
A Multivariate Linear Regression Approach
to Predict Ethene/1-Olefin Copolymerization

Statistics Promoted by Group 4 Catalysts

Item Type Article

Authors Maity, Bholanath; Cao, Zhen; Kumawat, Jugal; Gupta,
Virendrakumar; Cavallo, Luigi

Citation Maity, B., Cao, Z., Kumawat, J., Gupta, V., & Cavallo, L. (2021). A
Multivariate Linear Regression Approach to Predict Ethene/1-
Olefin Copolymerization Statistics Promoted by Group 4 Catalysts.
ACS Catalysis, 4061–4070. doi:10.1021/acscatal.0c04856

Eprint version Publisher's Version/PDF

DOI 10.1021/acscatal.0c04856

Publisher American Chemical Society (ACS)

Journal ACS Catalysis

Rights This document is the Accepted Manuscript version of a Published
Work that appeared in final form in ACS Catalysis, copyright
© American Chemical Society after peer review and technical
editing by the publisher. To access the final edited and published
work see https://pubs.acs.org/doi/10.1021/acscatal.0c04856.

Download date 24/05/2023 08:10:02

Item License https://creativecommons.org/licenses/by/4.0/

Link to Item http://hdl.handle.net/10754/668168

http://dx.doi.org/10.1021/acscatal.0c04856
https://creativecommons.org/licenses/by/4.0/
http://hdl.handle.net/10754/668168


A Multivariate Linear Regression Approach to Predict Ethene/1-
Olefin Copolymerization Statistics Promoted by Group 4 Catalysts
Bholanath Maity, Zhen Cao, Jugal Kumawat, Virendrakumar Gupta,* and Luigi Cavallo*

Cite This: ACS Catal. 2021, 11, 4061−4070 Read Online

ACCESS Metrics & More Article Recommendations *sı Supporting Information

ABSTRACT: We report a combined multivariate linear regression (MLR)
and density functional theory (DFT) approach for predicting the
comonomer incorporation rate in the copolymerization of ethene with 1-
olefins. The MLR model was trained to correlate the incorporation rate of a
set of 19 experimental group 4 catalysts to steric and electronic features of
the dichloride catalyst precursors. Although the assembled experimental
data were produced in different laboratories and both propene and 1-
hexene copolymerization results were considered, the trained MLR model
results in a R2 value of 0.82 and a leave-one-out Q2 value of 0.72. The trained model was validated against a validation set comprising
3 catalysts from the literature and not included in the training set plus one catalyst synthesized by us. Except for one literature
catalyst, data in the validation set were predicted with reasonable accuracy. Additionally, a catalyst synthesized by us, for which the
MLR model predicted a comonomer incorporation of 4.0%, resulted in a 1-hexene experimental incorporation of 4.5−5%. The
trained MLR model was used to predict the comonomer incorporation rate of 10 related zirconocenes having structural features
similar to the 19 systems in the training set. We further explored the impact of the precatalyst structure on the comonomer
incorporation rate by analyzing a set of 15 zirconocenes having steric and electronic features different from those in the training set.
These predictions were validated by DFT calculations.

KEYWORDS: multivariate linear regression, density functional theory, copolymerization, ethene, 1-olefins, group 4 catalyst

■ INTRODUCTION

Polyethylene (PE) is a highly versatile polymeric material, with
a worldwide production approaching 108 tons/year and a
market spanning from commodities to high-value products.1−3

This range of applications is possible because of the range of
properties that different PEs have. This variability of the
macroscopic properties is related to the variability in the
microstructure of the PE macromolecules, determined by the
specific polymerization process and the catalyst used. One of
the handles to modify the PE properties is varying the number
of branching along the main macromolecule chain.2,4−8 A high
amount of variable length branching can be introduced by
radical polymerization, leading to low-density PE, LDPE.
Differently, insertion polymerization, especially by group 4
homogeneous catalysts and the industrially used heteroge-
neous Ziegler−Natta catalysts,1,2 results in an almost perfectly
linear macromolecule with no branching, leading to high-
density PE (HDPE). Between these two limiting cases, there is
the domain of PE with macromolecules presenting a small
number of randomly distributed branches of fixed length.
These PEs can be produced by copolymerization of ethene
with 1-olefins (the comonomer), with the side chain of 1-olefin
representing the branch (Scheme 1a). There is great industrial
interest in achieving ethene/1-olefin copolymers with the
desired amount of the comonomer since tuning the type and
amount of the inserted comonomer allows varying many

mechanical, optical, and other macroscopic properties to
match the specific destination of use.9−13
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Scheme 1. (Part a) Schematic Representation of Random
Copolymerization of Ethene with 1-Olefins. (Part b)
Schematic Representation of the Considered Catalysts,
together with the List of Descriptors Tested during the
Training of the MLR Model. NPA Represents Natural
Population Analysis.
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Among the most promising catalysts, group 4 homogeneous
systems can efficiently control the ethene/1-olefin copoly-
merization process. The behavior of these catalysts in the
homopolymerization of ethene and of the fundamental 1-
olefin, propene, is extremely well understood, and computer
modeling has contributed remarkably to grow this knowl-
edge.1,14,15 Stereo- and regioselectivity of 1-olefin insertion can
be precisely linked to the catalyst structure.15,16 Reasonable
accuracy can also be reached in rationalizing the molecular
mass capability of a given catalyst, in the homopolymerization
of both ethene and 1-olefins.17−21 Much less successful is the
modeling of the catalyst activity, measured as the amount of
the polymer produced by a given amount of a catalyst. The
main reason for the different accuracy of quantum mechanics
(mainly DFT) calculations in rationalizing different properties
rests in the fact that modeling stereo- or regioselectivity
requires a comparison of strictly related structures (transition
states), and thus, error cancellation in the absolute value of the
energy barriers involved in the process can be expected.
Similarly, modeling the molecular mass capability requires a
comparison of the energy barrier for the most favorable
termination pathway versus the energy barrier for propagation.
In the case where bimolecular chain termination dominates, a
common intermediate can be invoked for both reactions, and
error cancellation helps in achieving good accuracy.19

Modeling catalyst activity is instead much more complicated,
as it relies on the accurate prediction of the absolute value of
the energy barrier for propagation, which starts with monomer
coordination to the ion pair composed by the cationic catalyst
and the anionic counterion.17,22 Modeling ethene/1-olefin
copolymerization reactions can be considered to lay between
these two cases. A common intermediate can be again
assumed, which allows comparing only transition state
geometries and energies, but the beneficial effect of error
compensation is reduced relative to homopolymerization since
two different monomers are compared. This explains why
modeling chemoselectivity in copolymerization reactions is less
common, and typically less successful, compared to modeling
stereo- or regioselectivity in homopolymerization reactions.
Nevertheless, a recent work demonstrated that remarkable

accuracy can still be achieved in rationalizing copolymerization
reactions if a carefully tuned computational protocol is
applied.23 This work has shown that the relative propensity
of a series of 19 group 4 catalysts (see Figure 1) to incorporate
ethene or the 1-olefin comonomer, measured as the free-
energy difference between the activation barriers for the
comonomer and ethene, ΔΔG‡, can be predicted with a mean
average error of 0.5 kcal/mol, which translates into a
correlation between the experimental and the predicted
ΔΔG‡ having an R2 equal to 0.77 (see Figure S1). This
interesting result required setting up a quite expensive
computational protocol and exhaustive conformational sam-
pling of the transition states for ethene and for comonomer
insertion into an M-polymeryl bond. While approaching
chemical accuracy, this protocol is time-consuming for the
rapid screening of a large library of new catalysts.
On the other hand, the last decade has seen successful

applications of multivariate linear regression (MLR) mod-
els24−28 and, more in general, machine learning tools29−35

capable of correlating experimental behavior to specific
physicochemical features of catalysts. These features are
captured by a series of molecular descriptors, usually divided
between steric and electronic descriptors, with the exact

numerical value calculated using the optimized structure of the
precatalyst.34−37 In addition, a univariate approach based on a
steric descriptor has been used to establish trends between the
molecular mass capability and the structure of group 4
zirconocenes,20,21 further supporting the relevance of steric
effects in determining polymerization behavior.18,19

For this reason, we decided to explore the potential of MLR
models in correlating experimental behavior of group 4
catalysts in the copolymerization of ethene with propene or
1-hexene, using a set of molecular descriptors (Scheme 1b).
Then, we used the trained MLR model to predict the
copolymerization behavior of novel catalysts and to achieve
physicochemical insights into the factors controlling the rate of
comonomer incorporation.
For a training set, we used catalysts 1−19 since the

consistency of their copolymerization behavior was proven.23

Adding more systems to this database is not straightforward, as
the experimental conditions used for copolymerization
reactions (e.g., reactor, solvent, activator, counterion, temper-
ature, monomer feed, and reaction time) in different works
should be consistent with those used with the systems already
included in the database. On the other hand, systems 1−19
include unbridged and bridged metallocenes, the three metals
in the group 4 triad, and different types of nonmetallocene
catalysts, assuring a variety in the physicochemical features
embedded in the catalysts, which should increase the
transferability of the model to predict the behavior of new
catalysts. The trained model was validated against a validation
set comprising three catalysts from the literature, 20−22, and
not included in the database assembled in ref 23 plus one
catalyst, 23, synthesized and tested by us in ethene/1-hexene
copolymerization. After the model was trained on systems 1−
19 and validated on systems 20−23, we used it to predict the
copolymerization behavior of a series of unbridged metal-
locenes, and we also performed DFT calculations to further
validate the predictions.

■ METHODS
Computational Details. Geometries of complexes 1−19

were taken from the supporting information of ref 23. For
consistency, all new geometries considered in this work were
optimized using the same protocol used in ref 23, which is by
using the TPSS functional38 as implemented in the Gaussian

Figure 1. Structures of the 19 group 4 catalysts analyzed in ref 23 and
this work.
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09 program package.39 For all elements except zirconium and
hafnium, the nonrelativistic all electron correlation consistent
polarized valence double-ζ Dunning basis sets, cc-pVDZ is
used.40 Meanwhile, zirconium and hafnium are treated with
pseudopotential-based cc-pVDZ-(PP) basis sets of Hill and
Peterson.40,41 All basis sets were collected from the EMSL
basis set exchange library.42,43 Catalysts 20−46 were subject to
a conformational search. Specifically, we tried three different
geometries for each complex, by performing a relative rotation
of the two Cp rings by 0, 120, and 240°. For each system, we
took the most stable geometry.
Natural population analysis,44 dipole moment, and the

HOMO-LUMO energy gap were obtained from single-point
calculations on the optimized geometries using the M06-2X
functional45 and the cc-pVTZ-(PP) basis set.41,46 The NBO
Version 6.0 program is used for natural population analysis.
The polarizable continuum model (PCM) was used to
simulate the implicit solvation effect of toluene. Absolute
redox potentials (ERed), not corrected to standard electrode
half-cell potentials, were calculated by comparing the energy of
the −1 anion of the dichloride precursor in the doublet state
with the energy of the neutral dichloride precursor using the
Nernst equation at a general condition, ΔG = −nFERed, where
n represents the number of electron transferred, and F is the
Faraday constant (23.06 kcal V−1 g−1). Hardness (H), softness
(S), and the Fukui function describing attack of the catalyst by
a nucleophile ( f+)47 were calculated from ionization potential
and electronic affinity and from NPA charges at the neutral
precatalyst geometry by adding one electron.48 The nuclear
magnetic shielding tensors for 35Cl atoms in all complexes were
computed using the gauge-including atomic orbital (GIAO)
method,49,50 in the Gaussian 09 program suite. The PBE051

exchange-correlation hybrid functional is used in conjunction
with a triple-ξ-quality basis set cc-pVTZ-(PP) for all
atoms.41,46 Sodium chloride is taken as the standard for 35Cl
chemical shift calculations using the formula δ = σiso

ref − σiso,
where σiso

ref is the nuclear magnetic shielding tensor (or
absolute isotropic value) of the reference compound and σiso is
the nuclear magnetic shielding constant of the substance.
Buried volumes were calculated with the Sambvca package,
using Bondi atoms scaled by 1.17.52−54 Hydrogen atoms were
excluded from the buried volume calculation.
MLR analysis was performed with in-house developed

software. Considering the small size of the training database,
cross-validation was performed with a leave-one-out (LOO)
approach.55

Experimental Details. Copolymerization of ethene and 1-
hexene was carried out in a slurry phase. Initially, the slurry
mixture was prepared in a tri-neck flask using TIBAL
(triisobutylaluminum) and [C(Ph)3]

+[(BC6F5)4]
− borate

cocatalysts in a nitrogen environment. Then, 1-hexene was
added into the mixture. Toluene was used as a solvent. In the
next step, the slurry mixture was added into a 500 mL glass
reactor under an inert atmosphere. Ethene gas was passed into
the reactor, and after 5 min of ethene saturation, the
zirconocene precatalyst was added into the reactor at 60 °C.
Ethene was introduced into the reactor, and the flow of ethene
gas was maintained at 1 bar for 1 h. After polymerization, the
polymer resin was taken out from the reactor and dried for
microstructural analysis.

■ RESULTS AND DISCUSSION

Within this work, we assume the following correlation between
the free-energy difference between the activation barriers for
comonomer and ethene insertion into the M-propyl bond,
ΔΔG‡, and the comonomer incorporation ratio, re (see ref 23
for details): re = exp(−ΔΔG‡/RT). This assumption relies on
the Curtin−Hammett principle, largely used to model several
aspects of olefin polymerization, which assumes that the
experimental behavior is determined by the energy difference
between the transition states in competition. Based on this
assumption, we performed a standard MLR analysis to train a
model capable of correlating the experimental ΔΔG‡

Exp (Table
1) to features capturing catalyst properties.

Preliminary Analysis. Before starting the MLR analysis,
we performed the Grubbs test,64,65 aimed at spotting out
possible outliers in the experimental dataset, using eq 1

=
| − ̅|

G
Y Y

s
,i

i
(1)

where Yi, Y̅, and s are the specific ΔΔG‡
Exp, the average

ΔΔG‡
Exp, and the ΔΔG‡

Exp standard deviation. As indicated in
Table S1, the only system having a large value from the Grubbs
test on the original ΔΔG‡

Exp is complex 2, with a G = 2.20, a
value well below the critical value of 2.53, for detecting an
outlier when a dataset of 19 points is examined with a
significance level α = 0.05. This indicates consistency in the
chosen database.
Moving to a preliminary analysis of the electronic

descriptors, as hundreds of them are available in the
literature,66 we selected a number of them based on our
previous experience on olefin polymerization15,16,67,68 and
based on literature search to find the most typical descriptors
used in MLR analysis of transition metal-based reactiv-
ity.27,37,69−71 We thus selected 10 electronic descriptors
choosing among those (i) capturing properties at the metal

Table 1. Experimental Reactivity Ratio, re, and Free-Energy
Difference between Transition States for Ethene and
Comonomer Insertions, ΔΔG‡

Exp in kcal/mol, and the
Percent of Comonomer Insertion, %C, for Systems 1−19

complex re ΔΔG‡
Exp %C ref.

1 19.5 1.9 4.9 56
2 48.0 2.5 2.0 56
3 13.5 1.6 6.9 57
4 24.0 2.0 4.0 56
5 25.6 2.1 3.8 57
6 6.6 1.2 13.2 56
7 4.5 0.9 18.3 58
8 3.0 0.7 25.0 59
9 4.2 0.9 19.2 58
10 1.8 0.4 35.7 60
11 2.5 0.6 28.6 58
12 4.5 1.0 18.2 60
13 4.5 1.0 18.2 60
14 14.0 1.7 6.7 61
15 3.8 1.0 20.8 59
16 2.6 0.6 27.8 62
17 4.5 0.9 18.2 63
18 5.1 1.0 16.1 63
19 7.4 1.2 11.9 63
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center based on the NBO charge analysis, namely, the average
charge on the Cl atoms, the charge on the metal, and the
cumulative charge on the MCl2 group; (ii) capturing the
overall electronics of the catalysts, namely, the overall dipole
moment of the catalyst, the HOMO-LUMO energy gap, the 0/
−1 1e reduction potential of the catalyst, and the average
nuclear magnetic resonance (NMR) chemical shift of the 35Cl
(or 37Cl) atoms; and (iii) capturing reactivity of molecules,
specifically hardness, softness, and Fukui’s f+ function.47

Numerical values of all descriptors are in Table S4.
To evaluate the interdependency between the chosen

electronic descriptors, we calculated the Pearson correlation
coefficient between them (Table 2), and the high values that
we found in some cases indicate that some of the chosen
descriptors are highly correlated. Focusing on the charge on
the chlorine atoms, which resulted in the best single descriptor
(see below), it strongly correlates with the Cl magnetic
shielding δCl and the reduction potential of the complex ERed.
This is an expected result, as qCl, E

Red, and δCl are strictly
related to the electronic situation around the metal center.
Based on this observation, during MLR training, we checked if
these highly correlated descriptors could be assembled into a
single descriptor (see below). Further, before the MLR
analysis, descriptors were centered and standardized as
recommended in ref 72.
Finally, we remark that we used a multivariate linear

regression model to correlate the experimental ΔΔG‡
Exp with

the molecular descriptors. It is clear that this might not be the
model giving the best correlation, and it is likely that using a
nonlinear equation could result in higher correlation. However,
we preferred to use a conservative approach and check first if a
simple linear equation can provide good correlation. We also
considered that we had a limited dataset to develop the model,
19 points only, and that the data are affected by intrinsic noise
since they were produced in different laboratories, using
different equipment and different copolymerization setups.
Training the MLR Model. Having excluded the possibility

of an outlier in the experimental data, we started the MLR
analysis using eq 2, which combines one electronic descriptor
(El1) together with the %VBur steric descriptor, where c0, c1,
and c2 are the coefficients determined in the training of the
MLR equation.

ΔΔ = + +‡G c c V c% ElFit 0 1 Bur 2 1 (2)

For each electronic descriptor, the radius of the sphere used
in the buried volume calculation was varied in the 3.0−8.0 Å
range, with a step of 0.1 Å, to allow for flexibility in the steric
descriptor. For the sake of simplicity, the following discussion
refers to the radius giving the highest R2 values for each

electronic descriptor. The resulting R2 values, together with the
Q2 from leave-one-out (LOO) calculations at the optimized
sphere radius, are reported in Table 3. Analysis of the data in

Table 3 indicates that the highest R2/Q2, 0.60/0.44, is achieved
by using the average charge on the Cl atoms, qCl, while all
other descriptors result in clearly lower R2/Q2 values. The
maximum R2 value using qCl as a descriptor was achieved with
a sphere radius of 4.5 Å (Table S3).
Considering the modest performance with a single electronic

descriptor, we decided to perform an MLR analysis by
screening all possible combinations of two electronic
descriptors together with the %VBur descriptor, see eq 3.

ΔΔ = + + +‡G c c V c c% El ElFit 0 1 Bur 2 1 3 2 (3)

Again, for each pair of electronic descriptors, the radius of
the sphere used in the buried volume calculation was varied in
the 3.0−8.0 Å range, with a step of 0.1 Å. The resulting R2

values, together with the Q2 from LOO analysis at the
optimized sphere radius, are reported in Table 4.
Analysis of the data in Table 4 indicates that the highest R2/

Q2, 0.82/0.72, is achieved by combining the 1e reduction
potential, ERed, together with the average charge on the Cl
atoms, qCl, for a radius sphere of 4.5 Å (Table S4), which is
used in the following analysis. All other descriptors result in
minor improvements of the R2/Q2 values, with the second best
combination, qCl together with Fukui’s hardness H, resulting in
R2/Q2 values of 0.69/0.51.
As preliminary analysis indicated that ERed and qCl are highly

correlated (see Table 2), with a Pearson correlation coefficient
of 0.90, we checked if they could be assembled into a single
descriptor, and we used their product, qCl × ERed, as a single

Table 2. Pearson Correlation Coefficient between Electronic Descriptors

qCl qM qMCl2 μ ΔEHL δCl ERed H S f+

qCl 1.00
qM −0.81 1.00
qMCl2 −0.69 0.98 1.00
μ 0.48 −0.65 −0.65 1.00
ΔEHL 0.25 −0.49 −0.53 0.64 1.00
δCl 0.85 −0.54 −0.40 0.31 −0.02 1.00
ERed 0.90 −0.75 −0.65 0.49 0.16 0.92 1.00
H −0.50 0.52 0.48 −0.54 −0.20 −0.39 −0.56 1.00
S −0.32 0.55 0.58 −0.69 −0.98 −0.04 −0.21 0.23 1.00
f+ −0.20 0.16 0.14 −0.18 −0.12 −0.09 −0.09 0.16 0.20 1.00

Table 3. R2 and Q2 Values by MLR Using One Electronic
Descriptor together with the %VBur Descriptor

a

electronic descriptor R2 Q2

dipole moment (μ) 0.41 0.21
HOMO-LUMO gap (EHOMO‑LUMO) 0.44 0.25
average Cl chemical shift (δCl) 0.52 0.33
reduction potential (ERed) 0.45 0.26
average Cl charge (qCl) 0.60 0.44
metal charge (qM) 0.46 0.21
cumulative charge on MCl2 (qMCl2) 0.42 0.17
Fukui hardness (H) 0.41 0.23
Fukui softness (S) 0.41 0.22
Fukui function ( f+) 0.44 0.23

aThe radius of the sphere in the %VBur calculation was varied between
3.0 and 8.0 Å.

ACS Catalysis pubs.acs.org/acscatalysis Research Article

https://doi.org/10.1021/acscatal.0c04856
ACS Catal. 2021, 11, 4061−4070

4064

http://pubs.acs.org/doi/suppl/10.1021/acscatal.0c04856/suppl_file/cs0c04856_si_001.pdf
http://pubs.acs.org/doi/suppl/10.1021/acscatal.0c04856/suppl_file/cs0c04856_si_001.pdf
http://pubs.acs.org/doi/suppl/10.1021/acscatal.0c04856/suppl_file/cs0c04856_si_001.pdf
pubs.acs.org/acscatalysis?ref=pdf
https://doi.org/10.1021/acscatal.0c04856?rel=cite-as&ref=PDF&jav=VoR


electronic descriptor with eq 2. The resulting R2 value of 0.27
shows no improvement over using ERed, R2 = 0.45, or qCl, R

2 =
0.60, alone and remains well below R2 = 0.82, achieved by
using ERed and qCl as independent descriptors. To further
support the above conclusion, we calculated standard statistical
parameters related to fitting the data using both qCl and ERed,
qCl × ERed, qCl only, and ERed only (Table 5). The clearly

smaller residual standard error and higher adjusted R2 validate
using together qCl and ERed as independent electronic
descriptors. Further, the large F-statistic and the associated
very small p-value achieved when qCl and ERed are used
together confirm the statistical significance of the fitting. In
addition, we also evaluated statistical parameters aimed at
validating the coefficients of the fitting when qCl and ERed are
used together as electronic descriptors, see Table S5. The
relatively high t-values, >|5|, with the associated small p-values,
<10−3, support the statistical significance of the coefficients and
of the whole model.
Finally, limiting the analysis to the systems used for

propene/ethene copolymerization, which are systems 1−15,
results in minimal improvement of the trained model, with R2/
Q2 values of 0.84/0.73.73 This shows that propene and 1-
hexene data can be mixed together, at least when catalysts from
different experimental sources are collected, since the
variability in the experimental conditions probably overshadow
differences between the two comonomers. In summary, our
analysis results in eq 4, developed on systems 1−19 and used
in the following analysis, as the best MLR equation.

ΔΔ = − − +‡G V q E1.22 0.60% 1.03 0.65Fit Bur Cl
Red

(4)

At this point, we performed two statistical tests aimed at
spotting out possible outliers. The first was based on the
Grubbs test, using eq 1 by replacing ΔΔG‡

Exp with the error ei,

calculated as e = ΔΔG‡
Fit − ΔΔG‡

Exp; the second was based on
the Cook distance, calculated on the ΔΔG‡

Fit deriving from the
MLR training, using eq 5

=
∑ ̂ − ̂

=D
Y Y

ps

( )
i

j
n

j j i1 ( )
2

2
(5)

where Ŷj is ΔΔG‡
Fit of system j with all systems included in the

fitting, Ŷj(i) is ΔΔG‡
Fit of system j predicted when system i is

excluded from the fitting, p is number of coefficients in the
MLR equation, and s2 is the mean squared error.
As indicated in Table S6, the Grubbs test on the errors

highlighted system 10, as having the largest value, with a G =
2.21. However, this value is below the critical value of 2.53, for
detecting an outlier when a dataset of 19 points is examined
with a significance level α = 0.05. As for the Cook distance, the
largest value is for system 2, with a Di = 0.09, which is 3.97
times the mean of the Cook Di distances, DAv. This value,
together with the aforementioned relatively high Gi value of
2.20 on ΔΔG‡

Exp (see above), indicates that system 2 is
borderline to be classified as an outlier or as a difficult to
predict system. However, system 2 is structurally very similar
to systems 1 and 3, which have Di/DAv values of 0.84 and 0.47
and Gi values on ΔΔG‡

Exp of 1.17 and 0.65, making it difficult
to imagine that system 2 could have a different chemical
behavior. Also, the Gi test on the errors results in a value of
0.47 for system 2, which indicates that its behavior is properly
captured by the model. For all these reasons, we believe that
the more correct approach is to consider system 2 as a difficult
to handle case rather than as an outlier.
Finally, plotting the ΔΔG‡ values predicted from the LOO

analysis, ΔΔG‡
LOO, versus the experimental ΔΔG‡

Exp values
(see Table S1 for ΔΔG‡

LOO of 1−19) visually confirms that no
system behaves as an outlier (Figure 2a). This is also evidenced
by analysis of the ΔΔG‡

LOO − ΔΔG‡
Exp values (Figure 2),

which indicates a standard deviation of 0.31 kcal/mol for
ΔΔG‡

LOO − ΔΔG‡
Exp, with the largest errors for systems 10

and 14, with ΔΔG‡
LOO − ΔΔG‡

Exp equal to 0.60 and −0.55
kcal/mol, respectively.
Catalyst 10 is characterized by the presence of Ph

substituents in the 4,4′ positions of the bisindenyl skeleton,
while 14 is characterized by tBu groups in the 3,3′ positions
(see Figure 1). These are quite flexible/bulky groups, and the
conformation in the optimized dichloride precursor may not
capture properly the conformation in the olefin insertion
transition states, resulting in scarcely accurate evaluation of the
steric properties. On the other hand, it should be also
considered that the performances of the 19 systems in the
assembled database have been evaluated by different

Table 4. R2/Q2 Values by MLR Using Two Electronic Descriptors, together with the %VBur Descriptor
a

qCl qM qMCl2 μ ΔEHL δCl ERed H S

qM 0.68/0.08
qMCl2 0.68/0.08 0.68/0.08
μ 0.63/0.41 0.46/0.14 0.42/0.11
ΔEHL 0.61/0.38 0.47/0.12 0.44/0.19 0.49/0.27
δCl 0.64/0.48 0.52/0.25 0.53/0.29 0.54/0.32 0.53/0.28
ERed 0.82/0.72 0.46/0.15 0.45/0.18 0.46/0.21 0.46/0.20 0.63/0.44
H 0.69/0.51 0.48/0.14 0.42/0.13 0.41/0.16 0.47/0.26 0.53/0.23 0.46/0.17
S 0.60/0.36 0.46/0.11 0.42/0.08 0.43/0.19 0.52/0.14 0.52/0.27 0.45/0.19 0.41/0.18
f+ 0.62/0.39 0.50/0.19 0.46/0.15 0.45/0.15 0.45/0.20 0.54/0.28 0.49/0.22 0.44/0.18 0.44/0.18

aThe radius of the sphere for the calculation of the %VBur was varied in the 3.0−8.0 Å range of the radius.

Table 5. Statistical Parameters Characterizing the Quality of
Fitting when Both ERed and qCl Are Used as Electronic
Descriptors and when qCl Only, ERed Only, or Their Product
Is Used as an Electronic Descriptora

ERed and qCl qCl only ERed only qCl × ERed

residual standard
error

0.27 0.39 0.50 0.53

R2 0.82 0.59 0.34 0.27
adjusted R2 0.78 0.54 0.26 0.17
F-statistic 22.5 11.5 4.2 2.89
p-value 8.3 × 10−6 8.1 × 10−4 3.5 × 10−2 0.08
aIn all cases, the %VBur steric descriptor, calculated with a sphere
radius of 4.5 Å, is included in the model.
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experimental groups, in different experimental conditions, and
that both propene and 1-hexene copolymerization data have
been included in the MLR analysis.
Finally, plotting the R2 value from MLR versus the radius r

of the sphere used to calculate the %VBur (Figure 2c) indicates
that the resulting R2 sharply increases from 0.1 at 3.0 Å to the
maximum of 0.82 at 4.5 Å and then stabilizes to values larger
than 0.70 up to 8.0 Å, indicating an overall good stability of the
model. Nevertheless, it also indicates that tuning appropriately
the radius of the sphere is fundamental to achieve the highest
possible R2 value.
To further validate the model through blind prediction of

systems never seen by the model, we built a small validation set
composed of the systems reported in Figure 3. Systems 20−22
were extracted from the same literature works56,61,63 that were
used to build the 19 systems’ database in ref 23. System 23 was
taken as an example of an unbridged Cp-based ligand, fairly
easy to synthesize and much less hindered than 22, so we
synthesized and tested it experimentally. Copolymerization of

ethene/1-hexene using 23 as the catalyst (see Methods)
resulted in a productivity of 850−900 g PE/g Cat, with a 4.5−
5% 1-hexene incorporation, determined by 13C NMR, which
corresponds to a ΔΔG‡

Exp of 2.02−1.93 kcal/mol at 60 °C.
The experimental behavior of systems 20−23 is reported in
Figure 3. The comonomer incorporation rates in E/P
copolymers predicted for 20−23 by the MLR model
developed on 1−19, without any further tuning, ΔΔG‡

Pred,
are also reported in Figure 3 and are represented as blue
squares in the plot of Figure 2a.
The ΔΔG‡

Pred of 20−21 and 23 was reproduced with
reasonable accuracy to the corresponding ΔΔG‡

Exp, with errors
in the range of those calculated during the LOO validation of
1−19, Figure 2b. A large error is instead predicted for 22, with
ΔΔG‡

Pred severely underestimating ΔΔG‡
Exp. To further

analyze this discrepancy, we calculated the Gibbs free-energy
difference between the transition states of propene vs ethene
insertion into the Zr−propyl bond for 22, ΔΔG‡

DFT, using the
DFT protocol developed in ref 23. The ΔΔG‡

DFT value of 1.88
kcal/mol is quite close to the ΔΔG‡

Pred value of 2.04 kcal/mol,
suggesting that either the ΔΔG‡

Exp of 3.50 kcal/mol is
overestimated or that the real steric hindrance of the bulky
Cp* ligands in this unbridged and flexible catalyst is not
captured by DFT geometry optimization. Applying the Grubbs
test to the ΔΔG‡

Exp of 1−23 results in a value of G = 2.91 for
22, a value well above the critical value of 2.62 for detecting an
outlier when a dataset of 23 points is examined with a
significance level α = 0.05, indicating that 22 could be an
outlier. In any case, the reasonable good prediction of 3 out of
4 systems in the validation set, 20, 21, and 23, together with a
possible explanation for the poor prediction of 22, further
indicates a robustness of the model. Nevertheless, considering
the reasonable ΔΔG‡

Pred obtained for 20, 21, and 23 with the
MLR model developed on 1−19, we decide to refine the MLR
model by including 20, 21, and 23 in the training set. The
resulting R2/Q2 decreases from 0.82/0.72 to 0.79/0.71,
confirming the stability of the model. Incidentally, using the
model trained on the larger database results in a similarly
wrong prediction of 22, with the ΔΔG‡

Pred value changing
from 2.04 to 2.09 kcal/mol only.

Predicting Catalyst Behavior. Using the model devel-
oped in the previous section, we predicted the efficiency of the
unbridged zirconocenes 24−33 (see Figure 4) toward
incorporation of 1-olefin during ethene polymerization. We
explored different substitutions of the Cp2ZrCl skeleton by
varying the nature and number of the alkyl substituents, 24−
30, and we also explored the impact of benzannulation, 31, and
of unsymmetrical Cp ligands, 32 and 33. To minimize errors
due to the transfer of the model from systems 1−19, we tried
to design zirconocenes 24−33 having electronic and steric
features comparable to those of the catalysts in the training set.
Considering the remarkable conformational flexibility of most

Figure 2. (part a) Correlation plot between the ΔΔG‡
LOO from LOO

on systems 1−19 (red circles) and the ΔΔG‡
Pred on systems 20−23

of the validation set (blue squares) and the experimental ΔΔG‡
Exp

values. (part b) Bar plot of the difference between the predicted and
the experimental values, ΔΔG‡

LOO − ΔΔG‡
Exp for systems 1−19.

(part c) Plot of the R2 value versus the radius r of the sphere used to
calculate the %VBur. All data in the figure were obtained using eq 3.

Figure 3. Systems in the validation set.
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of the considered zirconocenes due to rotation around the Zr-
Cp axis and/or around the C−C single bonds of the alkyl
substituents, we investigated several possible conformers for
each zirconocene. Only the most stable one is reported in this
paper. The possibility to perform a systematic conformational
search was prevented by the high number of rotatable bonds.
The predicted ΔΔG‡

Pred values for 24−33, together with the
predicted rate of 1-olefin insertion, are reported in Table 6.

The predicted energy differences for 1-olefin versus ethene
incorporation, ΔΔG‡

Pred, span the 1.8−2.4 kcal/mol range,
which corresponds to a predicted amount of 1-olefin
incorporation, %C, decreasing from 6.0 to 2.8%. Although
the ΔΔG‡

Pred values span the small range of 0.6 kcal/mol, it is
tempting to derive some correlation between the predicted
ΔΔG‡

Pred values and structural features. Among the systems
resulting in the lowest incorporation are the poorly substituted
systems 24 and 33. On the other hand, relatively hindered
systems, such as 30 and 31, are among those predicted in the
highest 1-olefin incorporation, together with 28, for which an
impact of electronic effects can be also expected.
Further Insights. Having validated the model, we

investigated a series of systems that are structurally more
different from those in the training dataset 1−19 but can offer
a better understanding of the influence of electronic properties
of the Cp ligands. These predictions were performed with the
caveat that the ΔΔG‡

Pred values are probably affected by a
larger error, as these systems have electronic properties that are
out of those covered by systems 1−19. The systems
considered are 34−43 (Figure 5), characterized by electron-

withdrawing (EWG) or electron-donating (EDG) substituents
directly bound to the Cp rings, and 44−48 (Figure 5) where
the EWG or EDG are separated from the Cp ring by one
−CH2− unit. Based on these parameters, we have calculated
the ΔΔG‡

Pred values and the corresponding rates of
comonomer insertion, using the MLR model developed on
1−19, see Table 7.

The results reported in Table 7 indicate that the ΔΔG‡
Pred

ranges from −0.42 to 3.18 kcal/mol, for a percent of 1-olefin
incorporation ranging from 1 to 65%. Of course, the ΔΔG‡

Pred
= −0.42 kcal/mol predicted for 43, presenting fully fluorinated
Cp rings, is likely to be affected by a large error, as it is far away
from the ΔΔG‡

Pred values in the training set, and should even
favor 1-olefin over ethene incorporation. However, it indicates
that high electronic deficiency at the metal center, together
with substantial steric hindrance, already evidenced by analysis
of 1−19, should favor 1-olefin incorporation. This consid-
eration is also supported by the low ΔΔG‡

Pred predicted for 37,

Figure 4. Structures of zirconocenes designed to predict the % of 1-
olefin incorporation in ethene/1-olefin copolymerization.

Table 6. MLR-Predicted ΔΔG‡
Pred Values from Equation 4,

in kcal/mol, and the Rate of Comonomer Insertion, %C, for
Systems 24−33

complexes ΔΔG‡
Pred %C

24 2.35 2.8
25 2.13 3.8
26 2.25 3.2
27 2.27 3.1
28 1.89 5.4
29 2.30 3.0
30 2.00 4.6
31 1.82 6.0
32 2.20 3.5
33 2.29 3.0

Figure 5. Structures of zirconocenes, with electronic features different
from those of catalysts in the training set 1−19, designed to predict
the % of 1-olefin incorporation in ethene/1-olefin copolymerization.

Table 7. MLR-Predicted ΔΔG‡
Pred Values from Equation 4

and the Rate of 1-Olefin Insertion at 60 °C, %C, of
Complexes 34−48a

complexes ΔΔG‡
Pred %C

34 2.24 3.3
35 2.37 2.7
36 3.18 0.8
37 1.45 10.0
38 2.02 4.5
39 1.98 4.8
40 1.46 9.9
41 1.48 9.6
42 1.70 7.1
43 −0.42 65.4
44 1.54 8.9
45 2.35 2.8
46 2.18 3.6
47 2.30 3.0
48 2.48 2.3

aEnergy values are in kcal/mol.
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40, and 41, bearing the EWG CF3, COCl, and NO2 groups,
which should incorporate approximately 10% 1-olefin, which is
the highest amount in the series. Consistently, systems 35 and
36, presenting the strongly EDG OMe and NH2 groups, are
among the systems predicted to have the largest ΔΔG‡

Pred and
should incorporate approximately 1−3% 1-olefin, which is the
lowest amount in the series.
To further analyze the stability of the developed prediction

model, we calculated the ΔΔG‡
DFT values for the 11 systems,

among 24−48, predicted to give the highest amount of 1-olefin
incorporation (which is those having ΔΔG‡

Pred ≤ 2.0 kcal/
mol). Following the approach developed in ref 23, ΔΔG‡

DFT is
the Gibbs free-energy difference between the transition states
of propene vs ethene insertion into the Zr−propyl bond of a
given system. The calculated ΔΔG‡

DFT values along with the
corresponding ΔΔG‡

Pred values are given in Table 8.

Analysis of ΔΔG‡
Pred − ΔΔG‡

DFT values (Figure 6 and
Table 8) indicates that for 10 systems out of 11, deviation of

ΔΔG‡
Pred from ΔΔG‡

DFT is approximately |0.5| kcal/mol, with
an error, 0.79 kcal/mol, for system 30, which presents 4 methyl
substituents on the Cp rings. This observation indicates that
complex 30 is poorly predicted because of the absence of
highly substituted unbridged zirconocenes in the database used
to train the model (Figure 1). On the other hand, the good to
excellent agreement between ΔΔG‡

Pred and ΔΔG‡
DFT values

for the other systems indicates an overall good stability of the
model and remarks that external checks have to be performed
when this kind of predictive tool is applied to systems scarcely
represented in the training dataset.

■ CONCLUSIONS
In summary, we have described the development of a synergic
MLR/DFT model for the prediction of the ethene/1-olefin
copolymerization tendency shown by group 4 catalysts. The
MLR section consists of training a model on a database of
experimental data, developed in ref 23, which is the
copolymerization behavior of 19 group 4 catalysts in the
present case. The trained model results in a quite good
correlation, R2 = 0.82, and cross-validation by leave-one-out,
Q2 = 0.72, behavior. Then, we tested the performance of the
trained model on a small validation set composed of three
other systems taken from the literature and one system that we
synthesized and tested experimentally. The trained model was
able to reproduce well 3 systems out of four of the validation
set, while the fourth system was identified by a possible outlier
by the MLR model and by DFT calculations. We used the
developed model to predict the behavior of 25 catalysts having
structures related to those in the training set and compatible
with typical group 4 metallocenes used in olefin polymerization
and of systems incorporating groups with electron-donating
and electron-withdrawing properties far from those of the
systems in the training set. The MLR prediction indicated that
strong electron-withdrawing groups would favor incorporation
of 1-olefin. This prediction of the MLR model was further
validated by DFT calculations that confirmed the effect
predicted by the MLR model.
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