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Statistical Prediction of Donor-Acceptor Thiophene Copolymer
Properties
Michael T. Cole,a Ilana Y. Kanala and Geoffrey R. Hutchison*a
Conjugated polymers (CPs) have proven to be useful materials in organic optoelectronic devices. Polythiophenes are
particularly interesting CPs due to the tunable nature of their electronic structures and their relative environmental stability.
In this computational study, 91 diversely substituted thiophene monomers were combined into 4095 unique dimer pairs.
These dimers were used to construct alternating (AB)n oligomers (4095 tetramers, 120 hexamers, and 70 octamers). DFTB3LYP/6-31G* geometry optimizations were performed and the HOMO and LUMO energies were extracted for each of these
8471 chemical structures. Infinite polymer HOMO, LUMO, and HUMO/LUMO gap (Eg) energies were extrapolated for the
70 AB combinations for which hexamer and octamer calculations had been performed. Statistical models were developed
to relate monomer and small oligomer electronic properties to the extrapolated polymer energies. It was found that
monomer data alone was not sufficient to predict the extrapolated electronic energies of the infinite polymers using our
statistical models. The inclusion of tetramer and dimer data into these models provided a significant increase in robustness
of their predictive power.

Design, System, Application
This work illustrates some of the shortcomings of the standard
donor-acceptor model as a tool for predicting polymer
molecular orbital interactions. 8741 DFT calculations were
performed for a series of co-oligomers of varying length from a
diverse set of 91 thiophene monomers to explore statistical
relationships between the frontier molecular orbital energies of
oligomers and their degree of polymerization.
These
relationships were used to develop predictive models that allow
for the calculation of polymer frontier molecular orbital
energies. Polymer frontier molecular orbital energies have
been shown to impact the device performances of many types
of optoelectronic devices, including organic field effect
transistors, organic photovoltaics and organic light emitting
diodes.

for predicting these energies to streamline the discovery of new
compounds for use in next generation optoelectronic devices.
The available chemical space that contains conjugated
monomers of possible interest to polymer optoelectronic
applications is on the order of 1060 molecules11. To complicate
matters further, conjugated monomers can be combined into
random (AxBy), alternating (AB)n, or block (A)x(B)y copolymers.
Terpolymers and quaterpolymers of varying complexity can also
be synthesized. Previous work has shown that changes in
copolymer sequence for small oligomers has been shown to
have significant effects on frontier molecular orbital energies12.
To search this vast chemical space efficiently for molecules of
interest, computational methods must be employed.
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Introduction
In recent years, conjugated polymers (CPs) have been of
substantial research interest as new materials for use in a
variety of optoelectronic devices, such as organic light-emitting
diodes (OLEDs), organic field-effect transistors (OFETs), and
organic photovoltaics (OPVs)1,2. CPs have several advantages
over conventional inorganic materials including their relatively
low cost and roll-to-roll processability3. Polythiophenes have
been widely studied in semiconductor applications due to the
tunability of their electronic properties via substitution4,5 and
sequence control6,7, as well as their environmental stability8,9.
It has been shown that OLED, OFET, and OPV device
performances are related to the frontier molecular orbital
(FMO) energies of the conjugated polymers from which they are
composed1,2,10. This dependence of device performance on
polymer FMO energies necessitates an efficient methodology

Figure 1. Monomer combination scheme for co-dimers

Calculations performed with density functional theory (DFT)
and a hybrid functional such as B3LYP are typically in good
agreement with experimental results for CP systems, although
this agreement with experiment is often attributed to fortuitous
error cancellations13. DFT calculations have a fast basis set
convergence, and gas phase B3LYP/6-31G* calculations offer a
good compromise between accuracy and calculation time.
HOMO, LUMO, and HOMO/LUMO gap (Eg) energies extracted
from DFT calculations are related to the ionization potential,
electron affinity, and bandgaps respectively of conjugated
organic molecules13,14.
It is generally accepted that a linear relationship exists
between the HOMO, LUMO, and the Eg of conjugated oligomers
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and the inverse number of repeat units (1/n) in the molecule13,
This relationship can be used to extrapolate the
HOMO/LUMO data for an infinite conjugated polymer from its
short-chain oligomers.
It is now known that these
extrapolations deviate from linearity at large values of n. This is
due to the saturation effect, or the maximum number of repeat
units that can contribute to π delocalization along the polymer
backbone. The saturation effect depends strongly on the
conformation of the polymer, which can be adversely affected
by monomer substitutions, solvent effects, and backbone
rigidity. Many models have been developed to account for
saturation effects16, and terms such as the effective conjugation
length18 and the maximum conductive chain length19 have been
established to describe and quantify this phenomenon. When
utilizing the simple 1/n extrapolation method to determine the
Eg of a polymer from its constituent oligomers, the predicted
infinite polymer HOMO/LUMO gap tends to underestimate the
experimental values.
The primary objective of this computational study was to
construct statistical models with which polymer electronic
properties could be predicted using data extracted from
computationally inexpensive DFT calculations. These statistical
models could then be used in conjunction with other tools
developed in previous works as the beginnings of a multistage
screening process for the efficient discovery of new materials
for optoelectronic applications.

15-17.

Computational Methods
Monomer Data Set Selection
Initially, 100 diverse thiophene monomers were selected by
choosing a variety of substitutions, including simple functional
groups, aromatic and non-aromatic fused ring systems. Bulky
substitutions (e.g. t-butyl) were avoided to maintain some
consistency in the degree of planarity among the set of
conjugated oligothiophene copolymers. The monomers in this
study were limited to species containing C, H, N, O, S, Se, F, Br,
and Cl. Nine monomers which contained Se were eventually
excluded from the data set due to lack of MMFF94 parameters
for the conformer generation process. The remaining 91
monomers containing C, H, N, O, S, F, Br, and Cl were used as
the basis for all data collection and analysis in this study. The
structures of these 91 thiophene monomers are shown in
Figure S1 of the supporting information. The monomer SMILES
codes are listed in Table S1 of the supporting information.

where “(AB)n” is the alternating co-oligomer, “AB” is one of the
4095 dimer combinations, and “n” is the number of dimer
repeat units. All 4095 tetramer combinations (n = 2) were
included in the study. A random selection of 120 diverse dimer
combinations was used to generate hexamer (n = 3) data, and
70 of these 120 combinations were randomly selected to
generate octamer (n = 4) data. To ensure the small subset of
compounds in the octamer set were representative of the
entire data set, the distribution and range of the dimer
HOMO/LUMO energies of the 120 combinations used to build
hexamers and the 70 combinations used to build octamers were
compared to the dimer energies of the entire data set. Figure
S2 of the supporting information contains a scatter plot
illustrating this comparison. The dimer, tetramer, hexamer, and
octamer energy data for the 70 combinations in the octamer
subset were used to extrapolate the infinite polymer energy
data for these 70 compounds. Only 60 of these 70 compounds
were used to construct the predictive OLS models for the
polymer energies. The remaining 10 compounds were used as
a validation set.
Generation of Optimized 3D Structures
For each compound in this study, the 3D structure was
generated from its SMILES20 code using Open Babel21,22 and the
MMFF94 forcefield23-29 (steepest descent, 1000 steps, 1x10-4
kcal/mol convergence criteria). Next, a weighted-rotor search
was performed with Open Babel to obtain a low energy
conformer (MMFF94, 250 conformers, 25 geometry
optimization steps). The structure was further optimized with
conjugate gradients (MMFF94, 500 steps, 1x10-6 kcal/mol).
These pre-optimized structures were converted to
Gaussian0930 input files, and their structures were optimized in
the gas phase using DFT with the B3LYP31,32 functional at the 631G* level33. The HOMO and LUMO eigenvalues derived from
density functional theory have no physical meaning and cannot
be directly taken as ionization potentials or electron affinities
respectively. However, previous studies have shown that
eigenvalues calculated with the B3LYP hybrid functional have a
favorable
correlation
with
experimental
electron
affinities34,35,36, ionization potentials34, and band gaps37.
Statistical Methods
Statistical analyses were performed in python38,39 using the
IPython command shell40 with the NumPy and SciPy41, Pandas42,
and Statsmodels43 packages. Plots were made with the
Matplotlib44 graphics environment.

Dimer Data Set Selection
The 4095 dimers in this experiment were chosen by combining
each compound in the monomer data set into every possible
unique dimer pair where order did not matter and repetitions
were not allowed. This combination scheme is illustrated in
Figure 1.

Results and Discussion
Predicting Dimer HOMO and LUMO energies

Tetramer, Hexamer, and Octamer Data Set Selection
All tetramers, hexamers, and octamers in this study were
constructed from the dimer data set and are of the form (AB)n,
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Frequently, one may refer to a “donor” or “acceptor”
monomer, in regards to an electron donor with high HOMO
orbital energy and an electron acceptor with low LUMO orbital
energy. Unfortunately, since the HOMO-LUMO gaps of the two
monomers may be different, the real picture is more complex.
Figure 2 illustrates four common orbital mixing motifs that
repeatedly occur in this data set. In cases (a) and (c), one
monomer is both the “HOMO donor” and “LUMO donor”, while
the other is both the “HOMO acceptor” and “LUMO acceptor”.
In cases (b) and (d), differences in Eg energies lead to one
monomer acting as the “HOMO donor” and “LUMO acceptor”
while the other acts as the “HOMO acceptor” and “LUMO
donor”. Case (a) exemplifies ideal behavior with respect to
Hückel molecular orbital (HMO) theory. After combining the

orbital mixing behaviors. In case (c), the dimer molecular
orbitals exhibit a mixing pattern that is characteristic of neither
electron delocalization nor localization. Large dipole moments
lead to charge transfer interactions that dominate the observed
dimer molecular orbital energies. For example, the calculated
dipole moment of the dimer in case (c) is 4.9 Debye, compared
to 1.7 Debye for the dimer in case (a). In case (d), the dimer
molecular orbitals are localized, despite forming a conjugated
aromatic system.
It was expected that a statistical relationship exists between
the HOMO, LUMO, and Eg energies of the co-dimers and the
monomers which compose them. Operating under this
assumption, ordinary least squares (OLS) regressions were used
to develop predictive models for the co-dimers’ HOMO, LUMO

Figure 2. Molecular orbital diagrams of four diverse dimers in the data set. “Donor” orbitals are highlighted in blue. “Acceptor” orbitals are highlighted in red.
Dimer orbitals are highlighted in green and filled orbitals are denoted with black circles. Four general orbital mixing motifs are evident in this data set: (a)
delocalization, (b) polarization, (c) charge transfer, and (d) localization. Note that differences in monomer gap energies can result in the same monomer being a
“HOMO donor” and “LUMO acceptor.”

two monomers, their electron densities become delocalized
across the conjugated dimer. This leads to an increase in the
dimer HOMO energy, a decrease in the dimer LUMO energy and
a decrease in the overall Eg energy. In case (b), large difference
in monomer Eg energies lead to polar, localized dimer molecular
orbitals. Cases (c) and (d) display unexpected (but common)

and Eg energies from their respective monomer building blocks.
The OLS regression models were constructed using a minimal
number of model parameters to maximize the correlation
between the dependent and independent variables (R2). The pvalues for the independent variables in each model were
minimized (p-value < 0.05) to ensure that the contribution of
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each model parameter was statistically significant at the 95%
confidence interval. The mean absolute error was calculated
for each model by comparing the experimental results from the
training set with the predicted values. The models predicting
dimer HOMO, LUMO and Eg energies in this experiment are
summarized in Table 1. The equation and summary of the OLS
results for each model are given in Tables S2 – S7 of the
supporting information.
There are obvious correlations between monomer and
dimer frontier molecular orbital energies. It should be noted
that the when the dimer Eg energy is simply approximated as
the difference in energy between the HOMO donor’s HOMO
energy and the LUMO acceptor’s LUMO energy, the errors are
relatively large (0.50 +/- 0.33 eV, not shown in Table 1). When
this difference is treated as a parameter in a univariate OLS
model, the errors are drastically reduced (0.22 +/- 0.17 eV). As
expected, the multivariate OLS model that contains HOMO,
LUMO and Eg data from both monomers further decreases the
model error (0.18 +/- 0.14 eV). These statistical models neglect
to consider orbital interaction and delocalization, which is
captured by even simple quantum models such as HMO theory.
A simple Hückel secular determinant could be used to calculate
resonance integrals for each monomer pair after dimer
formation. It was hypothesized that these resonance integrals
could be treated as a parameter to increase the accuracy of the
dimer models in Table 1.
Hückel Analysis
The extent of orbital interaction in each dimer combination
under study was analyzed using simple HMO theory. If each
thiophene monomer in every dimer pair is treated as a single
delocalized unit, then the relative interaction between each
monomer can be calculated with the secular determinant
shown in Equation 1.
𝛼 −𝐸
! #
𝛽#'

𝛽#'
!=0
𝛼' − 𝐸

(1)

where “𝛼# ” is the HOMO energy of monomer A, “𝛼' ” is the
HOMO energy of monomer B, and “𝛽#' ” is the resonance
integral representing the extent of interaction between the
HOMO orbitals of monomers A and B when combined into
dimer AB. The solution of this determinant yields two energy
values: E1 is equal to the HOMO energy of dimer AB, and E2 is
equal to the HOMO -1 energy of dimer AB. Solving Equation 1
for 𝛽#' yields Equation 2.
*

𝛽#' = + ,(𝐸* − 𝐸+ )+ − 𝛼# + − 𝛼' + + 4𝛼# 𝛼'

(2)

The dimer and monomer HOMO DFT data collected in this
study, in conjunction with Equation 2, allowed for the
2343
calculation of 𝛽#'
. This quantity is a measure of the relative
delocalization of electron density between the HOMO orbitals
of the monomers in each of the 4095 dimer pairs. Using
Equation 2 and substituting the LUMO energy of monomer A,
the LUMO energy of monomer B, the LUMO+1 energy of dimer
AB, and the LUMO energy of dimer AB for 𝛼# , 𝛼' , E1 and E2
5643
respectively, 𝛽#'
was also calculated for each of the 4095
dimer pairs.
The 𝛽 values calculated in HMO theory are negative valued.
Large negative 𝛽 values imply the monomers interact with high
delocalization of electron density across the molecule, while
less negative 𝛽 values (𝛽 à 0) indicate that electrons are more
2343
5643
localized. A large portion of the 𝛽#'
and 𝛽#'
values that
were calculated from the thiophene data set were complex
numbers. This suggests that the simple secular determinant
shown in Equation 1 is poorly described by HMO theory. The
diversity of orbital mixing motifs illustrated in Figure 2,
particularly the case of significant charge transfer interactions,
likely contribute to the abundance of complex 𝛽 values.
2343 +
5643 +
Histograms of (𝛽#'
) and (𝛽#'
) are shown in Figure 3.
The distribution of these 𝛽 integrals can be partly explained by
examining differences in the HOMO or LUMO orbital energies
of monomer units prior to dimer formation.

Table 1. Summary of the statistical correlation and error associated with each dimer model
Model
HOMODimer ~ HOMOHD
HOMODimer ~ HOMOHD + HOMOHA
LUMODimer ~ LUMOLA
LUMODimer ~ LUMOLD + LUMOLA
Eg Dimer ~ (LUMOLA - HOMOHD)
Eg Dimer ~ Eg HD + Eg HA + HOMOHD + LUMOLA

R2

Mean Absolute Error (eV)

Standard Deviation of Error (+/- eV)

0.76
0.90
0.88
0.94
0.70
0.81

0.22
0.14
0.18
0.12
0.22
0.18

0.16
0.11
0.13
0.10
0.17
0.14

= The monomer with the higher energy HOMO, “HOMO donor”
= The monomer with the lower energy HOMO, “HOMO acceptor”
LD = The monomer with the higher energy LUMO, “LUMO donor”
LA = The monomer with the lower energy LUMO, “LUMO acceptor”
Eg = LUMO – HOMO, “HOMO/LUMO Gap”
HD
HA
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Figure 3. Distribution of calculated β values. Note that for many cases, β < 0 due to
charge transfer effects.

The difference in monomer HOMO energies and the
difference in monomer LUMO energies are defined as “Δ2343 ”
and “Δ5643 ” respectively. The LUMO en ergy of a co-dimer will
experience a greater contribution from the monomer with the
lower lying LUMO orbital. Conversely, the dimer HOMO energy
will experience a greater contribution from the monomer with
the higher lying HOMO orbital. The difference between these
molecular orbital energies is defined as the “Dimer shift”. An
illustration of these definitions is shown in Figure 4.
The dimer shifts of the LUMO orbital energies were
5643 +
examined as a function of 𝛥5643 . The (𝛽#'
) values were
also looked at as a function of Δ5643 . Analogous relationships
were explored for the monomer and dimer HOMO orbitals.
These models are shown in Figure 5.
Figure 5 (b) and (d) offer some insight into the origins of the
complex 𝛽 values that were generated by Equation 2. As
Δ2343 and Δ5643 increase in magnitude, the secular

Figure 4. Definitions of “ΔHOMO”, “ΔLUMO”, “Dimer LUMO shift” and “Dimer HOMO
shift”. “ΔHOMO” is defined as the difference in monomer HOMO energies. “ΔLUMO”
is defined as the difference in monomer LUMO energies. The “dimer HOMO
shift” is defined as the higher monomer HOMO energy subtracted from the dimer
HOMO energy. The “dimer LUMO shift” is defined as the dimer LUMO energy
subtracted from the lower monomer LUMO energy. Note that the dimer HOMO
or LUMO shift can be positive or negative depending on the orbital mixing motif.
“ΔHOMO” and “ΔLUMO” are always positive.

determinant shown in Equation 1 does an increasingly poor job
at describing the molecular orbital interactions of the
monomers after dimer formation. Once the difference in
monomer LUMO energies is greater than 1.5 eV, nearly all
5643
calculated 𝛽#'
values are complex numbers. This is also the
case for large differences in monomer HOMO energies (Δ2343
≥ 1.3 eV).
It is evident in Figure 5 (a) that when the difference in
monomer LUMO energies is large (~1.5-2 eV), the dimer LUMO
energies begin to increase in energy relative to the LUMO
acceptor monomer’s LUMO energy. Figure 5 (c) illustrates that
modest differences in monomer HOMO energies (less than 1
eV) frequently result in dimer HOMO energies that decrease in
energy relative to the HOMO donor monomer’s HOMO energy.
Increases in LUMO energies and decreases in HOMO energies
after extending the conjugated 𝜋 systems contradict expected
FMO energy trends. The negative HOMO shifts were much
more prevalent than the negative LUMO shifts, therefore the
HOMO shift trends were further explored.
It was hypothesized that large dipole moments lead to
charge transfer interactions, which cause the abundance of
unexpected negative HOMO shifts illustrated in Figure 5. To
test this hypothesis, the dataset was partitioned into three
subsets: small HOMO shifts (-0.2 to 0.2 eV), positive HOMO
shifts (> 0.2 eV), and negative HOMO shifts (< -0.2 eV). Within
each subset, the dimer HOMO shift was plotted versus
calculated dimer dipole moment using joint kernel density
estimate (KDE) plots. The joint KDE plots for the positive HOMO
shift and negative HOMO shift subsets are shown in Figure 6.
While there is little correlation between the dimer HOMO shift
and the dimer dipole moment, there are clear differences
between the average dipole moments in each subset. The
negative HOMO shift compounds have an average dipole
moment of 5.6 ± 2.0 D (725 compounds). The positive HOMO
shift compounds have an average dipole moment of 3.3 ± 1.9 D
(1402 compounds). The compounds with small HOMO shifts
(not shown in Figure 6) have an average dipole moment of 4.1
± 2.0 D (1968 compounds). Only the extreme dimer HOMO
shift values are shown in Figure 6 to more clearly establish the
relationship with the dimer dipole moments.
The lack of direct correlation between dimer HOMO shifts
and dimer dipole moments imply that other factors are involved
in this trend, but there is an obvious tendency for dimers with
very high dipole moments to exhibit unusual shifts in HOMO
energy after monomer combination. This is consistent with
charge transfer interactions dominating molecular orbital
2343 +
5643 +
energies. Incorporation of the (𝛽#'
) , (𝛽#'
) , Δ2343 ,
Δ5643 , HOMO shift, LUMO shift, or dimer dipole moment
parameters into the statistical models of Table 1 failed to
improve their predictive power.
Infinite Polymer Extrapolation
Predicted polymer energy values were calculated by plotting
the orbital energies of the oligomers as a function of the inverse
of their chain length. A linear OLS best fit line was generated
for each of these plots and extrapolated to the y-axis (n = ∞) to
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Figure 5. Dimer FMO energy shifts and calculated β values as a function of monomer LUMO (a, b) and HOMO (c, d) energy gaps.

estimate the infinite polymer HOMO, LUMO and Eg energies.
When utilizing the simple 1/n extrapolation method to
determine the Eg energy of a polymer from its constituent
oligomers, the predicted infinite polymer gap energy tends to
underestimate the experimental energy due to the saturation
effects of the π conjugated system16,18,19. These saturation
effects were neglected to simplify the analysis. The 1/n model
was employed to estimate the polymer HOMO, LUMO, and Eg
energies for the 70 compounds in the octamer data set, and
these values were used as the basis for the predictive models
developed below.
Predicting Polymer HOMO and LUMO energies
Following the logic presented when constructing the models
to predict dimer FMO energies, it was expected that similar
relationships exists between the HOMO, LUMO, and Eg energies
of the (AB)n co-oligomers, and the building blocks which
compose them (i.e. “A” and “B” monomers, “AB” dimers,
“ABAB” tetramers, etc.). It was also expected that the relative
change in HOMO, LUMO, or Eg energy from dimer to tetramer
would be a useful predictor for the extrapolated polymer FMO

energies. OLS regression models were constructed by utilizing
a minimal number of parameters to maximize the R2 value while
minimizing the p-values of each parameter. These models are
summarized in Table 2. The tetramer and dimer models were
constructed using the data from all 4095 compounds. The
polymer models were constructed using only 60 of the 70
possible compounds, the other 10 compounds were used as a
validation set. The mean absolute errors in Table 2 were
calculated by comparing the experimental results from the
training set with the predicted values. The equation and
summary of the OLS results for the tetramer and polymer
models are given in Tables S8 – S13 of the supporting
information.
The mean absolute errors and standard deviations of errors
given in Tables 1 and 2 are biased estimates. The training set
data was compared to the model predictions in each case. The
polymer FMO energies of a validation set containing 10
compounds were compared to the values predicted by the
polymer models in Table 2 to give a more accurate picture of
the errors associated with these models. The results of this
comparison are given in Table 3.
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Table 2. Summary of the statistical correlation and error associated with each model

Model

R2

Mean Absolute Error (eV)

Standard Deviation of Error (+/- eV)

*HOMODimer ~ HOMOHD + HOMOHA
*LUMODimer ~ LUMOLD + LUMOLA
*Eg Dimer ~ Eg HD + Eg HA + HOMOHD + LUMOLA
HOMOTetramer ~ HOMODimer + HOMOHD
LUMOTetramer ~ LUMODimer + LUMOLA
Eg Tetramer ~ Eg Dimer + HOMOHD + LUMOLA
† HOMO
Polymer ~ (2*HOMO Tetramer – HOMO Dimer)
† LUMO
Polymer ~ (2*LUMO Tetramer – LUMO Dimer)
†E
g Polymer ~ (2*Eg Tetramer – Eg Dimer)

0.90
0.94
0.81
0.91
0.93
0.70
0.91
0.95
0.91

0.14
0.12
0.18
0.14
0.13
0.20
0.11
0.06
0.16

0.11
0.10
0.14
0.11
0.11
0.16
0.11
0.06
0.14

*Models from Table 1, included for comparison
60 of the 70 compounds for which polymer data was obtained were used to construct these models

† Only

Table 3. Validation set error comparisons

Dimer HOMO Shift (eV)

(a)

Data
Set

MAE
(eV)

STD
(+/- eV)

HOMO

Training
Validation

0.11
0.21

0.11
0.17

LUMO

Training
Validation

0.06
0.09

0.06
0.09

Eg

Training
Validation

0.16
0.26

0.14
0.22

1.0

0.8

0.6

The non-biased cross-validation sets have higher errors than
the training sets, but these errors are still relatively small (e.g.
0.26 eV MAE for the polymer Eg). This suggests some overfitting may occur, as expected due to the relatively modest
training set size of 60 compounds.
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Figure 6. Joint Kernel Density Estimate plots for the subsets of dimers with HOMO
shifts greater than 0.2 eV (a) and less than -0.2 eV (b). The average dipole
moment for the dimers with positive HOMO shifts greater than 0.2 eV is 3.3 ± 1.9
D. The average dipole moment for the dimers with negative HOMO shifts less
than -0.2 eV is 5.6 ± 2.0 D.

To determine how well the stepwise application of these
statistical models perform, the infinite polymer molecular
orbital energies were calculated using the functions generated
by the OLS regressions along with 1) experimental monomer
DFT energies only, 2) experimental monomer and dimer DFT
energies, and 3) experimental dimer and tetramer DFT energies
only. The mean absolute error for each case was computed by
comparing these results to the polymer FMO energies. This
process was performed for the polymer HOMO energy, the
polymer LUMO energy, and the polymer Eg energy. The results
of this analysis are summarized in Table 4. Note that the
training set data was used to calculate the predicted polymer
FMO energies in each case for ease of comparison. The actual
magnitudes of the errors in Table 4 are likely larger.
It is evident that the stepwise application of these statistical
models using only monomer and/or dimer DFT energies results
in relatively large errors when calculating the infinite polymer
HOMO, LUMO or Eg energy. A drastic reduction in the MAE
occurs once the tetramer data is incorporated into the
calculation. This analysis suggests that using only monomer
energy data to make predictions about the electronic energy of
a copolymer would lead to impractically large errors.
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which molecular orbital interactions can occur across
conjugated systems. These conformational preferences are
difficult, if not impossible, to predict using only monomer and
dimer data.

Table 4. Statistical model error comparisons

Polymer
orbital

Data used to
test model

MAE
(eV)

STD
(+/- eV)

HOMO

Monomer

0.39

0.31

Monomer
and Dimer

0.27

0.21

Dimer and
Tetramer

0.11

0.11

Monomer

0.31

0.23

Monomer
and Dimer

0.27

0.22

Dimer and
Tetramer

0.06

0.06

Monomer

0.56

0.38

Monomer
and Dimer

0.49

0.36

Dimer and
Tetramer

0.16

0.14

LUMO

Eg
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Conclusions

1

This work suggests that the standard donor-acceptor model
is a relatively naïve one. The monomer acting as the HOMO
donor is not necessarily the LUMO donor, which tends to
complicate molecular orbital interactions upon combination.
The diversity of molecular orbital interactions after dimer
formation in this large dataset evidence the shortcomings of the
donor-acceptor model. After dimer formation, some HOMO
energy shifts were as high as 0.8 eV, suggesting a large
delocalization of electron density. Most of the dimers in this
data set exhibited an unexpected negative HOMO energy shift
after dimer formation (2458 out of 4095 compounds). This
observation is attributed to charge transfer interactions that
result from large molecular dipole moments. When the Hückel
model was applied to the compounds in this data set, the
majority of the calculated 𝛽 values were complex numbers. This
is likely a reflection of the fact that the Hückel model does not
account for charge transfer interactions. The complex 𝛽 values
became much more prevalent when the differences between
monomer HOMO and LUMO orbital energies were large, as
evidenced in Figure 4. These large differences between
monomer HOMO and LUMO orbital energies are also related to
negative dimer HOMO and LUMO energy shifts and charge
transfer interactions.
The statistical models in this study performed relatively poorly
until tetramer data were used to predict polymer FMO energies.
Even using the calculated dimer FMO energies from the training
set to calculate the polymer FMO energies, the mean absolute
error for the HOMO/LUMO gap was on the order of 0.5 eV – the
actual errors would likely be even higher. The inclusion of
tetramer data drastically decreased the mean absolute error of
the statistical models (HOMO/LUMO gap error of 0.16 eV for
the training set, 0.22 eV for the test set). This error reduction
after the inclusion of tetramer data likely follows from the
emergence of a more accurate picture of oligomer
conformational preferences. The conformation along the
backbone of a polymer plays a significant role in the extent to
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