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Abstract

A novel predictive model based on meta-learning algorithms for estimating the energy gap between the fron-
tier molecular orbitals of aromatic π-conjugated molecules is presented. The main goal of the study was to de-
velop a highly accurate and robust model capable of replacing computationally expensive quantum chemistry 
calculations, in particular the methods based on density functional theory, for screening organic compounds in 
optoelectronic applications. The filtered subset of the publicly available PubChemQC PM6 database was used as 
the primary dataset. Molecular structure was encoded using Morgan fingerprints, which served as input for train-
ing three base models: Random Forest, Gradient Boosted Trees, and a fully connected Neural Network. Among 
these, the Gradient Boosted Trees model achieved the best performance (the mean absolute error was 0.1795 eV). 
To improve prediction accuracy, a meta-model was implemented and trained on the outputs of the above-men-
tioned base models. This approach demonstrated improved accuracy: the final mean absolute error was 0.1744 eV, 
which is 8 % better than simple averaging and 3 % better than the best-performing individual model. The pro-
posed approach can be further enhanced by expanding the dataset and incorporating additional models, which 
pave the way for more accurate and efficient prediction of the properties of organic conjugated molecules in 
optoelectronics.
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INTRODUCTION

Machine learning and deep learning methods 
are winning ever-growing application in various 
areas of chemistry and in materials science [1]. 

Predictive models trained on available experi-
mental and calculated data can provide a sub-
stantial decrease in the time necessary for pre-
dicting the target value in comparison with the 
classical approaches used in quantum chemistry 
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(e.g. the density functional theory), retaining or 
even surpassing their characteristic levels of ac-
curacy and error [2, 3]. 

An important task in the area of compiling 
predictive models on the basis of machine learn-
ing methods is a sequential search for new and 
optimised training procedures which would allow 
an enhancement in the accuracy and stability of 
the predictions of data under investigation (for 
example, physicochemical characteristics). One of 
the possible strategies is using an ensemble of 
various machine learning models: several models 
are sequentially trained with the same training 
data, and the results of their predictions are av-
eraged [4]. Researchers have previously proposed 
an alternative version of ensemble learning: in-
stead of averaging the results of predictions at 
the final stage, meta-learning is applied, within 
which the model takes the results of predictions 
from all models in the ensemble as input data and 
is trained to combine them into the final weight-
ed prediction [5]. At present, meta-learning is 
widely used [6] as a method to search for the 
quantitative structure – property relationships [7] 
as a tool for finding molecular conformations and 
for molecular geometry optimisation [8], as well 
as to study the toxicity and biological activity of 
organic compounds [9].  

Aromatic π-conjugated molecules are applied 
in organic optoelectronics as active materials for 
organic field-effect transistors, light-emitting di-
odes, lasers and photovoltaic cells [10, 11]. One of 
the most important characteristics of these com-
pounds is the value of the energy gap between 
the frontier orbitals – the highest occupied and 
lower unoccupied molecular orbitals. At the same 
time, direct calculation of the energies of frontier 
orbitals and energy gap between them by means 
of the density functional theory can be associated 
with substantial time expenditure (from several 
hours to days), which, in turn, hinders screening 
of the hundreds of organic compounds for the 
purpose of searching the most promising ones 
among them. 

Thus, the goal of the present work was to de-
velop a highly precise and stable model that could 
replace resource-intensive quantum chemical cal-
culations, in particular the methods of density 
functional theory.

BUILDING A TRAINING DATASET 

A public database PubChemQC PM6 [12], con-
taining about 221 mln various chemical com-

pounds, was used as the primary dataset for 
training. Among these records, about 2.6 mln con-
tain the data on the energy gap between the 
frontier orbitals, calculated by the density func-
tional theory (functional: B3LYP [13], basis set: 
6-31+G* [14]). With the aid of RDKit library [15], 
the molecules corresponding to the following cri-
teria were excluded from the database:

–  inorganic compounds;   
–  aliphatic molecules;
– molecules containing not uniform conjugated 

system;
–  ions and radicals;
– molecules in which the aromatic cycles are 

bound through a chain of three and more atoms;
– molecules containing no target atoms (C, Si, 

N, O, S, P, F, Cl, Br, I).  
To refine the database, the functions of RDKit 

were used: determination of aromaticity, test for 
the presence of conjugated systems, selection of 
molecules by atomic composition, and treatment 
of charged structures.

After refining, the final database contained 
260 thousand molecules, which corresponds to 
~10 % of its initial volume. Then it was randomly 
divided into two parts: the training one (80 %) 
and the test one (20 %). The distribution of ener-
gy gaps in the training and test sets was similar 
to their distribution in the initial database (Fig. 1).

To transform the structural data of molecules 
from the SMILES format (Simplified Molecular 
Input Line Entry System) [16] into the formal 
suitable for machine learning models, a molecular 
descriptor characterising the nearest surround-
ings of atoms in the molecule was used. To gener-
ate these descriptors, we used the Morgan fin-
gerprints methodology [17], implemented in the 
RDKit library (the radius of fragment construction 
was 3 nearest atoms, vector length was 2048 char-
acters). A descriptor is unique for each individual 
molecule.

MACHINE LEARNING MODELS

The methods of machine learning used in the 
present work include: random forest (RF) [18], 
gradient boosted trees (GBT) [19], fully connected 
feed-forward neural network (NN) [20].

Within the RF model used for training, the 
number of decision trees was chosen to be 1000, 
and the maximal tree depth was 16. Other model 
parameters were not changed: their values were 
determined by default in the library of Yggdra-
sil Decision Forests.
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Within the GBT model used for training, the 
number of decision trees was chosen to be 1000, 
and the maximal tree depth was 10. Regularisa-
tion parameter L2 was chosen to be equal to 0.13. 
The learning rate (shrinkage) value was chosen to 
be 0.02. Other model parameters were not changed 
and remained equal to the default values in the 
library of Yggdrasil Decision Forests.

The NN model contained 5 hidden layers com-
posed of 1500, 1000, 500, 250, 125 neurons. The 
neural network had a pyramidal structure with 
decreasing number of neurons while layer depth 
increased. This structure allows retrieving more 
and more complicated dependences from input 
data while moving deeper into NN. ReLu was 
chosen as an activation function. For each hidden 
layer, the parameter value was equal to 0.01. 
Each hidden layer in NN was followed by a drop-
out layer. This technique of NN construction is 
used for pruning connections between neurons in 
adjacent layers. All direct and inverse edges with 
a dropout layer are temporarily pruned, thus cre-
ating a new network architecture based on the 
parent network. The connections are removed 
with a fall probability equal to the parameter 
value. For each dropout layer, the parameter 
value was equal to 0.05. A feed-forward fully 
connected NN with similar parameters was used 
as the meta-model. 

For all machine learning models described in 
the present work, including meta-model, cross-
validation was performed, which implies multiple 
total set partitioning into a set of samples for 

training and testing, with sequential independent 
model training over each set. This allows us to 
generalise the developed model independently of 
the total set partitioning, and to decrease the 
probability of overtraining. For the listed internal 
parameters of machine learning models, variation 
was performed to find the optimal values that 
would allow obtaining the best accuracy of the 
estimates of the energy gap between the frontier 
orbitals.

RESULTS AND DISCUSSION

The use of meta-learning is efficient in ma-
chine learning: its essence is in bringing together 
two and more models to achieve higher predic-
tion accuracy, which allows using the strengths 
of individual models compensating for their short-
comings, which often gives better results in com-
parison with those obtained using one model. In 
our work, we employed the model with parallel 
meta-learning, where several primary machine-
learning models are trained independently of each 
other. This approach is especially useful when one 
of the models works well with describing various 
internal classes of compounds in the total set bet-
ter than other models in the ensemble do. 

There were three primary models of machine 
learning: RF, GBT, NN. The choice of machine-
learning models and NN architecture is due to 
their prevalence, frequent application for esti-
mating the energy gas between frontier orbitals, 
as well as performance simplicity and high rate.

Fig. 1. Distribution of energy gaps for different sets from the PubChemQC PM6 
database.
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Random forest is a machine-learning algo-
rithm with the general idea of constructing a set 
of decision trees which are independent of each 
other, and their estimates are averaged to give 
the final RF estimate. Each decision tree is a 
method to represent decision rules in the hierar-
chical structure composed of the elements of two 
types: nodes and leaves. The nodes contain deci-
sion rules and check the compliance of examples 
with a certain rule in one of the attributes of the 
training set. Decision trees also form the basis of 
GBT, however, in this case, each tree acquires 
the information from the previous one: what 
were the samples with which it had mistaken 
most substantially? These samples are given a 
higher weight in training a current tree. Thus, a 
gradual decrease in estimate error proceeds. The 
choice of RF and GBT as primary models is due 
to their ability to work efficiently with the input 
data containing a large number of attributes. 

A neural network, being initially arranged 
similarly to the biological system, is composed of 
nodes connected with each other, called artificial 
neutrons, which generally model brain neurons. 
The connections between them imitate synapses 
in the brain. Each artificial neuron receives sig-
nals from the neurons connected to it, processes 
these signals and sends them to other connected 
neurons. A signal is a real number, and the out-
put signal of each neuron is calculated using a 
certain nonlinear function of the sum of its input 
signals, which is called the activation function. 
Signal strength for each linking is determined by 

the statistical weight, which is corrected during 
training. A neuronal network can transform input 
data into a more abstract and complex represen-
tation, which allows it to discover unevident de-
pendences in the data.

The vector representation of chemical struc-
ture obtained from the SMILES descriptor through 
Morgan fingerprints procedure was used as the 
input data for all primary machine learning mod-
els. The target value for machine learning is the 
energy gap between frontier orbitals for the com-
pounds obtained from the processed database 
PubChemQC PM6. Testing was performed with 
20 % randomly chosen compounds from the final 
database. Validation criterion was the mean abso-
lute error of the value predicted by the machine 
learning model with respect to the value calcu-
lated using the density functional theory. 

The results of model training on the basis 
of RF are shown in Fig. 2. One can see that 
the mean absolute error for training data 
(МАЕ = 0.1127 eV) is substantially smaller than 
for validation data (0.1772 eV). This behaviour is 
characteristic of so-called overfitting, as a re-
sult of which the machine learning model overes-
timates the influence of local dependences in the 
training dataset, and this leads to worsening of 
prediction quality for the data that were not used 
in model training. For this reason, the RF model 
was not used to construct the meta-model. 

The data of models training on the basis of 
GBT and NN (a fully connected network with 
five hidden layers of 1500, 1000, 500, 250, 125 neu-

Fig. 2. Results of training and validation for the model based on random forest (RF): a – data for test set; b – data for 
training set. Here and in Fig. 3–5: the values predicted with the density functional theory are plotted at the Х axis, while 
predictions generated by the model are plotted along the Y axis. The red line is a linear approximation of the regression 
obtained. MAE is the mean absolute error.
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rons) are presented in Fig. 3 and 4. The mean 
absolute error of prediction for the validation 
data of the indicated models is 0.1795 and 
0.2084 eV, respectively, which is slightly more 
than the error for training data (0.1507 and 
0.2004 eV). This behaviour is characteristic of ma-
chine learning and is not an evidence of overfit-
ting. So, these two models were chosen for fur-
ther training of the meta-model.

A standard and most frequently used ap-
proach to meta-model construction from differ-
ent parallel machine learning models is averag-
ing. In other words, each prediction of the pri-
mary model contributes equally to the value 

finally predicted by the ensemble. However, in 
the case of the data obtained by us, averaging 
causes an improvement of the quality of final 
prediction: the mean absolute error becomes 
larger than the smallest error for the models em-
ployed (0.1893 against 0.1795 eV).

An alternative approach is so-called meta-
learning. Within this approach, to combine the 
predictions of primary models, an additional model 
is used: a meta-model which is trained over the 
output data of primary models. The main task of 
the meta-model is to determine the best way in 
which the predictions should be weighted and 
combined to enhance the total accuracy. 

Fig. 3. Results of training and validation for the gradient boosted tree (GBT) model: a – data for test set; b – data for train-
ing set. For designations, see Fig. 2. 

Fig. 4. Results of training and validation for the model based on neural network (NN): a – data for test set; b – data for 
training set. For designations, see Fig. 2. 
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One can see in the data presented in Fig. 5 
that the application of meta-model leads to a de-
crease in the mean absolute error by 8 % in com-
parison with simple averaging (0.1744 against 
0.1893 eV) and by 3 % in comparison with the 
best model – GBT (0.1744 against 0.1795 eV). In 
addition, the model obtained by meta-learning 
exhibits the best predictive capacity for the frag-
ment within the range of 3.5–4.5 eV (Fig. 6), con-
taining most of the molecules from the database 
used for training. So, it may be assumed that the 
reason of an insignificant increase in accuracy is 
in the insufficient number of molecules in the set 
within the ranges corresponding to small and 
large energy gaps. In turn, this means that data-
base expansion and its better uniformity in the 

distribution of energy gap values would likely 
lead to further improvement of the predictive ca-
pacity of the model based on meta-learning. An-
other potential direction for the development of 
the present work is the construction of a more 
complex ensemble using other machine learning 
methods and other methods of chemical structure 
vectorisation.

Thus, within the present work, meta-learning 
was used to predict the values of energy gaps in 
aromatic π-conjugated molecules. The final mean 
absolute error of prediction for new molecules 
that were not involved in training was 0.1744 eV, 
which corresponds to ~5 % of the mean relative 
error. This error is comparable to the accuracy of 
frontier orbital energy prediction using the den-
sity functional theory. The approach used herein, 
though providing lower estimation accuracy in 
comparison with more complex methods (for ex-
ample, convolutional graph neural networks), is 
an easier and faster one for training and subse-
quent use. 

CONCLUSION

It has been demonstrated in the present work 
that, among three machine learning models, the 
GBT model demonstrates the best accuracy in es-
timating the energy gap in aromatic compounds 
within the used set of aromatic π-conjugated 
compounds. The model based on meta-learning 
has been constructed for the first time and ap-
plied, and it has demonstrated higher prediction 
accuracy in comparison with both the direct av-

Fig. 5. Results of training and validation for the model based on meta-learning: a – data for test set; b – data for training 
set. For designations, see Fig. 2.

Fig. 6. Deviation of the values of the energy gap between 
frontier orbitals estimated using the meta-model (1) plotted 
with respect to the calculated values (2).
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eraging of primary models and the best primary 
model. 
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