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Abstract: Predicting the activities and properties of materials via in silico methods has been shown to
be a cost- and time-effective way of aiding chemists in synthesizing materials with desired properties.
Refractive index (n) is one of the most important defining characteristics of an optical material.
Presented in this work is a quantitative structure—property relationship (QSPR) model that was
developed to predict the refractive index for a diverse set of polymers. A number of models were
created, where a four-variable model showed the best predictive performance with R? = 0.904
and Q? oo = 0.897. The robustness and predictability of the best model was validated using the
leave-one-out technique, external set and y-scrambling methods. The predictive ability of the model
was confirmed with the external set, showing the R2.¢ = 0.880. For the refractive index, the ionization
potential, polarizability, 2D and 3D geometrical descriptors were the most influential properties.
The developed model was transparent and mechanistically explainable and can be used in the
prediction of the refractive index for new and untested polymers.
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1. Introduction

The refractive index is an important property of polymers in optical applications due to the
property defining the velocity at which light travels through the material relative to a vacuum [1-8].
The refractive index has been widely known since before the 19th century, and has been used to
understand the optical activities of many materials [9].

There are many uses polymers have in industry today. High refractive index polymers (HRIP)
have been studied by many for industrial process applications [5,10-12]. Some of the applications
include complementary metal oxide semiconductor image sensory (CIS) [13], polymer films for
high-performance antireflection coatings [14], UV nanoimprinting lithography [15], the covering of
light-emitting diodes [16], and coatings of fiber gratings [17]. The uses that are shown were recently
found and many more niches will be found in the future.

Recent works that investigated refractive index refer to using a refractometer which correlates
the amount that light changes direction when passing through a substance [18-20]. The Standard
Test Method for Index of Refraction of Transparent Organic Plastics, ASTM D542, has been used
by some researchers [18]. Crena et al. used a refractometer to measure the refractive index of
mixtures of styrene-methyl methacrylate and glycidyl methacrylate. It was reported that the desired
range of refractive index of 1.5750-1.5894 was affected by the different mixtures of styrene-methyl
methacrylate—glycidyl methacrylate. Others such as Kasaroa et al. used similar methods when
specifying the different wavelengths, or colors, to determine the change in the refractive index of
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poly methyl methacrylate, polystyrene, and others [20]. Another method has been suggested recently,
that of using a scanning angle Raman spectroscopy for nondestructive testing [21]. This method uses a
laser pointed toward a sapphire prison which is focused onto the imaging spectrometer to which the
refractive index can be translated from the information gathered, and was found to find values within
10% comparing to other methods. These methods use different strategies in obtaining the refractive
index of polymers.

Differing techniques have been used to model the refractive index of differing materials such as
using the Lorentz-Lorenz equation, Mie Theory, the Rayleigh-Debye-Gans theory, the implementation
of group contribution method, and the use of quantitative structure property relationship (QSPR)
methodology [22,23]. QSPR has been used as a powerful tool to predict the properties of various
chemical systems and materials for the last three decades [22-30]. It is worth noting that an interesting
approach to predict the refractive index for aerosols can be applicable for polymers, which is represented
in the work [29]. The earliest modeling of the refractive index of polymers using QSPR methods
concluded that quantum-chemical descriptors such as HOMO-LUMO gap and nuclear repulsion
for C-H bond heavily affected the refractive index [31]. This five-variable model was found to have
R? =0.940, F = 282.13, and S? of 3.13 x 10~* with an average prediction error of 0.9%. This model only
used 655 descriptors and 95 amorphous polymers, where more are available today [31]. A later model
was created by Xu et al. by creating a dataset of 121 linear polymers [32]. The four variable model
included: the sum of valence degrees, the degree of unsaturation, the relative number of halogen
atoms, and the electrostatic attraction between the main chains. The R? and prediction error were
found to be 0.964 and 0.87% respectively [32].

Jabeen et al. published a model using a dataset of 127 diverse polymers, which achieved values
of R? of 0.932, R%.,; of 0.882, Q?100 of 0.922, and Q?-F1 of 0.875. The four-variable model asserted
that polarizability, sp? hybridization and the frequency of C-F at distance 1 affected the refractive
index greatly [33]. A set of models that Khan et al. presented used only 2D descriptors and had
221 polymers in the dataset. These six-variable models were created by partial least squares (PLS)
and were shown for comparison. All four models included the descriptor of MLFER_E, which is
the molecular linear free energy relation and relates polarizability and the solute/solvent interaction
through n- and pi-electron pairs. Moreover, the mean ionization potential descriptor (Mi) was in each
model. Each of the four models had at least three latent variables and ranged from 0.899 to 0.895 for
the R? value [34]. These descriptors that relate Mi and the interaction of electron pairs are a large factor
in many of these models. Duchowicz et al. developed a model using QSPR methods with a dataset of
234 structurally diverse polymers [35]. The model considered using 1-5 monomeric repeating units to
generate flexible descriptor models. The paper describes a descriptor model of linear combination of
correlation weights (DCW,) that used to model the refractive index of polymers. It is worth noting
that the DCW descriptor is actually a latent variable and combines a number of descriptors in it, so it is
not a single descriptor. The statistical values of R? of 0.96 and R%e; 0.85 were reported for this model.

The current work discusses a newly developed model to predict a refractive index of the diverse
set of polymers. A large set of 262 polymers was used and collected from multiple sources [1-4,6,7],
and the collected set was larger than in previously reported works [31-35]. The current work
resulted in the development of a robust four-variable model. The applied descriptors included
several categories, including topological, quantum-chemical, functional group counts, constitutional,
geometrical, and topological. The developed model has encompassed the combination of the largest
number of polymers and the largest number of an initial set of descriptors to generate a robust,
transparent and mechanistically explainable model. The generated model was internally and externally
validated by different techniques such as the leave-one-out technique, y-scrambling, rzm_m,g , CCCcov
metrics, and splitting the data into prediction and training sets.
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2. Materials and Methods

2.1. Collection and Preparation of Experimental Dataset

A diverse dataset of 262 polymers was collected from multiple sources [1-4,6,7,35]. The dataset
included, organic-based polymers such as cellulose acetate and non-renewable-sourced polymers
such as poly(ethylene). This dataset includes polyamides, polyesters, polyolefins, polysilylenes and
others. Information on the collected data of polymers is shown in the Supplementary Information
in Tables S1 and S2 [1-4,6,7,35]. Table S1 shows the structure and number it was assigned to in the
dataset. Table S2 includes the SMILES (Simplified Molecular-Input Line-Entry System) notations for
monomers, the chemical names produced by ChemDraw 16 [36], the experimental refractive index,
the logarithmically transformed experimental refractive index, the predicted logarithm refractive index,
and which set the specific compounds were a part of. Any duplicates and unknown polymers/polymer
mixtures were removed. Each polymer was drawn in a polymerized monomer 2D structure format
using ChemDraw 16 [36]. These monomer structures were “end-capped” with hydrogen atoms
for consistent monomer functionality. This monomer end-capping format was implemented due to
the limitations of a computational descriptor generation of long polymer chains. The end-capping
technique was done to replicate the monomer structure functionality after being polymerized.

The monomer structures were then optimized using HyperChem 8 [37]. The dataset was then
split into training and prediction sets, approximately 75% of the 262 were used as the training set and
the other 25% were used as the prediction set. The training and prediction sets were used for model
generation and validation, respectively. The refractive index value was then converted to a logarithmic
scale for convenient comparing the results to previously published works and for the linearity of the
data to the free energies.

2.2. Descriptors Set Generation

The monomer unit was drawn using ChemDraw 16 [36]. Each monomer structure was optimized
in HyperChem 8 [37], using the MM+ force-field. Then, a set of quantum descriptors was calculated,
including the highest occupied molecular orbital (HOMO), the lowest unoccupied molecular orbital
(LUMO), the dipole moment, the energy gap between HOMO and LUMO, and the ionization potential.
These descriptors were calculated using a semi-empirical method RM1 [37]. The rest of the descriptors
were generated using Dragon 6 [38] by inputting in the structures optimized in HyperChem. Dragon 6
generated about 4500 descriptors per structure [38]. These descriptors include the following categories:
constitutional indices, 2D and 3D matrix-based descriptors, 2D autocorrelations, topological descriptors,
charge-based descriptors, 0D, 2D, and 3D descriptors, molecular properties and more. Descriptors with
high correlation, single variables, and non-informative information were discarded based on constant
value, near constant, and pair correlation criteria.

2.3. Model Development and Validation

For the QSPR correlation, a combined genetic algorithm (GA) and multi-linear regression analysis
(MLRA) method was used to develop the models for this work. The QSARINS software [39] was used
for the final steps in the models’ development. The dataset was accompanied by the log(n) value of
the refractive index associated with each polymer structure for model development. The training set
and prediction sets were created by sorting tool in QSARINS, and every fourth structure (25%) was
assigned to the prediction set in order of ascending refractive index value. The dataset was split into
the training set with 203 structures and the prediction set with 66 structures. The descriptors chosen
for the model were determined by genetic algorithm (GA).

A particular setup during the model development was used to select a best model.
Thus, the number of generations was set to 2000, the population size of the final model was set
to 20, and a mutation rate of 40% was used. For validation purposes, multiple methods were applied,
including leave-one-out (LOO) cross validation, leave-many-out (LMO), y-scrambling, as well as
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internal and external validation protocols. Some of these methods were used to show the possible
existence of fortuitous correlations. After validation techniques were applied, the best model was
chosen based on multiple criteria: (1) high statistical performance variables such as R? and Q? (including
R?-Q? < 0.3); (2) lowest number of outliers; (3) a low number of variables in the model; and (4) low
cross-correlation between descriptors in the selected model.

3. Results and Discussion

The molecular structures and descriptor information, together with refractive index values were
analyzed by QSARINS [39], applying the GA-MLR technique. Numerous models were generated with
one to five descriptors in the model. An initial developmental run of models was executed with the
most notable models with high statistical values. A developed Williams plot for a best four-variable
model in shown in Figure 1, with all points shown within the three standard deviation limits within
the applicability domain (AD). The AD was developed using the leverage approach [40]

HAT i/i (h* = 0.081) we. Std, residuals # Predicton

Exp. endpoint v, Pred. by model eq.

a) Pred. by model eq.

0.270
0.2
0.22%

0.2:03-

0.120

0.158 L
0.135

0.113] / @

0.050 T T T T T T 1 3. 300 T T T T T T 1
0090 0.113 0,135 0.158 0.150 0.203 0.225 0.245 0.z 0.006 0.035 0.072 0,105 0.13 0.171 0.204 0.237 0.270

Mi SPHAD_A GATS1p Wil_RG Exp. endpont Mi SpHAD_A GATSLp WiA_RG HAT iff {h™ = 0.051)
Kooy vs. 02 Yacr amd Q2 ¥acr
C 2 Yo and 2 Voer

Figure 1. (a) Correlation plot of the experimental refractive index data vs. that predicted by the model;
(b) Williams plot; and (c) the y-scrambling plot, where the red dots are for the R? values and the yellow
dots are for Q? values.

The results of the best QSPR model for models with from 1 to 5 descriptors are shown in Table 1,
where the performance data are shown for the training and prediction sets. In Table 1, the following
performance indicators are shown: R? is the regression coefficient for the training set, R? adj is an adjusted
R%, S represents the average distance the observed values are away from the regression line, Q%100 is
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the “leave-one-out” coefficient, CCCcv is “concordance correlation coefficient cross-validation”, Rzy-scr
and Q?y-scr are for the “y-scrambling” performance coefficients, RMSEy, is a “root-mean-square error”,
and r2m_gve is the “metrics parameters average” that shows the robustness of the model. These are all
internal and cross-validation parameters which test the predictive ability and robustness of the model.

Table 1. List of the best models with 1-5 variables.

Variabl )
Nal::bei Equatlons RZ Rgd] Q%oo RMSEh’ r2mﬁave Rzexl RMSEext CCCcv
1 Log(Ri) = —0.1124 Mi + 0.205 0.676 0.675 0.665 0.012 0.559 0.684 0.010 0.802
Log(Ri) = —0.080 Mi — 0.049
2 CATS1p +0.222 0.847 0.845 0.840 0.008 0.752 0.867 0.009 0.913
3 Log(Ri) = ~0.046 GATSIp - 0.029 0.883 0.881 0.876 0.007 0.847 0.921 0.008 0.934

VR2_G -0.064 R2s +0.228

Log(Ri) = —0.068 Mi + 0.031
4 SpMAD_A - 0.048 GATS1p + 0.040 0.904 0.902 0.897 0.007 0.842 0.880 0.008 0.946
WiA_RG + 0.191

Log(Ri) = -0.017 SpMAD_D/DT -
5 0.039 GATS1p - 0.019 VR2_G + 0.907 0.903 0.899 0.006 0.886 0.823 0.009 0.938
0.009 G2m - 0.075 HOi + 0.238

Concordance correlation coefficient (CCC) was calculated as a more restrictive parameter for
expressing the external predictivity of each model, as shown in Equation (1) [41]:

KEXT . red
2 Z] - ( obs yobs)(y]P _ ypred)

CccC = 2 2
ZkEXT( obs _ obs) + Z]k]iXif( pred _ }’,Pred) + kEXT(YjObS — }’,Pred)

)

obs :

The variables for Equation (1) are as follows: ] is the experimental (observed) value of the

property for the i/t

compound; y]. 4 is the predicted value for i"/j" compound; ¥ is the mean
experimental value of the property in the training set while f is the mean experimental value of the
validation set; k is the number of compounds in the validation set.

The fourth variable model was chosen as the best model due to its high R? value; its passing
internal, external, and validation criteria. The descriptors of the chosen model and their statistical
coefficients are shown in Table 2. First involved descriptor is a Mi descriptor, which is a mean first
ionization potential generated by the Dragon software [38]. The ionization potential is the amount
of energy required to remove an electron from a gaseous atom or ion. The ionization potential
specifies the energy required for the first excited electron to leave. According to Koopman’s theory,
ionization energy is the negative value of HOMO energy [42]. In addition, Reddy et al. had shown in
experimental work that ionization potential negatively influenced the refractive index while working
with alkali halides [43]. Second descriptor, GATS1p is a descriptor weighted by polarizability [38],
Table 2. Polarizability is the ability, of an atom or molecule, to form instantaneous dipole in reaction
to an external field i.e., magnetic or electrical. Polarizability is related to the refractive index via the
Lorentz—Lorenz expression [44,45].

Table 2. Description and statistical coefficients of the descriptors in the 4-variable model.

Name of Descriptor ~ Coefficient  Std. Coeff. = Co. Int. 95% Description Type of Descriptor

Intercept 0.191 —_ 0.009 —_ —_
mean first ionization potential (scaled

Mi -0.068 -0.491 0.009 Constitutional indices
on Carbon atom)
GATS1p ~0.048 ~0.443 0.006 Geary autocorrelation of lag 1 2D autocorrelations
weighted by polarizability
WiA_RG 0.040 0.266 0.009 average Wiener-like 1nd§x from ' 3D matr.lx—based
reciprocal squared geometrical matrix descriptors
SPMAD_A 0.031 0281 0.009 spectral mean absolute deviation 2D matrix-based

from adjacency matrix descriptors
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Specifically, regarding the descriptor of GATSIp, it is actually the Geary coefficient which
is weighted by polarizability. When weighing data it is known the weighing factor, in this case
polarizability, decreases the descriptor with the increase in weighing factor. This relates back to
the model by suggesting that as polarizability increases, so does the refractive index, but due to
polarizability being a weighing factor, the GATS1p descriptor negatively affects the refractive index
which matches the model.

The two discussed descriptors (Mi, GATS1p) are related to the excitation energies of ground state
electrons [43,46]. For example, optical polarizability in quantum theory results from a mixing of suitable
excited state wave functions with the ground state wave function. The mixing coefficient is inversely
proportional to the excitation energy from the ground to the excited state. A small HOMO-LUMO gap
(and a higher energy of HOMO and a lower ionization potential) automatically means small excitation
energies to the manifold of excited states. Therefore, soft molecules, with a small gap, will be more
polarizable than hard molecules. Based on the QSPR model obtained, these two descriptors have been
found to heavily influence the refractive index due to their interaction with light that passes through
the materials.

Polymer properties are known to be affected by the chemical structure of the monomer units,
as well as the bulk interactions of the chains [47]. In the developed model, the monomer unit length is
represented by WIA_RG and SpMAD_A descriptors, which are 2D and 3D matrix descriptors. The size
and length of a molecule affect the speed of light by creating a “barrier” of material that light needs to
travel through. The length of polymeric units/chains (monomers) has also been expressed to increase
the refractive index of the material with branching [48]. It is believed that the larger the molecule,
the larger the refractive index which is due to the previously mentioned material “barrier.”

The Figure 1 represents the plots of experimental and predicted data correlation (a), Williams plot
(b) and the y-scrambling analysis plot (c). Thus, Figure 1a is the correlation plot for the training (yellow
dots) and the prediction sets (blue dots). The represented plot for the best 4-variable model has an R?
value of 0.904 and a very good Q%1 oo of 0.897. With these values being high and comparable, the internal
validation considers the model to be stable and internally robust. Figure 1b shows the Williams plot
and all values are within three standard deviations. The molecules that are outside the HAT values are
due to structural differences only, and are within the applicability domain. The y-scrambling plot is
generated and represented in Figure 1c to ensure that the selected model was not chosen by chance.
Due to the model showing compliance with the applied validation, the model is concluded to be highly
predictive and robust.

The Williams plot allows to evaluate the deviations from the ideal matching between experimental
and predicted data. Figure 1b shows that there are no anomalous trends, which is evident from the
regular distribution of points in both halves of the plot. The twelve structures which are out of the
applicability domain (with the HAT value larger than 0.075) are not outliers, they represent structurally
peculiar compounds. These twelve structures (1, 2, 3, 17, 21, 30, 38, 85, 125, 166, 235, 237) have log(n)
values of refractive indexes that range within 0.117-0.204, well in the range of all other data points.

It is necessary to iterate the robustness criteria for internal and external validation tests. In our
case, the chosen model has values of 0.904 and 0.897 for R? and Q?;00, respectively, which are the
results from the internal validation tests. These values are shown in Table 2. To ensure predictability,
the external validation was conducted based on the external test set, R?,¢. With the current model,
the R%,,; was found to be 0.880. This was acceptable for an external validation test and reinforces
the predictive ability of the model. Further criteria were used to ensure the external predictive
capability by the predictive squared correlation coefficients of Q?-F1, Q?-F2, Q?-F3. The coefficient
values for the chosen model were 0.874, 0.873, and 0.899, respectively, which confirm once again the
high predictive performance of the selected model. Other works have shown that the concordance
correlation coefficient cross-validation (CCCcv) and metrics parameters (" 1_ave) can be used for
additional validation. The chosen model has a CCCcv of 0.946. This further reinforces the stability and
predictive ability of the developed model. Moreover, the rzm_avg average was found to be 0.824 which
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adds to the predictive capability. The root means square error (RMSE) has low values of 0.007 and
0.008 for internal and external validation.

With all the internal and external criteria being surpassed by the model, it is confirmed that
the model is robust, stable and can be used to predict the refractive index of polymers. It has been
validated by passing R? and Q?%; oo, RMSE, internal and external CCC and r? m_ave for training and
prediction sets. Additionally, the y-scrambling validation procedure is confirmed the robustness and
no chance correlation.

4. Conclusions

A four-variable QSPR model was developed using a comprehensive and diverse dataset of 262
polymers. The influential descriptors in the model were found to be the ionization potential (Mi),
the descriptor weighted by polarizability (GATS1p), and the molecular structural topology (WiA_RG
and SpMAD_A). This model was found to have an R? value of 0.904 while the internal and external
validation parameters were found to be Q%100 of 0.897, and an R?.y; of 0.880. The model was also
subjected to and passed the y-scrambling, CCCcv, Rzm_[m and applicability domain examinations.

The ionization potential (Mi) and polarizability (GATS1p) were connected to the refractive index
via excitation energies of ground state electrons. These descriptors have a large influence on the
refractive index due to their interaction with the energy gap of ground state and excited state electrons.
The matrix descriptors of WiA_RG and SpMAD_A are associated with the molecular structural topology
and size. By varying the shape and size of the molecule, light has a different path to go through which
varies the speed of light and changes the refractive index.

The characteristics of this model as well as the internal and external validation parameters confirm
the predictive ability and robustness of this model. Further polymers with optical uses can be developed
using this transparent and reproducible model for the development of high or low refractive indices.

Supplementary Materials: The Supplementary Information file is available online alongside the manuscript.

Author Contributions: B.R. supervised and directed the project; M.E.E. curated and analyzed the experimental
data and performed the computational part; M.N. performed the curation of chemical structural data and initial
structure optimizations; M.E.E. and B.R. prepared the manuscript. All authors have given approval to the final
version of the manuscript.

Funding: M.E.E. thanks the Department of Coatings and Polymeric Materials at North Dakota State University
(NDSU) for providing the Lowell Wood funding. The authors thank Paola Gramatica for generously provided
a free license for the QSARINS software. This work is supported in part by the National Science Foundation
under ND EPSCoR Award #IIA-1355466 and by the State of North Dakota. Supercomputing support from CCAST
Thunder HPC System at NDSU is acknowledged.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Brandjup, J; Immergut, EH.; Grulke, E.A. Polymer Handbook, 4th ed., John Wiley & Sons:
Hoboken, NJ, USA, 1999.

2. Bicerano, J. Prediction of Polymer Properties, 2nd ed.; M. Dekker: New York, NY, USA, 1996.

3.  Sigma-Aldrich Database. Available online: http:/www.sigmaaldrich.com/united-states (accessed on
1 January 2020).

4.  Refractive Index of Amorphous Polymers. Available online: https://polymerdatabase.com/polymerphysics/
refractiveindex.html (accessed on 1 January 2020).

5. Higashihara, T.; Ueda, M. Recent progress in high refractive index polymers. Macromolecules 2015, 48,
1915-1929. [CrossRef]

6. Gooch, J.W. Encyclopedic Dictionary of Polymers, 2nd ed.; Springer: New York, NY, USA, 2011; Volume 1.

7.  Refractive Index of Polymers by Index. Available online: https://scientificpolymer.com/technical-library/
refractive-index-of-polymers-by-index/ (accessed on 1 January 2020).

8. Latour, M. Electrical properties of polymers. Dig. Lit. Dielectr. 1976, 40, 1-64. [CrossRef]

9. Whewell, W. History of the Inductive Sciences; JW Parker: London, UK, 1837; pp. 1-2.


http://www.sigmaaldrich.com/united-states
https://polymerdatabase.com/polymerphysics/refractiveindex.html
https://polymerdatabase.com/polymerphysics/refractiveindex.html
http://dx.doi.org/10.1021/ma502569r
https://scientificpolymer.com/technical-library/refractive-index-of-polymers-by-index/
https://scientificpolymer.com/technical-library/refractive-index-of-polymers-by-index/
http://dx.doi.org/10.1109/dld.2016.7593204

Molecules 2020, 25, 3772 80f9

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Liu, J.-G.; Ueda, M. High refractive index polymers: Fundamental research and practical applications.
J. Mater. Chem. 2009, 19, 8907-8919. [CrossRef]

Takafuji, M.; Kajiwara, M.; Hano, N.; Kuwahara, Y.; Thara, H. Preparation of High Refractive Index Composite
Films Based on Titanium Oxide Nanoparticles Hybridized Hydrophilic Polymers. Nanomaterials 2019, 9, 514.
[CrossRef] [PubMed]

Wei, Z.; He, L.; Chi, Z.; Ran, X.; Guo, L. Two-photon isomerization triggers two-photon-excited fluorescence
of an azobenzene derivative. Spectrochim. Acta Part A Mol. Biomol. Spectrosc. 2019, 206, 120-125.
[CrossRef] [PubMed]

Suwa, M.; Niwa, H.; Tomikawa, M. High Refractive Index Positive Tone Photo-sensitive Coating. |. Photopolym.
Sci. Technol. 2006, 19, 275-276. [CrossRef]

Walheim, S. Nanophase-Separated Polymer Films as High-Performance Antireflection Coatings. Science
1999, 283, 520-522. [CrossRef]

Nakabayashi, K.; Sobu, S.; Kosuge, Y.; Mori, H. Synthesis and nanoimprinting of high refractive index and
highly transparent polythioethers based on thiol-ene click chemistry. J. Polym. Sci. Part A Polym. Chem. 2018,
56, 2175-2182. [CrossRef]

Giuri, A,; Yuan, Z.; Miao, Y.; Wang, J.; Gao, F; Sestu, N.; Saba, M.; Bongiovanni, G.; Colella, S.;
Corcione, C.E;; et al. Ultra-Bright Near-Infrared Perovskite Light-Emitting Diodes with Reduced Efficiency
Roll-off. Sci. Rep. 2018, 8, 15496. [CrossRef]

Miclos, S.; Savastru, D.; Savastru, R.; Lancranjan, I. Transverse mechanical stress and optical birefringence
induced into single-mode optical fibre embedded in a smart polymer composite material. Compos. Struct.
2019, 218, 15-26. [CrossRef]

Cerna, J.R.; Alejandro, A.S.; Matla, M. Analysis of the influence of glycidyl methacrylate on molecular weight
and refractive index in styrene-methylmethacrylate-glycidyl methacrylate copolymers through mixture
design of experiments. J. Appl. Polym. Sci. 2009, 114, 1935-1941. [CrossRef]

Oban, R.; Matsukawa, K.; Matsumoto, A. Heat resistant and transparent organic-inorganic hybrid materials
composed of N -allylmaleimide copolymer and random-type SH-modified silsesquioxane. J. Polym. Sci. Part
A Polym. Chem. 2018, 56, 2294-2302. [CrossRef]

Kasarova, S.; Sultanova, N.; Ivanov, C.D.; Nikolov, .D. Analysis of the dispersion of optical plastic materials.
Opt. Mater. 2007, 29, 1481-1490. [CrossRef]

Bobbitt, ].M.; Mendivelso-Pérez, D.; Smith, E.A. Scanning angle Raman spectroscopy: A nondestructive
method for simultaneously determining mixed polymer fractional composition and film thickness. Polymer
2016, 107, 82-88. [CrossRef]

Dearden, J.C. The History and Development of Quantitative Structure-Activity Relationships (QSARs).
In Oncology; IGI Global: Hershey, PA, USA, 2017; pp. 67-117.

Arodz, T,; Galvez, J.; Dudek, A.Z. Computational Methods in Developing Quantitative Structure-Activity
Relationships (QSAR): A Review. Comb. Chem. High Throughput Screen. 2006, 9, 213-228. [CrossRef]
Quintero, F.A.; Patel, S.J.; Mufioz, F; Mannan, M.S. Review of Existing QSAR/QSPR Models Developed
for Properties Used in Hazardous Chemicals Classification System. Ind. Eng. Chem. Res. 2012, 51,
16101-16115. [CrossRef]

Le, T.C; Epa, V.C.; Burden, ER.; Winkler, D.A. Quantitative Structure-Property Relationship Modeling of
Diverse Materials Properties. Chem. Rev. 2012, 112, 2889-2919. [CrossRef]

Juretic, D.; Kusic, H.; Dionysiou, D.D.; Rasulev, B.; Bozic, A.L. Modeling of photooxidative degradation of
aromatics in water matrix; combination of mechanistic and structural-relationship approach. Chem. Eng. J.
2014, 257,229-241. [CrossRef]

Chen, G,; Shen, Z.; Iyer, A.; Ghumman, U.F; Tang, S.; Bi, J.; Chen, W.; Li, Y. Machine-Learning-Assisted
De Novo Design of Organic Molecules and Polymers: Opportunities and Challenges. Polymer 2020,
12,163. [CrossRef]

Turabekova, M.; Rasulev, B.; Dzhakhangirov, F.; Leszczynska, D.; Leszczynski, J. Aconitum and Delphinium
alkaloids of curare-like activity. QSAR analysis and molecular docking of alkaloids into AChBP. Eur. |.
Med. Chem. 2010, 45, 3885-3894. [CrossRef]

Bouteloup, R.; Mathieu, D. Improved model for the refractive index: Application to potential components of
ambient aerosol. Phys. Chem. Chem. Phys. 2018, 20, 22017-22026. [CrossRef]


http://dx.doi.org/10.1039/b909690f
http://dx.doi.org/10.3390/nano9040514
http://www.ncbi.nlm.nih.gov/pubmed/30986965
http://dx.doi.org/10.1016/j.saa.2018.07.098
http://www.ncbi.nlm.nih.gov/pubmed/30092493
http://dx.doi.org/10.2494/photopolymer.19.275
http://dx.doi.org/10.1126/science.283.5401.520
http://dx.doi.org/10.1002/pola.29181
http://dx.doi.org/10.1038/s41598-018-33729-9
http://dx.doi.org/10.1016/j.compstruct.2019.03.044
http://dx.doi.org/10.1002/app.30602
http://dx.doi.org/10.1002/pola.29202
http://dx.doi.org/10.1016/j.optmat.2006.07.010
http://dx.doi.org/10.1016/j.polymer.2016.10.063
http://dx.doi.org/10.2174/138620706776055539
http://dx.doi.org/10.1021/ie301079r
http://dx.doi.org/10.1021/cr200066h
http://dx.doi.org/10.1016/j.cej.2014.07.053
http://dx.doi.org/10.3390/polym12010163
http://dx.doi.org/10.1016/j.ejmech.2010.05.042
http://dx.doi.org/10.1039/C8CP02701C

Molecules 2020, 25, 3772 90f9

30.

31.

32.

33.

34.

35.

36.

37.
38.

39.

40.

41.

42.

43.

44.
45.

46.
47.

48.

Toropova, A.P; Toropov, A.A.; Rasulev, B.; Benfenati, E.; Gini, G.; Leszczynska, D.; Leszczynski, J.
QSAR models for ACE-inhibitor activity of tri-peptides based on representation of the molecular structure
by graph of atomic orbitals and SMILES. Struct. Chem. 2012, 23, 1873-1878. [CrossRef]

Katritzky, A.R; Sild, S.; Karelson, M. Correlation and Prediction of the Refractive Indices of Polymers by
QSPR. J. Chem. Inf. Comput. Sci. 1998, 38, 1171-1176. [CrossRef]

Xu, J.; Chen, B.; Zhang, Q.; Guo, B. Prediction of refractive indices of linear polymers by a four-descriptor
QSPR model. Polymer 2004, 45, 8651-8659. [CrossRef]

Jabeen, F.; Chen, M.; Rasulev, B.; Ossowski, M.; Boudjouk, P. Refractive indices of diverse data set of polymers:
A computational QSPR based study. Comput. Mater. Sci. 2017, 137, 215-224. [CrossRef]

Khan, PM.; Rasulev, B.; Roy, K. QSPR Modeling of the Refractive Index for Diverse Polymers Using 2D
Descriptors. ACS Omega 2018, 3, 13374-13386. [CrossRef]

Duchowicz, PR.; Fioressi, S.E.; Bacelo, D.E.; Saavedra, L.M.; Toropova, A.P.; Toropov, A.A. QSPR studies
on refractive indices of structurally heterogeneous polymers. Chemom. Intell. Lab. Syst. 2015, 140,
86-91. [CrossRef]

ChemDraw Professional. ChemDraw Professional, Version 16 0.0.82 (68); Perkin Elmer Informatics, Inc.:
Cambridge, MA, USA, 2019.

HyperChemTm. HyperChemTm, Version 8 0.10 for Windows; Hypercube, Inc.: Gainesville, FL, USA, 2019.
Toddeschini, R.; Consonni, V.; Mauri, A.; Pavan, M. Dragon Software for the Calculation of Molecular Descriptors,
Version 6 for Windows; Talete SRL: Milan, Italy, 2014.

Gramatica, P.,; Chirico, N.; Papa, E.; Cassani, S.; Kovarich, S. QSARINS: A new software for the development,
analysis, and validation of QSAR MLR models. J. Comput. Chem. 2013, 34, 2121-2132. [CrossRef]
Gramatica, P. Principles of QSAR models validation: Internal and external. QSAR Comb. Sci. 2007, 26,
694-701. [CrossRef]

Chirico, N.; Gramatica, P. Real External Predictivity of QSAR Models: How To Evaluate It? Comparison
of Different Validation Criteria and Proposal of Using the Concordance Correlation Coefficient. J. Chem.
Inf. Model. 2011, 51, 2320-2335. [CrossRef]

Koopmans, T. Uber die Zuordnung von Wellenfunktionen und Eigenwerten zu den Einzelnen Elektronen
Eines Atoms. Physica 1934, 1, 104-113. [CrossRef]

Reddy, R.; Ahammed, Y.N.; Gopal, K.R.; Azeem, P.A.; Rao, T. Physico-chemical parameters of alkali halides
using optical electronegativity. Infrared Phys. Technol. 2001, 42, 49-54. [CrossRef]

Lorenz, L. Ueber die Refractionsconstante. Ann. Phys. 1880, 247, 70-103. [CrossRef]

Lorentz, H.A. Nachtrag zu der Abhandlung: Ueber die Anwendung des Satzes vom Virial in der kinetischen
Theorie der Gase. Ann. der Phys. 1881, 248, 660—-661. [CrossRef]

Gilman, ].J. Chemical and physical “hardness”. Mater. Res. Innov. 1997, 1, 71-76. [CrossRef]

Bender, G.W.; Legrand, D.G.; Gaines, G.L. Molecular Weight Dependence of Surface Tension and Refractive
Index for Some Poly(ethylene oxide) Derivatives. Macromolecules 1969, 2, 681-682. [CrossRef]

Askadskii, A.; Kovriga, O. Effect of branching on the physical characteristics of polymers. Polym. Sci. USSR
1991, 33, 1821-1831. [CrossRef]

Sample Availability: Samples of the compounds are not available from the authors.

® © 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.1007/s11224-012-9996-z
http://dx.doi.org/10.1021/ci980087w
http://dx.doi.org/10.1016/j.polymer.2004.10.057
http://dx.doi.org/10.1016/j.commatsci.2017.05.022
http://dx.doi.org/10.1021/acsomega.8b01834
http://dx.doi.org/10.1016/j.chemolab.2014.11.008
http://dx.doi.org/10.1002/jcc.23361
http://dx.doi.org/10.1002/qsar.200610151
http://dx.doi.org/10.1021/ci200211n
http://dx.doi.org/10.1016/S0031-8914(34)90011-2
http://dx.doi.org/10.1016/S1350-4495(00)00053-0
http://dx.doi.org/10.1002/andp.18802470905
http://dx.doi.org/10.1002/andp.18812480414
http://dx.doi.org/10.1007/s100190050023
http://dx.doi.org/10.1021/ma60012a024
http://dx.doi.org/10.1016/0032-3950(91)90019-M
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Collection and Preparation of Experimental Dataset 
	Descriptors Set Generation 
	Model Development and Validation 

	Results and Discussion 
	Conclusions 
	References

