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Abstract

This study investigates the optical properties of rubrene derivatives to develop an accurate predictive
model for absorption maxima using computational chemistry and chemoinformatic techniques. We
benchmarked various quantum chemical methods, identifying that the M06-2X/aug-cc-pVDZ method
in dichloromethane (DCM) provided the strongest correlation with experimental data. Key molecular
descriptors such as band gap, ionization potential, and electrophilicity index were calculated and
analyzed using principal component analysis (PCA) to identify significant factors influencing
absorption maxima. A multiple linear regression model was then developed and validated using test
molecules, achieving an R? value of 0.7512. The predictive model demonstrated average accuracy in
forecasting absorption maxima, aligning well with experimentally observed values. This study offers
some insights into the structure—property relationships in rubrene derivatives and provides a reliable
computational approach for guiding the design of new OLED materials.

Furthermore, the influence of substituent effects on the electronic distribution within the rubrene
framework was systematically examined, revealing that electron-donating groups tend to induce
bathochromic shifts, while electron-withdrawing groups lead to hypsochromic behavior. Solvent
effects were also evaluated using implicit solvation models, confirming the critical role of polarity in
modulating excited-state properties. The robustness of the developed model was assessed through
cross-validation and external validation datasets, ensuring its generalizability across structurally
diverse derivatives. In addition, correlation analysis highlighted the combined contribution of frontier
molecular orbital energies and global reactivity descriptors in determining optical responses. These
findings not only enhance the understanding of photophysical behavior in rubrene-based systems but
also establish a cost-effective screening strategy for the rational design and optimization of high-
performance organic optoelectronic materials.
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INTRODUCTION
In the field of optoelectronics, organic light-
emitting diodes have gained significant attention
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due to their potential for use in various applications
such as display technologies and eco-friendly
lighting sources since the pioneering work of Tang
and Van Slyke in 1987 [1, 2]. There are potential
applications of OLEDs beyond traditional display
technologies, such as in OLED-based wearable
healthcare [8], several other biomedical
applications [9] and automotive market [10].
Unlike traditional inorganic LEDs, which typically
use semiconductor materials like gallium nitride,
OLEDs utilize organic molecules or polymers as
the emissive layer [11]. Among the organic
materials, rubrene 5, 6, 11, 12-
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tetraphenyltetracene) and its derivatives stand out due to their unique molecular structure and
exceptional charge carrier mobility for holes, making them promising candidates for OLED
development [12,13].

Extensive research has demonstrated the potential of rubrene-based OLEDs, showcasing high
power efficiency and favorable charge transport properties [14, 15]. The rubrene layer improves
charge carrier injection, reduces metal penetration, and enhances device performance in OLED
applications with an optimal thickness of around 8nm [16]. However, predicting the optoelectronic
properties of rubrene derivatives poses challenges due to their complex molecular structures and vast
variations. To address this, we combine computational chemistry and machine learning to predict the
behavior of rubrene derivatives efficiently.

Computational chemistry and machine learning can be combined to make predictions in molecular
modeling, catalysis, and drug design. Here, we used this combination to predict the behavior of
rubrene derivatives [17—-19].The integration of machine learning enhances our predictive capabilities
by analyzing and extracting patterns from large datasets, enabling us to make accurate predictions
about the behavior of rubrene derivatives based on their molecular structures and properties [20, 21].
Through the synergy of machine learning and computational chemistry, we can predict the behavior
of rubrene derivatives with much greater efficiency than experimental studies, thereby aiding in the
development of rubrene derivatives as OLED materials.

Theoretical calculations, including Density Functional Theory (DFT) and Time-Dependent DFT
(TD-DFT), are vital for discovering the intricate properties of OLED materials [22-25]. In 2020,
research conducted by Zhang et al. [26] provided insight into how substituents affect the molecular
structure and electronic properties of rubrene using theoretical methods such as DFT and TD-DFT.
Liang Zhao et al. [27] also utilized theoretical studies to analyze the impact of conjugation and
perpendicular phenyl groups on the two-photon absorption cross section (dmax) of rubrene
derivatives. These studies highlight the importance of understanding the structure-property
relationships of rubrene derivatives through theoretical studies.

Machine learning techniques provide a powerful solution for data analysis and prediction in various
fields, including chemistry [28-36]. In the case of investigating the OLED properties of rubrene,
machine learning can be highly beneficial [37]. By training machine learning models on a dataset of
rubrene derivatives with known OLED properties, we can extract patterns and relationships between
molecular structures and properties [29, 38].

The experimental absorbance values of 8 rubrene derivatives (Figure 1) from the study conducted
by Paraskar et al. [39] and Gaozhan Xie [40] became the foundation of our work. To facilitate this
study, we can construct the necessary dataset through the utilization of Density Functional Theory
(DFT) and Time-Dependent Density Functional Theory (TD-DFT) methods. Linear regression [41,
42] a fundamental statistical technique used to model the relationship between a dependent variable
and one or more independent variables, can be applied to the dataset to identify the factors influencing
the absorption maxima of rubrene derivatives. This research intersects quantum mechanics, machine
learning, and OLED technology [43, 44] offering insights into accelerated material discovery.

METHODOLOGY

The study aimed at understanding the optical properties of rubrene and its derivatives, which are
crucial for enhancing OLED technology. A thorough literature review was conducted to gather
experimental absorbance data for various rubrene derivatives. This data served as the benchmark for
our work. Our methodology integrated computational chemistry, particularly Density Functional
Theory (DFT) [45—47] and Time-Dependent Density Functional Theory (TD-DFT), along with
machine learning, specifically linear regression analysis.
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Initially, we selected eight rubrene derivatives for our analysis, six of which were sourced from a
study by Paraskar et al., which extensively explored the structural and electronic properties of rubrene
and its derivatives. The remaining two derivatives were obtained from a study conducted by Xie on
the synthesis and characterization of azaacenes. The absorbance data from these studies formed the
foundation of our research. The most closely correlating theoretically generated absorption maxima
of eight rubrene derivatives to the experimentally calculated absorption maxima were determined.
Geometric optimization of rubrene derivatives was carried out using DFT with the B3LYP functional
and the 6-31G(d) basis set in the Gaussian 09 software [48, 49]. Frequency analysis was conducted to
confirm that there were no negative frequencies present, ensuring the stability of the optimized
structures. Subsequently, TD-DFT calculations were conducted to simulate the absorption spectra of
the rubrene derivatives under various conditions, including vacuum and solvent atmospheres
(specifically, dichloromethane). Different combinations of basis sets and functionals were utilized to
obtain the absorption spectra. Specifically, absorption spectra were obtained in vacuum using CAM-
B3LYP/6-31G(d) and in a solvent atmosphere of dichloromethane using CAM-B3LYP/6-31G(d),
CAM-B3LYP/cc-pVDZ, M06-2X/6-31G(d), M06-2X/cc-pVDZ, and M06-2X/aug-cc-pVDZ.

To assess the accuracy of our theoretical predictions, we compared the computed absorption
maxima with experimental data. It was found that the theoretical data obtained using M06-2X/aug-cc-
pVDZ showed the best correlation with the experimental data, and this method was subsequently used
to determine the absorption spectra for the newly designed rubrene derivatives. Various variables
suspected to affect the absorption maxima were then generated from FMO analysis, Multiwfn (3.7)
software, [50] optimized files, and other mathematical calculations. Factors such as the Highest
Occupied Molecular Orbital (HOMO) and Lowest Unoccupied Molecular Orbital (LUMO) energies
were extracted from the checkpoint files generated during calculations. These parameters were used to
calculate key descriptors like band gap, ionization potential, electron affinity, electronegativity,
chemical potential, hardness, softness, etc. as follows [51-56].

e Band gap =E ymo —Enomo (1)
e Jonization potential (I) = —Eyomo 2)
e Electron Affinity (A) = —EL ymo (3)
e Flectronegativity (y) = % “4)
e Chemical potential (n) = — (x) (5)
e Chemical hardness () = % (6)
e Chemical softness (s) = % @)
2
e Electrophilicity index (w) = Z—n (®)
. - _ (1434)?
e Electron accepting capability (w +) = 60— 9)
. - (31+4)?
e FElectron donating capability (o -) = ToU—a) (10)
e Net electrophilicity index (Aw +) = (w™ — w™) (11)
L4 AEBaCk donation = — % (12)
e Optical Softness (gy) = ﬁ (13)
e Nucleophilicity Index (N) = % (14)
e Maximum charge transfer capability (AN, qx) = 2(11;_':) (15)

Furthermore, we investigated molecular moments, including dipole moment, quadrupole moment,
and octopole moment, obtained from wave function files generated during calculations. These
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moments contribute to the overall polarity and electronic distribution within the molecules, which
may influence their optical properties.

Once we collected and organized all the factors related to rubrene derivatives’ properties, a dataset
was compiled in Excel. Using this dataset, we initially conducted principal component analysis [57,
58], a statistical technique that simplifies complex data while retaining trends and patterns.
Subsequently, linear regression analysis [59] was performed using Jamovi software [60] to determine
which factors significantly influenced the absorbance values of rubrene derivatives. After identifying
the influential factors, multiple regression analysis was conducted to pinpoint the major contributors
to absorption max and derived a linear regression equation illustrating their contributions.

The general form of a multiple linear regression model [61-65] is given by:

Y=Bo+Bi Xi+BXo+....+Ba Xn + € (16)
Where;

e Y is the dependent variable

o X, Xy, ...., Xy are independent variables,

e [ is the intercept,

e B1,B2,..., Pnare the coefficients,

e ¢ is the error term

In our study the multivariable regression model utilized the Absorption maxima as the dependent
variable and eight independent variables: Band Gap, Optical Softness, AE Back Donation,
Nucleophilicity Index, Softness, Hardness, Chemical Potential, and Electrophilicity Index.

The small dataset of eight derivatives is a limitation; therefore, the validation of our model with 17
additional test molecules aimed to mitigate this issue. However, further validation with more
extensive and diverse datasets is needed for a comprehensive assessment 26>, Following molecular
optimization and TD-DFT analysis similar to the experimental data, the major contributing factors
affecting absorption max were identified for each of these test molecules. These factors were then
incorporated into the previously obtained linear equation, and the modelled and theoretically
calculated absorption maxima were compared to assess the accuracy of the model.

RESULTS & DISSCUSSIONS
In our current study, we have conducted calculations on eight derivatives of rubrene to predict their
suitability for OLED applications (See Figure 2 for the optimized structures). Initially, we optimized
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Figure 2. Optimized structures of the molecules.

the rubrene derivatives and discovered that the optimized structures (Figure 3) exhibited zero
imaginary frequencies, confirming their stability. To determine the absorption spectra of the rubrene
derivatives in various conditions, including vacuum and solvent atmospheres, we utilized TD-DFT
calculations. The values of the absorption maxima in each method are provided in Table 1 for
reference. Upon analysis, it appears that the M06-2X/aug-cc-pVDZ method (solvent: DCM) shows
the most agreement with the experimental data across the majority of the rubrene derivatives. This is
indicated by the values being closest to the experimental Amax values for the majority of derivatives.

Based on this comparison, it can be suggested that the M062X/aug-cc-pVDZ method (solvent:
DCM) demonstrates a strong correlation with the experimental absorbance data for rubrene
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derivatives, making it a reliable option for predicting the absorbance maxima of rubrene derivatives in
dichloromethane (DCM) solvent. The absorbance spectra obtained by this method is also shown in the
Figure S1.

The (R?) coefficient of determination values obtained from the linear regression plots (Figure 5) can
provide insights into the strength of the correlation between the theoretical absorbance values and the
experimental data. The R? value ranges from 0 to 1, with a value closer to 1 indicating a stronger
correlation between the predicted and observed values.

Upon examining the R? values for each method we can observe that CAM-B3LYP/cc-pVDZ
(solvent: DCM), M062X/cc-pVDZ (solvent: DCM), and MO062X/aug-cc-pVDZ (solvent: DCM)
methods have relatively higher R? values of 0.9376 compared to the other methods.

Linear plot-1 Linear plot-2
504 + 515 -
502 - R?=0.3782 6 ©
_ t5
500 - R2=0.9137 6 = 510 - 0 4
E 498 - 4 £ t3
Z 496 ( g 305
5 404 o =
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5 490 1 g 2 495 1 t7
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(a) Experimental data(nm) Experimental data(nm)
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Figure 3. (a—c) Linear regression plots by different methods.

Based on both the tabulated absorbance values and the R-squared (R?) analysis, it is evident that the
method MO062X/aug-cc-pVDZ (solvent: DCM) demonstrates a stronger correlation with the
experimental data. Hence, it can be considered as the benchmark method for further analysis. In
conclusion, both the table and the R? value analysis highlight the robust correlation of M062X/aug-cc-
pVDZ (solvent: DCM) with the experimental values, solidifying its reliability for predicting the
absorbance maxima of rubrene derivatives.

Furthermore, the decision to exclude the absorbance values of parent rubrene from the analysis is
justified. Parent rubrene was omitted because it does not exhibit significant push-pull effects as
observed in its substituted derivatives. Therefore, its absorbance values do not align well with the rest
of the derivatives, making it unsuitable for comparison and analysis in this context.

After identifying the method that correlates with the experimental data, several procedures were
employed to determine the variables affecting the absorption maxima. From the checkpoint files of
the eight derivatives of rubrene, the values of Highest Occupied Molecular Orbital (HOMO) and
Lowest Unoccupied Molecular Orbital (LUMO) energies were obtained, from which several
parameters were calculated using the equations outlined in the methodology. Additionally, values of
various moments were obtained from the Multiwfn software. All these variables were tabulated for
analysis (Table 2).

Principal Component analysis (Table S1) of this dataset provides valuable insights into the major
components affecting the absorption maxima by reducing the dimensionality of data while preserving
as much as variable as possible. The PCA model provided includes several components of interest:

Component loadings indicate how much each variable contributes to the principal components. In
this PCA, two main components are considered: Component 1 has high loadings for HOMO (0.942),
LUMO (0.880), Molecular Mass (0.909), and other variables, suggesting that it largely represents
electron-related properties and molecular size. Component 2 is significantly influenced by properties
like Band Gap (0.976), Chemical Potential (0.976), and Hardness (0.976), reflecting the stability and
reactive capabilities of the molecules. The uniqueness of a variable indicates the proportion of the
variance in that variable that isn’t shared with other variables, and high values (e.g., Dipole Moment:
0.7188) suggest that not all variability is captured by the two main components.

The Bartlett’s Test of Sphericity checks (Table S2) whether the correlation matrix is an identity
matrix, which would indicate that variables are unrelated. The extremely low p-value (< 0.001) in this
analysis suggests that there is a significant correlation among variables, justifying the use of PCA.
The Kaiser-Meyer-Olkin (KMO) measure (Table S3) tests whether the partial correlations among
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Table 1. Absorption maxima obtained by different methods.

Rubrene Amax (expt) | CAM-B3LYP/ | CAM-B3LYP/ | CAM-B3LYP/ | M062X/ | M062X/ MO062X/aug-cc-
Derivatives 6-31G(d) 6-31G(d) cc-pVDZ cc-pVDZ | 6-31G(d) pVDZ
(solvent: (solvent: (solvent: | (solvent: (solvent: DCM)
DCM) DCM) DCM) DCM)

tl 525 495.17 507.65 515.56 516.10 507.17 525.43

t2 525 496.76 509.71 517.11 517.74 517.14 526.86

t3 526 494.88 506.92 515.20 515.52 506.26 524.8

t4 528 497.69 510.03 518.52 518.98 509.48 528.42

t5 529 501.37 513.37 521.18 521.84 513.03 531.53

t6 528 500.07 512.28 520.06 520.78 511.97 529.91

t7 526 495.88 495.87 516.27 516.64 507.03 525.88

t8 520 488.42 500.29 507.57 507.94 499.67 516.13

Table 2. Dataset obtained from different procedures.

Rubrene derivatives Amax HOMO | LUMO | Band Gap 1 A e n

t1 525.43 -6.12 -1.94 4.18 6.12 1.94 4.030 1.044

t2 526.86 -6.25 -2.08 4.17 6.25 2.08 4.166 1.042

t3 524.8 -6.02 -1.85 4.18 6.02 1.85 3.934 1.044

t4 528.42 -5.93 -1.77 4.15 5.93 1.77 3.850 1.038

t5 531.53 -6.08 -1.95 4.13 6.08 1.95 4.015 1.034

t6 529.91 -6.13 -1.99 4.15 6.13 1.99 4.058 1.036

t7 525.88 -5.99 -1.83 4.17 5.99 1.83 3911 1.042

t8 516.13 -5.92 -1.70 4.21 5.92 1.70 3.809 1.053

Rubrene n S ® | ANmax Dipole Energy Molecular Mass Quadrupole

derivatives Moment Moment

tl 2.088 | 1.044 | 1.137 | 16.825 26.505 -44852.01 4.97758E+11 618.94

t2 2.085(1.042 | 1.133(17.370 0.009 -45724.56 4.99598E+11 1561.64

t3 2.088 | 1.044 | 1.137 | 16.427 2.822 -49377.08 5.29417E+11 599.13

t4 2.077 | 1.038 | 1.120 | 15.991 17.296 -50208.09 5.51827E+11 1381.82

t5 2.067 | 1.034 | 1.104 | 16.598 41.766 -50143.39 5.48073E+11 1395.66

t6 2.073 | 1.036 | 1.113 | 16.823 10.302 -48996.99 5.42486E+11 2605.86

t7 2.084 | 1.042 | 1.131 | 16.299 21.013 -52491.59 5.57371E+11 557.62

t8 2.107 | 1.053 | 1.169 | 16.050 29.835 -50207.91 5.51827E+11 756.77

Rubrene Octopole Polariza- Oscillator w+ - Aw AEBack N ()
derivative | Moment bility strength Donation

tl 16549.9 18490.7 0.2588 37.224 107.47 | -70.24 | -0.522 | 0.879 | -1.916
2 11602.4 17957.3 0.2506 40.674 113.10 | -72.42 | -0.521 |0.883 | -1.919
t3 8138.30 18910.3 0.2639 34.888 103.48 | -68.58 | -0.522 |0.879 | -1.916
t4 11654.4 20327.9 0.2917 32.838 99.26 -66.42 | -0.519 |0.893| -1.926
t5 26484.5 20315.0 0.3065 36.743 105.37 | -68.62 | -0.517 |0.906 | -1.935
t6 22845.7 20340.9 0.3019 37.855 107.59 | -69.73 | -0.518 |0.899 | -1.930
t7 15228.5 19547.5 0.2761 34314 102.23 | -67.92 | -0.521 |0.884 | -1.920
t8 7401.85 21174.7 0.2482 32.003 99.63 -67.62 | -0.527 |0.856 | -1.899

variables are small. Here, a KMO value of 0.500 suggests that the sampling adequacy is borderline
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acceptable. The eigenvalues measure (Table S4) the amount of variation retained by each principal
component. The first two components have eigenvalues of 9.43763 and 6.09743, respectively,
indicating they capture most of the variance in the data. Component 1 explains about 52.4313% of the
variance, Component 2 covers an additional 33.8746%, cumulatively, about 86.3069% of the variance
is explained by the first two components. This high percentage of explained variance suggests that
these two components successfully capture most of the information in the dataset.

A scree plot (Figure 4) is used to determine the number of components to keep in a PCA model. It
plots the eigenvalues in a descending order against the number of components. The 'elbow' in the
scree plot typically indicates where the remaining components stop adding significant value. Here, the
scree plot shows a clear elbow after the second component, reinforcing the decision to focus on two
components.

Thus the high loadings of molecular properties related to electron behavior and size on Component
1 suggest that this component could be interpreted as representing the "electronic and size
characteristics" of molecules. In contrast, Component 2 might be considered as encapsulating
"stability and reactivity characteristics" due to its high loadings for properties like Band Gap and
Hardness. The PCA performed on this dataset effectively reduces its dimensionality by condensing a
large set of variables into two principal components that explain over 86% of the variance. These
components provide significant insights into the electronic, size, stability, and reactivity
characteristics of the molecules studied. In practical terms, this PCA can help chemists and
researchers reduce the complexity of their data, allowing them to focus on two broad underlying
factors that encapsulate most of the information in the original variables. This can be particularly
useful in initial screens of molecular datasets where researchers are trying to identify underlying
patterns or groupings in molecular properties.

After identifying the principal components that affects the absorption maxima, the dataset was
analyzed using Jamovi software, a statistical tool designed to identify significant variables. Model fit
measures (Table S5) were then assessed to gain insights into the relationship between variables and
the absorption maxima of rubrene derivatives. The coefficient of determination (R-squared) indicated
that over 96% of the variability in absorption maxima can be attributed to changes in certain variables,
including band gap, optical softness, chemical potential, chemical hardness and softness,
electrophilicity index, AE Back donation, and mnucleophilicity index. This suggests a strong linear
association between absorption maxima and these variables. Adjusted R-squared values remained
high for models incorporating the aforementioned independent variables, indicating that the model’s
explanatory power was not inflated by unnecessary variables. The root mean square error (RMSE)
values, such as 0.764 for band gap, indicated relatively small average deviations between observed
and predicted values, suggesting a good model fit. This pattern was consistent across variables like
Optical softness, Chemical pot, chemical hardness, chemical softness electrophilicity index, AE pack
donation, and nucleophilicity index.

The overall model F-test assessed whether the regression model as a whole provided a better fit to
the data than a model with no predictors. Variables with p-values less than the significance level
(typically 0.05) were deemed statistically significant. In this analysis, Band Gap, Optical softness,
chemical pot, chemical hardness, chemical softness electrophilicity index , AE Back donation , and
nucleophilicity index, octopole moment, and oscillator strength were identified as significant
variables, with band gap, optical softness, chemical pot, chemical hardness, chemical softness
electrophilicity index , AEpack donation » and nucleophilicity index being particularly significant with p-
values less than .001.

The linear regression analysis found a clear link between absorption maxima and certain key traits
like band gap, optical softness, chemical potential, chemical hardness and softness, electrophilicity
index, AE Back donation, and nucleophilicity index. These findings offer valuable insights into how
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the absorption properties of rubrene derivatives can be influenced by specific molecular features.
Moreover, this knowledge can be utilized to develop a multiple linear regression model for predicting
absorption maxima, aiding further research and development in this area.

After conducting multiple regression analysis using a dataset containing absorption maxima as the
dependent variable and Band Gap, Optical Softness, AE Back Donation, Nucleophilicity Index,
Softness, Hardness, Chemical Potential, and Electrophilicity Index as independent variables, a linear
regression model was obtained as follows. (Please see Table S6 for data)

Absorption Maxima = -11491.5-278.5 (Band Gap) + 30.0 (Optical Softness) + 24790.0 (AE Back
Donation) + 3510.0 (Nucleophilicity Index) + 13200.0 (Chemical Softness) + 4460.0 (Chemical
Hardness) (17)

Here, (Table S7) the intercept (-11491.5) denotes the baseline Absorption maxima when all
predictors are zero. Band Gap, with a coefficient of -278.5, suggests a decrease in Absorption maxima
with increasing Band Gap, indicating narrower band gaps are favorable for higher absorption maxima.
Optical Softness contributes positively, although to a lesser extent (coefficient: 30.0), implying that
higher softness slightly increases the absorption capacity. AE Back Donation exhibits a significant
positive effect (coefficient: 24790.0), the largest among all predictors, highlighting its strong
influence on increasing Absorption maxima. Nucleophilicity Index, Chemical Softness, and Chemical
Hardness also have a positive influence, indicating higher values in these descriptors are associated
with higher Absorption maxima. However, Chemical Potential and Electrophilicity Index could not be
evaluated due to computational issues (NaN values), likely reflecting multicollinearity or data
insufficiency. The model fit measures (Table S7) R? (0.999) and Adjusted R? (0.991) indicate an
excellent fit, with the model explaining nearly all the variance in Abs Max among molecules.

Thus the analysis reveals that certain molecular descriptors significantly influence the Absorption
maxima. The positive coefficients for AE Back Donation, Nucleophilicity Index, Chemical Softness,
and Chemical Hardness suggest that molecules with higher values of these properties tend to have
higher Absorption maxima, which is crucial for materials used in light-absorbing applications. The
negative coefficient for Band Gap aligns with theoretical expectations: a smaller band gap typically
allows for easier electron excitation, which corresponds to higher light absorption. The negligible
impact of Optical Sofiness and the undefined coefficients for Chemical Potential and Electrophilicity
Index call for a reconsideration of the data quality or experimental design, potentially adjusting for
multicollinearity or collecting more comprehensive data.

The 17 test molecules (Figure S2), selected to assess the efficiency of the linear regression equation
obtained, were optimized using the M062X/aug-cc-pVDZ method (solvent: DCM). The optimized
structures of these molecules are provided (Figure S3). Similar to the molecules used in the training
set, the absorption maxima of each test molecule were determined using TD-DFT analysis.
Additionally, the six descriptors identified as major contributors to absorption maxima (AE Back
Donation, Nucleophilicity Index, Chemical Softness, Chemical Hardness, Band Gap, and Optical
Softness) were obtained through FMO analysis (Table 3). The absorption maxima (modelled
absorption maxima) predicted by the linear regression equation, using these descriptors for the test
molecules, showed strong correlation with the theoretically calculated absorption maxima.

The agreement between the modelled and calculated Amax values was found to be particularly
robust, with differences of approximately +20 nm. This level of agreement is further supported by the
R? value of 0.7512, (Figure 5) indicating that the multiple linear regression model derived from
known molecular data can predict the absorption maxima of molecules without much variance.

These findings underscore the utility and reliability of the developed regression model in predicting
the absorption maxima of molecules beyond those used in the training set. Such predictive capabilities
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hold significant promise for guiding the design and optimization of novel molecules for various
applications, particularly in fields reliant on precise control over optical properties, such as OLEDs.
Moreover, the close agreement between modelled and theoretically calculated absorption maxima
highlights the robustness and accuracy of the computational approach employed in this study. Overall,
these results contribute to advancing our understanding of the relationships between molecular
descriptors and optical properties, facilitating informed molecular design strategies in
chemoinformatics and material science.

Table 3. Test molecule dataset.

Test Amax | Band | Hardness | Softness | AE Back | Nucleophilicity Optical | Modelled A
molecule Gap Donation Index Softness max
Tsl 520.23 | 4.15 2.074 1.037 -0.518 0.897 -1.929 527.84
Ts2 517.02 | 4.17 2.084 1.042 -0.521 0.884 -1.919 526.00
Ts3 516.94 | 4.17 2.085 1.042 -0.521 0.883 -1.919 525.95
Ts4 510.4 4.20 2.101 1.051 -0.525 0.863 -1.904 524.98
Ts5 51458 | 4.18 2.091 1.046 -0.523 0.875 -1.913 525.28
Ts6 515.89 | 4.17 2.086 1.043 -0.522 0.881 -1.917 525.73
Ts7 520.29 | 4.15 2.074 1.037 -0.519 0.896 -1.928 527.70
Ts8 508.22 | 4.21 2.105 1.052 -0.526 0.858 -1.900 525.08
Ts9 517.81 | 4.16 2.080 1.040 -0.520 0.889 -1.923 526.67
Ts10 513.87 | 4.18 2.091 1.046 -0.523 0.875 -1.913 525.30
Tsll 531.76 | 4.09 2.046 1.023 -0.511 0.934 -1.955 537.58
Ts12 525.87 | 4.07 2.037 1.019 -0.509 0.946 -1.963 541.92
Ts13 525.63 | 4.11 2.055 1.027 -0.514 0.922 -1.947 533.63
Ts14 52296 | 4.11 2.056 1.028 -0.514 0.920 -1.945 533.16
Ts15 516.79 | 4.17 2.086 1.043 -0.521 0.882 -1.918 525.80
Tsl6 51827 | 4.16 2.081 1.041 -0.520 0.887 -1.922 526.39
Ts17 527.4 4.10 2.049 1.024 -0.512 0.931 -1.953 536.26
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Figure 4. Scree plot.
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CONCLUSION

In this interdisciplinary study, we employed descriptive statistics and computational chemistry
techniques to delve into the OLED properties of rubrene and its derivatives. Through meticulous
analysis and model development, we identified key molecular descriptors influencing absorption
maxima, unveiling a clear relationship between various traits and optical behavior. Our developed
multiple linear regression model exhibited a robust predictive capability, validated by average
agreement with experimental data for newly designed molecules. This model, exhibiting an R? value
of 0.7512, showcases average efficiency in predicting absorption maxima, indicating its average
reliability beyond the training set. These findings not only enhance our comprehension of rubrene’s
OLED properties but also offer a pathway for the tailored design of novel materials with specific
optical characteristics crucial for advancements in organic electronics, photovoltaics, and
optoelectronic devices. Future work should focus on expanding the dataset for validation, exploring
other computational methods, and addressing the limitations identified. The integration of machine
learning and computational chemistry presents a promising route for accelerating materials discovery
and development, enabling efficient screening and analysis of molecular structures to drive innovation
in materials science and technology.
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