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ABSTRACT: The development of machine learning (ML) in
organic synthesis is limited due to the lack of available data sets.
The ML-compatible literature data set for Heck reaction yields,
named HeckLit, has been established. With 10,002 cases, the data
set spans multiple reaction subclasses and covers a larger chemical
space compared to high-throughput experimentation data sets,
including nearly 3.6 X 10" accessible cases. HeckLit accelerates
the advancement of ML-driven synthesis research; however, it
suffers from the same dilemma as other literature-based data sets,
sparse distribution and high-yield preference, leading to limited
model learning ability on the test set, with R* = 0.318. Thus,
feature distribution smoothing (FDS) and subset splitting training
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strategy (SSTS) are utilized to tackle this issue. Despite no improvement when using FDS, SSTS boosted the R* to 0.380. This
optimization approach relies on the subset division. Therefore, we suggest a criterion for splitting. The SSTS opens up a new avenue

for tackling the challenge of learning from large-scale data sets.

1. INTRODUCTION

A specialized domain within computational chemistry, referred
to as computer-assisted synthesis prediction (CASP), employs
machine learning (ML) methodologies to predict the feasibility,
yield, and optimal reaction conditions of chemical processes.'
Owing to its significant benefits, including reduced labor costs
and enhanced experimental efficiency and precision, this
approach has garnered substantial interest among the chemistry
community. Crucially, the efficacy of ML applications in CASP
is dependent on the authenticity and integrity of the reaction
data utilized."

The majority of existing ML studies in CASP rely on high-
throughput experimentation (HTE) data sets (with test set R* >
0.7), which are well designed, usually with about a few hundred
cases of data, and result in remarkably accurate prediction
outcomes.'' ~'* However, this type of data set can only be
applied to a subset of cases for a given reaction, resulting in very
poor generalizability.

Large-scale data sets, covering a chemical space consisting of
millions of reactions and typically containing around 10,000
cases of data, are widely favored in pretraining and transfer
learning strategies due to the diversity of the reactions they
contain.'”~"® Reaction databases such as Reaxys'” and Open
Reaction Database®” provide reliable literature data; however,
these databases suffer from a lack of standardization of reaction
conditions and yield data, which makes it difficult to be
recognized by ML models, greatly hampering the advancement
of CASP. In addition, model learning is challenging in large-scale
literature data sets (test set R* around 0.2) due to the wide
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chemical space with sparse and imbalanced data distribu-
tion.”' ~*° Multiple methods have been proposed to address this
challenge. After removing reactivity cliffs and uncertain
reactions, Liu et al. improved R* by 0.06 on the challenging
amide coupling reaction data set. However, the removed data
still needs to be predicted.”” Ma et al. stated that the prediction
challenge of literature data sets is from the human biases in
experiments and reporting of high-yield results. They utilized
cost-sensitive reweighting methods and label distribution
smoothing methods to handle this issue, though they succeeded
in enhancing over 7.3% in few-shot data prediction, the model
performance dropped for all test data.”® Therefore, developing a
reasonable method to improve the model’s learning ability on
challenging large-scale literature data sets is urgently needed.
Among various homogeneous catalytic reactions, the Heck
coupling reaction stands out as a mainstream method for
molecular skeleton construction. Since its independent
discovery by Heck and Morizoki in the late 1960s, continuous
refinement of catalytic systems and reaction parameters has
expanded its applicability across diverse chemical trans-
formations, establishing it as a cornerstone methodology for
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C—C bond formation.”” This historical evolution has generated
a substantial volume of documented reactions in scientific
literature, making it particularly suitable for literature-derived
data set development. Notably, multiple Heck reaction data sets
have been reported thus far. For instance, Wang et al
constructed a data set for product prediction, comprising 9599
reaction entries.’® Also, Ree et al. constructed a data set with
14,240 cases for regioselectivity calculation.>' However, their
data sets lack critical information such as detailed reagent
specifications, catalyst information, and yield data — essential
elements for systematic exploration of the Heck reaction space —
thereby limiting its utility in predictive modeling studies (see
Section 1.1 in the SI for detailed differences).

As illustrated in Figure 1, to accelerate the development of ML
techniques in the field of organic synthesis, we construct

Q

Subset Splitting
Training Strategy Q

ML Organic
Technique HeckLit Synthesis

X X

« Lack of detailed data * ML-unreadable

Figure 1. Schematic illustration of this work.

HeckLit, an ML-readable, literature-based, large-scale Heck
reaction yield data set, by collecting and carefully processing
data from Reaxys. It contains 10,002 Pd-catalyzed Heck
reactions with detailed catalytic conditions, covering a large
chemical space estimated at 3.6 X 10'> accessible reactions.
Multiple statistical methods are used to analyze the data set and
compare HeckLit with HTE data sets to study its data
distribution and chemical space. Eleven ML methods are used
to set a benchmark for HeckLit. To enhance the learning of the
models on HeckLit, we start by looking at the data distribution
to cope with the poor model learning phenomenon, by using
feature distribution smoothing (FDS) and subset splitting
training strategy (SSTS). HeckLit is expected to alleviate the
shortage of organic data sets available for ML techniques. And
the study of 2 optimization methods provides insight into the
challenging large-scale data set learning.

2. METHODS

2.1. Data Processing. Figure 2a shows the process of data
collecting and cleaning for HeckLit as follows:

1. Data collection: Using the keyword “Heck”, we searched on the
Reaxys,19 and as of Nov. 2024, 60043 relevant reactions were
available. We collected 52,415 Heck reactions from this publicly
accessible database.

2. Reactant and product processing: (i) Screening to obtain
reactions with the number of reactants less than or equal to 2 and
a unique product; (ii) Normalization of the reactants and
products in simplified molecular input line entry system

(SMILES) format,* the specific workflow of SMILES normal-
ization is displayed in Figure 2b; (iii) Heck reaction template
matching based on the RDKit Python package® was utilized to
check the reaction, as shown in Figure 2c.

3. Reaction yield handling: As illustrated in Figure 2d, reactions
without yield data, or the output representing enantioselectivity
value or mass, were filtered.

4. Reagent (catalyst, additive, solvent) processing: (i) Convert the
reagents from IUPAC name into SMILES format using
PubChem®* and Cactus® (specific process is demonstrated in
Figure 2e); (ii) Normalization of the reagents’ SMILES; (iii)
Filtering of reactions without Pd catalyst.

S. Reactions with the same substrates, products, and reagents are
considered as identical cases. We averaged the temperature,
time, and yield data for these reactions.

In this study, we also used 2 HTE data sets, Buchwald-Hartwig (B—
H) data set,*® and Suzuki—Miyaura (S—M) data set®’ for comparative
studies with HeckLit. To prove the applicability of the ML approach to
the Heck reaction, Das et al.’s data set was utilized.>® According to the
literature description, we converted all chemicals to SMILES for the
study. The data structure of these relevant data sets is listed in Section
1.2 of the SL

2.2. Machine Learning Techniques. The unsupervised learning
methods reaction fingerprint (RXNFP)*® generated by bidirectional
encoder representations from a BERT model, as well as differential
reaction fingerprint (DRFP)* based on the hash processing of
molecular substructures, were used to featurize the reactions,
respectively. Four traditional ML models were tested: random forest
(RF), XGBoost, support vector machine (SVM), and k-nearest
neighbor (KNN). Three deep learning models, artificial neural
networks (ANN), graph attention network (GAT), and multimodal
homogeneous reaction predictor (MMHRP-GCL)*' were utilized for
data set learning and yield predicting. The fact that HeckLit contains a
fluctuating number of reactants makes most advanced graph neural
network models, such as CGR-GCNN,** unusable for this data set. The
detailed model structure and parameter settings are listed in Section 2
in the SL

Based on the diversity and sparsity of the data set, which makes
model training challenging, hence, we allocated more data to the train
set, with a train/test set of 80%/20%. The model learned data
properties on the train set, and the model’s performance was evaluated
on the test set. For each method, we performed 5 times random train/
test set splits. The coefficient of determination (R*), root-mean-square
error (RMSE), and mean absolute error (MAE) were utilized to assess
the performance of the model in learning or predicting. The closer the
R%value is to 1 and the lower the RMSE and MAE values, the better the
model is. The equations for the evaluation metrics R*, RMSE and MAE
are displayed in eq 1-3:

Z?:I Oﬂ B j’:)z

R=1-
DRSS 1)
RMSE= |~ 3 (; - 7’
L (2)
lYl
MAE = — ly — 7l
PR 3)

where y; denotes the ground truth, ; is the predicted value of the model
and J; denotes the average of the true values of the whole data set.

2.3. Feature Distribution Smoothing. Feature distribution
smoothing (FDS), proposed by Yang et al,, is an algorithm for deep
learning models.** The method transfers the feature statistics between
nearby target bins and thus enhances the prediction ability of the model
on imbalanced data. The concrete algorithm is displayed in Section 3 in
the SL

2.4. Subset Splitting Training Strategy. The subset splitting
training strategy (SSTS) is designed based on the idea of divide-and-
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Figure 2. Data cleaning workflow for HeckLit. (a) Overview of cleaning procedure. (b) Reaction mapping. (c) SMILES normalization workflow. (d)

Yield selection rule. (e) IUPAC to SMILES conversion procedure.

conquer calculations. The method first splits the data set into multiple
subgroups and then uses ML models to learn the properties of each
subset. It is worth noting that when testing this method, to ensure the
consistency of the ratio between the train/test set, we will first conduct
the subset splitting and then divide the train/test set. The detailed
algorithm is shown below.

Divide the data set A into several subgroups according to the
properties of the data, where A= {a,, -, a;, -, a,} and each a; = (x,; y,.)-
In the statistical division, we first mapped the data set to 2-dimensions
using principal component analysis (PCA) dimensionality reduction
technique and later defined the subsets manually using K-means. In the
chemical division, the subsets are determined based on the reaction
characteristics. For each subgroup a; in the train set, the model; is
trained for it:

criterion@ai, model,(x,;)) = Loss — model; (4)

where criterion(+) denotes the loss function. Loss is the value calculated
by the loss function. Right arrow represents training of the model by
loss values.

When making predictions on the external data set B, it is also divided
into several subsets based on data characteristics: B = {b,, -+, b,, -, b,},
where b, = (x;;). The label prediction is performed using models
corresponding to each subgroup:

ypredict = mcdeli(xbi) (5)

where yp..q.c denotes the predicted value of the model.

3. RESULTS AND DISCUSSION

3.1. Statistical Study of HeckLit. After data processing, as
listed in Figure 3a, HeckLit contains 10,002 reactions of reaction
yield data (8630 of intermolecular reactions and 1372 of
intramolecular reactions), involving 6718 reactants, 8891
products, 338 catalysts (45 Pd catalysts), and 60 solvents.
Preliminary estimating, the data set covers the chemical space
with almost 3.6 X 10'* accessible reactions (see Section 4.1 in
the SI for calculations).”* The data structure of HeckLit is
displayed in Figure 3b, including (i) Reactive substances:
including reactants, products, catalysts, and solvents informa-
tion, which are stored in SMILES. (ii) Reactant conditions:
reaction temperature (°C) and time (h). (iii) Yield: yield of the
chemical reaction (%). (iv) Search information: Reaction ID in
Reaxys and reference or patent information.

In organic chemical synthesis, Heck reactions are systemati-
cally classified into intermolecular and intramolecular subsets.
As shown in Figure 4, the reactions can be further classified into
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Figure 3. Introduction to HeckLit yield data set. (a) Data set
composition. (b) Data structure in HeckLit.

(a) Intermolecular:

LG
+ ¢ Pd cat
e
/\R Base
B

(b) Intramolecular:

R
B
LG a g
@ B Pd cat. and / or ©\/j
= B
o/\q/ ase S o

LG = Leaving group

B~

and /or

Figure 4. Illustration of Heck reaction types. (a) Intermolecular
reaction. (b) Intramolecular reaction.

subsubsets according to the chemical characteristics: the
regioselectivity of C=C bond (a/f-position insertion), leaving
group (LG) type, and the size of the ring formed by
intramolecular reaction, which are represented in red, green,
and blue, respectively, in Figure Sa.

The proportion of each subsubset is listed in Figure Sa. The
height of the red bars for the two subsets indicates that Heck
intramolecular reactions favor a-position insertion, while
intermolecular reactions favor f-position insertion. This can
be attributed to the fact that the a-position insertion can form 5-
or 6-membered stable rings in intramolecular reactions, while
there is less spatial resistance in intermolecular reactions for -
position insertion. The height of the green bars suggests the
substitution of leaving group tendency of the Heck reaction pair,
which prefers the insertion of C—Br and C—I bonds because of
lower bond energies, leading to a lower energy barrier in the
oxidative addition step. The height of the blue bars indicates that
Heck intramolecular reactions are common in constructing S-
and 6-membered rings since they are thermodynamically more
stable than the other rings. The wide range of reaction
subsubsets demonstrates that the application of HeckLit is
anticipated to accelerate the research and development for Heck
reactions.

Figure 5b shows the distributions of reaction time, temper-
ature, and yield for two subsets. Statistical analysis shows that the
intramolecular Heck reaction requires shorter reaction times
than the intermolecular reaction, which corresponds to the
greater rate of intramolecular reaction. Moreover, the yield
distributions of intramolecular and intermolecular reactions are
similar, but the more sluggish reactions give a lower yield for
intermolecular reactions. This is due to the high-yield tendency
of reported literature data. This preference may trigger high
model-predicted values for low-yield reaction yields and is one
of the challenges for literature-based data sets."’

To investigate the distribution of reagent information in the
data set, we counted the number of occurrences of each reagent
and sorted them in descending order. Figure Sc shows the
distribution of the diversity of each reagent in HeckLit and its
two subsets. The x-axis indicates the top N reagents of the
occurrence count, and the y-axis represents the proportion of
occurrences of these reagents to all reagents. The closer the
slope of the plotted curve is to a constant, the more uniformly
the reagents are distributed.*® The results show that the slope of
the curve decreases with increasing top N reagent type,
suggesting an uneven distribution of reagents in HeckLit,
which is the reason that learning large-scale data sets is difficult.

Additionally, a statistical analysis of solvent effects and
catalysts in HeckLit is conducted, as shown in Section 4.2 in the
SL*"~* The study demonstrates the potential of HeckLit in the
Heck reaction study.

3.2. Chemical Information: HTE vs HeckLit. Learning the
inherent differences in chemical diversity and yield distributions
between the HeckLit and HTE data sets helps us gain a deeper
insight into large-scale data. To explore the difference in
chemical space, we projected reactions into the same space using
the multidimensional scaling (MDS) method, as shown in
Figure 6a. Compared to B—H and S—M HTE data sets,’™’
HeckLit covers a larger chemical space. In Figure 6b, the density
of the chemical space is compared by calculating the cosine
similarity in pairs of cases. The results show that most of the
reactions in HTE data sets are in the high similarity, ranging
from 0.4 to 0.8, while that in HeckLit are in the low similarity
region, by 0.0—0.4, suggesting that the data in HeckLit are
sparsely distributed in the chemical space and it is challenging
for model learning. HeckLit, a large-scale data set, is general-
ization-oriented, leveraging its diverse chemical space to
enhance model generalizability; however, the sparsity may
lead to poor predictive accuracy, making it particularly suited for
massive searches, such as reaction condition exploration or
catalyst screening scenarios. In contrast, HTE data sets are
accuracy-centric, where their confined chemical space enables
high model precision, rendering them more effective for well-
defined catalysis investigations. Figure 6c shows the yield
distribution of the 3 data sets. It can be seen that HTE data sets
possess more low-yield reactions, while HeckLit includes a
higher proportion of high-yield cases. Exploring data sets with
different yield distributions raises the prospect that these data
will be useful for ML models.

3.3. Model Benchmarks. Table 1 lists the learning
performance of models on Das et al.’s data set’® and HeckLit.
To demonstrate the applicability of the ML techniques for the
Heck reaction yield prediction task, we first evaluated the
performance of 11 methods on Das et al.’s data set. ANN +
DRFP method stands out among all methods, with R*by 0.707,
RMSE by 5.68% and MAE by 3.95%, even better than the
original work using experimental and quantum chemical

https://doi.org/10.1021/acs.joc.5c01641
J. Org. Chem. 2025, 90, 12768—12777


https://pubs.acs.org/doi/suppl/10.1021/acs.joc.5c01641/suppl_file/jo5c01641_si_001.pdf
https://pubs.acs.org/doi/10.1021/acs.joc.5c01641?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.joc.5c01641?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.joc.5c01641?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.joc.5c01641?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.joc.5c01641?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.joc.5c01641?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.joc.5c01641?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.joc.5c01641?fig=fig4&ref=pdf
pubs.acs.org/joc?ref=pdf
https://doi.org/10.1021/acs.joc.5c01641?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

The Journal of Organic Chemistry

pubs.acs.org/joc

@ Heck Reaction Diversity (b) Time/Temperature/Yield Distribution
Time Distribution
o Intramolecular Dataset - Intermolecular Dataset 100 S S
e 54.2% 2 87.2Y °
S50 S 80 °
8 8 75 E e
= 40 0290% - P 3
© 6. o © F=
3 % ga-2% 1 35.10% 260 55.2% T 50 °
330 o E
g g 40 38.5% (=
& 20 15.5% E 25
5 £20
£10 8.2% £ —
s 33% [A‘B 22% | © 9 9 0
x® 0 k—fog’ - S — ‘b o ol =L6% 0-3% =A%, - Intramolecular Intermolecular
s ~ - IS IS S . . .
S5854 ;) 21 g 8 8 I 9 S§ S5 b @ I Temperature Distribution
FSs80 o4 o g g g g ¢ 55 &8 o ! o
I~ O J Qo0 of of o ) i o
§8887 4 3 7 FEFSESESEE gg g8 7 7 7 200 2
CRSC-RS I Y S RS Q& o °
b 6 N © o EleO
. . o
© Reagents Diversity 2
Intramolecular Intermolecular Total g100
1.0 e g | 10 o2 S
e ot -~ 2 50
0.9 - 0.9 E, 0.9 - :
- / ° .
o m o - o X Intramolecular Intermolecular
2% # g ° . g °* y Yield Distribution
— 4 — / | DU
g 0.7 g 0.7 P g 0.7 100
8.0l f 8 osl 7 8
c 06 c 06 pt 0.6
K] o o / 75
S 5 B =} ‘ —~
% 0.5 p) % 0.5 % 0.5 9
& & & T 50
0.4 catalysts & 0.4 catalysts & 0.4 catalysts & o]
additives additives additives >
0.3 _ 0.3 0.3 25
+— solvents =— solvents =~ solvents
0.2
5 10 15 5 10 15 5 10 15 0 —
Top N Top N Top N Intramolecular Intermolecular

Figure S. Data distribution analysis of HeckLit. (a) Reaction diversity analysis. (b) Reaction time, temperature, and yield distribution plots. (c)

Reagent diversity analysis.

calculation parameters, indicating the usability of DRFP in Heck
reaction feature learning. Still, ANN + DRFP outperforms other
methods in HeckLit learning, with R* by 0.318, RMSE by
17.60%, and MAE by 13.06%, which is slightly better than that of
RF + DRFP. Thus, in all other experiments, we have taken one of
these 2 methods. In Section 4.3 in the SI, we plot the cosine
similarity distribution for Das et al.’s data set and HeckLit,
showing that the sparser chemical space serves as the primary
reason for the model’s inferior learning performance on HeckLit
compared to Das et al.’s data set. It is also worth noting that GAT
and MMHRP-GCL trail behind in performance on challenging
data set learning, with R? ranging from 0.553—0.590 and 0.207—
0.239 on the 2 data sets, respectively. We interpret this result as
the advanced graph-based model or multimodal model’s
tendency to fall into part of the data, making it poorly predictive
of the entire data set, or the atomic features used that do not
adequately capture the reaction property.*’

To prove that the reagent data that we carefully cleaned for
HeckLit plays a pivotal role in yield prediction, we conducted an
ablation study by using DRFP generated without reagent
information. As displayed in Table 1, ANN + DRFP without
reagent information exhibits worse learning ability than using
DRFP, with R* lower than 0.106, suggesting that the reagent
information can enhance model learning performance in
reaction prediction. Further, we conducted the ablation
experiments on catalysts and additives, and solvents. The
model performance of DRFP w/o catalyst and additives is worse
than that of DRFP w/o solvent, with an R* lower than 0.054,
demonstrating the higher importance of catalyst and additive
information.

We also set a benchmark using RF + DRFP for each
subsubset, which is displayed in Section 4.4 in the SI. The model
learning performance shows that for small-sized subsubsets, the
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learning ability of the ML model is not stable, with R* generally
fluctuating widely on the test set, suggesting that the subsubsets
are sparse. However, the RMSE of each subset is within 18.57%,
indicating that although the model is difficult to accurately
predict the reaction yields in the HeckLit subsubsets, it is still
able to make effective judgements on the high and low reaction
yields.

3.4. Optimization for Model Learning. A multitude of
studies stated that the yield distribution might lead to poor
model performance.”**>*" To demonstrate that this problem
also exists in HeckLit, we divided the data set into 10 yield-based
subsets and categorized each as few-shot, medium-shot, or
many-shot according to its sample size (see Section 4.5 in the SI
for details). Figure 7 illustrates the yield distribution and error
distribution of the model trained on HeckLit, which shows that
the subset with fewer reactions has greater prediction errors.

To handle this issue, we utilized the FDS method, which
distributes the feature statistics across neighboring label bins,
hence performing distribution smoothing on the feature space.
The experimental details are demonstrated in Section 4.6 in the
SL Table 2 lists the performance of ANN + DREP for the whole
test set and each shot as a baseline, compared with the
performance using FDS. Among them, FDS improves perform-
ance on few-shot and medium-shot with RMSE being reduced
by 0.29% and 0.15%, respectively. However, this method drops
the model performance on the entire data set, with RMSE being
increased by 0.08%. We also split the data set into 100 yield-
based subsets and tested with FDS, yielding consistent
conclusions (See Section 4.6 in the SI).

In the previous analysis, HeckLit exhibits sparse feature
distributions and complex composition, which may contribute
to the poor model performance. Hinton et al. suggested that it
makes sense to train many specialized models, each of which is
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distribution between reactions. (c) Yield distribution.

Table 1. Model Performances on Das et al.’s Data Set and HeckLit”

data set Das et al.’s data set HeckLit

model descriptor R? RMSE MAE R? RMSE MAE

RF 137 features 0.522 + 0.139 7.37 £ 3.05 4.56 + 1.07

RF RXNFP 0.300 + 0.227 8.49 + 1.80 5.50 + 0.65 0.238 £ 0.010 18.60 + 0.19 14.66 + 0.13
RF DRFP 0.601 + 0.044 6.59 + 1.84 4.25 £0.53 0.318 £ 0.011 17.60 + 0.28 13.08 + 0.14
XGBoost RXNFP 0.295 £ 0.373 8.35 + 1.92 5.47 + 0.89 0.174 + 0.022 19.36 + 0.21 14.87 £ 0.12
XGBoost DRFP 0.391 + 0.233 7.72 £ 0.95 4.87 +0.36 0.271 + 0.016 18.19 £ 0.35 13.68 + 0.15
SVM RXNFP 0.235 + 0.059 9.26 + 3.24 6.57 + 0.99 0.169 + 0.018 19.42 + 0.25 15.17 £ 0.15
SVM DRFP 0.289 + 0.161 8.64 + 1.85 6.63 + 0.87 0.309 + 0.007 17.71 £ 0.21 13.77 £ 0.08
KNN RXNFP 0.183 + 0.094 9.49 +2.98 6.41 £0.27 0.115 +0.014 20.04 £0.19 16.13 + 0.15
KNN DRFP 0.311 + 0.046 8.83 +3.19 5.48 + 0.62 0.124 + 0.012 19.93 +£0.13 15.93 £ 0.12
ANN DRFP 0.707 + 0.020 5.68 + 1.66 3.95 + 0.58 0.318 + 0.010 17.60 + 0.24 13.06 + 0.15
ANN DRFP (w/o reagents) 0.212 £+ 0.019 18.90 + 0.21 1420 £ 0.23
ANN DRFP (w/o catalysts and additives) 0.248 + 0.016 18.48 +0.18 13.80 + 0.21
ANN DRFP (w/o solvents) 0.302 + 0.004 17.79 £ 0.15 13.23 + 0.05
GAT Graph 0.590 £ 0.119 6.71 £ 2.40 4.65 + 0.69 0.239 + 0.006 18.58 + 0.17 14.30 + 0.20
MMHRP-GCL Graph+Text 0.553 +0.112 722 +2.79 4.82 + 1.08 0.207 + 0.005 18.97 £ 0.20 14.59 + 0.37

“Note: “w/0” denotes “without”. Bold-labeled numbers indicate the best performance.

trained on data that is highly enriched in examples.’” Taking this
as a breakthrough, we utilized SSTS methods by using multiple
models responsible for learning a portion of the features of the
data set. A variety of methods are used for subset division,
including PCA + K-means to set subsets based on statistical

technique, inter/intramolecular subsets based on reaction type,
a/P-position insertion, and no regioselectivity subsets based on
regioselectivity, and subsets that take into account both reaction

type and regioselectivity (see Section 4.7 in the SI).
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Figure 7. Comparison between (a) yield distributions and (b) test error distributions when model learning on HeckLit.
Table 2. FDS Method for Model Learning Performance Improvement
evaluation metrics RMSE MAE
shot all few medium many all few medium many
baseline 17.60 35.15 19.22 12.46 13.06 29.89 15.38 9.38
FDS 17.68 34.86 19.07 12.62 13.12 29.50 15.23 9.44
Vs +0.08 -0.29 -0.15 +0.16 +0.06 -0.39 -0.1S +0.06
Note: Bold-labeled numbers indicate performance decreases; Italic-labeled numbers represent improvement.
Table 3. SSTS Method for Model Learning Performance Improvement
evaluation metrics
subset splitting method subset number R? RMSE MAE
baseline 1 0.318 + 0.010 17.60 + 0.24 13.06 + 0.15
PCA + K-means 3 0.30S + 0.009 17.75 £ 0.21 13.21 £ 0.08
PCA + K-means 4 0.307 + 0.008 17.75 £ 0.18 13.18 + 0.06
PCA + K-means N 0.307 + 0.006 17.73 £ 0.13 13.19 £ 0.06
inter/Intra molecular 2 0.380 + 0.009 16.62 + 0.42 12.25 + 0.35
a/p-position Insertion 3 0.315 + 0.008 17.64 + 0.22 13.11 + 0.14
intra/intermolecular & a/f-position insertion 6 0.326 + 0.009 17.49 + 0.24 12.96 + 0.11

Note: Bold-labeled numbers indicate the best performance.

Table 3 demonstrates the model performance of ANN +
DRFP using SSTS in different subset splitting methods
compared to the baseline. By splitting the data set into inter/
intra molecular, the model boosts the R? value from 0.318 to
0.380, and the statistical significance testing between the
baseline and the optimal performance shows p values of the
evaluation metrics are ranging from 0.0004 to 0.0031 (<0.05),
indicating that SSTS is a practical method to effectively optimize
model learning on a large-scale data set, and the improvement is
not derived from randomness. It is pertinent to point out that the
PCA + K-means method to set subsets fails to improve the
model performance, and the remaining 2 chemical knowledge-
based subset segmentation methods do not effectively improve
the model learning capability. This involves a game between a
general model and multiple specialized models. Although
diverse expert models can address distinct aspects of complex
chemical issues and may lead to better outcomes than a single
model could achieve, they fail to effectively integrate knowledge
across multiple subdomains and sometimes exhibit inferior
performance compared to the general model (i.e., the base-
line).””** Hence, the method for subset splitting is the decisive
factor in determining whether the SSTS approach can enhance
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data set learning. We propose a subset splitting criterion for
SSTS: (1) The subset should be large enough since small-scale
data will increase the difficulty for deep learning model training.
It is recommended that the subset contains at least 500 cases and
involves at least 100 compounds.ss’56 (2) Assignificant difference
in chemical aspects among subsets is necessary, for subtle
differences between subsets may lead to weak cross-subdomains
capabilities of the model.

4. CONCLUSIONS

Aiming to alleviate the scarcity of organic reaction data sets, in
this work, we built an ML-compatible literature-based large-
scale yield data set, HeckLit, by collecting and cleaning the data
from Reaxys. It contained 10,002 reactions, covering a large
chemical space with more than 3.6 X 10'* accessible reactions.
Statistical analysis of HeckLit showed the data set was
chemically diverse, but also suffered from a high-yield
preference. Comparison between HeckLit and HTE data sets
found that HeckLit represented a larger chemical space but had a
sparse and imbalanced data distribution, implying that model
learning on this large-scale literature data set was challenging.
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Subsequently, 11 models were first evaluated to be suitable for
Heck reaction prediction and then utilized to set an ML
benchmark. ANN + DRFP, with R* of 0.318, RMSE of 17.60%,
and MAE of 13.06%, outperformed other methods. Also, the
ablation study on reagents’ information was conducted,
suggesting that detailed chemical information in HeckLit was
one of the strengths. However, the low R? value indicated that
current ML models still struggle in learning large-scale data sets,
due to the uneven yield distribution and sparse chemical space
coverage. Thus, we applied FDS and SSTS to handle this issue.
Although the improvement of FDS was limited, with RMSE
values decreasing on few-shot and medium-shot data by 0.29%
and 0.15%, respectively, increasing by 0.08% on the whole test
set, SSTS boosted R? from 0.318 to 0.380. Owing to the cross-
subset knowledge integration barriers, SST'S relies on the subset
splitting method; therefore, we point out that subsets need to
satisfy the criterion of (1) not being too small (at least 500 cases
and 100 compounds) (2) having significant differences in
chemical properties.

Despite the incremental progress we have made in large-scale
reaction data sets, there are still many problems and challenges
to be solved. Our analysis reveals yield-reporting bias and data
sparsity, impeding large-scale reaction data set learning. We
recommend documenting negative results and resolving data
scarcity through automated laboratories.”’ ™’ Additionally,
considering the variability in experimental yield data, taking
the yield prediction task into multiclass classification (high,
medium, low, etc.) is possibly more suitable for large-scale data
sets. Moreover, the prediction performance and generalization
ability of current models need to be improved. While large
language models such as ChatGPT or DeepSeek, with large-
scale parameters and reasoning ability, may be better in large-
scale data learning.60 To address current limitations in reaction
data accessibility and model generalizability, interdisciplinary
collaborations must prioritize the creation of ML-readable
organic reaction repositories and adaptive learning frameworks,
which are critical for unlocking Al-driven innovations in
synthetic chemistry.
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