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1. Introduction

Linear o-olefins,"” essential organic chemical raw materials

The structure—property relationship of
metallocene-based ethylene oligomerization
catalysts using DFT and graph neural networks+
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Libo Wang*® and Weisheng Yang*?

Ethylene oligomerization catalysts have been extensively studied in both experimental and simulation
contexts, yet a molecular-level understanding of structure-property relationship remains far from full
understanding. Herein, an applicable strategy for the design of ligands of ethylene oligomerization cata-
lysts is proposed. Density functional theory (DFT) and 3D graph neural networks (3D GNNs) have been
combined to establish the relationship between the catalyst structure and its property. A series of tita-
nium-based metallocene catalysts with different ligands were designed and calculated using DFT to
establish a dataset. The catalyst prediction model was constructed using 3D GNNs, and a weighted
removal approach was used to compare output results and study the impact of different ligand structures
on the oligomerization selectivity represented by the energy barrier difference between B-hydrogen
transfer and the fourth ethylene insertion. The R? values of the energy barrier difference predictions by
four 3D GNNs were 0.93-0.96, indicating good predictive accuracy of the graph network models. Using
the graph neural network explanation algorithms, we investigated the influence of different substructures
within the ligands on trimerization selectivity. Based on the training and explanation results of the model,
an external validation set is designed, and the R? is 0.92, suggesting the generalization ability of the
model. This enabled a molecular-level study of the relationship between the structure of the titanocene
catalyst and its properties, providing guidance for the design of new catalyst structures.

corresponding transition metal catalysts. Firstly, it is widely
acknowledged that the structural design space for catalysts,
especially ligands,'®"" is vast. Traditional experimental design

for producing plastics, lubricants, synthetic rubber, and
various other products, can be synthesized through ethylene
oligomerization.”® In this process, the production of high-
purity 1-hexene and 1-octene, which are a-olefins with fixed
carbon chain lengths, requires selective ethylene oligomeriza-
tion techniques. The design and development of ethylene oli-
gomerization catalysts have long been a focal point of interest
in both academic and industrial sectors within the polyolefin
field. Current research’® on selective ethylene oligomerization
catalysts primarily focuses on developing novel ligands and
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methods based on experience and trial-and-error, or quantum
chemical calculations, are insufficient to meet the demands
for the development of new catalysts. With advancements in
materials genomics, the integration of high-throughput exper-
imentation/calculation with machine learning can significantly
enhance the efficiency of catalyst development.'>™*® Secondly,
fundamental yet critical scientific issues persist in oligomeri-
zation reactions.'” Specifically, the structure-activity relation-
ships of oligomerization catalysts and the factors governing
the activity and selectivity of specific catalysts remain unclear,
leading to an insufficient molecular-level understanding of the
catalytic oligomerization process. The design of oligomeriza-
tion catalysts lacks systematic theoretical guidance, resulting
in the development of new systems with an element of unpre-
dictability and inefficiency. However, high-throughput exper-
imentation/calculation provides data support for elucidating
the structure-activity relationship of catalysts, while machine
learning offers an efficient tool to establish prediction
mOdelS.14’16’18_20
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This paper focuses on the impact of the ligand structure in
titanium-based metallocene catalysts on ethylene trimerization
selectivity. There are several reasons for choosing titanium-
based catalysts.>®*'> Firstly, compared to other catalysts,
they exhibit extremely high activity, allowing potential indus-
trial applications. The oligomerization mechanism is primarily
the metallacycle mechanism,** whereas other metal-based cat-
alysts might multiple reaction mechanisms.
Additionally, titanium-based catalysts are cost-effective,
produce fewer by-products,”**> and are more environmentally
friendly. However, due to the excellent trimerization selectivity
of most titanium-based catalysts, many studies have focused
on ethylene trimerization, with less research on its tetrameri-
zation and further oligomerization or polymerization.
Furthermore, the structural design of metallocene titanium
catalysts can be optimized by introducing different ligand sub-
stituents and developing novel constrained geometry catalysts.
The previous reports'”**? indicate that ligands can modulate
the catalyst’s steric and electronic characteristics, thereby opti-
mizing the catalyst’s activity and selectivity.

Due to the complexity of the micro-mechanisms involved in
ethylene oligomerization reactions, quantum chemical calcu-
lations have been widely used to elucidate these mechanisms.
Quantum chemical calculations, especially density functional
theory (DFT) calculations,">*' can identify the energies and
reaction pathways of different intermediates, as well as the
effects of various ligands on the geometry, active centers, and
electronic structures of transition metal complexes.'>**7*® This
allows for the prediction of their selectivity and activity in cata-
lytic ethylene oligomerization, leading to the design of new
ligands to enhance the activity and selectivity of oligomeriza-
tion reactions.®® On the other hand, the lack of high-through-
put experimental data poses challenges for constructing struc-
ture-property relationship prediction models based on big
data analysis. Recent research trends indicate that while con-
ducting high-throughput experimentation/calculation, some
studies'®'**7% are also attempting to construct structure-
property relationship models of catalysts using quantum
chemical calculations.

Machine learning models can uncover patterns from
complex data,®*%*% specifically by establishing a mapping
relationship between the catalyst structure and property,
thereby providing guidance for designing new structures.
However, most machine learning models used in previous
catalyst studies are artificial neural networks,"""* Gaussian
processes,*® random forests,** and others.*>*” These models
typically use sequence data derived from molecular structures
as input. On the other hand, 3D graph neural networks
(GNNs)**! are capable of efficiently processing and analyzing
three-dimensional graphic data. For example, the SchNet®?
model employs continuous filters to process 3D molecular
structures, demonstrating outstanding performance in predict-
ing materials’ electrical and thermal conductivity. The
DimeNet> model further incorporates angular information
and has shown excellent performance in molecular docking
predictions in drug design, significantly enhancing the

involve
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efficiency of drug discovery. These examples illustrate the sig-
nificant advantages of 3D GNNs in understanding the relation-
ship between the material structure and properties. Moreover,
trained 3D GNNs can utilize post hoc explanation techniques to
explain the influence of a catalyst’s three-dimensional mole-
cular structure on selectivity, providing a scientific explanation
for catalyst trimerization selectivity. In this paper, we combine
DFT and 3D GNNs to study the impact of ligand structures in
titanium-based metallocene catalysts on ethylene oligomeriza-
tion selectivity. Based on the model construction and expla-
nation, the importance of carefully selecting and optimizing
the substructure of the labile ligating group (substructure C in
Fig. 1a) in catalyst design to achieve desired selectivity has
been addressed.

2. Methods

2.1. Dataset

The mechanism of ethylene oligomerization follows a metalla-
cycle pathway, where ethylene monomers initially form cyclic
intermediates through oxidative coupling in the presence of a
transition metal catalyst, subsequently undergoing continuous
ethylene insertion or f-hydrogen transfer reactions to yield oli-
gomers. The key to selectivity between trimerization and
further oligomerization or polymerization lies in whether the
metallacyclic intermediate (M3 in Fig. 1a) undergoes
f-hydrogen transfer to produce 1-hexene or further insertion of
the fourth ethylene molecule. The criterion for determining

(a)
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(b) (c)

Fig. 1 A schematic diagram of ethylene oligomerization starting from
the metallocycle intermediate: (a) the chain termination resulting in the
trimerization product and chain propagation for further oligomerization
or even polymerization based on the metallocycle intermediate struc-
ture, and the three-dimensional schematic diagrams of two types of
specific active species M3 shown in (b) and (c), respectively.

This journal is © The Royal Society of Chemistry 2025
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the trimerization or further oligomerization and even polymer-
ization selectivity of a catalyst is based on the relative magni-
tudes of the f-hydrogen transfer energy barrier (AGpy transter)
and the fourth ethylene insertion energy barrier (AGethyiene
insertion): if the AGpy transter is smaller than the AGewmyiene
insertion, the catalyst is selective for trimerization; otherwise, it
is selective for producing tetramers and/or heavier oligomers
or polymers. Fig. 1(a) illustrates the intermediate structure of
the designed catalyst after trimerization and schematically
depicts the two pathways of B-hydrogen transfer and the fourth
ethylene insertion. The complete ethylene oligomerization
process can be referred to in the literature,®'*'>212627 The
design of the ligand structures in the catalyst was based on
published literature reports.®>"?*?” To investigate the selecti-
vity of titanium-based metallocene catalysts for ethylene tri-
merization and further oligomerization or even polymeriz-
ation, we designed catalysts with different ligand structures
and utilized DFT to simulate the ethylene oligomerization
process based on the well-documented metallocycle intermedi-
ate (Fig. 1a) involved in the metallocycle mechanism, calculat-
ing the AGpy transfer aNd AGethyiene insertion- In Fig. 1(a), the
central metal of the catalyst is titanium, with the ancillary
ligand and a cyclohexyl group. Fig. 1(b) and (c) show two
specific three-dimensional stick-and-ball molecular structure
diagrams of M3. As the models of cationic active species, the
side-arm (part C) in M3 might coordinate to (Fig. 1b) or dis-
sociate from (Fig. 1c) the titanium center, playing a role of a
hemilabile ligating group. To explore how ligands influence
the selectivity, this study designed ligands with different struc-
tures, including substructures A, B, and C. The specific struc-
tures of A, B, and C are shown in Fig. 2. Specifically, part A
consists of 3 bridging groups (A1-A3), while part B part
includes 8 aromatic cyclic groups (B1-B8), and part C com-
prises 26 substituents that may coordinate to the metal center
in some cases, which is classified into five classes according to
its degree of unsaturation (0, 1, 3, 4, and greater than 4,
respectively). In subsequent research, these five classes are
denoted as CI, CII, CIII, CIV, and CV. The lines ending with a
star symbol in the figure represent the connections between
different substructures. Note that A is connected to B and C
sequentially. B is connected to A, and there is a coordination
interaction bond between the aromatic B and titanium center.
The substructure C is also similarly linked to A, and has possi-
bility to disconnect to the titanium center, depending on the
specific structure. It is noted that this study utilizes machine
learning methods to explore the relationship between the
ligand structure and selectivity. Given the performance of
machine learning, a diverse range of ligand structures
included in the constructed dataset will be beneficial for
further machine learning studies. Therefore, some catalyst
samples were modeled without considering their synthetic
feasibility.

2.2. DFT calculations

The structure optimizations were performed using the B3P86
functional. The LANL2DZ basis set was applied for titanium,

This journal is © The Royal Society of Chemistry 2025
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and the 6-31G(d,p) basis set was used for nonmetal (C, H, O,
N, F, S, Si, and Cl) atoms. Subsequently, all structures were
analyzed using harmonic vibrational frequencies at the same
level as the geometry optimizations to characterize each
stationary point as a minimum (no imaginary frequency) or
transition state (one imaginary frequency), and to obtain the
thermodynamic corrections for Gibbs free energy in the gas-
phase at a temperature of 298.15 K. The energy barriers AGp
transfer AN AGethylene insertion fOr €ach designed catalyst struc-
ture were obtained from the DFT calculations. To further
enhance the accuracy of the energy evaluations, high-level
single-point energy calculations were performed on the opti-
mized structures. For these calculations, the M06 functional
and the 6-311+G(2d,p) basis set for non-metal atoms and the
SDD basis set together with the associated pseudopotential for
the Ti atom were utilized. These high-level single-point ener-
gies were used to refine the energy barriers, AGp transfer and
AGethylene insertion, €Nsuring a more reliable description of the
catalytic performance. All DFT calculations were carried out
using the Gaussian 16 program.* To access the reliability of
the calculation method used, the [(n°-CsH4-CMe,)(3,5-Me,-
CeH3)Ti(cyc-CeHy,) and (n°-CsH4-CMe;)Ti(cyc-CoH,,) complex
mediated p-H transfer and ethylene insertion have been calcu-
lated. It is found that the former favors trimerization (AGp.y
transter Of 15.4 kcal mol™" vs. AGegnyiene insertion Of 17.4 keal
mol ™) and the latter favors ethylene insertion (AGp.n eransfer Of
20.9 keal mol™ vs. AGehylene insertion Of 5.4 kcal mol ™). These
calculation results are in line with previous experimental
observations®® that the n°-CsH,-CMe,(3,5-Me,-CgH;) ligated
titanocene produced 97 wt% of trimerization product and the
(n°>-CsH,-CMe;) ligated complex dominantly mediated poly-
ethylene formation.

A total of 624 different catalysts were modeled for the afore-
mentioned DFT calculations. Unfortunately, three of these
structures failed in locating the transition states. As a result, a
dataset of 621 titanocene-based metallocyclic complexes (M3)
and corresponding f-H transfer and ethylene insertion tran-
sition states together with their energies were constructed. The
raw dataset is available in the ESI,} including .xyz files, elec-
tronic energies, energy barriers, and the lowest frequencies for
M3 and two transition states for f-H transfer (which tends to
form the trimerization product) and continuous ethylene
insertion (which tends to form a higher oligomer or polyethyl-
ene). It is noteworthy that, thanks to the available X-ray crystal
structures of cationic ansa-(n’-cyclopentadienyl)(n®-arene) tita-
nium complexes,®” the current catalyst samples were modeled
based on these analogous crystal structures and therefore were
further locally optimized without time-consuming conformer
search, which was also adopted in previous works.>®*! As to
the orientation of substructure C containing a heteroatom
and/or a ring moiety during the construction of the initial
structure, the following rules are adopted. In the case of C1-
C5 having a heteroatom at the a-position, the heteroatom is
initially modeled to coordinate to the titanium center. In the
case of ring-featured C6-C26, if there is a heteroatom at the f-
position or an a,f-unsaturated bond, the heteroatom or the

Dalton Trans., 2025, 54, 4069-4081 | 4071
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Fig. 2 The schematic diagrams of the specific substructures of A, B, and C in the designed catalyst molecules, where * represents a connection to
other substructures. Specifically, the * in A represents connections to B and C, and the * in both B and C represents a connection to A.

unsaturated bond is initially modeled to coordinate to the tita-
nium center, where the heteroatom has a higher priority than
the unsaturated bond if they both exist; if the substructure C
contains neither a f-heteroatom nor an a,f-unsaturated bond,
such as C6-C11, the C moiety features a p-C-H---Ti agostic
interaction in the initial structure model. As to the construc-
tion of the hydrogen transfer transition state leading to a tri-
merization product, it is based on the optimized intermediate
M3 featuring a C-H---Ti agostic interaction in the seven mem-

4072 | Dalton Trans., 2025, 54, 4069-4081

bered metallocycle. The H atom in the C-H bond was modeled
to be the transferring hydrogen because such a C-H bond is
already activated by the agostic interaction (Table S17). In the
case of the subsequent ethylene insertion transition state, we
compared two cases, viz., coordination-insertion occurring at
the side of agnostic insertion (backside) and its opposite side
(frontside), as shown in Table S1.1 We tested several samples,
and found that the latter case resulted in a lower insertion
transition state in energy (Table S1t). In the current database,

This journal is © The Royal Society of Chemistry 2025
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the subsequent insertion of the fourth ethylene was therefore
modeled as the case of frontside insertion. It is noted that this
study did not conduct a comprehensive search for conformers,
rotamers, and other possible isomers, which is a limitation of
the current work. Although the available X-ray structures were
applied to construct all the catalyst structures, we recognize
that different conformers and isomers may have effects on the
model predictions. However, the dataset was constructed
based on the same rule as mentioned earlier and the machine
learning model shows good predictive performance on an
external validation set (vide infra), which allows us to compare
the effects of substructures on the trimerization selectivity. In
future work, the balance between the computational cost of
conformer search and accuracy is still worth considering.

2.3. 3D GNNs

The 3D GNNs can directly extract valuable information from
the DFT-optimized structures to construct models for predict-
ing the energy barrier difference (AAG) between AGpy transfer
and AGewmylene insertions While also providing the relationship
between the ligand structure and selectivity. To construct pre-
diction models for the structure-property relationship between
the molecular structure and AAG, 3D GNNs are applied to
deal with the 3D graph information in the catalyst dataset. In
this paper, four models,> including DimeNet, SchNet,
SphereNet, and ComENet, are selected because of their great
performance in processing the 3D graph structure data
especially molecules. These networks augment the model’s
proficiency in learning the three-dimensional structure of
molecules by refining input features, modifying information
transmission mechanisms, and altering network architectures,
thereby reducing computational complexity and enhancing the
accuracy of molecular property prediction. An individual intro-
duction of each network is provided in the following.
DimeNet®® is a deep learning framework designed for the
learning of molecular representations. It leverages distance
and angle information, in conjunction with inter-atomic inter-
actions, to facilitate the construction of molecular represen-
tations. Through the incorporation of bond direction and
bond lengths as input features, DimeNet significantly
enhances the predictive accuracy for molecular properties.
SchNet> employed continuous-filter convolutional layers to
model atomic interactions, rendering it highly adept at predict-
ing molecular properties including energy, forces, and
vibrational frequencies. SphereNet>® utilizes the spherical
message passing approach, leveraging inter-atomic distances,
angles, and dihedral angles to encapsulate three-dimensional
information, thereby achieving a more comprehensive data
representation. SphereNet demonstrates superior performance
in the handling of three-dimensional molecular graphs, par-
ticularly in the prediction of molecular properties such as
bond lengths and bond angles. ComENet®” (Complete and
Efficient Graph Neural Network) constitutes a neural network
architecture tailored for 3D molecular graphs. It employs a
novel message passing scheme to comprehensively and
efficiently integrate 3D information, an approach unpre-

This journal is © The Royal Society of Chemistry 2025
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cedented among existing methods. ComENet places particular
emphasis on global and local completeness, introducing criti-
cal rotational angles to achieve global completeness.
Furthermore, ComENet offers a significant improvement in
computational efficiency, outpacing previous methods by
several orders of magnitude.

DimeNet, SphereNet, SchNet and ComENet are constructed
to predict the AAG and we compared Graph Convolutional
Networks (GCN), Graph Attention Networks (GAT) and
Multilayer Perceptron (MLP) with the 3D GNNs. GCN and GAT
are considered two-dimensional graph neural networks (2D
GNNs) because they primarily handle graph structures based
on the connections between nodes, without directly account-
ing for the three-dimensional coordinates or geometric infor-
mation of the nodes in space. GCN performs convolution oper-
ations based on the graph’s adjacency matrix and node fea-
tures, allowing each node to aggregate information from its
neighboring nodes. In contrast, GAT employs an adaptive
attention mechanism to assign different weights to neighbor-
ing nodes, dynamically adjusting how information from neigh-
bors is integrated. To maintain consistency with the 3D GNNs,
the input of both GCN and GAT is the same as that of the 3D
GNNs, consisting solely of the atomic types and coordinates of
the catalyst intermediate structures. The MLP consists of mul-
tiple fully connected layers and is used to process fingerprints
derived from graph-structured data. The dataset constructed
by DFT calculations is divided into train and test sets in an
8:2 ratio. The test set was employed to assess the prediction
performance of the models, with the evaluation metric being
the R*> score and mean absolute error (MAE). R* is used to
measure the goodness of fit between the predicted and true
values of the model. Its value ranges from 0 to 1, with R®
closer to 1 indicating a better fit. A smaller MAE indicates a
more accurate model. The hyperparameters of models, includ-
ing the network depth, learning rate, and so on, were opti-
mized automatically using Optuna.’® The epoch size was set to
200 during the training process.

2.4. Explanation method

To understand the influence of various ligand substructures
on the AAG and thereby elucidate the ligand structure’s
impact on catalyst selectivity, we have devised a molecular
structure explanation method inspired by ablation studies.
Ablation studies originated from the field of biology, where
they were used to investigate the effects of removing a specific
organ or function on the overall performance of an organism.
In deep learning, ablation studies are a commonly used
method for evaluation and optimization. This approach
involves systematically removing a component or feature of a
model to observe its impact on model performance, thereby
understanding the contribution and importance of each com-
ponent within the model. Applying the concept of ablation
studies to investigate the impact of the groups in a molecule
on its property, we would remove the substructures from the
input based on a pre-trained graph neural network and
compare the impact of their absence on the network’s predic-

Dalton Trans., 2025, 54, 4069-4081 | 4073
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tive results to assess their influence on properties. However,
directly removing substructures disrupts the overall molecular
structure, resulting in a fundamental alteration of the mole-
cule. This is because graph neural networks rely on the con-
nectivity between atoms for information propagation. Building
upon this, we propose a weighted removal graphical expla-
nation algorithm, where the data corresponding to the sub-
structure to be removed is assigned a very small weight, such
as 0.1. This approach allows us to investigate the influence of
the substructure on the properties without compromising the
integrity of the overall molecular structure.

The output variation corresponding to each substructure is
represented by the following formula:

Ay =y6 — Ya', (1)

where Ay denotes the change in output that measures the
importance of the substructure, ys represents the original
model output value, and yg represents the model output value
after applying the weight. This study predicts the AAG, which
is equal to AGethylene insertion MINUS AGg.p transter- Therefore, if
the predicted value decreases after applying the weight to a
substructure, ie., Ay > 0, it indicates that this substructure
relatively increases the AGeuyiene insertion and/or decreases the
AGp. wansfer, thereby enhancing the trimerization selectivity of
the catalyst. In summary, when Ay > 0, it suggests that the
corresponding substructure increases the selectivity for trimer-
ization and decreases the selectivity for further oligomerization
or polymerization; conversely, when Ay < 0, it indicates that
the corresponding substructure is beneficial for the formation
of tetramers or higher oligomers even polymers.

3. Results and discussion

Four 3DGNN models and three comparison methods were
trained and tested according to the settings in Section 2.3. To
avoid the effect of dataset partitioning on the results, the train-
ing and testing process was repeated 5 times, and each time
the training and testing sets were re-partitioned randomly.
Table 1 presents the R* and MAE values of various models in
the test set for predicting AAG. Based on the R* values, the
DimeNet model demonstrates the best performance, followed
by ComENet. The R* values of other 3D GNN models are also
close to 1, indicating their strong fitting capability in predict-
ing AAG, although slightly inferior to that of DimeNet. In con-
trast, the performance of comparative methods such as GCN,
GAT, and MLP is less competitive than that of 3D GNNs.
Notably, the R* value of MLP reaches 0.90, suggesting that the
molecular structural information derived from two-dimen-
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sional features is highly correlated with catalyst selectivity.
However, the relatively lower performance of MLP compared to
that of 3D GNNs can be attributed to its inability to effectively
capture the three-dimensional structural information of cata-
lyst molecules due to its learning mechanism. Scatter plots
comparing DFT calculation values and model predictions of
test sets are shown in Fig. 3. The closer the scatter points are
to the diagonal line in the figures, the closer the model’s pre-
dictions are to the true values. As shown in Fig. 3, the predic-
tions from the 3D GNN models are close to the DFT calcu-
lation values, whereas the distribution of data points in the
GCN model is quite wide, while GAT and MLP performed
better, but they still lag behind 3D GNNs. In short, the 3D
GNN models successfully predict the AAG from the molecular
three-dimensional structures, demonstrating that the spatial
characteristics of the ligands in the catalyst have a significant
impact on the selectivity for trimerization and further oligo-
merization or polymerization.

To investigate the effects of various substructures of ligands
on AAG, the explanatory algorithm described in Section 2.4
was employed. This involved applying a small weight to the
input sequence of specific substructures within the molecular
structure and comparing the resulting changes in the model
output. In this study, the weight is set to 0.1, and the pre-
trained DimeNet model was utilized. Since the influence of a
ligand structure can result from not only its individual struc-
ture but also combinations of two or more substructures, the
study of the structure-property relationship of ligands con-
cerning AAG was divided into two parts. The first part focuses
on individual structures, specifically applying weights to sub-
structures A, B, and C (in Fig. 1(a) M3) separately. The second
part examines combinations of substructures, applying
weights to combinations AB, AC, and BC.

The bar charts in Fig. 4 compare the impact of individual
substructures A, B, and C on the output of the predictive
model when weighted explanations are applied separately.
Firstly, by comparing the y-axis ranges of Fig. 4, it is evident
that substructure C has a greater impact on the output than
substructures A and B. Secondly, according to the analysis in
Section 2.4, importance values greater than 0 indicate that the
corresponding structure favors trimerization, while values less
than 0 favor further oligomerization or even polymerization.
Acting as a bridging structure, substructure A exhibits a rela-
tively minor influence on selectivity: A3 (Si(Me),) favors further
oligomerization or even polymerization, whereas A2 (C(Me),)
promotes trimerization. As for the cyclopentadienyl substruc-
ture B, B2( pentamethylcyclopentadienyl, Cp*), B4(9-fluorenyl),
and B5(2-hemamethylindenyl) contribute more significantly to
trimerization compared to other cyclopentadienyl substruc-

Table 1 The predictive performance of models for energy barrier difference AAG

Models DimeNet SphereNet SchNet ComENet GCN GAT MLP
R? 0.96 0.95 0.93 0.96 0.50 0.73 0.90
MAE (keal molfl) 1.40 1.66 1.85 1.41 4.99 3.82 2.21
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Fig. 3 Scatter plots comparing DFT calculation values and model predictions of test sets for models (a) DimeNet, (b) SphereNet, (c) SchNet, (d)
ComENet, (e) GCN, (f) GAT and (g) MLP. The X-axis represents the DFT calculation values, while the Y-axis represents the predictions by each model.

Each subplot corresponds to a different model.

tures, as they hinder the insertion of the fourth ethylene mole-
cule. Upon examining their structures, it can be observed that
B2, B4, and B5 occupy larger spatial volumes compared to
other cyclopentadienyl substructures. Thus, the larger steric
hindrance of the cyclopentadienyl substructure is associated
with enhanced trimerization selectivity, which is consistent
with the findings reported in the literature,”®>° where steric
effects were shown to influence the selectivity of ethylene oli-

This journal is © The Royal Society of Chemistry 2025

gomerization. Such consistent results suggest that the method-
ology used in this work is helpful in elucidating the effects of
the substructures. Within the same category, substructure C
exhibits similar importance values, suggesting that analogous
structural subunits may impart similar catalytic selectivity.
Among these, CI, CIII, and CV favor trimerization, while CII
and CIV favor tetramerization or further oligomerization or
even polymerization. Notably, within the CIII category, the
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http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d4dt03065f

Open Access Article. Published on 24 January 2025. Downloaded on 3/13/2026 1:53:37 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

[{ec

Paper

Importance

-1

-2

15

10

[$)]

Importance

o

View Article Online

Dalton Transactions

[N

@
[$]
S-1
k=
o
Q
E
-2
-3
A1 A2 A3 B1 B2 B3 B4 B5 B6 B7 B8
Substructure Substructure
(@A (b) B
G
cI 15.03
= Cll 14'621379
Em CII \O ‘\D ‘%f‘\l .
s CIV D ) .
(¢] NH S
C6 c7 C15 =N
oo \E§ & 2/,,3) c18  c19 N>_N\
S (0} NH * A Z_\{
NH
cs co c16 N E{FI} _ c25
4.51 ¢ i N
‘o &S vNH %o y c20 c21 i?\;
2.20 c10 ci c17 c24
1.48
-0.59 mm ! -0.66 Sz
o T il -1.32
| =4
OH Pe 3 Q
Gl c2 == 7\—/\/ )\ h Z—\// 3 . %5} 252 \ N
T | *l* 0] NH S \ N Y Q
S _NH XO . Clz €I’ Gk c22 C23 C26
c3 c4 c5 - -8.

C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 C1

4 C15 C16 C17 C18 C19 C20 C21 C22 C23 C24 C25 C26

Substructure

(o) C

Fig. 4 Bar charts showing the importance of (a) A, (b) B, and (c) C substructures individually.

influence of C15(4-thiazoyl), C16(4-imidazoyl), or C17(4-
oxazoyl) is significantly greater than that of C12(3-furan), C13
(3-pyrrolyl), or C14(3-thiophenyl). Structural analysis reveals

4076 | Dalton Trans., 2025, 54, 4069-4081

that, in C15 to C17, the atom coordinating to the titanium
center is an ortho-N atom. Similarly, in the CV category, C25(2-
6H-

pyrrolo[3,4-d]pyrimidinyl), where the ortho-N atom is co-

This journal is © The Royal Society of Chemistry 2025
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ordinated to the titanium center, results in a greater output
change compared to other substructures within the same cat-
egory. A comparable observation is made for C4(dimethyl-
aminyl) in the CI category. Therefore, it can be concluded that
the coordination bond between the titanium center and a
ortho-N atom in the catalyst structure enhances trimerization
selectivity.

Fig. 5 illustrates the impact of the combination of A and B
substructures on the model output. The bar charts reveal that
different AB combinations vary in their influence on the pre-
dictive results. The A2B4(A2: C(Me)2, B4: 9-fluorenyl) combi-
nation exhibits a positive importance value, indicating that it
favors trimerization. In contrast, combinations like A1B3(Al:
CH2, B3: indenyl) and A3B3 (A3: Si(Me)2, B3: indenyl) show
negative importance values with relatively high absolute
values, suggesting that these combinations reduce trimeriza-
tion selectivity. Additionally, details in Fig. 5 highlight that
certain specific A or B substructures exhibit consistent behav-
ioral patterns when paired with other substructures. For
instance, A1 and A3 tend to produce negative importance
values across various B combinations, indicating that these A
substructures generally promote further oligomerization or
polymerization in the case of such combinations. This analysis
offers valuable insights into the significance of AB combi-
nations in catalyst design, guiding the rational selection and
optimization of substructure combinations when designing
new catalysts.

Fig. 6 and 7 show the impact of AC and BC combinations
on the model output, with C substructures categorized and
presented in bar charts due to their abundance. The figures

View Article Online

Paper

reveal that regardless of whether C is combined with A or B, it
retains the dominant influence, consistent with the above
observations that C induces much greater changes than A or B
(Fig. 4). This underscores the critical role of C substructures in
affecting trimerization selectivity or further oligomerization or
even polymerization, emphasizing the importance of carefully
selecting and optimizing C substructures in catalyst design to
achieve desired selectivity and activity. Furthermore, within
the same class of C, the patterns observed for A and B
align with the trends identified in Fig. 4 when analyzing their
importance individually. This indicates that the combined
effect of the substructures is roughly an additive trend of their
individual effects, although the numerical influence is some-
what reduced. This reduction is due to the message-passing
mechanism in graph neural networks, where weakening a
substructure also diminishes the interactions between the
substructures. Thus, the individual impact of a substructure
inherently includes its interactions with neighboring
substructures.

An external validation set was constructed to further evalu-
ate the performance of the trained DimeNet model and verify
its generalization ability. The external validation set is inde-
pendent of the previous datasets and does not participate in
the training or testing of the model, but is specifically used to
assess the model’s performance on unseen data, further ensur-
ing the model’s reliability. Based on the previous interpret-
ation of the model regarding the structure-property relation-
ship, the C substructures in the ligands have a significant
impact on selectivity. Therefore, 14 new C substructures were
designed, as shown in Fig. 8. Among them, C27(ethoxyl) and

-
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Fig. 5 A bar chart showing the importance of the combination of A and B substructures.
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C28(tert-butyl thiol) may form c-donation coordination bonds
with the titanium center, while unsaturated cyclic groups
C31-35 may form =m-coordination bonds with the titanium
center. C29(cyclohexyl), C30(piperidyl), and the heteroatom-
containing bicyclic C36-40 find it hard to coordinate to the
titanium center. These C substructures were randomly com-
bined with A and B to form complete ligands. The stable inter-
mediate structures and corresponding energy barriers for the
catalysts in the external validation set were obtained using the
same DFT method as that used for the previously constructed
catalyst dataset. Detailed structures and data can be found in

4078 | Dalton Trans., 2025, 54, 4069-4081

the ESL.} The trained DimeNet model uses the intermediate
structures as input to predict the AAG, which are then com-
pared with the DFT calculation AAG to evaluate the model’s
generalization performance.

The scatter plot of the model predictions versus DFT calcu-
lations is shown in Fig. 9. The horizontal axis represents the
DFT calculations, and the vertical axis represents the model
predictions. The DFT calculations and model predictions show
a strong correlation, with an R” value of 0.94. The closer the
scatter points are to the diagonal, the closer the model’s pre-
dictions are to the DFT calculation values, indicating better

This journal is © The Royal Society of Chemistry 2025
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Fig. 9 The scatter plot of DimeNet predictions on the external validation
validation set, and the vertical axis represents the predictions by the trained

generalization performance of the model. The points corres-
ponding to the catalyst structures containing substructures
C27 (ethoxyl), C29 (cyclohexyl), C33 (2-5-(tert-butyl)-1H-imida-
zoyl), and C35 (2-1-(tert-butyl)-1H-imidazoyl) are labeled in
Fig. 9. By observing the distribution of the points, it can be
seen that the AAG values of catalysts with the same side-arm
(substructure C) are very close to each other, which is consist-
ent with the aforementioned results that substructure C has a
greater effect on the catalyst selectivity compared to A and

This journal is © The Royal Society of Chemistry 2025

set. The horizontal axis represents the DFT calculations for the external
DimeNet model.

B. The substructures and corresponding AAG in the external
validation set are detailed in Fig. S1 and Table S3.}

4. Conclusions

In this study, we conducted an in-depth investigation into the
design of titanium-based metallocene catalyst ligands by com-
bining DFT and 3D GNNs to explore the effects of ligand struc-
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tures on the selectivity of ethylene oligomerization. Initially, we
constructed a dataset for ethylene oligomerization -catalysts
using DFT calculations. Subsequently, we developed a prediction
model for the relationship between the ligand structure and the
energy barrier difference AAG for trimerization and further oli-
gomerization or polymerization using 3D GNNs. By applying
weighted explanations to ligand structures, we utilized the
trained model to elucidate the influence of ligand structures on
the selectivity of ethylene oligomerization. Based on the con-
structed dataset, statistical analysis of the explanation results
highlighted the significant role of ligand substructures in the
selectivity of ethylene oligomerization, with key findings as
follows. The bridging structure C(Me), helps increase the trimer-
ization selectivity of the catalyst; larger cyclopentadienyl struc-
tures (substructure B) are beneficial for trimerization selectivity;
the potential ligation group within substructure C with similar
structural features exhibits similar selectivity; and the coordi-
nation bond formed between the side-arm (substructure C) of
the ligand and the titanium center has a significant impact on
oligomerization selectivity. Specifically, the side-arm (substruc-
ture C) with a five-membered ring containing an ortho-N atom
has a relatively significant effect on the oligomerization selecti-
vity. These findings clarify how ligand structures influence the
selectivity of ethylene oligomerization. The model also demon-
strated good predictive performance on the external validation
set, providing theoretical support for the design of new catalyst
molecular structures.

For instance, the combination analysis of substructures
emphasizes the importance of carefully selecting and optimiz-
ing side-arm substructures in catalyst design to achieve
desired selectivity. As a side note, there is a limitation of the
current model since the time-consuming conformer search
was not carried out in constructing the database. This research
highlights that integrating DFT calculations with machine
learning explanations could serve as an efficient methodology
for providing theoretical foundations to design titanocene cat-
alysts for ethylene oligomerization.

Data availability

The raw data of the catalyst dataset and the external validation
set required to reproduce the above findings are available to
download from the ESI as ESI.pdf and ESI.xyz files.f
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