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predictive accuracy, improve reaction
reduce computational costs.

In this study, we aimed to develop a ML model for
predicting the reaction yield of Pd-catalyzed Buchwald-Hartwig
amination reactions, utilizing the same high-throughput experi-
ments results from Doyle. It is noteworthy that certain criticisms
have been leveled against the dataset, asserting its potential
shortcomings. However, the original authors subsequently
rebutted these claims, asserting the dataset’s integrity. Con-
sequently, a multitude of studies based on this dataset have
proceeded under the assumption of its validity, directly employ-
ing it in their respective investigations without further ado.">'®
Several state-of-the-art methods were successfully developed
and implemented using the same dataset, and a certain level of
interpretability was achieved for the models."”” Inspired by
previous research, our approach integrates a RF model with
novel descriptors, aiming to harness the strengths of both
molecular fingerprints and physical parameters to effectively
convey the structural and physical information associated with
the reaction. We hope our model and new descriptors could
improve the accuracy of reaction yield prediction while keeping
computational costs low, and to provide insights into the
mechanisms of Pd-catalyzed Buchwald-Hartwig amination
reactions.

interpretability, and

Results and Discussion

Figure 2 outlines our approach for obtaining descriptors. It is
worth noting that predicting reactions yield presents significant
challenges due to the influence of reaction variables under
investigation and potential side reactions.”" To address this, we
incorporated products information into our descriptors. We
used the simplified molecular input line entry system (SMILES)
to represent each reaction, including aryl halides, bases, ligands,
additives, and products.?? These SMILES were then converted
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Figure 2. Descriptor generation in this work containing product extension
molecular fingerprint and selected physical parameters.
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to a product extended MF (PEMF) to capture structural details,
particularly products information. To alleviate the computa-
tional burden associated with DFT calculation on physical
parameters, we employed a sorting process on the physical
parameters generated by Mordred, aiming to identify the most
important selected physical parameters (SPP) for optimizing
manual parameter screening.”

As depicted in the workflow outlined in Figure 2, we
employed Rdkit to generate product extended SMILES repre-
sentations for each reaction, and subsequently converted those
to PEMFs using six different molecular fingerprint types
(MACCS, Topological, Atom, Rdkit, Morgan, and Avalon, shown
in Table S1-527 in Supporting Information).?*?” Data prepro-
cessing was applied to reduce the data size by eliminating
duplicate values in the PEMF data, specifically by excluding
columns that contained either zero or one for all reactions,
resulting in a reduction from 2560 bits to 259 bits for each
prediction.

Figure 3a demonstrates the PEMF descriptors (purple bar)
outperformed the corresponding reactant-based MF descriptors
(green bar) across all six fingerprint types, with R® values
ranging from 0.918 to 0.939 (see Figure S1-512), thereby
demonstrating the significance of incorporating product in-
formation. The Avalon PEMF exhibited the highest performance
with an R? value of 0.939, surpassing the previously used MFFS
descriptors, thereby justifying its selection for further analysis.

To capture the physical parameters of the reactants, the
Mordred package was utilized to get physical parameters, based
on the product extend SMILES representations. A RF regression
model was employed to evaluate the significance of the total
4999 physical parameters, and the top eight influential features
were identified (Figure 3b). The AATSC4m descriptor®=? of aryl
halide substrates and the MATS5s descriptor®'?? of additives
showed the highest levels of significance at 27% and 12%,
respectively. The significance sharply declined beyond the third
parameter, dropping from 2% to 0%, leading to the selection
of only the top two physical parameters as SPP descriptors. The
histograms depicting the distribution of descriptors were
plotted (Section 2, Figure S13), which reveal a broad coverage
range and a balanced number of descriptors for each reactant,
devoid of any instance where the number of descriptors for one
reactant significantly surpasses that of others. Besides, two
supplementary feature selection approaches, Lasso and Ridge,
were also adopted to scrutinize all descriptors (see Section 2,
Figures S14-S15, in Sl). The divergent rankings of descriptor
importance across these different methods underscore the
diversity and meaningfulness of the descriptors selected for our
analysis.

To ensure the reliability and validity of model evaluation
results, a 10-fold cross-validation was adopted to assess the
model’s generalization capability (see Table S28-S30 in SI). A RF
model using all 4999 calculated physical parameters achieved
an R? value of 0.936 (Figure S16 in Supporting Information),
while a noticeable decline in the predictive performance was
observed when using only two specific SPPs, with an R? value of
0.558 (Figure S17). However, a RF model using the combination
of Avalon PEMF and SPPs achieved an improved R? value of
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Figure 3. (a) The R? value for RF model using six type molecular fingerprints
with and without the products information. (b) The significance of top eight
physical parameters. (c) A superior RF model of this work was established
with R? of 0.943 by utilizing the fewest features (259 bits + 2 features).

0.943 (Figure 3¢, more details are shown in Table S28), surpass-
ing the previous model reported by Doyle and Glorius with an
R? value of 0.92. Importantly, the use of Avalon PEMF + SPP
descriptors significantly reduced the dataset size to 259 bits MF
and 2 physicochemical parameters, thereby improving its over-
all efficiency.

This data set is composed of a diverse array of chemical
components, including 15 distinct aryl halides, 23 unique
additives, 4 different ligands, and 3 separate bases (Figure 2).
Each of these elements contributes to the formation of a total
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of 4140 reactions, each with its own corresponding yield value.
To investigate the correlation between SPP (the AATSC4m
descriptor of aryl halide substrates and the MATS5s descriptor
of additives) with reaction yield in Pd-catalyzed Buchwald-
Hartwig amination reactions, we analyzed the yield distributions
for each aryl halide substrate and additive. For each aryl halide
substrate, approximately 276 reactions were conducted, while
each additive was associated with about 180 reactions.
Figures 4a represented the resulting yield distributions of 15
aryl halide substrate using box plots. Figure 4b displayed the
calculated AATSC4 m values for aryl halide substrates. The
reaction yield distributions by the Q3 value, which signified the
third quartile of the data set, were also represented in
Figure 4b.

The AATSC4m values consistently demonstrated negativity
across all substrates, with large variation ranging from —1.492
to —386.774 among different chemical structures. At first
glance, there appeared to be no significant correlations
between the AATSC4m values and reaction yield. For instance,
substrate 13 had the highest AATSC4m value of —1.492 but
yielded poorly, with a Q3 value of 20.496%, which still
surpassed the yield of substrates 1, 4, and 7. Conversely,
substrate 12 had the lowest AATSC4m value of —386.774
exhibited the highest yield with a Q3 value of 82.716 %.

However, a closer examination revealed a clear trend. In
Figure 4a, the yield distributions could be categorized into five
distinct groups (Group 1-5), each containing three substrates.
Within each group, there was a consistent increase in yield from
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Figure 4. (a) Box plots illustrating the distribution of reaction yield associated
with substrates. (b) The calculated AATSC4 m values and reaction yield
associated with substrates.
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low to high. Similarly, when observing the 15 substrates in
Figure 4b, the same five groups were discernible, with higher
structural similarity but varying halogen substituents (Cl, Br, and
I) were observed. In each group, as the mass of the halogen
substituent increased, the substrates exhibited more negative
AATSC4m values and higher yield. For instance, in Group 1
consisting of substrates 1, 2, and 3 (4-chlorobenzotrifluoride, 4-
bromobenzotrifluoride, and 4-iodobenzotrifluoride), the pro-
gressively negative AATSC4m values (—30.575, —73.592, and
—135.789, respectively) correlated with higher yield, as demon-
strated by the Q3 values (18.091%, 36.510%, and 43.008 %,
respectively) with increasing mass of the halogen substituent. It
is worth noting that comparing values across different groups
did not follow the observed trend. For instance, substrate 3 in
Group 1 has a more negative value of —135.789 compared to
substrate 6 in Group 2, which has a value of —117.306.
However, these two substrates exhibit comparable yield with
Q3 values of 43.008% and 47.085 %.

To elucidate this intriguing phenomenon, we conducted an
in-depth examination of the interpretation of the AATSC4 m
descriptor, which represents a 2D topological descriptor closely
associated with the averaged and centered Moreau-Broto
autocorrelation of lag 4, weighted by mass (details refer to
Supporting Information). Upon interpretation of the AATSC4m
descriptor, it becomes apparent that its utilization for analyzing
the correlation between aryl halide substrates and reaction
yield presents challenges due to the diverse structures of
individual components within aryl halides, thereby complicating
the comprehensive assessment of their collective contributions.
Nonetheless, when the structures of aryl halides exhibit greater
similarity and the contributions of other components to the
total AATSC4m values remain constant, it becomes feasible to
discern the impact of specific substituents. Moreover, these
findings support our observations in Figure 4, indicating a clear
trend between the AATSC4m values and reaction yield within
the same group, although this trend is not consistent when
comparing values across different groups.

Despite these challenges, these findings provide valuable
insights into the association between aryl halide substrates and
reaction yield, particularly in elucidating the influence of
specific substituents in the presence of closely related struc-
tures. Within the context of the Pd-catalyzed Buchwald-Hartwig
amination reactions examined in this work, the SPP demon-
strate that aryl halides containing heavier atoms compared to
their analogous structures exhibit more negative AATSC4 m
values, subsequently leading to higher reaction yield. This
observed correlation provides a mechanistic insight that the
inclusion of heavier atoms in the aryl halides may have a
beneficial impact on the reaction yield of the Pd-catalyzed
Buchwald-Hartwig amination reactions under investigation.

After evaluating the AATSC4m descriptor, the relationship
between MATS5s descriptors of 23 additives and the reaction
yield in Pd-catalyzed Buchwald-Hartwig amination reactions
were investigated. The structures of all the additives can be
found in Figure S18, and the distribution of reaction yield
associated with these additives is shown in Figure S19. Detailed
information regarding the calculated MATS5s values, corre-
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sponding reaction yields with respective Q3 values can be
found in Table S31.

The MATS5s descriptors ranged from —0.612 to 0.794, while
the reaction yield with a Q3 value varied from 14.850% to
76.635%. Despite conducting a thorough analysis, we encoun-
tered difficulties in establishing definitive correlations between
the MATS5s values of the additives and the resulting reaction
yield. Further examination of the MATS5s descriptor, which is a
2D topological descriptor closely related to atomic electro-
negativity within the structure (details refer to Supporting
Information), revealed the structural complexity that hindered
our comprehensive assessment of their collective contributions
to the reaction yield.

In an attempt to perform an inverse analysis of the
prediction model, we designed a reaction that was initially
excluded from the HTE dataset for this purpose, as depicted in
Figure 5. By utilizing the structural template of substrate 6, we
introduced 2-lodoanisole - a compound featuring a less
negative AATSC4m value of —132.278 - in conjunction with 4-
methylaniline for a Buchwald-Hartwig amination. Consistent
with our prior research findings, the reaction incorporating 2-
lodoanisole was anticipated to exhibit superior efficacy, with a
projected yield of 47.046%, compared to reactions utilizing
substrate 6, which yielded 45.982% under identical conditions
and possesses an AATSC4m value of —117.306.

Conclusions

The Pd-catalyzed Buchwald-Hartwig amination reactions,
known for their efficient formation of C—N bonds, have
attracted considerable attention in machine learning research.
In order to develop machine learning strategies aimed at
enhancing predictive accuracy, improving reaction interpret-
ability, and reducing computational costs, we developed two
descriptors, namely PEMF and SPP.

To determine effective descriptor for representing the
structural information of the Pd-catalyzed Buchwald-Hartwig
amination reaction, six types of molecular fingerprints, with and
without product information, were evaluated. The Avalon PEMF
parameter exhibited the highest performance with R? value of
0.939, thereby demonstrating the significance of incorporating
product information.

H OMe
/©/ ©i Catalyst Base, Additive N
DMSO (0.1M) ©/
60°C, 16h
Predicted yield 47.046%
OMe
\r MeO P‘Bu2
R/ \j ~° Pd—L Pr 'Pr
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1.5 equiv 1.0 equiv 10 mol% L|gand

Figure 5. Predicted yield for a designed reaction.
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To identify appropriate descriptors for representing the
physical information, a sorting analysis of 4999 physical
parameters was conducted, resulting in the selection of two
SPP descriptors.

Employing all 4999 physical parameters yielded an R* value
of 0.936, whereas using only the SPP parameters led to a
noticeable decrease in predictive performance with R? value of
0.558. However, when combined the Avalon PEMF with SPP, the
R? value improved to 0.943, surpassing the performance of
previous RF models and enhancing overall efficiency.

Furthermore, preprocessing PEMF data and sorting physical
parameters reduced the dataset size to 259 bits PEMF+2
physical parameters per prediction, which was advantageous
for our approach.

Although establishing direct correlations between these
SPPs and reaction yield was challenging, our findings suggest
that the presence of heavier atoms in aryl halides may have a
positive impact on Pd-catalyzed Buchwald-Hartwig amination
reactions compared to their analogues. Unfortunately, we
encountered difficulties in establishing concrete correlations
between MATS5s values of additives and resulting reaction
yield. Then the study devised a new reaction that was not
originally part of the HTE dataset, for an inverse analysis.
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