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We propose density functional theory (DFT)- and random forest
(RF)-based theoretical and machine learning (ML) models, respectively,
for predicting reaction barriers (AEts) using acrylate and methacrylate
radical reactions as representatives. DFT is used to determine 100
transition state (TS) structures of both radicals, after which the obtained
data are used to determine theoretical relationships (explained with
Bell-Evans—Polanyi or Brensted—Evans—Polanyi (BEP) and Marcus-like
models) between A Eqs and stabilization energy of the product. Next, we
construct several theoretical regression models for predicting AErs of
the representative reactions based on our theoretical analyses, present-
ing an RF-based ML model that eases A Ets predictions by circumventing
time-consuming DFT calculations. These theoretical and RF-based ML
approaches will accelerate the advancement of material development.

1. Introduction

Radical reactions are employed for diverse applications across
various fields, including chemistry, medicine, and materials
science, owing to the high reactivities and versatilities of
radicals.”™ Typically, these highly selective reactions proceed
under relatively mild conditions. Furthermore, the high reac-
tivities of radicals under mild conditions facilitate the extensive
adoption of radical polymerization in the syntheses of various
acrylic polymers with numerous applications in products, such
as paints, adhesives, medical materials, plastics, and fibers.*”
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Here, we discussed the radical reactions of acrylate (ACR) and/or
methacrylate (MA), which are essential to the synthesis of acrylic
polymers. Generally, the efficient development of acrylic poly-
mers requires sophisticated and precise controls of the radical
reactions, and the detailed mechanisms of these reactions must
be understood. Furthermore, effective density functional theory
(DFT)-based transition state (TS) searches are required for the
investigation of radical reaction mechanisms. The DFT-based TS
analyses of simple MA monomers® and catalyzed radical poly-
merization products’ have been reported. However, the high
computational cost of TS search complicates the calculations of
many structures for material developments, as TS-structure
determination typically requires numerous trials and errors
together with highly expensive DFT calculations. To avoid heavy
calculations, simple theoretical models have been employed for
reaction analysis. For example, the Bell-Evans-Polanyi or
Brgnsted-Evans-Polanyi (BEP) model'®™? is widely utilized in
catalysis reactions, which is based on an a empirical linear
relationship between the activation energy and the reaction
enthalpy to predict the catalytic activity. Conversely, the utiliza-
tion of databases and machine learning (ML) for efficient
material development has garnered substantial interest in recent
years.">* For example, in the experimental syntheses of poly-
mers with desired thermal conductivities, ML was deployed for
the screening of several promising materials among numerous
candidates,” representing a promising approach for accelerat-
ing and advancing material development.

Therefore, in this study, we considered the radical reactions
between ACR and MA. First, we performed DFT calculations to
determine the TSs of these reactions, after which we discussed
the general trends of the obtained computational results. Next,
we confirmed that theoretical regression models for performing
easy reaction-barrier predictions can be constructed based on the
results, after which we constructed a random forest (RF)-based
ML model for predicting their reaction barriers (AEys) using
simple descriptors based on their chemical structures and cir-
cumventing complex DFT calculations.
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2. Computational methods

The structures of the reactants, products, and TSs were opti-
mized using the B3LYP functional®>*” with Grimme’s empirical
dispersion®® and the 6-31+G* basis set (B3LYP+D3/6-31+G*). All
the DFT calculations were performed using the Gaussian16
package.?® The ML algorithm (RF)*° with scikit-learn liberally
(version 0.22.1)*' was used to construct the ML model for
predicting AEys. Here, the number of trees in the forest
(n_estimators) was set to 30, and tenfold cross-validation was
used to evaluate the models.

3. Results and discussion

3.1. Trends of reaction barriers and energy of the products
obtained via density functional theory calculations

In this study, we performed DFT calculations to determine AErs
and the product-reactant energy difference (AEproq) for the radical
reactions between radical monomers X* and Y (Fig. 1(a) and (b)),
where X and Y represent ACR and/or MA monomers, respectively,
including an acrylic acid/methacrylic acid (Fig. 1(c)). Notably, X*
was generated by adding a hydrogen radical to the monomer X.
Additionally, the calculated AErs and AEp.q values of all the
combinations of the 10 monomers, i.e., 100 reactions, are listed in
Table S1 ESL{ Here, the energy references were set to the pre-
reactant complex of each system. For example, the lowest AEg
(3.9 kcal mol ') was obtained from the reaction between an
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ethylcyclohexyl ACR radical and methacrylic acid. In comparison,
the highest A Erg (10.1 keal mol ") was obtained from the reaction
between a y-butyrolactone MA radical and y-butyrolactone ACR.
These radical reactions can be categorized into four types based
on whether the chemical structures of reactants X* and Y corre-
spond to ACR or MA, respectively.

Table 1 presents the average AErs and AEp.,q for each
category. In this study, we categorized acryl and methacrylic
acids as ACR and MA, respectively. As presented in Table 1, AErg
and AE,,q tended to be lower when the reactant radical (X) was
ACR rather than MA. For example, in the case of Y = ACR, average
AEqg values of 5.4 and 7.2 keal mol ™ * were obtained for X = ACR
and MA, respectively. Conversely, average AE,,q values of —16.6
and —11.6 kcal mol™" were obtained for X = ACR and MA,
respectively. Additionally, we observed a decreasing trend in
AEpq of the Y species. These trends were roughly consistent
with those reported in the literature*> and could be explained
by the stabilities of the radical species: as ACR®* and MA® are
secondary and tertiary radicals, respectively, the latter would be
more stable than the former owing to hyperconjugation.

To gain an insight into the trend of the computational
results, we plotted the datasets with AErs and AE,,q on the
vertical and horizontal axes (Fig. 2). In the figure, the colors and
markers correspond to the reaction categories. Namely, the
blue and red colors represent ACR® and MA® for the reactant
radical (X*), respectively. Conversely, the circle (@) and cross
(x) markers represent ACR and MA for the monomer (Y),
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(a) Energy diagram and (b) scheme of the radical reaction between ACR and/or MA: X* + Y — XY*, where X® represents the radical monomer.

(c) Target reactant monomers of acrylic acid, ACR, methacrylic acid, and MA. Here, acrylic and methacrylic acids were categorized as ACR and MA,

respectively.
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Table 1 Average AEys and AEoq (kcal mol~?) for each category. Their
standard deviations are listed in parentheses

Category (X* +Y) Average AErg Average AEproq

ACR® + ACR 5.4 (0.6) —16.6 (1.2)
ACR® + MA 4.5 (0.3) —18.4 (1.6)
MA® + ACR 7.2 (1.3) —11.6 (1.5)
MA® + MA 7.3 (1.0) —12.6 (1.3)

respectively. Some trends can be easily confirmed from Fig. 2
(see also Table 1). For example, the computational results were
largely clustered into two regions, i.e., X = ACR and MA, which
were represented by blue and red colors, respectively; AEs and
AE,q were influenced by the stability of the reactant radical
(X*). Moreover, the stability of the reactant in the product (Y)
caused a slight difference between @ and x within the blue
and red regions. In these reactions, ACR®, a secondary radical,
was more unstable than MA®, a tertiary radical. Thus, in the
reactant, X* = ACR*® was relatively more reactive, ie., its AErs
value became lower than that of X* = MA®.

Furthermore, AEp.q, which is the relative energy between
the product and reactant, tended to become unstable when X* =
ACR®; thus a larger AEp,q would be obtained compared with
the case of X* = MA®, following the polymerization reaction.
Similarly, the decreasing tendency of Y would also be due to the
stability of the product (XY*). After the polymerization reaction,
the radical moves from X to Y, and hence, the secondary radical
(Y = ACR) yields more unstable products than Y = MA. However,
radical reactions are affected by the stability of the radical
species and other factors, such as steric hindrance and electro-
nic effects, especially with the increasing polymer-chain length.
For example, we could not ignore the steric hindrance effects
from the methyl groups on the radical reactions of MA® + MA.
In practical cases, other factors, such as the solvents and
electronic effects from the side chains, must be considered.
Although the precise assessments of all the aforementioned
factors were challenging, our assessments of AErs and AEpoq
offered a valuable overview of radical reactions.
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Fig. 2 Scatter plot of the AEys with respect to the DFT-obtained AE,qq.
The blue and red colors represent ACR®* and MA® for the reactant radical
(X*), respectively. Conversely, ® and x represent ACR and MA for the
reactant monomer (Y), respectively.
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3.2. Relationships between the reaction-barrier and product-
reactant energy difference

In the BEP model, the potential energy surfaces of the reactant
and product were assumed to be two intersecting linear func-
tions, and the AErs (Ayrs) was obtained using coefficients of a
and b as follows,

Ayrs = AAYproa + b (1)

We confirmed that AErs (Ayrs) represents a linear relationship
with respect to the relative energy of the product (Aypreq). In
computational results in Fig. 2, we observed a BEP linear
relationship between AErg and AEp..q (see also Fig. S3(a) in
the ESIt).

Conversely, we noticed that the relationship between AErg
and AEp,q seems to be described as a downwardly convex
quadratic curve from the computational results in Fig. 2
(see also Fig. S3(b) in the ESIT). The chemical meaning behind
this relationship may be explained using the Marcus-like
model.*>** In the model, the potential energy surfaces of the
reactant and product were assumed to be parabolic functions
with the same coefficient (c), described as Vyeac = cx® and Yprod =
¢ (* = Xproa)” + AYproa, respectively (Fig. 3). Here, x and y
represent the reaction coordinate and potential energy, respec-
tively. The y surface of the product deviates by Ayp.,q from the
most stable energy of the reactant at the reaction coordinate
(Xproa)- From these assumptions, the AErg (Ayrs) was obtained
from the intersection of these parabolas, as follows,

(Ayprod + )V)z

Ayrs = 2
VTS 45 (2)
Here, 4 = CXxproq. Furthermore, Ayrg represents a quadratic
function with respect to the relative energy of the product

(Ayproa)- The Marcus-like model could explain the quadratic
relationship between AErs and AEpoq (Fig. 2). Thus, the relation-
ship between AErs (Ayrs) and AEpioq (Ayproa) is obtained by
assuming the simple analytic function for the potential energy
surface of the reactant and product in the Marcus-like model.
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~
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Fig. 3 Model potential energy surfaces of the reactant and product
represented by solid and dashed lines, respectively. These energy surfaces
are approximately described as parabolic functions. The reaction barrier in
(AYprod + ;L)
4%
exhibits a quadratic relationship with Aypeq.

this case is described as Ayrg = , Where 1 = CXSrod- Thus, Ayrs
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This theoretical treatment is similar to that in the BEP model.
However, linear and quadratic functions are assumed to describe
the potential energy surfaces in the BEP and Marcus-like models,
respectively.

3.3. Prediction of reaction-barriers: theoretical models based
on the product-reactant energy difference

The BEP and Marcus-like models may be useful for construct-
ing a simple regression model to significantly ease the predic-
tions of AErs for those radical reactions. Here, we proposed the
following two theoretical regression models using AEp.,q (and
its squared value) based on BEP and Marcus-like models:

AErs = 0.42AEp 04 + 12.3 (3)

AErs = 0.0341AE20q + 1.44AEproq + 19.5 (4)

Furthermore, we compared AEys predicted by these theoretical
models and DFT-based calculations (Fig. 4(a) and (b)). We
obtained determination coefficients (R*) of 0.83 and 0.88 from
the BEP and Marcus-like models, respectively. To evaluate the
predictive performance of these models, we also calculated the

(a) Theoretical model (BEP)
_AETS = 0.42AEprmi +12.3

12.0
@® ACR" + ACR
= x ACR" + MA
g 10.0 ® MA® + ACR
= x MA® + MA
g & *
X, 80 | A
o yifha
u y S
d 60 ¢t 2
°
% % R2=0.83
E 4.0 | x§ AIC =648.9
o

2.0 : : : : ,
20 40 60 80 100 120

AE;g calculated by DFT [kecal/mol]

(c) Random forest (RF) model
(descriptors: molecular weight, DP(m))
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Akaike’s Information Criterion (AIC).*> We obtained AICs of
648.9 and 618.0 for the BEP and Marcus-like regression models.
In the AIC analysis, a model with a lower criterion value is
considered to be superior. Thus, the regression model of
eqn (4) based on the Marcus-like theory may show slightly
better predictive performance for the reaction barrier. In fact,
the BEP-based regression model tends to slightly underesti-
mate AErg in the high value region, as seen in Fig. 4(a).

3.4. Prediction of reaction-barriers: a random forest-based
machine learning model based on simple descriptors from the
reactant monomers

The theoretical models established in eqn (3) and (4) can ease
the estimation of AErs; however, it still requires DFT calcula-
tions to determine AE;.,q. Therefore, we constructed an ML
model for predicting AErs while circumventing DFT calcula-
tions. To employ the ML approach, we first established some
reaction-related descriptors (feature vectors). To do this, we
examined several physicochemical properties of the reactant
monomers, which were estimated from several group contribu-
tion methods implemented in OpenBabel (version 3.3.1)*° and

(b) Theoretical model (Marcus-like)

AE. = 0.0341AE% + 144AE +19.5
K, prod prod
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(d) The feature importance values in the RF model
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Fig. 4 Comparisons of AEts values predicted via DFT-based calculations and the theoretical models (a) BEP model in egn (3) and (b) Marcus-like model
in eqn (4). (c) Comparisons of AEtss predicted via DFT-based calculations and the RF model using four descriptors; the dummy parameter (DP(m)) and
molecular weight of each reactant. Here, the blue and red colors represent ACR® and MA?* for the reactant radical (X*), respectively. Conversely, ® and x
represent ACR and MA for the reactant monomer (Y), respectively. (d) Feature-importance values in the RF-based model.
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RDKit (vers. 2021.03.5)*” libraries. Here, for simplicity, we used
the properties of the “X monomer,” not X* itself. Additionally,
we considered a dummy parameter (DP(m)) to represent ACR or
MA, using m to specify X or Y. For example, DP(X) = 0
represented X = ACR, and DP(Y) = 1 was used to describe
Y = MA. We employed the tenfold cross-validation technique
to evaluate the performance of ML models. In the cross-
validation technique, data are divided into several groups in
the first step. Then, a group is used for model evaluation and
the others for model training. This operation is carried out
while replacing the groups for the model evaluation. As a first
trial, we obtained a model with R*> = 0.84 to predict AErg using
RF with 50 descriptors, using the cross-validation technique.
For each reactant species, 24 descriptors from the group con-
tribution method and one DP(m) were used (S3 in the ESIf}).
Moreover, after multiple trials using the RF-based feature-
importance guideline, we finally obtained a simpler model
(Fig. 4(c)) with R* = 0.80 using 4 descriptors, where only the
molecular weight and DP(m) for each reactant species were
utilized. As shown in Fig. 4(c), we compared the RF- and DFT-
based AErs predictions.

Here, we examined another approach to predict AEys. We
first predict AE,0q using a RF-based ML model. Then, AErg is
estimated using the BEP and Marcus-like regression models
(eqn (3) and (4)), respectively. From this procedure, we can
predict AErs values with R? of 0.75 and 0.76 for the BEP and
Marcus-like models, respectively (see also S6 in the ESIT). Thus,
we confirmed the validity of the BEP and Marcus-like models.
Conversely, data related to the AE,q property are easier to
collect compared with data related to AEys. Therefore, the
collaborative approach between theoretical and ML models
may be useful to construct a more convenient means for
estimating the reaction energy.

We demonstrated the feature-importance values of the
descriptors obtained using RF (Fig. 4(d)). Even without the
DFT calculations, the results revealed that the ML model
achieved an accuracy that was comparable with that of the
DFT-based theoretical model (eqn (2)). Among the feature-
importance values (Fig. 4(d)), DP(X) was the most significant.
It might be related to the reactant stability, as it determined
whether the reactant radical was a secondary or tertiary one.
Similarly, DP(Y) was related to the product stability but less
significant. This trend correlates with the results in Table 1 and
Fig. 2. In this study, we employed the same basic chemical
framework for the reactant molecules, and only side chains are
different, as shown in Fig. 1(b). When the molecular weight
descriptor together with DP(m) to distinguish ACR or MA is
given, we can obtain some information about side chains
related to the bulkiness (steric effect) of the monomer. For
example, acrylic acid and ethylcyclohexyl methacrylate mole-
cules have molecular weights of 72.1 and 196.3, respectively.
Here, ethylcyclohexyl methacrylate has a bulkier side chain. ML
models may use such information to predict the reaction
barrier. Thus, DP(m) and molecular weight descriptors may
comprise some chemical features, such as the stability and
bulkiness of the radical.

1776 | Phys. Chem. Chem. Phys., 2025, 27,1772-1777
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4. Conclusion

In this study, we analyzed 100 radical reactions determined by
combining ten types of ACRs and/or MAs whose TSs were
assessed using DFT. To analyze calculation data, we employed
the BEP model. In addition, the computational results revealed
the quadratic relationship between AErg and AEp;qq, and this
relationship was explained with a Marcus-like model. Based on
these theoretical analyses, we constructed theoretical regres-
sion models; BEP and Marcus-like models yield R* = 0.83 and
0.88 to predict AErs. However, these models still require time-
consuming DFT-based calculations to obtain AEpq. Therefore,
we constructed an ML model with R* = 0.80 without DFT
calculations using simple monomer descriptors, namely the
dummy parameter (DP(m)) and molecular weight. We believe
that our theoretical and ML approaches for radical reaction
predictions will benefit future material developments.
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