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Abstract 

In the rapidly evolving field of flexible electronics, the development of advanced materials 

is a cornerstone for innovation. Both active and substrate materials are key to the 

functionality and performance of flexible devices, which are becoming increasingly 

integral across various applications. The integration of machine learning into the field of 

flexible electronics represents a groundbreaking shift in materials science, allowing for 

accelerated discovery and optimization of materials. This thesis presents two pivotal 

projects that leverage machine learning to promote advancements in flexible electronics.  

 

The first project employs machine learning-assisted high-throughput screening (HTS) to 

identify elastomers with desired mechanical properties, utilizing innovative structure-

based multilevel (SM) descriptors derived solely from the molecular structure of the 

materials. Existing elastomer descriptors necessitate both experimental and simulation data 

for precise prediction of elastomer properties, which may not be available for all candidates 

of interest. This impedes the discovery of new elastomers through HTS. Our SM 

descriptors are derived solely from the universally accessible molecular structure. These 

SM descriptors are hierarchically organized to capture both local and global structures of 

elastomers. With the SM-Morgan Fingerprint (SM-MF) descriptors, one of our SM 

descriptors, a machine learning model accurately predicts elastomer toughness with a 

remarkable accuracy of 0.91. Furthermore, an HTS pipeline is established to swiftly screen 

elastomers with targeted toughness. We also demonstrate the generality and applicability 

of SM descriptors by constructing HTS pipelines for screening elastomers with targeted 

critical strain or Young’s modulus. 

 

The second project applies deep learning-assisted HTS, enhanced by transfer learning, to 

identify conjugated oligomers suitable for photovoltaic materials from a vast pool of 

candidates. The study employs transfer learning techniques to overcome the challenge of 

limited data, particularly prevalent in the study of conjugated oligomers. By transferring 

knowledge from a extensive dataset, the models accurately predicted essential 



  Abstract 

 

 

 

ii 

optoelectronic properties of conjugated oligomers, including Highest Occupied Molecular 

Orbital (HOMO), Lowest Unoccupied Molecular Orbital (LUMO), and HOMO-LUMO 

gap, reducing mean absolute errors (MAE) significantly and outperforming direct learning 

models. 

 

Throughout this thesis, the efficacy of machine learning technologies in addressing the 

challenges of data scarcity and complexity in material prediction is demonstrated. The SM 

descriptors and transfer learning models developed here not only streamline the process of 

material selection for flexible electronics but also set a precedent for the use of these 

advanced computational methods in broader materials science applications. The success of 

these projects underscores the potential of machine learning to revolutionize the discovery 

and design of new materials, promising a new era of innovation in flexible electronic 

devices. 
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Lay Summary 

 

The world of flexible electronics is rapidly transforming with the need for innovative 

materials that bend and stretch while maintaining their electronic capabilities. This exciting 

area is crucial for the future of everything from foldable smartphones to medical sensors 

that can wrap around a finger. To speed up the discovery of such futuristic materials, this 

research taps into the power of machine learning – a form of artificial intelligence that 

allows computers to learn from existing data. 

 

The research is split into two main projects. The first project creates a new way to screen 

through potential materials for flexible devices, focusing on elastomers – materials that can 

stretch and return to their original shape. By developing a smart computer model that looks 

at the very building blocks of these materials, we were able to predict how tough an 

elastomer would be without having to make and test it in the lab first. This model helps to 

quickly find the best candidates that could lead to flexible materials with the right kind of 

stretchiness and strength.  

 

The second project dealt with a specific type of material needed for solar panels. The 

challenge here was that researchers didn't have enough data to train their computers to 

recognize which materials would work best. By using a technique called transfer learning, 

the computers could learn from a large set of existing data and then apply that knowledge 

to make accurate predictions about new materials. 

 

In essence, this thesis showcases how machine learning can be a game-changer in finding 

and fine-tuning materials for the next generation of flexible electronic devices. The success 

of these projects not only makes material discovery faster and cheaper but also paves the 

way for smarter and more adaptable electronics in our daily lives. 
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Figure Captions 

 

Figure 1.1 Typical flexible electronics and their applications. Reproduced with permission 

from [3].  

 

Figure 2.1 The four paradigms of science: empirical, theoretical, computational, and data-

driven. Reproduced with permission from [1].  

 

Figure 2.2 The machine learning workflow. Reproduced with permission from [18].  

 

Figure 2.3 The relationship between descriptors and properties. 

 

Figure 2.4 Graphical example of different molecular representations of the same structure 

(ibuprofen, here depicted as a 2D structure). Reproduced with permission from [56]. 

 

Figure 2.5 Different types of molecular representations applied to one molecule. 

Clockwise from top: (1) A fingerprint vector that quantifies presence or absence of 

molecular environments; (2) SMILES strings that use simplified text encodings to describe 

the structure of a chemical species; (3) potential energy functions that could model 

interactions or symmetries; (4) a graph with atom and bond weights; (5) Coulomb matrix; 

(6) bag of bonds and bag of fragments; (7) 3D geometry with associated atomic charges; 

and (8) the electronic density. Reproduced with permission from [66].  

 

Figure 2.6 The main types of machine learning. Main approaches include classification 

and regression under the supervised learning and clustering under the unsupervised 

learning. Coloured dots and triangles represent the training data. Yellow stars represent the 

new data which can be predicted by the trained model. Reproduced with permission from 

[79].  

 

Figure 2.7 Illustrative examples of CNN, GNN, and RNN network architectures. 

Reproduced with permission from [106]. 
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Figure 2.8 (a) Schematic depiction of the message passing operation for molecules and 

crystalline materials. (b) QM9 benchmark. Mean absolute error of the prediction of internal 

(red circles), highest occupied molecular orbital (HOMO, orange triangles), and lowest 

unoccupied molecular orbital (LUMO, inverted blue triangles) energies for different GNN 

models since 2017. Reproduced with permission from [108].  

 

Figure 2.9 Machine learning model complexity and possible effects on interpretability, 

model performance, and the required amount of training data. Reproduced with permission 

from [114].  

 

Figure 2.10 (a) Discharge capacity curves for 100th and 10th cycles for a representative 

cell. (b) Observed and predicted cycle lives. Reproduced with permission from [121].  

 

Figure 2.11 Parity plots of prediction values (CNN) vs. actual values of different properties 

on the test set (the red line indicates exact prediction, i.e., the predicted value equals the 

actual value). Reproduced with permission from [122]. 

 

Figure 2.12 Predictions from the fourth generation ML model with evidential learning and 

molecular descriptors as the concatenated feature on the test dataset for properties vartical 

ionization energies (top) and hole reorganization energies (bottom). The histograms on the 

left plot represent the distribution of the corresponding DFT evaluated property in the test 

dataset. Scatter plots on the right represent the chemical space of the test dataset. The data 

points where the uncertainty is greater than 10% of the DFT values are in gray. Reproduced 

with permission from [123].  

 

Figure 2.13 (a) The correlation matrix of elemental properties and alloy phase. (b) 

Gaussian process classification receiver operating characteristic (ROC) with confidence 

band for single-phase versus multi-phase (top) and face-centered cubic (FCC) versus body-

centered cubic (BCC) versus hexagonal closest packed (HCP) single-phase (bottom) 

classification, respectively. (c) The area under curve (AUC) is calculated for each ROC 
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curve. (d) Gaussian process classification (GPC) probability as a single-phase alloy versus 

atomic size difference. Reproduced with permission from [124]. 

 

Figure 2.14 (a) Prediction accuracy for GPR and GPR-RFE models trained using different 

train set sizes, averaged over 100 runs. The corresponding test sets in (a) is the difference 

between total data and train sets. (b) illustrates example parity plot obtained from the GPR-

RFE model (29 features) with train and test set of 76 and 19 points, respectively. Parity 

plots obtained from the GPR-RFE model with 95 train points and 5 unseen test points 

including, Sc2O3, Ga2O3, MnO, AlCuO2, and Ca5Al2Sb6, using (c) 29 features and (d) 28 

features, eliminating the space group number feature from the 29 features. Reproduced 

with permission from [125]. 

 

Figure 2.15 Time spent for calculations(and similarly for experiments) as a function of 

technological developments. With the computer technological advances, the calculation 

step can be less time consuming than the setup construction and the results analysis. 

Reproduced with permission from [131].  

 

Figure 2.16 Comparison of first- and second-generation predictions with HiTp 

experimental results for Co-Ti-Zr (first row), Co-Fe-Zr (second row), and Fe-Ti-Nb (third 

row) ternary. (A1 to A3) Prediction of GFL from the first-generation ML model. (B1 to B3) 

Revised predictions from the second-generation ML model. (C1 to C3) High-throughput 

(HiTp) experimental map of the full width at half maximum (FWHM) of the first sharp 

diffraction peak (FSDP) in x-ray diffraction (XRD) measurements. (D1 to D3) 

Experimental map of the glass-forming region (GFR) derived after application of the glass 

formation threshold based on amorphous silica applied to data in (C1) to (C3). Purple, glass; 

yellow, not glass. Reproduced with permission from [132]. 

 

Figure 2.17 (a) Schematic representation of the feedback mechanism in the dark reactions 

project. Machine-learning models generated from historical reaction data are used to 

recommend new reactions to perform, and to generate human-interpretable hypotheses 

about crystal formation. SVM, support vector machine. (b) Graphical representation of the 
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three hypotheses generated from the model, and representative structures for each 

hypothesis. Reproduced with permission from [133].  

 

Figure 2.18 Summary of all the screened stable perovskites of different charge carriers. 

Different colored symbols indicate different classes of perovskites: red solid symbols are 

pure type I (AO + BO2) perovskites, blue are type II (A2O3 + B2O3) perovskites, yellow 

are the A-site doped type I perovskites, green are A-site doped type II, purple are the B-site 

doped type I, and gray are the B-site doped type II perovskites. Type I are doped with 

M2O3 and type II are doped with MO type oxides. The top candidate for each class has 

been labeled. The conductivity of BZY at 400 °C is shown by a black line for reference. 

Reproduced with permission from [134].  

 

Figure 2.19 High-throughput screening of high Tg polymers with the DNN_Fingerprint 

model. The Tg distribution of the dataset-1, dataset-2, and dataset-3 are plotted in green, 

yellow, and red, respectively. The polymer samples on the right are following by their 

predicated Tg and true Tg values. For the sample in dataset-1 (green box), true Tg is the 

collected experimental value. For the samples in dataset-2 (yellow box) and dataset-3 (red 

box), true Tg is the MD-simulated value. More than 1,000 real polymers and 65,000 

hypothetical polymers were discovered with Tg > 200℃. Reproduced with permission 

from [135].  

 

Figure 2.20 Visualization of predicted permeabilities for hypothetical polymers in datasets. 

The data are visualized for (A) O2/N2, (B) CO2/CH4, (C) CO2/N2, and (D) H2/CO2 

separations, with thousands of promising polymers lying at or above the Robeson upper 

bounds. Units of permeability are Barrers. Reproduced with permission from [136].  

 

Figure 2.21 Verification of ML models with experiment. (a) Comparison of the results 

from four different models. (b) Schematic diagram of the cell architecture used in this study. 

(c) J-V curve of the solar cell with the active layer using the predicted donor material. (d) 

Prediction results versus experimental data for the predicted donor materials with the RF 

algorithm and Daylight fingerprints. Reproduced with permission from [137].  
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Figure 2.22 (a) Scheme of polymer design by combining the RF screening and manual 

screening/modification. The picked-up molecule or polymer in each stage is shown. (b) 

Synthesized random copolymer for OPV analysis. (c) Photoabsorption spectrum of P1 in 

the film state. (d) Current density–voltage curve of the best performing device. Reproduced 

with permission from [139].  

 

Figure 2.23 The predicted |𝑉𝑖𝑗| for (a) RF with 300 decision trees and (b) ANN with 6 

hidden layers (the numbers of neurons in each layer are 100, and the unit of MAE value is 

in eV). Reproduced with permission from [140].  

 

Figure 2.24 (a) Process chart of (I) soft material design system development and (II) soft 

material design process using the developed design system. (b) Comparison of train RMSE 

and test RMSE values obtained from LR, SVR, and NN using initial 25 data points as a 

training set. LR showed the smallest train RMSE and NN showed the smallest test RMSE. 

(c),(d) RMSE value changes when the number of data points in the training set (N) changes 

in both cases LR and NN were used. Reproduced with permission from [141].  

 

Figure 2.25 (a) Nine models to predict the reorganization energy from an inexpensive 

(MMFF94) 3D geometry or a SMILES string. (b) Learning curves for the models obtained 

with 5-fold cross-validation on 80% of the data using the [1000, 1000, 1000] network with 

dropout values of 0.1 for the signature and molecular transform (MT) descriptors and 0.2 

for the circular fingerprint (CF) descriptors. Reproduced with permission from [142].  

 

Figure 2.26 (a) Diagram of the collaborative discovery approach: the search space 

decreases by over five orders of magnitude as the screening progresses. The cubes 

represent the size of the chemical space considered at any given stage of the process. The 

distinct screening stages, from left to right, involve different theoretical and computational 

approaches as well as experimental input and testing. (b) Number of screened molecules 

as a function of singlet–triplet splitting (ΔEST) and oscillator strength (f). Contour lines 

represent estimated kTADF (μs−1) assuming S1 at 3.0 eV. (c) Number of screened molecules 
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as a function of kTADF and S1 energy. Vertical dashed line corresponds to kTADF = 1 μs−1. 

Reproduced with permission from [143]. 

 

Figure 3.1 Components of SVM. Reproduced with permission from [8].  

 

Figure 3.2 Example of a Random Forest workflow. Reproduced with permission from [9].  

 

Figure 3.3 Illustration of how a Gaussian Naive Bayes (GNB) classifier works. 

Reproduced with permission from [10].  

 

Figure 3.4 Implementation of AdaBoost classifier on a dataset that has two features and 

two classes. Weak learner #2 improves on the mistake made by weak learner #1, such that 

the decision boundaries learnt by the two weak learners can be combined to form a strong 

learner. In this case, each weak learner is a decision tree, and AdaBoost classifier (i.e., 

strong learner) combines the weak learner in series. Reproduced with permission from [11].  

 

Figure 3.5 Illustrations of the SchNet architecture (left) and interaction blocks (right) with 

atom embedding in green, interaction blocks in yellow, and property prediction network in 

blue. For each parameterized layer, the number of neurons is given. Reproduced with 

permission from [12]. 

 

Figure 3.6 Schematic of the transfer learning protocol 

 

Figure 3.7 Space and time scale in computational materials science. Reproduced with 

permission from [18]. 

 

Figure 3.8 Scheme of the molecular dynamics simulation procedure. Reproduced with 

permission from [26].  

 

Figure 4.1 (a) Molecular structure and simplified dimer representation (SDR) of exemplars 

from Group 1 and Group 2. Group 1 incorporates one type of modified unit into PDMS, 
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while Group 2 incorporates two types of modified units into PDMS. The modified units 

serve as the hard segment (HS), crosslinking to form the network structure, while the 

PDMS serves as the soft segment (SS). (b) Schematic representation of the structure-based 

multilevel (SM) descriptors.  

 

Figure 4.2 Model performance using different descriptors and algorithms. (a) Five-fold 

cross-validation accuracy scores for models trained using five different descriptors (SM-

MF, SM-PF, SM-R, SM-P, and Control) and four different algorithms (GNB, SVC, 

AdaBoost, and RF). The grey dashed line represents the accuracy of 0.8. (b) ROC curves 

of models trained using the SVC algorithm and five different descriptors. (c) ROC curves 

of models trained using the SM-MF descriptor and four different algorithms. 

 

Figure 4.3 Performance comparison for different level descriptor. (a) Evaluation metrics, 

including accuracy, precision, recall, and F1 score, for models trained using different level 

descriptor: SL, SP, and SM, with the SVC algorithm. The SM descriptor employed here is 

SM-MF descriptor. The grey dashed line represents the accuracy of 0.8. (b) ROC curves 

for the models trained using the different level descriptors. 

 

Figure 4.4 Probability of candidate dataset with 460 entries being classified as "durable" 

elastomers. Each 2*2 grid represents a unique combination of modified unit, with each 

small square within a grid representing a distinct combination of SS mass and polymer 

mass. The color of each square indicates the probability of the corresponding combination 

of SS mass, polymer mass, and modified units being classified as "durable" elastomers. 

The grey square indicates that the corresponding modified unit combination was included 

in the training dataset. The embedded image displays simulated stress-strain curves for 

combinations m4-m9 and m3-m10.  

 

Figure 4.5 Performance and feature importance of models predicting different mechanical 

properties of elastomers. (a) Evaluation metrics, including accuracy, precision, recall, and 
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F1 score, for models predicting toughness, critical strain, and Young's modulus. The grey 

dashed line represents the accuracy of 0.8. (b) ROC curves for the models predicting 

toughness, critical strain, and Young's modulus. (c) Feature importance of the model 

predicting toughness. (d) Feature importance of the model predicting critical strain. (e) 

Feature importance of the model predicting Young’s modulus.  

 

Figure 4.6 Visualization of Morgan Fingerprints 

 

Figure 4.7 Probability of candidate dataset with 460 entries being classified as 

"stretchable" elastomers in terms of critical strain (a) and “flexible” elastomers in terms of 

Young's modulus (b). Each 2*2 grid represents a unique combination of modified unit, 

with each small square within a grid representing a distinct combination of SS mass and 

polymer mass. The color of each square indicates the probability of the corresponding 

combination of SS mass, polymer mass, and modified units being classified as 

"stretchable" elastomers or “flexible” elastomers, respectively. The grey square indicates 

that the corresponding modified unit combination was included in the training dataset. 

 

Figure 5.1 The comparison between PolyMaS software and our proprietary software 

 

Figure 5.2 Schematic of the transfer learning protocol used in this work 

 

Figure 5.3 Comparative analysis of the PubChemQC-100k and CO-610 datasets. (a) The 

size diversity within each dataset. (b) The chemical diversity present in the datasets. 

 

Figure 5.4 (a) HOMO Deviation: Displays oligomers of different polymerization degrees 

(4-10) with the same monomer, benchmarked to degree 7. Color indicates actual HOMO 

values. (b) LUMO Deviation: Columns represent oligomers with degrees of polymerization 

(4-10), using degree 7 as reference. Color shows actual LUMO values. (c) Gap Deviation: 

Shows oligomers across polymerization degrees (4-10), referenced to degree 7. Color 

denotes actual energy gap values. 
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Figure 5.5 Comparative model accuracy and dataset distribution. Graphs (a), (c), and (e) 

depict the mean absolute error (MAE) for HOMO, LUMO, and HOMO-LUMO gap energy 

levels, respectively, comparing predictions by SchNet-D (black) with SchNet-T (red) 

models across varying polymerization degrees. Histograms (b), (d), and (f) show the energy 

level distribution for HOMO, LUMO, and HOMO-LUMO gap within the PubChemQC-

100k (upper histograms) and CO-610 (lower histograms) datasets.  

 

Figure 5.6 Predictive performance of SchNet-D and SchNet-T models. The correlation 

between the calculated values and predicted (a) HOMO, (b) LUMO, and (c) HOMO-

LUMO gap using SchNet-D (top) and SchNet-T (bottom) models. 

 

Figure 5.7 Scatter plot of predicted HOMO and LUMO levels. The plot visualizes the 

predicted HOMO and LUMO energy levels for a candidate dataset of 3,710 oligomers, 

with 85 oligomers highlighted (red stars) as promising candidates for photovoltaic 

applications.  

 

Figure 6.1. Model performance using different descriptors. (a) Five-fold cross-validation 

scores for models trained using five different descriptors (SM-MF, SM-PF, SM-R, SM-P, 

and SM-HCM) and SVC algorithm. The grey dashed line represents the accuracy of 0.8. 

(b) ROC curves of models trained using the five different descriptors. 

 

Figure 6.2 Probability of candidate dataset with 176 entries being classified as "high-

efficient" surfactants. Each grid represents a candidate, and each column represents a 

distinct combination of hydrophilic and hydrophobic group. The color of each gird 

indicates the probability of the corresponding candidate being classified as "high-efficient" 

surfactant.  

 

Figure 6.3 Overview of the SchNetE algorithm 
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AI  Artificial Intelligence 

ML  Machine Learning 

HOMO  Highest Occupied Molecular Orbital 

LUMO  Lowest Unoccupied Molecular Orbital 

DFT  Density Functional Theory 

MAE  Mean Absolute Error 

RMSE  Root Mean Square Error 

CNN  Convolutional Neural Networks 

GNN  Graph Neural Networks 

RNN  Recurrent Neural Networks 

SVM  Support Vector Machines 

PCA  Principal Component Analysis 

TDDFT Time-Dependent Density Functional Theory 

FCC  Face-Centered Cubic 

BCC  Body-Centered Cubic 

HCP  Hexagonal Closest Packed 

GPC  Gaussian process classification 

DNN  Deep Neural Network 

OPV  Organic Photovoltaic 

PCE  Power Conversion Efficiency 

ANN  Artificial Neural Network 

QM  Quantum Mechanics 

LR  Linear Regression 

GBDT  Gradient Boosting Decision Tree 

AFM  Atomic Force Microscope 

PEDOT Poly(3,4-ethylenedioxythiophene) 

PU  Polyurethane 

RE  Reorganization Energy 

OSCs  Organic Semiconductors 
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B-O  Born-Oppenheimer 
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RF  Random Forest 

ROC  Receiver Operating Characteristic 
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Chapter 1 

 

Introduction 

 

This chapter provides a concise overview of the topic and the challenges 

that the thesis aims to tackle. It begins by exploring the imperative for 

developing innovative materials suitable for use in flexible electronics, 

highlighting the critical role of machine learning in facilitating new 

material discoveries. Following this, the objectives and scope are 

articulated, grounded in the issues identified. The structure and principal 

content of the dissertation are then systematically outlined. The chapter 

concludes the outcomes and findings of the dissertation. 
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1.1 Research Background 

 

Flexible electronics, a rapidly evolving domain of modern electronics, present capabilities 

far beyond the scope of traditional, rigid electronics. Characterized by their malleability, 

these electronic devices can be bent, folded, stretched, and even rolled up without 

impacting their functionality.1, 2 As shown in Figure 1.1, from wearable sensors and 

electronic skin to flexible displays and circuit, their potential applications are broad and 

continually expanding.3 

 

 

 

Figure 1.1 Typical flexible electronics and their applications. Reproduced with permission from 

[3].  

 

At the heart of this technological revolution is the ingenious use of materials. The 

construction of flexible electronics typically involves a range of materials, including 

organic semiconductors (OSCs),4-7 inorganic nanomaterials,8, 9 and conductive 

polymers,10-12 all of which are chosen for their ability to preserve electronic functionality 
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even when subjected to mechanical stress. Pioneering work by chemists and materials 

scientists has led to the discovery and refinement of materials and methods that support 

these cutting-edge devices. Over the past two decades, there has been a concerted effort to 

merge soft materials with electronically active ones, thereby achieving the desired 

flexibility and stretchability in electronic devices.13-16 The contribution of materials 

chemistry to this field is indispensable, playing a crucial role in the development of new 

active compounds,17-19 flexible substrates,20-22 and innovative integration techniques.23-25 

The growing demand for such advanced materials places immense pressure on the pace of 

material discovery. Fortunately, the ascent of Artificial Intelligence (AI) offers potent tools 

to address this challenge.26 AI and Machine Learning (ML) algorithms stand at the 

forefront of accelerating the discovery and optimization of novel materials,27-29 enabling 

us to meet the growing needs of flexible electronic technology. 

 

1.2 Problem Statement and Hypothesis 

 

The development of flexible electronic devices requires materials that possess unique 

properties such as high electrical conductivity, mechanical flexibility, and robustness under 

stress. The traditional methods for screening suitable materials for such devices are largely 

empirical, time-consuming, and resource-intensive. They involve a trial-and-error 

approach that can lead to significant material and financial waste. Moreover, the rapidly 

advancing field of flexible electronics demands the discovery and implementation of novel 

materials at an accelerated pace to meet both market and technological trends. However, 

the vast combinatorial space of possible material compositions and configurations poses a 

significant challenge for conventional experimental and computational screening 

methods.30  

 

ML approaches, particularly those utilizing advanced algorithms capable of handling large 

datasets and identifying complex patterns, can significantly streamline the material 

screening process for flexible electronic devices. By learning from existing data, ML 

models can predict the suitability of materials with high accuracy, thereby reducing the 

need for extensive physical experimentation. Our hypothesis is that by employing ML 
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techniques, we can accurately predict the electronic and mechanical properties of potential 

materials, thereby identifying candidates for flexible electronics more efficiently than 

traditional methods. This hypothesis extends to the assumption that ML can facilitate the 

discovery of materials with tailored properties that align with the specific requirements of 

flexible electronic applications, such as wearability, bendability, and durability. If proven 

correct, this hypothesis could not only expedite the material discovery process but also 

reduce costs and encourage innovation within the field of flexible electronics. 

 

1.3 Objectives and Scope 

 

The overall aim of this thesis is to use advanced ML techniques to identify and validate 

new materials that are applicable in the domain of flexible electronics. This work prioritizes 

the development of novel materials, with a special emphasis on elastomers and organic 

photovoltaics (OPV). The specific objectives and scope of this thesis are delineated as 

follows: 

 

a) To address the constraints of machine learning-assisted high-throughput screening (HTS) 

in the discovery of new elastomers, this thesis proposes the development of innovative 

elastomer descriptors. These descriptors, predicated solely on molecular structure, aim to 

provide universally applicable predictive tools that can accurately forecast the properties 

of potential materials. The absence of experimental and/or simulation data for many 

elastomer candidates currently impedes HTS processes. By introducing descriptors 

grounded in molecular structure, this research endeavors to broaden the horizons for 

elastomer discovery. 

 

b) To tackle the challenge posed by the limited data availability for conjugated oligomers, 

which hinders the construction of highly accurate models, this thesis employs transfer 

learning strategies. The process involves the meticulous selection and filtration of relevant 

source datasets, the acquisition of target datasets via Density Functional Theory (DFT) 

calculations, and the strategic choice of deep learning algorithms. The high-precision 

models derived from this approach are intended to establish a HTS pipeline. This pipeline 
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will be instrumental in identifying OPV materials that meet the stringent criteria set forth 

for flexible electronics. 

 

These objectives underscore the thesis's commitment to pushing the frontiers of material 

discovery through sophisticated computational approaches, thereby contributing to the 

advancement of flexible electronic technologies. 

 

1.4 Dissertation Overview 

 

This thesis is dedicated to the screening of new materials used in flexible electronic 

applications, employing machine learning-assisted HTS methodologies. The structure of 

this thesis is organized as follows: 

 

Chapter 1 introduces the field of flexible electronics, underscoring the significance of ML 

in the discovery of materials. It outlines the problem statement, defines the objectives of 

the research, and outlines the expected outcomes. 

 

Chapter 2 provides a thorough review of the transformative impact of ML on materials 

science. This section presents the prevalent datasets employed in materials science, the 

progression of state-of-the-art descriptors, commonly used algorithms, and the broadening 

of application fields, with a particular focus on the integration of ML in the realm of flexible 

electronics. 

 

Chapter 3 elaborates on the ML approaches and the simulation techniques employed in this 

thesis. The chapter covers the entire workflow, from the preparation of dataset to the 

development of ML models.  

 

Chapter 4 introduces the novel set of structure-based multilevel (SM) descriptors for 

elastomer system. The models trained using diverse SM descriptors and algorithms were 

assessed in this chapter. Additionally, the screening results of elastomers exhibiting 

targeted toughness, achieved through HTS based on these models, are presented. Finally, 
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the chapter examines the generality and applicability of SM descriptors by applying the 

approach to screen elastomers with targeted critical strain or Young’s modulus. 

 

Chapter 5 focus on predicting electronic properties for conjugated oligomers using transfer 

learning techniques. This chapter provides a detailed account of the process involved in 

preparing the source dataset to train the base model and the target dataset to train the 

transfer learning model. The performance of both direct learning models and transfer 

learning models is thoroughly assessed. Additionally, the chapter showcases the OPV 

materials identified through HTS based on the transfer learning models. 

 

Chapter 6 concludes the thesis by summarizing the key findings from the two major 

projects. It reflects on the contributions made to the field and proposes avenues for future 

research, suggesting directions that may yield further advancements in the development of 

flexible electronic materials. 

 

1.5 Findings and Outcomes 

 

The novel outcomes of this research are summarized as follows: 

 

1. We introduced SM descriptors specifically tailored for elastomers, enabling the 

development of ML models capable of predicting a variety of mechanical properties 

with high accuracy. These properties include toughness, critical strain, and Young's 

modulus, for which the models achieved impressive accuracy scores of 0.91, 0.89, and 

0.87, respectively. 

 

2. Utilizing transfer learning technology, the prediction of electronic properties for 

conjugated oligomers, including the Highest Occupied Molecular Orbital (HOMO), the 

Lowest Unoccupied Molecular Orbital (LUMO), and the HOMO-LUMO energy gap, 

was significantly improved. The mean absolute error (MAE) for these predictions saw 

a notable reduction from 1.34, 0.68, and 0.71 to 0.74, 0.46, and 0.54, respectively, 

demonstrating enhanced accuracy in predicting these three properties. 
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3. HTS pipelines have been established to screen potential materials for use in flexible 

electronics. This includes the identification of elastomers with specified mechanical 

properties and the screening of conjugated oligomers suitable for use as OPV materials. 
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Chapter 2 

 

Literature Review 

 

This chapter presents a thorough review of the transformative impact of 

machine learning on materials science. This section presents the 

prevalent datasets employed in materials science, the progression of 

state-of-the-art descriptors, commonly used algorithms, and the 

broadening of application fields, with a particular focus on the 

integration of machine learning in the realm of flexible electronics. 
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2.1 Overview 

 

The development of scientific research has gone through four transformational stages, each 

with significant technological innovations, as shown in Figure 2.1.1 The first stage is 

experimental science, in which empirical knowledge is accumulated through trial and error 

in experiments, with a long research cycle that consumes large amounts of resources. The 

second stage is theoretical science, which builds a theoretical framework based on 

empirical knowledge. However, owing to the complexity of material systems, theoretical 

models have also become intricate, and purely theoretical derivations gradually fall short 

of achieving the necessary accuracy. The third stage, computational science, involves 

leveraging computer technology, which synthesizes theoretical science with computational 

power to predict material performance. Density functional theory (DFT)2-5 and molecular 

dynamics (MD)6-10 simulation have been extensively applied in material computation 

simulations; however, the complexity of material systems often results in long 

computational times, impeding the swift exploration of material space that is required. The 

fourth stage is to utilize the excellent processing capability of machine learning (ML) on 

data to promote the exploration of material space and the development of material 

science.11 

 

 

Figure 2.1 The four paradigms of science: empirical, theoretical, computational, and data-driven. 

Reproduced with permission from [1].  
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In the field of materials science, research on materials discovery through data-driven 

approaches has increased dramatically. Researchers use experimental12-14 and simulation15-

17 data to provide knowledge for ML models, which are in turn used to predict the properties 

of materials, with the aim of screening out candidate materials with promising applications. 

The approach is scalable, automated, and cost-effective, offering many advantages over 

traditional experimental methods. However, machine learning-assisted material discovery 

faces many challenges, ranging from datasets, descriptor engineering to algorithmic 

developments. 

 

This review aims to provide an overview of the progression of ML in the field of materials 

science and the challenges faced. Furthermore, the key contributions of ML in advancing 

materials science are reviewed. In the field of flexible electronics, materials are considered 

to be a key component to determine device performance. Therefore, discovering or 

designing suitable materials for flexible electronics has become a crucial area of endeavor. 

This review also reviews the progress of ML techniques in predicting and screening 

materials relevant to flexible electronics, a field where the convergence of materials 

innovation and computational power is crucial. 

 

2.2 Machine Learning in Materials Science 

 

When solving material problems with ML, a typical workflow is as shown in Figure 2.2.18 

This process begins with the careful curation and preparation of datasets, followed by the 

development of innovative descriptors to capture material characteristics. ML algorithms 

are then employed to model intricate relationships within the data, facilitating the 

prediction of material properties or behaviors. 
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Figure 2.2 The machine learning workflow. Reproduced with permission from [18].  

 

2.2.1 Dataset 

 

The importance of datasets for ML in materials science is self-evident. The core of ML 

algorithms relies on large amounts of data to learn and discover underlying patterns in 

complex systems. In materials science, high-quality datasets are the cornerstone for 

advancing the discovery of new materials, property prediction, and scientific research.19, 20 

First, the diversity of datasets is crucial for the generalization ability of the model.21-23 An 

extensive dataset covering different classes of materials can help the model better 

understand the differences and connections between various material properties, challenges 

of dataset in materials science and thus make accurate predictions even for new materials. 

A superior dataset not only needs to contain a sufficient number of samples, but also needs 

to have good data quality, such as accurate labeling, reasonable feature selection, and data 

consistency. These are prerequisites to ensure that ML algorithms can learn and predict 

effectively. Finally, with the rapid development of AI technology, the construction and 

maintenance of datasets have become more automated and intelligent. Through methods 

such as data mining,24-27 automated experiments,28-30 and high-throughput computing,31-33 

we can quickly generate new datasets to support the application of ML in materials science. 

Therefore, building comprehensive, accurate, and diverse datasets is the key to the success 

of ML in materials science. It not only accelerates the process of materials discovery, but 
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also helps scientists to deeply understand the nature of materials and promote the 

development and progress of materials science.  

 

With the widespread application of ML in materials science, a large number of publicly 

accessible databases have become the cornerstone of research. They cover a wide range of 

areas in materials, from basic data on chemical structures and properties to highly 

specialized information on specific application areas. For example, comprehensive 

chemical databases such as PubChem34 and ChemSpider,35 which aggregate information 

on chemical substances worldwide, provide valuable data resources for chemistry and 

materials science research. Databases such as Materials Project36 and AFLOWLIB37 play 

an important role in high-throughput computation and materials property prediction, and 

they provide a large amount of material property data to support the design and 

optimization of new materials. In addition, biomacromolecular structure databases, such as 

Protein Data Bank (PDB),38 provide fundamental data for organic materials research and 

promote the intersection of biochemistry and materials science. Table 2.1 lists some of the 

crucial databases that have been widely used in materials science in recent years.39-49 These 

databases not only cover various types of compounds and materials, but also provide 

detailed information on their properties, such as structure, thermodynamic properties, and 

electronic properties. This is crucial for the development and validation of new ML models.  

 

Table 2.1 Publicly accessible databases in material science 

Database Name Description Primary Focus 

PubChem An extensive database of chemical 

molecules and their activities against 

biological assays. 

Chemical substances 

ChemSpider A free chemical structure database 

providing access to over 63 million 

structures from various sources. 

Chemical structures and 

properties 
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Database Name Description Primary Focus 

Materials Project A database providing open access to 

computed information on known and 

predicted materials. 

High-throughput computational 

materials 

AFLOWLIB A repository for high-throughput 

computational materials science. 

Crystal structures and material 

properties 

PDB (Protein Data 

Bank) 

A database for the three-dimensional 

structural data of large biological 

molecules. 

Biomacromolecular structures 

ICSD (Inorganic 

Crystal Structure 

Database) 

A comprehensive collection of 

crystal structures for inorganic 

compounds. 

Inorganic crystal structures 

Cambridge Structural 

Database (CSD) 

A repository of small molecule 

crystal structures. 

Organic and metal-organic 

crystal structures 

NOMAD Repository A database storing input and output 

files of density-functional theory 

calculations. 

Computational materials science 

The Crystallography 

Open Database (COD) 

An open-access collection of crystal 

structures. 

Crystal structures 

JCAP Data Hub A platform for sharing and 

analyzing data related to 

photoelectrochemical research. 

Photoelectrochemical data 

Reaxys A database of chemical compounds, 

bibliographic data and chemical 

reactions. 

Chemical reactions and 

properties 
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Database Name Description Primary Focus 

SciFinder A research discovery tool for 

accessing a wide variety of research 

from many scientific disciplines. 

Chemical literature and patents 

ZINC Database A free database for virtual screening 

and purchasing of commercially-

available compounds. 

Drug-like molecules 

CoRE MOF Database A curated database of metal-organic 

frameworks. 

Metal-organic frameworks 

The Human 

Metabolome Database 

(HMDB) 

Provides detailed information about 

small molecule metabolites found in 

the human body. 

Human metabolites 

DrugBank A comprehensive database 

containing information on drugs and 

drug targets. 

Pharmaceuticals and drug action 

Tox21 A federal collaboration aimed at 

developing methods to rapidly and 

efficiently screen and test chemicals 

for potential toxicity. 

Chemical safety and toxicity 

The Computational 

Materials Repository 

(CMR) 

A repository for materials science 

data, designed for the storage and 

sharing of data from computational 

materials science. 

Computational materials science 

The Thermodynamics 

Research Center 

(TRC) 

Provides thermochemical, 

thermophysical, and ion energetics 

data compiled by NIST under the 

Standard Reference Data Program. 

Thermodynamics data 

 

Specifically, as polymers play a crucial role in flexible electronics, we have additionally 

summarized some polymer datasets as shown in Table 2.2.50-53  
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Table 2.2 Publicly accessible databases in polymer field 

Database Name Description Primary Focus 

Polymer Genome A comprehensive dataset that 

includes various polymer properties 

such as glass transition temperature, 

dielectric constant, and elastic 

modulus. 

Polymer property prediction and 

design 

PolyInfo 
 

A detailed polymer database 

containing information on polymer 

structures, properties, and 

applications. 

Structural and property data for 

polymers 

CAMPUS Plastics 

Database 

Provides detailed information on 

properties of different plastic 

materials, including mechanical, 

thermal, and electrical 

characteristics. 

Plastics material properties 

Polymer Handbook A collection of data on polymer 

properties, including mechanical, 

thermal, and physical properties. 

Reference data for various 

polymer properties 

PI1M Database A database focused on high-

throughput property prediction of 

polymers using machine learning 

methods, containing large datasets 

of polymer properties. 

High-throughput property 

prediction of polymers 

CHEMnetBASE-

Polymers 

Part of the CHEMnetBASE suite, 

this database includes detailed 

information on various polymers, 

including their structures, properties, 

and uses. 

Comprehensive polymer data and 

information 

 

In the application of ML techniques within the field of materials science, we are confronted 

with numerous challenges associated with datasets. These challenges not only impact the 

efficacy of model training but also constrain the further development of ML in this domain. 

The following are some of the challenges that need to be addressed: 

 

1. Data quality and consistency: the quality of materials science datasets directly 

determines the accuracy of ML models. Noise, errors, or inconsistencies in the data can 

lead to inaccurate model predictions, affecting their performance and reliability. 
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Therefore, ensuring the high quality and consistency of the dataset is key to building 

effective ML models.54 

 

2. Data size limit: the amount of data for certain material classes or attributes can be very 

limited, which restricts the model's ability to be trained and generalized. Insufficient 

data size becomes a significant challenge when dealing with complex or rare material 

systems.54 

 

3. Data imbalance: certain types of data may be much more abundant than others in 

material datasets. This imbalance can potentially skew the model towards favoring data 

types that occur more frequently, while underrepresenting less common types. Such a 

bias can adversely affect the model's overall performance and its ability to generalize 

effectively across diverse data sets.55 

 

4. Data access and sharing: data access and sharing remain significant challenges, as a 

substantial volume of research data is still in an unexplored state, dispersed across 

numerous publications. Extracting this data often entails considerable time and effort. 

Moreover, data sharing between various organizations encounters obstacles, further 

constraining data availability and hindering collaborative efforts in the field. 

 

5. Data processing and integration: Data from different sources require proper pre-

processing and integration to ensure data consistency and comparability. This process 

is often both complex and time-consuming. 

 

Hence, for the effective implementation of ML in materials science, it is important to 

address these data-centric challenges. This includes enhancing the quality and consistency 

of datasets, expanding the data volume, addressing issues of data imbalance, augmenting 

the accessibility and sharing of data across platforms, and formulating more efficient 

methods for data processing and integration. Overcoming these hurdles is crucial for 

harnessing the full potential of ML in advancing materials science research. 
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2.2.2 Descriptors 

 

Descriptors play a crucial role in ML applications to materials science. They not only affect 

the performance of models, but also determine the scope and efficiency of ML techniques 

in the discovery and performance optimization of new materials.  

 

As shown in Figure 2.3, descriptors are the bridge between the atomic or molecular 

structure of a material and its properties, and are pivotal to the ability of ML models to 

understand and predict material properties. They serve as inputs to ML models that can 

provide detailed information about the structure and composition of a material. Importantly, 

the selection and design of descriptors directly affects the accuracy and generalization 

ability of the model. Appropriate descriptors can capture the key factors that determine 

material properties, while irrelevant or imprecise descriptors may lead to inaccurate or 

overfitting model predictions. Therefore, the development of effective descriptors is crucial 

to improve the effectiveness of ML applications in materials science. In order to achieve 

good performance, descriptors in materials science need to satisfy several key requirements: 

 

1. Accuracy and relevance: descriptors should accurately capture the key factors that 

influence material properties. This means that the descriptor needs to be highly relevant 

to the physical, chemical or functional properties of the material. This information 

includes, but is not limited to, the geometry of the molecule, the electron distribution, 

and the type of chemical bonds. With this data, the ML model is able to recognize the 

correlation between the material properties and its structure for effective prediction. 

 

2. Distinguishing ability: descriptors must have sufficient granularity to distinguish 

between different molecules or materials. This means that descriptors should be able to 

capture subtle differences that affect the properties of a material, even though these 

differences may be very subtle in chemical or physical structure. This ability of the 

descriptor to differentiate is critical to ensure that the model can accurately identify and 

distinguish between different compounds, alloys, or other composite materials. If 

descriptors are not able to effectively differentiate between similar structures or 
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compositions, this may result in a degradation of the predictive performance of the 

model, especially when dealing with material systems with high similarities or subtle 

differences.  

 

3. Generalizability: descriptors should have good generalizability to many different types 

of materials and structures. This is to ensure that ML models can accurately predict the 

properties of new materials or unknown structures. With the development of the field 

of materials science, the emergence of novel materials raises new requirements for 

descriptors. These new materials may have complex structures or unknown properties, 

and traditional descriptors may no longer be applicable, so researchers need to 

continuously develop descriptors that can be adapted to new materials. 

 

4. Computational efficiency: descriptors should be computationally efficient, especially 

when dealing with large-scale datasets. This is because in high-throughput screening 

(HTS) and big data analytics, computational efficiency is critical to the overall research 

schedule and cost. In high-throughput material screening, the ability to handle large 

amounts of data is an important indicator for evaluating the effectiveness of descriptors. 

 

5. Interpretability: descriptors should provide intuitive physical or chemical meaning that 

enables researchers to understand the predictions of the model. Good interpretability 

helps to increase transparency and trust in the model while facilitating the development 

of new theories or material design principles. 

 

Figure 2.3 The relationship between descriptors and properties. 
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In the field of materials science, descriptors are categorized into two main types: 

experimental descriptors and theoretical descriptors. 

 

Experimental descriptors are derived from empirical data that directly reflect the material's 

physical and chemical properties. They are typically utilized to characterize how a material 

behaves under practical conditions. For instance, physical properties such as hardness, 

density, and thermal conductivity describe how the material performs in physical 

applications. Chemical properties, like solubility, pKa value, and reactivity, delineate the 

material's behavior in chemical environments. Spectroscopic data, including infrared and 

UV-Vis spectra, provide insights into the molecular structure and functional groups present. 

 

Theoretical descriptors, on the other hand, originate from symbolic representations of 

molecules, such as structural or empirical formulas. These descriptors facilitate an 

understanding of material properties at the atomic and molecular levels. As shown in 

Figure 2.4, theoretical descriptors are subdivided into five categories, each offering 

varying levels of detail and computational complexity.56 0D descriptors encapsulate 

descriptors that do not convey structural or atomic connectivity information. Examples 

include atom counts, bond counts, or molecular weights. The advantage of these descriptors 

lies in their simplicity and ease of acquisition. However, they tend to offer limited insights 

into molecular structure and are often used in conjunction with other descriptors to provide 

a more comprehensive picture. 1D descriptors include molecular descriptors calculable 

from a series of substructures, like functional groups. The most prevalent 1D descriptors 

are molecular fingerprints, which may be binary vectors indicating the presence or absence 

of structural features. Like 0D descriptors, 1D descriptors are straightforward to obtain and 

provide a basic level of structural information. 2D descriptors encompass descriptors that 

render information on molecular topology based on the graph representation of molecules. 

Classic examples of 2D descriptors include adjacency matrices,57-59 Coulomb matrices,60 

or distance matrices.61 These descriptors are particularly sensitive to the structural 

intricacies of molecules, such as size, shape, and symmetry, making them a favored choice 

in molecular characterization. 3D descriptors comprise geometric descriptors that detail the 

spatial coordinates of a molecule's atoms.62-64 Renowned 3D descriptors include molecular 
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matrices and 3D-MoRSE descriptors.65 These descriptors are invaluable for their detailed 

spatial information and ability to distinguish between isomers. However, the computation 

of 3D descriptors can be more time-intensive due to their complexity. 4D descriptors, also 

known as grid-based descriptors, add a fourth dimension to molecular geometry, often 

characterizing interactions with receptor active sites or the molecule's various 

conformational states.66-69 Despite providing a wealth of information, the complexity of 4D 

descriptors makes them more challenging to compute. 

 

Figure 2.4 Graphical example of different molecular representations of the same structure 

(ibuprofen, here depicted as a 2D structure). Reproduced with permission from [56]. 

 

Theoretical descriptors have received increased attention over experimental descriptors due 

to their computationally accessible nature, allowing for direct calculation from molecular 

structures without reliance on complex experimental setups and conditions. Figure 2.5 

shows some representative theoretical descriptors.70 A variety of software programs are 

available to facilitate the generation of such theoretical descriptors.71-79 Table 2.3 shows 

some examples of the software. 
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Figure 2.5 Different types of molecular representations applied to one molecule. Clockwise from 

top: (1) A fingerprint vector that quantifies presence or absence of molecular environments; (2) 

SMILES strings that use simplified text encodings to describe the structure of a chemical species; 

(3) potential energy functions that could model interactions or symmetries; (4) a graph with atom 

and bond weights; (5) Coulomb matrix; (6) bag of bonds and bag of fragments; (7) 3D geometry 

with associated atomic charges; and (8) the electronic density. Reproduced with permission from 

[66].  
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Table 2.3 Software programs used for generating descriptors 

Software Tool Description Free/Proprietary 

RDKit Open-source cheminformatics software that 

provides tools for molecular descriptor generation, 

including chemical fingerprints and topological 

descriptors. 

Free 

Dragon Provides a wide range of molecular descriptors, 

including topological, geometrical, 3D-stereo, and 

electronic descriptors. 

Proprietary 

Mold2 Developed by the FDA, capable of calculating a 

large number of 2D molecular descriptors for drug 

design and toxicity prediction. 

Free 

PaDEL Offers a variety of 2D and 3D molecular 

descriptors commonly used in the prediction of 

molecular properties in drug discovery. 

Free 

CDK (Chemistry 

Development Kit) 

An open-source Java library offering tools for 

generating molecular descriptors, chemical 

fingerprints, and other cheminformatics 

applications. 

Free 

Open Babel A chemical file conversion tool that also provides 

molecular descriptor calculation functionalities. 

Free 

Molecular 

Operating 

Environment 

(MOE) 

A comprehensive software platform offering a 

range of functionalities from molecular modeling 

to descriptor computation. 

Proprietary 

ADMET Predictor Specialized software for predicting the ADMET 

properties of drugs, providing a suite of molecular 

descriptors. 

Proprietary 

QuantumATK A software dedicated to materials modeling and 

computational properties, offering descriptors for 

material properties calculation. 

Proprietary 
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Compared to small molecules, encoding polymer structures presents more challenges due 

to their complex structures and the variety of polymers. Consequently, there are fewer 

mature descriptors for polymers compared to those for small molecules. Polymer 

descriptors can be divided into monomer-level descriptors and polymer-level descriptors. 

For monomer-level descriptors, the descriptors suitable for small molecules can also be 

applied. For polymer-level descriptors, we typically use the features shown in Table 2.4 to 

capture important aspects of polymer structure and properties. This table includes a mix of 

chemical, physical, mechanical, thermal, and optical descriptors, providing a 

comprehensive overview of the properties used to characterize polymers in informatics 

studies. 

 

Table 2.4 Summary of common descriptors for polymers 

Descriptor Description 

Molecular weight (Mw) Average molecular weight of the polymer 

Number-average molecular weight (Mn) Average molecular weight based on the number of 

molecules 

Polydispersity index (PDI) Measure of the distribution of molecular weight in a 

polymer sample 

Glass transition temperature (Tg) Temperature at which the polymer transitions from a 

hard, glassy material to a soft, rubbery state 

Melting temperature (Tm) Temperature at which the polymer transitions from 

solid to liquid 

Density Mass per unit volume of the polymer 

Crystallinity Fraction of the polymer that is crystalline 

Solubility parameter Measure of the solubility of the polymer in different 

solvents 

Dielectric constant Measure of the polymer's ability to store electrical 

energy in an electric field 

Thermal conductivity Measure of the polymer's ability to conduct heat 

Heat capacity (Cp) Amount of heat required to raise the temperature of 

the polymer by one degree Celsius 

Chain length Length of the polymer chain 

Permeability Measure of the polymer's ability to allow gases or 

liquids to pass through 
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It is noteworthy that the advancement of ML techniques has endowed neural networks, 

especially deep learning models like Convolutional Neural Networks (CNN) and Graph 

Neural Networks (GNN), with the capability to autonomously extract features.80-82 This 

stands in contrast to the manual selection of features traditionally required. The specifics 

of this process are further elaborated upon in the subsequent section on Algorithms. 

 

2.2.3 Algorithms 

 

Algorithms are critical to the successful application of ML in materials science. In ML, the 

role of algorithms is similar to that of a navigation system, guiding the model through the 

maze of data to find the optimal path to understand the nature of the material. The selection 

and optimization of algorithms directly affects the efficiency of model training and the 

accuracy of prediction results. An appropriate algorithm can ensure that the model learns 

effectively during the training process, avoid overfitting or underfitting, and ensure that the 

model has good generalization ability.  

 

Among many ML algorithms, classical ML models stand out for their simplicity, 

interpretability and efficiency. Classical ML models can be categorized into four groups: 

supervised learning, unsupervised learning, semi-supervised learning, and reinforcement 

learning, as shown in Figure 2.6.83 Supervised learning algorithms, such as linear 

regression (LR),84 logistic regression85, support vector machines (SVM),86 and random 

forests (RF)87 have become important tools for researchers in material property prediction, 

classification, and regression analysis due to their powerful data fitting and prediction 

capabilities. These algorithms are not only highly accurate in predicting material properties 

such as mechanical strength,88-90 thermal conductivity,91, 92 and electronic band structure,93-

95 but they are also capable of handling problems with well-defined output objectives, such 

as classification,96-98 enabling researchers to rapidly identify candidate materials with 

potential applications in massive amounts of material data. Unsupervised learning 

algorithms, including clustering and dimensionality reduction techniques such as K-mean 

clustering,99 and Principal Component Analysis (PCA),100 demonstrate their powerful data 

exploration capabilities on unlabeled datasets. By discovering the intrinsic structure and 
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patterns of data, these algorithms help researchers understand the complexity and diversity 

of materials and identify different classes or states of materials, thus providing a scientific 

basis for material design and functional optimization.101-103 Reinforcement learning 

algorithms are applicable to decision-making problems in dynamic systems by modeling 

the decision-making process of an intelligent body in its environment and learning the 

optimal policy. In materials science, reinforcement learning is used to optimize material 

processing and synthesis processes,104-106 as well as to develop design strategies for new 

materials,107-109 which are complex problems requiring a series of decisions under changing 

conditions. 

 

 

Figure 2.6 The main types of machine learning. Main approaches include classification and 

regression under the supervised learning and clustering under the unsupervised learning. Coloured 

dots and triangles represent the training data. Yellow stars represent the new data which can be 

predicted by the trained model. Reproduced with permission from [83].  

 

In summary, classical ML algorithms play diverse roles in materials science, from simple 

supervised learning to complex reinforcement learning. They are each applicable to 

different problems and data types, and together they constitute a powerful toolset that 

continues to advance materials science and facilitate the discovery and application of new 

materials. However, despite the significant progress that has been made, the application of 
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ML in materials science still faces many challenges, such as interpretability of algorithms, 

and generalization ability of predictive models. Future research will continue to deepen the 

application of these algorithms, optimize their performance, and explore new algorithms 

to better meet the needs of materials science. 

 

Deep learning, a jewel in the field of Artificial Intelligence (AI), is showing its strong 

potential for applications in materials science. Different types of deep learning models, 

such as CNN, GNN, Recurrent Neural Networks (RNN) as shown in Figure 2.7, each with 

its own strengths, provide new perspectives on structure identification, performance 

prediction, and the design of new materials.110 CNN is a powerful tool for processing image 

data, which extracts localized features in an image by mimicking the workings of the 

human visual system. In materials science, CNN is used to analyze microstructural images 

of materials, such as scanning electron microscopy images,111 to identify and classify 

different material phases or defects. CNN is able to learn patterns and textures in images, 

which is crucial for understanding the microstructure of materials and predicting their 

macroscopic properties. GNN is one of the most suitable deep learning models for 

processing molecular and crystal structure data as shown in Figure 2.8.112 They are able to 

operate directly on graph data, recognizing the topology of molecules or lattices and 

automatically extracting features about the chemical and physical properties of materials. 

With GNN, researchers are able to predict the properties of materials,113, 114 thereby 

accelerating the design and discovery process of new materials. RNN is particularly suited 

for processing sequential data, such as time-series material performance data. The ability 

of RNN to memorize information from the preceding sequential data through their internal 

recurrent structure allows RNN to take advantage of their unique strengths in analyzing 

and predicting time-dependent performance of materials under different conditions.115, 116 
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Figure 2.7 Illustrative examples of CNN, GNN, and RNN network architectures. Reproduced with 

permission from [110]. 

 

 

Figure 2.8 (a) Schematic depiction of the message passing operation for molecules and crystalline 

materials. (b) QM9 benchmark. Mean absolute error of the prediction of internal (red circles), 

highest occupied molecular orbital (HOMO, orange triangles), and lowest unoccupied molecular 

orbital (LUMO, inverted blue triangles) energies for different GNN models since 2017. Reproduced 

with permission from [112].  
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One of the most desirable features of these deep learning models is their ability to 

automatically extract and learn features from data without having to manually set specific 

descriptors.117 This feature greatly reduces the effort of pre-processing the data, allowing 

the models to learn useful information directly from the raw data and automatically 

optimize the feature representation to improve the accuracy of the predictions. Such 

automatic feature extraction is extremely valuable for dealing with large-scale material 

databases, as it allows the model to continuously adapt and improve its understanding of 

material properties during training. However, there are challenges to the application of deep 

learning models in materials science. As shown in Figure 2.9, with the increase of model 

complexity, interpretability of models is a key issue, as the decision-making process of 

deep networks is often difficult to understand.118 In addition, deep learning models usually 

require a large amount of labeled data for training, which is not always feasible in materials 

science. Therefore, how to design interpretable and data-efficient deep learning models and 

how to combine a small amount of labeled data with a large amount of unlabeled data are 

important directions for future research. 

 

 

Figure 2.9 Machine learning model complexity and possible effects on interpretability, model 

performance, and the required amount of training data. Reproduced with permission from [118].  
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2.3 Applications 

2.3.1 Property Prediction 

 

An important role of ML in the field of materials is material property prediction.119-124 ML 

has great potential for fast and efficient prediction of material properties compared to 

traditional experimental or simulation methods.  

 

Severson et al. use ML models to accurately predict battery lifetime using early-cycle 

data.125 This study involves generating a comprehensive dataset comprising 124 

commercial lithium iron phosphate/graphite cells, subjected to fast-charging conditions and 

exhibiting diverse cycle lives ranging from 150 to 2300 cycles. The primary focus is on 

employing ML tools to predict and classify cells by cycle life, based on early discharge 

voltage curves that show no signs of capacity degradation as shown in Figure 2.10a. The 

research showcases the utilization of ML models to predict battery behavior accurately, 

even before significant degradation occurs. It could revolutionize the battery 

manufacturing process, enabling rapid validation of new production techniques and 

efficient sorting of cells based on expected lifetimes.  

 

Figure 2.10 (a) Discharge capacity curves for 100th and 10th cycles for a representative cell. (b) 

Observed and predicted cycle lives. Reproduced with permission from [125].  
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Casey et al. use the neural network model trained on over 20,000 molecules to predict 

various properties of energetic materials including dipole moment, total electronic energy, 

detonation velocity, pressure, temperature, crystal density, HOMO-LUMO gap, and solid 

phase heat of formation.126 The authors develop a CNN that can parse the 3D electronic 

structure of molecules, represented as 4D tensors combining charge density and 

electrostatic potential. The results as shown in Figure 2.11 demonstrate that this method 

can predict multiple properties of energetic materials with high accuracy, highlighting the 

potential of 3D CNN in material science. This approach can revolutionize the way 

properties of materials are predicted, offering a more efficient, cost-effective, and less 

labor-intensive alternative to traditional methods.  

 

Figure 2.11 Parity plots of prediction values (CNN) vs. actual values of different properties on the 

test set (the red line indicates exact prediction, i.e., the predicted value equals the actual value). 

Reproduced with permission from [126]. 

 

Bhat et al. present an extensive dataset comprising 25,000 molecular entities characterized 

by a spectrum of properties ascertained through the methodologies of DFT and its time-

dependent variant (TDDFT).127 This rich dataset has been utilized to train a suite of ML 
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models, ranging from traditional approaches such as ridge regression to sophisticated GNN 

that interpret molecular SMILES strings. The investigation delineates the superiority of 

GNN, particularly those augmented with context-rich information, in delivering enhanced 

predictive accuracy for a myriad of molecular properties. As shown in Figure 2.12, an 

innovative aspect of their study is the integration of uncertainty quantification within their 

top models, infusing a measure of confidence in the predictive outcomes. In a laudable 

move towards open science, Bhat et al. have launched an interactive online portal, ensuring 

broad accessibility to this dataset and the corresponding ML models, thus making a 

substantial contribution to the advancement of materials science and computational 

chemistry.  

 

 

Figure 2.12 Predictions from the fourth generation ML model with evidential learning and 

molecular descriptors as the concatenated feature on the test dataset for properties vartical 

ionization energies (top) and hole reorganization energies (bottom). The histograms on the left plot 

represent the distribution of the corresponding DFT evaluated property in the test dataset. Scatter 

plots on the right represent the chemical space of the test dataset. The data points where the 

uncertainty is greater than 10% of the DFT values are in gray. Reproduced with permission from 

[127].  
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In a pivotal study conducted by Pei, the limitations of empirical rules for predicting the 

formation of solid solutions were addressed through the utilization of a substantial dataset 

comprising 1252 multicomponent alloys.128 The study further elucidated key features such 

as molar volume, bulk modulus, and melting temperature, instrumental in the formation of 

solid solutions. The performance of the ML models as shown in Figure 2.13b, c 

demonstrated the method's predictive prowess. Building on these insights, Pei introduced 

a new thermodynamics-based rule that, while slightly less precise at 73% accuracy, is 

grounded in the physical aspects of the problem. This rule was adeptly applied to predict 

solid solutions across various elemental blocks, covering FCC, BCC, and HCP structures, 

with a high-throughput approach. The simplicity of the new rule, relying solely on 

elemental properties, marks a significant stride in the efficient screening of high-entropy 

alloys for solid solution formation, enhancing its practical utility in material science.  

 

Figure 2.13 (a) The correlation matrix of elemental properties and alloy phase. (b) Gaussian process 

classification receiver operating characteristic (ROC) with confidence band for single-phase versus 

multi-phase (top) and face-centered cubic (FCC) versus body-centered cubic (BCC) versus 

hexagonal closest packed (HCP) single-phase (bottom) classification, respectively. (c) The area 

under curve (AUC) is calculated for each ROC curve. (d) Gaussian process classification (GPC) 
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probability as a single-phase alloy versus atomic size difference. Reproduced with permission from 

[128].  

Chen's research addresses the critical challenge of measuring lattice thermal conductivity 

in materials such as thermoelectrics and semiconductors, where empirical methods are 

notably difficult.129 To overcome the limitations of accuracy and computational expense in 

existing theoretical methods, Chen leverages ML to predict thermal conductivity for 

inorganic materials. Utilizing a dataset of experimental thermal conductivity measurements 

from roughly 100 inorganic materials, coupled with sophisticated feature engineering and 

the Gaussian process regression algorithm, Chen's ML model showcases remarkable 

predictive accuracy and speed. As shown in Figure 2.14, they compared the performance 

of models trained with training sets of different sizes and with different numbers of feature 

to optimize the training dataset and features selected. The optimized model not only 

outperforms or matches the precision of traditional computational methods but also 

provides insights into the critical factors influencing thermal transport in non-metals. 

Chen's work culminates in a ML framework that significantly enhances the ability to design 

and screen new materials with optimized thermal conductivity, marking a substantial 

contribution to the understanding and application of heat transport in solid-state physics.  
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Figure 2.14 (a) Prediction accuracy for GPR and GPR-RFE models trained using different train set 

sizes, averaged over 100 runs. The corresponding test sets in (a) is the difference between total data 

and train sets. (b) illustrates example parity plot obtained from the GPR-RFE model (29 features) 

with train and test set of 76 and 19 points, respectively. Parity plots obtained from the GPR-RFE 

model with 95 train points and 5 unseen test points including, Sc2O3, Ga2O3, MnO, AlCuO2, and 

Ca5Al2Sb6, using (c) 29 features and (d) 28 features, eliminating the space group number feature 

from the 29 features. Reproduced with permission from [129].  

 

Significant progress has been made in the application of ML to property prediction. By 

constructing large-scale datasets and combining them with advanced algorithms, 

researchers have been able to accurately predict a variety of important properties of 

materials. These models not only improve the speed and accuracy of predictions, but also 

reveal key factors that affect material properties. In addition, these studies provide 
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materials science researchers with a large amount of data and tools through open sharing, 

providing a solid foundation for future materials innovation and applications. Therefore, 

the successful application of ML in materials property prediction will undoubtedly 

continue to advance materials science and bring more innovative materials solutions. 

 

2.3.2 Materials Discovery 

 

Researchers have long been dedicated to discovering or designing new materials that will 

improve the performance of material applications and reduce the cost of industrialized 

material preparation and applications.130-132 The new scientific paradigm shift is being led 

by ML and data-driven approaches in today's materials science. Scientific progress has 

undergone several major shifts and is now in the fourth scientific paradigm - data-driven 

scientific research.1 At the core of this paradigm is the use of advanced computational 

technologies, artificial intelligence, and massive data resources to enable the acceleration 

of scientific discovery and theoretical innovation.133, 134 As time advances, the 

computational power is swiftly expanding. This leads to a significant decrease in the 

duration needed for calculations, shifting more time towards the setup and analysis of 

simulations. This evolution has altered the conventional workflow and paved the way for 

novel research methodologies. Rather than conducting numerous simulations prepared by 

hand, it's now feasible to automate the generation of inputs and execute numerous 

simulations, potentially in the millions, either in parallel or one after another. This 

progression is depicted in Figure 2.15, and this method is referred to as high-throughput. 

In materials science, this shift is reflected in the HTS and analysis of huge material 

databases through ML algorithms to rapidly discover new materials with potential 

applications.135 This approach not only greatly improves research efficiency, but also 

pushes the boundaries of new material design, providing new directions and strategies for 

the future development of materials science. 
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Figure 2.15 Time spent for calculations(and similarly for experiments) as a function of 

technological developments. With the computer technological advances, the calculation 

step can be less time consuming than the setup construction and the results analysis. 

Reproduced with permission from [135].  

 

Ren et al. have made a compelling contribution to the field of new materials discovery with 

their use of ML to streamline high-throughput experiments.136 Focusing on the Co-V-Zr 

ternary system, they trained an ML model incorporating physiochemical theories and 

synthesis method factors, which led to the successful prediction and discovery of new 

metallic glasses. As shown in Figure 2.16, despite initial discrepancies in the precise 

compositions predicted, the authors iteratively refined the ML model using experimental 

feedback, resulting in improved accuracy for not only the Co-V-Zr system but also other 

validation datasets. This enhanced ML model subsequently guided the discovery of 

metallic glasses in two unexplored ternaries. Ren et al.’s research illustrates the power of 

integrating ML with high-throughput experimentation, not only in the discovery of three 

new glass-forming systems but also in establishing a synthesis method–sensitive predictive 

tool that gains accuracy from continued use. This iterative, data-driven discovery approach 

holds great potential for accelerating the development of various technologically 

significant materials, especially those whose properties are synthesis path–dependent and 

challenging for current physiochemical theories to predict. 
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Figure 2.16 Comparison of first- and second-generation predictions with HiTp experimental results 

for Co-Ti-Zr (first row), Co-Fe-Zr (second row), and Fe-Ti-Nb (third row) ternary. (A1 to A3) 

Prediction of GFL from the first-generation ML model. (B1 to B3) Revised predictions from the 

second-generation ML model. (C1 to C3) High-throughput (HiTp) experimental map of the full 

width at half maximum (FWHM) of the first sharp diffraction peak (FSDP) in x-ray diffraction 

(XRD) measurements. (D1 to D3) Experimental map of the glass-forming region (GFR) derived 

after application of the glass formation threshold based on amorphous silica applied to data in (C1) 

to (C3). Purple, glass; yellow, not glass. Reproduced with permission from [136].  

 

Raccugli and colleagues present an innovative ML approach to predict the outcomes of 

hydrothermal synthesis reactions, specifically for the crystallization of templated vanadium 

selenites.137 As shown in Figure 2.17, utilizing archived data from unsuccessful reactions 

along with cheminformatics techniques, the researchers trained a machine-learning model 

that significantly outperformed traditional methods, achieving an 89% success rate in 

predicting new organically templated inorganic product formation. This approach not only 

provides a new predictive capability to guide synthetic efforts but also offers fresh insights 

into the underlying conditions for successful material synthesis. Their work marks a 

significant advance in the use of historical chemical reaction data, suggesting that such 

data-driven approaches can uncover new chemical principles and significantly improve the 

discovery and development of inorganic–organic hybrid materials.  
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Figure 2.17 (a) Schematic representation of the feedback mechanism in the dark reactions project. 

Machine-learning models generated from historical reaction data are used to recommend new 

reactions to perform, and to generate human-interpretable hypotheses about crystal formation. 

SVM, support vector machine. (b) Graphical representation of the three hypotheses generated from 

the model, and representative structures for each hypothesis. Reproduced with permission from 

[137].  

 

Priya et al. employ ML to sift through literature data on ABO3-type perovskite oxides, 

crucial for energy-related applications, aggregating over 7000 data points.138 Their work 

focuses on predicting total conductivity and categorizing perovskites based on charge 

carriers under varying temperatures and environments. Key predictive features like average 

ionic radius and minimum electronegativity were identified to determine conductivity and 

charge carrier types. With an XGBoost algorithm, they screened thousands of doped and 

undoped perovskites as shown in Figure 2.18, pinpointing promising candidates for high 

conductivity. Some candidates, such as EuNbO3 and EuSnO3, demonstrated potential as 

low-temperature proton-conducting electrolytes.  
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Figure 2.18 Summary of all the screened stable perovskites of different charge carriers. Different 

colored symbols indicate different classes of perovskites: red solid symbols are pure type I (AO + 

BO2) perovskites, blue are type II (A2O3 + B2O3) perovskites, yellow are the A-site doped type I 

perovskites, green are A-site doped type II, purple are the B-site doped type I, and gray are the B-

site doped type II perovskites. Type I are doped with M2O3 and type II are doped with MO type 

oxides. The top candidate for each class has been labeled. The conductivity of BZY at 400 °C is 

shown by a black line for reference. Reproduced with permission from [138].  

 

Tao et al. incorporate a ML approach with high-fidelity MD simulations to predict the glass 

transition temperature (Tg) of polymers based on their chemical structure.139 Drawing from 

a vast dataset of nearly 13,000 homopolymers, they effectively trains a deep neural network 

(DNN) using experimental Tg values. The DNN's predictive capabilities are validated 

against MD simulations and experimental results, showcasing its potential for HTS. As 

shown in Figure 2.19, this innovative method led to the identification of over 65,000 

polymers with Tg above 200°C, significantly expanding the scope of known high-

temperature polymers. This advancement marks a substantial leap in the discovery and 

design of materials suitable for high-temperature applications. 
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Figure 2.19 High-throughput screening of high Tg polymers with the DNN_Fingerprint model. 

The Tg distribution of the dataset-1, dataset-2, and dataset-3 are plotted in green, yellow, and red, 

respectively. The polymer samples on the right are following by their predicated Tg and true Tg 

values. For the sample in dataset-1 (green box), true Tg is the collected experimental value. For the 

samples in dataset-2 (yellow box) and dataset-3 (red box), true Tg is the MD-simulated value. More 

than 1,000 real polymers and 65,000 hypothetical polymers were discovered with Tg > 200℃. 

Reproduced with permission from [139].  

 

Yang et al. employed a ML model to revolutionize the design of polymer membranes, 

traditionally a trial-and-error process, into a data-driven discovery method.140 Their 

multitask ML models, trained on a vast array of experimental data, effectively link polymer 

chemistry with gas permeabilities of various gases. As shown in Figure 2.20, the models 

not only provide deep insights into the impact of different chemical groups on permeability 

and selectivity but also facilitate the screening of over 9 million hypothetical polymers. 

This extensive screening identified thousands of polymers exceeding current performance 

benchmarks, including hundreds of ultrapermeable membranes with exceptionally high O2 

and CO2 permeabilities. The validity of these ML predictions is further reinforced through 
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high-fidelity MD simulations, underscoring the potential of these polymers to be actualized. 

The study concludes by offering the membrane design community numerous high-

performance polymer candidates and key molecular insights, potentially serving as a 

blueprint for a variety of material discovery and design tasks across multiple domains. 

 

 

Figure 2.20 Visualization of predicted permeabilities for hypothetical polymers in datasets. The 

data are visualized for (A) O2/N2, (B) CO2/CH4, (C) CO2/N2, and (D) H2/CO2 separations, with 

thousands of promising polymers lying at or above the Robeson upper bounds. Units of 

permeability are Barrers. Reproduced with permission from [140].  

 

In the realm of materials science, ML methodologies have emerged as transformative tools 

in the discovery and design of novel materials. Utilizing the capability to analyze vast 

datasets and identify intricate patterns, ML has not only expedited the process of material 

prediction and screening but also offered more precise and holistic understandings in 

materials research. Recent advancements have highlighted ML's potent capabilities in 

forecasting and identifying both inorganic and organic materials, thereby streamlining the 

material discovery process and reducing associated research expenditures. Furthermore, 
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these developments provide innovative perspectives and methodologies, enriching the 

traditional approaches to materials research and development. As computational power 

continues to grow and algorithmic refinements progress, ML's role in materials science is 

set to delve deeper and expand wider, paving the way for groundbreaking advancements in 

materials innovation and their practical applications. 

 

2.3.3 Machine Learning in Flexible Electronics 

 

In the burgeoning field of flexible electronics, the exploration and advancement of new 

materials are paramount for driving technological progress and fulfilling evolving market 

demands. As technological innovation accelerates, flexible electronic devices such as 

wearable sensors, flexible displays, and bendable solar panels are increasingly becoming 

an integral part of our lives. The performance and functionality of these devices are 

profoundly influenced by the materials used. To meet the demands of diverse bending and 

folding applications, not only must these materials exhibit excellent electronic and 

mechanical characteristics, but they must also maintain robust flexibility and durability. 

Consequently, the pursuit of novel materials for flexible electronics is not merely a quest 

for enhanced device performance; it also unlocks a realm of possibilities for pioneering 

applications and innovative designs. The advent of AI and ML heralds a new era in this 

domain, offering more rapid and efficient methodologies for the prediction and 

identification of promising materials. 

 

In recent years, there has been a surge in research utilizing ML for the study of Organic 

Photovoltaics (OPVs). Sun et al. demonstrate the powerful capabilities of ML in advancing 

the field of OPVs.141 By constructing a database of over 1700 donor materials from existing 

literature, the study successfully employs supervised learning to establish a correlation 

between chemical structures and photovoltaic properties, even prior to synthesis. The 

researchers explore various molecular structure expressions, such as images, ASCII strings, 

descriptors, and fingerprints, to feed different ML algorithms. As shown in Figure 2.21a, 

fingerprints with a length exceeding 1000 bits achieve high predictive accuracy. This 

approach's efficacy is further substantiated by accurately screening 10 novel donor 
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materials exhibited in Figure 2.21c, showcasing a strong alignment between ML 

predictions and experimental results. The findings underscore ML's potential as a powerful 

tool for pre-screening OPV materials, thereby catalyzing the evolution of OPV technology. 

Meftahi et al. conducted a comprehensive study on the application of machine-learning 

approaches to predict key properties of OPV materials.142 Their research demonstrated the 

utility of chemically interpretable fragment-based descriptors in training ML models for 

the prediction of OPV device properties, including power conversion efficiency (PCE), 

open circuit potential (𝑉𝑂𝐶), short circuit density (𝐽𝑆𝐶), HOMO energy, LUMO energy, and 

the HOMO–LUMO gap. The most robust models exhibited a remarkable predictive 

accuracy for PCE, enabling accurate estimations with a standard error of ±0.5%. This 

approach facilitates the rapid screening of potential donor and acceptor materials for OPV 

applications, thereby expediting the design of green energy devices. Furthermore, the study 

emphasized the importance of using nonlinear ML methods and signature descriptors to 

create chemically interpretable and predictive models for OPV properties. Nagasawa et al. 

have addressed the challenge of data-driven molecular design in OPV applications with 

bulk heterojunction frameworks through the workflow as shown Figure 2.22a.143 Their 

study employs supervised learning methods, specifically artificial neural network (ANN) 

and RF, to screen conjugated molecules for polymer-fullerene OPV applications. The 

authors manually collect approximately 1000 experimental parameters from the literature, 

encompassing factors like PCE, molecular weight, and electronic properties, and integrate 

them with digitized chemical structures for ML. While ANN exhibits a low correlation 

coefficient, RF demonstrates improved accuracy, particularly in PCE classification. 

Notably, the RF model guides the design, synthesis, and characterization of a conjugated 

polymer as depicted in Figure 2.22b-d, expediting the development of optoelectronic 

materials. This research showcases the potential of supervised learning in OPV molecular 

design. 
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Figure 2.21 Verification of ML models with experiment. (a) Comparison of the results from four 

different models. (b) Schematic diagram of the cell architecture used in this study. (c) J-V curve of 

the solar cell with the active layer using the predicted donor material. (d) Prediction results versus 

experimental data for the predicted donor materials with the RF algorithm and Daylight fingerprints. 

Reproduced with permission from [141].  
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Figure 2.22 (a) Scheme of polymer design by combining the RF screening and manual 

screening/modification. The picked-up molecule or polymer in each stage is shown. (b) Synthesized 

random copolymer for OPV analysis. (c) Photoabsorption spectrum of P1 in the film state. (d) 

Current density–voltage curve of the best performing device. Reproduced with permission from 

[143].  

 

Ding et al.'s research introduces ML technology for predicting the hole mobility of ionic 

liquid Poly(3,4-ethylenedioxythiophene) (PEDOT) systems, a critical parameter for their 

performance in advanced electronics.144 Traditionally, assessing hole mobility involved 

MD simulations to obtain conformers, followed by quantum mechanics (QM) calculations 

or quantum Hall effect measurements. However, this study presents an alternative approach 
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utilizing supervised learning algorithms, including LR, ANN, RF, and gradient boosting 

decision tree (GBDT), to predict transfer integral (𝑉𝑖𝑗 ) values accurately. As shown in 

Figure 2.23, this ML model demonstrates exceptional predictive power (R2 > 0.9, MAE = 

10−3 eV) and significantly reduces prediction time by six orders of magnitude when 

compared to the traditional MD and QM method. The model's predictive ability is validated 

across multiple IL-PEDOT systems. Additionally, experimental characterization with 

Atomic Force Microscope (AFM) and conductivity measurements aligns with the 

estimated mobility changes. This ML model not only elucidates key feature descriptors 

influencing 𝑉𝑖𝑗 |, ut also identifies the optimal feature quantity to maximize 𝑉𝑖𝑗, dcom of 4 

Å favoring the largest 𝑉𝑖𝑗. The results highlight the potential of ML technology to expedite 

hole mobility prediction in IL-PEDOT systems across various morphologies for 

photovoltaic and thermoelectric applications, reducing development time and experimental 

costs.  

 

 

Figure 2.23 The predicted |𝑉𝑖𝑗 | for (a) RF with 300 decision trees and (b) ANN with 6 hidden layers 

(the numbers of neurons in each layer are 100, and the unit of MAE value is in eV). Reproduced 

with permission from [144].  

 

Leem et al. have presented an innovative data-driven approach to tailor the mechanical 

properties of soft materials by utilizing ML predictions based on experimental synthetic 

recipes.145 This research addresses the challenge of directly modulating the properties of 

soft materials in a laboratory setting with specific ingredients. Figure 2.24a demonstrated 
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the process chart of the system. They employed polyurethane (PU) elastomer as a model 

soft material and manipulated the mechanical properties by adjusting the mixing ratio of 

its components. By utilizing a design of experiment, they collected data from 25 

experimental conditions to train a LR model. This model takes desired mechanical 

properties as input and generates synthetic recipes for soft materials, which were 

subsequently validated through experiments. The study further conducted a comparative 

analysis of the predictive accuracies of various ML algorithms, as illustrated in Figure 

2.24b. Additionally, it examined models trained with varying quantities of training data 

points, as depicted in Figures 2.24c, d. This data-driven approach has the potential to be 

applied across various material systems to establish experimental conditions and property 

relationships for soft materials, offering a valuable tool for experimental labs in the design 

of soft materials with desired mechanical characteristics.  
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Figure 2.24 (a) Process chart of (I) soft material design system development and (II) soft material 

design process using the developed design system. (b) Comparison of train RMSE and test RMSE 

values obtained from LR, SVR, and NN using initial 25 data points as a training set. LR showed 

the smallest train RMSE and NN showed the smallest test RMSE. (c),(d) RMSE value changes 

when the number of data points in the training set (N) changes in both cases LR and NN were used. 

Reproduced with permission from [145].  
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Atahan-Evrenk et al. conducted a study focused on the prediction of intramolecular 

reorganization energy (RE) for hole transport in organic semiconductors (OSCs) using ML 

methods.146 With the aim of enabling HTS for novel OSCs, they generated a molecular 

library comprising 5631 molecules with extended conjugated backbones. These molecules 

were characterized using various descriptors and the target electronic data were obtained 

through quantum-chemical calculations. As shown in Figure 2.25,the research compared 

ridge, kernel ridge, and deep neural net (DNN) regression models for predicting RE and 

found that DNNs outperformed the other methods, achieving a coefficient of determination 

of 0.92 and a RMSE of approximately 12 meV. This study demonstrates that the 

intramolecular REs of organic semiconductor molecules can be accurately predicted from 

their molecular structures, providing a valuable tool for the design and discovery of 

efficient OSCs.  
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Figure 2.25 (a) Nine models to predict the reorganization energy from an inexpensive (MMFF94) 

3D geometry or a SMILES string. (b) Learning curves for the models obtained with 5-fold cross-

validation on 80% of the data using the [1000, 1000, 1000] network with dropout values of 0.1 for 

the signature and molecular transform (MT) descriptors and 0.2 for the circular fingerprint (CF) 

descriptors. Reproduced with permission from [146].  

 

Gómez-Bombarelli et al. have presented an integrated approach to the design of organic 

functional materials, showcasing the power of virtual screening in molecular discovery.147 

As depicted in Figure 2.26a, their research combines theoretical insights, quantum 

chemistry, cheminformatics, ML, industrial expertise, organic synthesis, molecular 

characterization, device fabrication, and optoelectronic testing. Through the exploration of 

a vast search space of 1.6 million molecules and the screening of over 400,000 of them 



Literature Review  Chapter 2 

 

 

54 

using time-dependent density functional theory (TDDFT), the study identified thousands 

of promising novel organic light-emitting diode (OLED) molecules spanning the visible 

spectrum, as illustrated in Figure 2.26b, c. The collaboration between experts led to the 

selection of the most promising candidates, which were then experimentally synthesized 

and tested. Remarkably, these candidates achieved external quantum efficiencies (EQE) of 

up to 22%. The research highlights the potential of computational exploration of chemical 

space to not only identify new molecules but also provide fundamental chemical insights. 

 

 

Figure 2.26 (a) Diagram of the collaborative discovery approach: the search space decreases by 

over five orders of magnitude as the screening progresses. The cubes represent the size of the 

chemical space considered at any given stage of the process. The distinct screening stages, from 

left to right, involve different theoretical and computational approaches as well as experimental 

input and testing. (b) Number of screened molecules as a function of singlet–triplet splitting (ΔEST) 

and oscillator strength (f). Contour lines represent estimated kTADF (μs−1) assuming S1 at 3.0 eV. (c) 

Number of screened molecules as a function of kTADF and S1 energy. Vertical dashed line 

corresponds to kTADF = 1 μs−1. Reproduced with permission from [147].  
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The application of ML in flexible electronics highlights a growing trend in research, where 

ML techniques are being leveraged to enhance the development and performance of 

flexible electronic devices. Numerous studies have investigated the integration of ML 

algorithms to optimize materials, device design, and manufacturing processes. These 

approaches have shown promising results in improving the efficiency, reliability, and 

flexibility of electronic components and systems. 
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Chapter 3 

 

Experimental Methodology 

 

This chapter initially introduces the preparation and preprocessing of 

the dataset. It then presents the selected algorithms, including both 

traditional machine learning and deep learning approaches. 

Furthermore, transfer learning techniques are discussed. Regarding 

simulation techniques, the chapter will cover the density functional 

theory method and the molecular dynamics simulation method. 
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3.1 Data Collection and Preparation 

 

Our data collection methodology includes a multifaceted strategy that integrates 

information from a variety of sources: published literature, readily available databases, and 

computational simulations. We extracted raw data from the selected literature sources. 

Extensive data cleansing of the raw data is required to identify and resolve outliers, 

inconsistencies, and missing values in the collected dataset. The publicly accessible 

databases of materials are also an important source of data for us. Through specific search 

criteria, the databases can be filtered to obtain databases that satisfy specific requirements. 

In cases where experimental data were limited or unavailable, we use computational 

methods to obtain the dataset, and the specific computational methods used will be 

described in later sections. 

 

Feature generation is a pivotal step in our methodology, wherein we transform the raw 

chemical structures and properties of materials into informative descriptors that are suitable 

for Machine Learning (ML). We employ the widely recognized software tools RDKit1 and 

PaDel2 for this purpose. RDKit is utilized to generate a diverse set of molecular descriptors 

from chemical structures. These descriptors encompass a broad range of chemical 

information, including molecular weight, atom counts, bond types, and topological 

properties. We employ molecular fingerprints derived from RDKit, such as Morgan 

Fingerprints,3 to capture molecular structural patterns. PaDel, a comprehensive software 

tool, is employed to calculate property-based molecular descriptors. These descriptors are 

derived from molecular properties, electronic properties, and quantum chemical 

calculations. PubChem Fingerprint4 can be also generated through the PaDel software to 

capture the chemistry information. 

 

To avoid overfitting issue and enhance the efficiency of our ML models, we employ 

dimension reduction techniques. This involves the identification and removal of less 

informative features while retaining the most relevant ones. Our methodology incorporates 

several dimension reduction strategies, including low variance filters,5 high correlation 

filters, and the recursive feature elimination (RFE) algorithm.6 Low variance filters are 
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applied to eliminate features with minimal variation across the dataset. By setting a 

predefined variance threshold, features exhibiting low variability are removed. This step 

helps us focus on descriptors that capture significant changes in material properties, thus 

reducing noise and enhancing model interpretability. High correlation filters assess the 

pairwise correlation between features. Features that are highly correlated with others can 

be redundant and may not contribute substantially to the model's predictive power. We 

identify and remove one of the highly correlated features to reduce multicollinearity and 

improve model stability. The RFE algorithm systematically evaluates the importance of 

each feature by iteratively training the ML model and eliminating the least significant 

feature at each step. This iterative process continues until the desired number of features or 

a predefined performance criterion is met. RFE ensures that only the most influential 

descriptors are retained in the final feature set, optimizing model accuracy and 

generalization. By implementing these dimension reduction techniques, we ensure that the 

most informative features are retained for accurate predictions.  

 

Data preprocessing is a crucial phase in our methodology, aimed at ensuring the quality, 

consistency, and compatibility of our dataset. Two fundamental techniques employed in 

this process are normalization and standardization.7 To bring all features to a common scale 

and prevent any particular feature from dominating the modeling process due to its 

magnitude, we apply normalization. Each feature is transformed to have a range between 

0 and 1. This technique is particularly useful when dealing with descriptors measured in 

different units or with varying ranges, ensuring that all features contribute equally to the 

ML models. Standardization is employed to center the data distribution around zero with a 

standard deviation of one. By subtracting the mean and dividing by the standard deviation 

for each feature, we achieve a standardized dataset. Standardization is valuable when 

dealing with ML algorithms that are sensitive to feature scales, ensuring that features with 

larger numerical values do not unduly influence model training.  

 

3.2 Machine Learning Models 

3.2.1 SVM 
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The Support Vector Machine (SVM) is a powerful ML algorithm that has gained 

widespread recognition for its versatility and effectiveness in both classification and 

regression tasks. Each SVM component is displayed in Figure 3.1.8 At its core, the SVM 

algorithm is founded on the principle of finding an optimal hyperplane that maximally 

separates data points belonging to different classes in a high-dimensional feature space. 

This hyperplane is strategically positioned to have the maximum margin, defined as the 

distance between the hyperplane and the nearest data points (support vectors) from each 

class. SVM achieves this by transforming the original data into a higher-dimensional space 

using a kernel function, which implicitly maps data points into a space where they can be 

linearly separated. The choice of the appropriate kernel function plays a critical role in 

SVM's ability to handle complex, nonlinear relationships within the data. SVM excels not 

only in linearly separable scenarios but also in situations where data exhibits intricate 

boundaries, making it a versatile tool in various domains, including image classification, 

bioinformatics, and financial forecasting. Its robustness, capacity for handling high-

dimensional data, and the ability to balance bias-variance trade-offs make SVM a valuable 

asset in the arsenal of ML techniques. 

 

 

Figure 3.1 Components of SVM. Reproduced with permission from [8].  
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3.2.2 Random Forest 

 

The Random Forest (RF) algorithm is a powerful ensemble learning technique that has 

gained prominence in the field of ML for its remarkable accuracy and versatility. At its core, 

the RF algorithm is built upon the principle of ensemble learning, where a multitude of 

decision trees are constructed and their outputs are aggregated to make predictions. Figure 

3.2 illustrates that each decision tree in the forest is trained on a random subset of the 

dataset and a random subset of the features, a technique known as bootstrapped aggregating 

or “bagging”.9 The brilliance of RF lies in its ability to mitigate overfitting, enhance 

generalization, and reduce variance by combining the predictions from multiple individual 

decision trees. During the training process, the algorithm assigns an importance score to 

each feature, indicating its contribution to the overall prediction. This property not only 

makes RF adept at handling high-dimensional data but also allows it to serve as a feature 

selection tool. Furthermore, the algorithm's ability to naturally handle missing values, 

outliers, and maintain robustness in noisy datasets has made it a go-to choice for a wide 

range of applications, including classification, regression, and feature selection, making it 

an invaluable asset in the realm of ML. 

 

 

 
Figure 3.2 Example of a Random Forest workflow. Reproduced with permission from [9].  
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3.2.3 Gaussian Naive Bayes 

 

The Gaussian Naive Bayes algorithm is a probabilistic ML technique based on the 

principles of Bayes' theorem and is particularly well-suited for classification tasks. At its 

core, the algorithm leverages the assumption that features are conditionally independent 

within each class, given the class label. This “naïve” assumption simplifies the calculation 

of probabilities and makes the algorithm computationally efficient. As shown in Figure 

3.3,10 Gaussian Naive Bayes is specifically designed for datasets where the features follow 

a Gaussian distribution, also known as a normal distribution. The z-score, or the difference 

between the distance from the mean and the standard deviation, is computed for each 

dimension (only one dimension is displayed in the graphic). The formula for the z-score 

distance from Class A is (𝑥 − 𝜇𝐴)/𝜎𝐴, while the formula for the z-score distance from Class 

B is similarly expressed. A p-value may be obtained immediately from each z-score 

distance. The algorithm calculates the likelihood of observing a particular set of feature 

values within each class, as well as the prior probability of each class occurring. By 

combining these probabilities, Gaussian Naive Bayes estimates the posterior probability of 

each class for a given input, enabling it to make probabilistic predictions. Despite its 

simplistic assumptions, Gaussian Naive Bayes often performs remarkably well in practice, 

particularly when dealing with high-dimensional datasets and cases where the 

independence assumption is not severely violated. It has found applications in various 

domains, including text classification, spam detection, and medical diagnosis, showcasing 

its effectiveness as a versatile classification tool. 
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Figure 3.3 Illustration of how a Gaussian Naive Bayes (GNB) classifier works. Reproduced with 

permission from [10].  

 

 

3.2.4 AdaBoost Algorithm 

 

The AdaBoost (Adaptive Boosting) algorithm stands as a prominent ensemble learning 

method recognized for its capacity to improve the accuracy of weak learners and create a 

strong predictive model. The core principle underlying AdaBoost is to sequentially train 

multiple weak learners, typically decision trees with limited depth, and assign weights to 

each data point. Figure 3.4 demonstrates that initially, all data points are given equal 

weight, and a weak learner is trained to minimize classification errors.11 In subsequent 

iterations, the algorithm focuses more on the data points that were misclassified in the 

previous step by assigning them higher weights. This iterative process continues, with each 

new weak learner addressing the misclassified data points from the previous ones. Finally, 

AdaBoost combines the predictions of these weak learners by giving each of them a weight, 

resulting in a strong ensemble model. AdaBoost excels in identifying complex decision 

boundaries and adapting to noisy data, making it a versatile tool for a wide range of 
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classification tasks. Its ability to prioritize challenging instances and weigh their 

importance in the final prediction process has earned AdaBoost a reputation as a powerful 

algorithm for boosting the performance of ML models. 

 

 

Figure 3.4 Implementation of AdaBoost classifier on a dataset that has two features and two classes. 

Weak learner #2 improves on the mistake made by weak learner #1, such that the decision 

boundaries learnt by the two weak learners can be combined to form a strong learner. In this case, 

each weak learner is a decision tree, and AdaBoost classifier (i.e., strong learner) combines the 

weak learner in series. Reproduced with permission from [11].  

 

3.2.5 SchNet 

 

The SchNet algorithm represents a significant advancement in deep learning architecture 

tailored to modeling intricate atomic interactions within molecular and material systems.12 

Building upon the foundation laid by Deep Tensor Neural Networks (DTNNs),13 SchNet 

is engineered to capture the complex interplay of atoms, enabling the prediction of 

potential-energy surfaces and accelerating the exploration of chemical space. 
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Within the SchNet framework, a unique description of an atomistic system can be 

generated through a set of 𝑛 atom sites with nuclear charges 𝑍 = (𝑍1, … , 𝑍𝑛), and positions 

𝑅 = (𝑟1, … , 𝑟𝑛). A graphical overview of the SchNet algorithm is depicted in Figure 3.5. 

 

The atoms are represented by a tuple of features 𝑋𝑙 = (𝑥1
𝑙 , … , 𝑥𝑛

𝑙 ), where 𝑛 denotes the 

number of atoms, and 𝑙 is the current layer. Each atom, 𝑖, is initially represented using an 

atom type-dependent embedding, 𝑍𝑖 , and a linear dependency on the single-atom 

contribution, 𝐸𝑖. 

𝑥𝑖
𝑜 =  𝑚𝑍𝑖

+ 𝑛𝐸𝑖
 

These embeddings 𝑚𝑍 and linears 𝑛𝐸  are randomly initialized and optimized during the 

training phase. Both the atom-wise layers and interaction blocks of SchNetE borrow from 

the original SchNet building blocks. Atom-wise layers are dense layers applied 

independently to each atom's representations 𝑥𝑖
𝑙. 

𝑥𝑖
𝑙+1 =  𝑊𝑙𝑥𝑖

𝑙 + 𝑏𝑙  

where the weights 𝑊𝑙 and biases 𝑏𝑙 are optimized during training. The interaction blocks 

model the interaction between atoms and their surroundings, using continuous-filter 

convolutional layers that are represented as 

𝑥𝑖
𝑙+1 = (𝑋𝑙 ∗ 𝑊𝑙)𝑖 =  ∑ 𝑥𝑗

𝑙

𝑛

𝑗=0

∘ 𝑊𝑙(𝑟𝑗 − 𝑟𝑖) 

where 𝑊𝑙 are generated from the filter-generating networks. Shifted softplus will be used 

as activation functions throughout the network. To ensure indexing invariance, we will sum 

up the atom-wise contributions. Following these layers, a property P of a a molecule or 

material is predicted from the final layer. 
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Figure 3.5 Illustrations of the SchNet architecture (left) and interaction blocks (right) with atom 

embedding in green, interaction blocks in yellow, and property prediction network in blue. For each 

parameterized layer, the number of neurons is given. Reproduced with permission from [12].  

 

3.2.6 Transfer Learning 

 

Transfer learning is a pivotal ML technique that has gained substantial recognition for its 

efficacy in leveraging knowledge learned from one domain to improve performance in a 

related but different domain. Transfer learning operates on the principle that models trained 

on a source domain can be fine-tuned or adapted for a target domain, even when the target 

domain has limited labeled data.13 This approach enables the efficient transfer of valuable 

knowledge, representations, and features learned during the training of a source model to 

the target task. Transfer learning can manifest in various ways, including domain 

adaptation, where models are adapted to a new distribution of data, and feature extraction, 

where pre-trained models serve as feature extractors for downstream tasks. By reusing and 

building upon learned knowledge, transfer learning significantly reduces the need for 

extensive labeled data in the target domain, enhances model generalization, and accelerates 

the development of robust ML systems. This technique has found widespread applications 

across domains such as natural language processing, computer vision, and scientific 

research,14-17 where data scarcity or the cost of collecting labeled data often poses 

challenges. Transfer learning stands as a testament to the power of leveraging prior 

knowledge to address new and complex ML challenges efficiently.  
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It unfolds in three consequential phases: pre-training, model adaptation, and fine-tuning as 

shown in Figure 3.6. Initially, a ML model is trained on the source dataset which is large, 

comprehensive, and available. This dataset could encompass a broad range of materials 

and their associated properties. The primary aim of this step is to enable the model to 

identify and understand the underlying relationships and patterns between different 

material properties and characteristics. This phase equips the model with a fundamental 

understanding of the materials' behaviour. Following the pre-training, the model is tailored 

to the specific materials science problem under investigation. This customization can be 

achieved by altering the model's architecture, such as adding specially designed new layers, 

modifying existing layers, or making other adaptations to the model's structure. This results 

in an adapted model that can recognize patterns relevant to the target problem. The adapted 

model is then further trained on the target dataset, which is more specific and relevant to 

the research problem at hand, but generally much smaller in size. This stage involves fine-

tuning the model's parameters to optimize its performance for the specific task. Given that 

the model has already gained significant knowledge from the pre-training stage, it can 

perform more efficiently on the target dataset, requiring fewer data and resources to 

achieve robust results. 

 

 

Figure 3.6 Schematic of the transfer learning protocol 

 

3.3 Simulation Calculation 

 

Computational approaches that operate across various size and time scales are crucial for 

understanding the properties of materials at both the microscopic and macroscopic levels. 

As illustrated in Figure 3.7, these methods include sub-atomic scale techniques such as 
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first-principles density functional theory (DFT), which can provide insights into the 

electronic structure of materials.18 At the atomistic level, classical molecular dynamics 

(MD) simulations, which rely on force fields, are used to study the physical movements of 

atoms and molecules. For larger scale phenomena that involve the structural behavior of 

materials, finite element analysis (FEA) is used, which is particularly beneficial for process 

simulation and engineering design. In this thesis, the DFT method and MD methods are 

employed. 

 

 

Figure 3.7 Space and time scale in computational materials science. Reproduced with permission 

from [18].  

 

3.3.1 Density Functional Theory 

 

The Born-Oppenheimer (B-O)19 approximation and the Hartree-Fock (H-F)20 method were 

introduced as simplifications for multi-particle systems. The H-F method transforms a 

multi-particle system into a one-electron system, yet it does not consider electron-electron 

correlation. In response to this limitation, the DFT was developed to address inaccuracies 

associated with the H-F method. DFT has its origins in the Thomas-Fermi model proposed 

in 1927,21, 22 with foundational concepts introduced by P. Hohenberg and W. Kohn in 

1964.23 DFT relies on two fundamental theorems: 
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1. Ground state properties of interacting many-particle systems with a common 

external potential depend solely on the electron density distribution of the ground state, 

which is non-degenerate.  

2  The correct density distribution, 𝑛(𝑟), minimizes the energy, yielding the ground 

state energy of the system, 𝐸[𝑛(𝑟)]. 

 

DFT primarily employs the electron density function, as opposed to traditional wave 

functions, to represent ground state physical properties. In 1965, W. Kohn and L. J. Sham 

formulated the Kohn-Sham (K-S) equation,24 which incorporates an interaction-free 

functional and consolidates errors into a single term. This equation serves as the foundation 

for modern electronic structure calculations, encompassing atoms, molecules, and 

condensed matter. The K-S equation is expressed as follows: 

(−
1

2
𝛻2 + 𝜐eff[𝑛(𝑘)(𝒓)]) 𝜓𝑖(𝒓) = 𝜖𝑖𝜓𝑖(𝒓)   

Where 𝜐eff(𝒓)  is the effective potential determined by electron density 𝑛(𝑘)(𝒓) ,  𝜓𝑖(𝒓) 

represents the wave function, and 𝜖𝑖 denotes the orbital energy corresponding to 𝜓𝑖(𝒓). 

𝜐eff(𝒓) = 𝜐ext(𝒓) + 𝜐𝐻[𝑛(𝑘)(𝒓)] + 𝜐𝑥𝑐[𝑛(𝑘)(𝒓)]  

The effective potential, 𝜐eff(𝒓), is defined by above equation and depends on the given 

electron density. The first term, 𝜐ext(𝒓), signifies the Coulomb potential, acting as a static 

external potential within the B-O approximation. The second term, 𝜐𝐻[𝑛(𝑘)(𝒓)], accounts 

for the classical Coulomb potential originating from neighboring electrons, often referred 

to as the Hartree Potential. It approximates electron-electron interactions within the system. 

The third term, 𝜐𝑥𝑐[𝑛(𝑘)(𝒓)] , corresponds to the exchange-correlation potential, 

encompassing exchange and correlation interactions. The Pauli Exchange Principle 

dictates that electrons with parallel spins cannot occupy the same location, resulting in 

effective repulsion. Correlation interaction, also a consequence of the Pauli Exchange 

Principle, arises from correlated motion between electrons with anti-parallel spins, driven 

by coulombic repulsion.  
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The general workflow of DFT calculations involves an iterative process to find the 

minimum energy point by iterating trial densities, 𝑛(𝑘) . Initially, an electron density 

estimate, 𝑛(𝑘=1)(𝒓), is derived from an initial geometry guess. Subsequently, the effective 

potential, 𝜐eff(𝒓), is computed and used to solve the Kohn-Sham equation. This results in 

a new electron density, 𝑛(𝒓), which, when it matches 𝑛(𝑘=1)(𝒓), signifies self-consistency. 

The total energy and forces are then computed. If convergence is achieved, the calculation 

concludes; otherwise, the process continues with model reconstruction. 

 

3.3.2 Molecular Dynamics 

 

MD simulation relies on relies on solving Newton’s equations of motion to predict the 

trajectories of individual atoms or molecules in a system.25 By numerically integrating 

these equations, it becomes possible to simulate the dynamic evolution of a molecular 

system over time. This simulation allows researchers to observe how particles interact, 

move, and arrange themselves, proving valuable insights into a wide range of phenomena. 

The flowchart shown in Figure 3.8 illustrates the subsequent processes to perform MD 

simulation.26 
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Figure 3.8 Scheme of the molecular dynamics simulation procedure. Reproduced with permission 

from [26].  

 

A force field is a set of mathematical equations and parameters that describe the 

interactions and forces between atoms or molecules in a system. It includes terms for 

bonded interactions (e.g., covalent bonds, angles, dihedrals) and non-bonded interactions 

(e.g., van der Waals forces and electrostatic interactions). Force fields are essential for 

calculating the forces acting on particles during simulation. To accurately capture the 

intermolecular forces, such simulations often incorporate the Lennard-Jones (LJ) 

potential,27 a classical force field model describing both attractive van der Waals and 

repulsive Pauli forces between particles. To start an MD simulation, an initial configuration 

of the system is required, which includes the positions and velocities of all particles. This 

configuration can be based on experimental data, previous simulations, or generated using 

specific algorithms. MD simulations are typically carried out in periodic boundary 

conditions, where a simulation box is replicated infinitely in all directions. This prevents 

edge effects and allows for the simulation of bulk properties. Alternatively, other boundary 

conditions, such as fixed boundaries or surfaces, can be used for specific studies. 
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Researchers choose an ensemble, such as the NVE (constant number of particles, constant 

volume, constant energy), NVT (constant number of particles, constant volume, constant 

temperature), or NPT (constant number of particles, constant pressure, constant 

temperature), to control the system's thermodynamic properties during the simulation. 

After the simulation, extensive analysis is performed to extract meaningful information 

from the generated trajectories. This includes calculating properties such as temperature, 

pressure, density, diffusion coefficients, radial distribution functions, and more. 
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Chapter 4* 

 

Machine Learning Assisted High-Throughput Screening for 

Elastomers 

 

This chapter discusses the integration of high-throughput screening 

(HTS) with machine learning (ML) to accelerate the discovery of new 

elastomers, using new structure-based multilevel (SM) descriptors. 

These descriptors are hierarchically organized to capture both the micro-

level and macro-level structures of elastomers. The SM-Morgan 

Fingerprint (SM-MF), a type of SM descriptor, is showcased for its 

ability to enable ML models to predict the toughness of elastomers with 

an impressive accuracy. Additionally, the chapter elaborates on the 

development of an HTS pipeline that leverages the SM descriptors to 

rapidly screen for elastomers with desired mechanical properties. The 

effectiveness and generality of SM descriptors is also validated by their 

application in creating HTS pipelines for different properties, like 

critical strain or Young’s modulus. 

 

________________ 

*This section published as Siyan Deng, Chao Chen, Ke Li, Xi Chen, Kelin Xia*, and Shuzhou Li*. 

Structure-Based Multilevel Descriptors for High-throughput Screening of Elastomers. The Journal 

of Physical Chemistry B (2023). Reproduced with permission. Copyright (2023) American 

Chemical Society 
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4.1 Introduction 

Elastomers are a class of polymers that have a small Young's modulus and a large critical 

strain compared to other materials. They are a class of polymeric materials that can undergo 

large deformation under force and quickly return to their near-initial state after the 

withdrawal of the external force. 

 

As the realm of flexible electronics rapidly evolves, there is an increasing demand for 

materials that can accommodate novel device architectures and functionalities. Traditional 

rigid and inflexible materials are increasingly being replaced or complemented by softer, 

stretchable counterparts to enable innovations such as wearable electronics, implantable 

medical devices, and flexible displays. In this context, elastomers stand at the forefront of 

potential solutions, offering intrinsic stretchability and adaptability. Elastomers that 

possess specific mechanical properties, such as high tensile strength, durability, and 

resistance to fatigue, can significantly enhance the longevity and robustness of these 

devices. Discovering new elastomers tailored for electronic devices is of paramount 

importance. Such advancements not only enable the creation of devices that can conform, 

bend, and stretch without compromising performance but also open the door to entirely 

new device concepts previously considered unfeasible. The exploration and identification 

of new elastomers are critical for advancing electronic devices, as these materials hold the 

potential to break through existing design constraints and pave the way for a new 

generation of electronics.  

 

Historically, the discovery of new elastomers has largely been governed by a trial-and-

error approach. This method, although foundational in many breakthroughs, is inherently 

time-consuming and resource-intensive, often requiring extensive laboratory work to 

synthesize, test, and validate potential materials. Furthermore, the vast chemical space and 

countless combinations of monomers and crosslinkers make it nearly impossible to 

exhaustively explore all potential elastomers through conventional methods. Recently, 

Machine Learning (ML) has emerged as a promising alternative in this endeavor. 

Leveraging computational power and data-driven algorithms, ML can predict material 
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properties, optimize synthesis pathways, and identify promising candidates with high 

accuracy.1-4 Instead of laboriously testing each potential compound in the lab, researchers 

can now use ML models to narrow down the most promising candidates, thereby 

streamlining the discovery process. Thus, integrating ML into elastomer research not only 

expedites the discovery of novel materials but also provides a more systematic and 

comprehensive approach to exploring the vast landscape of potential elastomers. 

 

In recent years, the application of ML methodologies to discover new materials has seen 

widespread adoption across various fields.5-14 These techniques, harnessing the power of 

data-driven algorithms, have expedited the identification and optimization of materials 

with desirable properties. However, there have been limited reports on applying this 

computational approach for elastomer discovery. A primary reason for this gap is the 

challenges associated with elastomer descriptors. To date, accurately predicting the 

mechanical properties of elastomers requires descriptors derived from molecular structures, 

simulations, and/or experimental data.15-19 Descriptors based on molecular structures 

typically originate from the monomers comprising the elastomers, providing insight into 

their physicochemical features and stoichiometry.15-19 Descriptors based on numerical 

simulation, such as electronic parameters (e.g., HOMO/LUMO gap, polarizability) from 

density functional theory,16, 17 thermodynamic parameters from thermodynamic models,16 

elongation simulation data from molecular dynamics,19 and chain architecture from Monte 

Carlo simulations,18 provide crucial information about intermolecular interactions. 

Descriptors based on experiments, such as FT-IR absorbance, can be utilized to gauge the 

degree of crosslinking.16, 18 Although these descriptors, when combined, provide a 

comprehensive characterization of elastomers, their dependence on simulation and 

experimental data limits the applicability of HTS in elastomer system, as acquiring 

experimental data or conducting complex simulations for all candidates of interest is often 

not feasible. The elastomer descriptors derived solely from molecular structure have rarely 

been reported. Therefore, it is desired to develop accurate and efficient descriptors that are 

solely derived from the molecular structure of elastomers to enable fast and accurate 

prediction of their mechanical properties. Successful development of structure-based 
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descriptors for elastomers could expand the applicability of HTS in polymer research and 

greatly enhance the efficiency and speed of materials discovery in this field.  

 

In this study, we propose a novel set of elastomer descriptors called structure-based 

multilevel (SM) descriptors. The SM descriptors offer a computationally efficient and 

universally applicable approach as they rely solely on the molecular structure of elastomers. 

Specifically, SM descriptors combine simplified dimer representation (SDR) descriptors, 

sparse descriptors based on soft segment (SS) mass, ratios of different blocks, and sparse 

descriptors based on polymer mass. Among these components, the SDR descriptors are 

capable of  incorporating information from up to three monomers while retaining the 

connectivity information between different units. The ML model, using SM-Morgan 

Fingerprint (SM-MF) descriptors, one of our SM descriptors, predicts the toughness of 

polydimethylsiloxane (PDMS)-based elastomers with an impressive accuracy of 0.91, 

which is good enough for binary classification. Based on the model, an ML-assisted High-

Throughput Screening (HTS) pipeline was successfully constructed to rapidly screen 

elastomers with targeted toughness. The generality of SM descriptors was also 

demonstrated by developing ML-assisted HTS pipelines for identifying elastomers with 

targeted critical strain and Young's modulus, achieving respective ML model accuracies of 

0.89 and 0.87. The hierarchical structure of SM descriptors provides a comprehensive 

description of both local and global structure of elastomers, from the local soft and hard 

segment structure to the global polymer structure. The low computational cost and ease of 

use of SM descriptors are expected to substantially enhance HTS capabilities toward the 

successful discovery of novel materials. 

 

4.2 Methods 

4.2.1 Data Collection 

 

In this study, a dataset of PDMS-based elastomers was compiled from previously published 

literature,20-38 with a total of 76 entries. The elastomers were divided into two groups based 

on the number of modified units incorporated into the PDMS as shown in Figure 4.1a. 

Group 1 comprised elastomers with one type of unit incorporated into the PDMS, while 
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Group 2 comprised elastomers with two types of units incorporated into the PDMS. The 

modified units were crosslinked to form the hard segment (HS), while PDMS served as the 

SS. The Group 1 and Group 2 include 47 and 29 entries, respectively, all with their 

respective molecular structure and key mechanical properties. The mechanical properties 

in the dataset were toughness, critical strain, and Young’s modulus.  

 

 

Figure 4.1 (a) Molecular structure and simplified dimer representation (SDR) of exemplars from 

Group 1 and Group 2. Group 1 incorporates one type of modified unit into PDMS, while Group 2 

incorporates two types of modified units into PDMS. The modified units serve as the hard segment 

(HS), crosslinking to form the network structure, while the PDMS serves as the soft segment (SS). 

(b) Schematic representation of the structure-based multilevel (SM) descriptors.  

 

4.2.2 Feature Engineering 

 

SM descriptors are structure-based descriptors used to accurately describe the structure of 

elastomers by combining vital factors that determine their properties, including the local 

HS structure, SS structure, and overall polymer structure, as shown in Figure 4.1b. 

 

To describe the local HS/SS structure of elastomers, conventional monomer 

representations can be challenging as elastomers often include multiple monomers. To 

address this issue, a simplified dimer representation (SDR) was developed as shown in 

Figure 4.1a. In the SDR, the SS is simplified to a polymerization degree of one, while key 
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information regarding the atom types, chemical surrounding of each atom, backbone 

structure, and the position of pendant groups was effectively retained. Notably, the SDR 

can encapsulate information from up to three monomers (one from the SS and a maximum 

of two from the HS) while maintaining the connectivity information between the different 

units. The SS mass complements the SDR by providing additional information about the 

local SS structure. The overall polymer structure, including the chain length of different 

blocks and the whole chain length, was described using block ratios and polymer mass. 

 

To calculate the descriptors, the SDR was encoded into vectors using four different sets of 

descriptors: Morgan Fingerprint, PubChem Fingerprint, RDKit descriptors, and PaDel 

descriptors. Morgan Fingerprint and RDKit  descriptors were generated using the RDKit 

software, while PubChem Fingerprint and PaDel descriptors were generated using the 

PaDel software.39 The SS mass was encoded using a feature discretization technique to 

produce sparse descriptors that denoted the range of SS mass.40 The block ratios were used 

directly as the descriptors, and the polymer mass was encoded into sparse polymer mass 

descriptors, which denoted the range of polymer mass. Four different sets of structure-

based multilevel (SM) descriptors were obtained, namely SM-MF, SM-PF, SM-R, and 

SM-P, where MF, PF, R and P denoted Morgan Fingerprint, PubChem Fingerprint, Rdkit 

descriptors, PaDel descriptors, respectively.  

 

To reduce the dimensionality of the descriptor space and avoid overfitting, various 

dimension reduction techniques were employed, including low variance filters, high 

correlation filters, and recursive feature elimination (RFE) algorithm.41 Descriptors with 

low variance were removed as they provide less discriminatory power than those with high 

variance. Similarly, descriptors that exhibited a linear correlation coefficient higher than a 

specific threshold were randomly removed until only one of them remained in the 

descriptor set. The RFE algorithm was used to iteratively remove the least important 

descriptors until the desired set of descriptors was obtained. 

 

4.2.3 Model Development 
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To predict the mechanical properties of elastomers based on their structure, ML models 

were developed using different algorithms and descriptors. The algorithms included 

Gaussian naïve Bayes (GNB), support vector machine classifiers (SVC),42 adaptive 

boosting (AdaBoost),43 and random forest (RF),44 while the descriptors included SM-MF, 

SM-PF, SM-R, SM-P. The decision to utilize these four distinct algorithms was primarily 

driven by concerns related to overfitting and the need for model interpretability. Given the 

limited size of our dataset, overfitting becomes a significant concern. Our selected 

algorithms, namely SVC, GNB, AdaBoost, and RF, demonstrate resistance against 

overfitting.44-47 Beyond their robustness, these algorithms provide invaluable insights into 

feature significance, enhancing model interpretability. The elastomers with a toughness 

greater than 2 MPa were classified as “durable” elastomers, and those that did not meet 

this criteria as “brittle” elastomers. This threshold was chosen to ensure a balance between 

the two classes.  

 

To evaluate the performance of each model, we used five metrics: accuracy, precision, 

recall, F1 score, and receiver operating characteristic (ROC) curves. Accuracy quantifies 

the model's overall correctness, while precision evaluates the ratio of true positives to all 

predicted positive instances. Recall assesses the proportion of true positives among all 

actual positive cases, and the F1 score serves as a harmonized mean of precision and recall, 

effectively balancing the two metrics. For these four metrics, a commonly used rule of 

thumb for evaluating classification model is as follows: a score of 0.9-1 indicates excellent 

performance, 0.8-0.9 represents good performance, 0.7-0.8 signifies fair performance, 0.6-

0.7 denotes poor performance, and a score below 0.6 suggests a failure in classification.48 

ROC curves illustrate the trade-off between true positive rate and false positive rate at 

varying classification thresholds. Generally, an area under curve (AUC) of 0.5 suggests no 

discrimination, 0.7 to 0.8 is considered acceptable, 0.8 to 0.9 is considered excellent, and 

more than 0.9 is considered outstanding.49  

 

To optimize the performance of the models, we employed five-fold cross-validation (CV), 

which involved iterative withholding of a subset of the training data to evaluate the model’s 

generalizability. We evaluated the performance of each model using cross-validation and 
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selected the models that exhibited the highest cross-validation performance. All modelling 

was performed in Python using the Scikit-Learn library, a widely used machine learning 

library.  

 

4.2.4 High-throughput Screening 

 

To enable HTS of elastomers, a candidate dataset was created as the search space. The 

dataset was constructed by combining 16 unique modified units selected from our collected 

dataset (m1 o m16), two types of SS mass, one type of block ratios (set at 0.5 for all 

candidates), and two types of polymer mass. By combining all possible combinations of 

these factors, a candidate dataset comprising 460 entries was generated. 

 

The most accurate model in our study, selected based on the performance metrics from the 

cross-validation analysis in section 2.3, was applied to predict the toughness of each 

polymer in the candidate dataset. This allowed us to screen for potential “durable” 

elastomers that met our desired criteria. By using this approach, we aimed to rapidly 

identify the most promising candidate materials for further experimental validation, 

thereby accelerating the development of novel elastomers with desirable properties. 

 

4.2.5 Generality of SM descriptors 

 

To assess the generality of our SM descriptors in predicting additional mechanical 

properties, their performance was examined on critical strain and Young's modulus. 

Elastomers with a critical strain exceeding 650% were categorized as "stretchable" 

elastomers. In contrast, those that did not meet this threshold were classified as "non-

stretchable" elastomers. Similarly, elastomers with a Young's modulus below 1.5 MPa 

were considered "flexible", while those exceeding this value were deemed "rigid" 

elastomers.  

 

The same four SM descriptors (SM-MF, SM-PF, SM-R, and SM-P) and four algorithms 

(GNB, SVC, AdaBoost, and RF) as in Section 4.2.3 was used to select the optimal models 
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for each mechanical property. To evaluate the performance of the models, the same five 

metrics (accuracy, precision, recall, F1 score, and ROC curves) were used. The most 

accurate models in our study for critical strain and Young's modulus were selected based 

on their cross-validation performance. 

The most accurate models were then applied to predict the mechanical properties of each 

polymer in the candidate dataset, allowing us to conduct HTS for identifying potential 

elastomers that met our desired criteria for critical strain or Young’s modulus. This 

approach enabled us to assess the generality of our SM descriptors across different 

mechanical properties and identify elastomer candidates with desirable properties beyond 

toughness. 

 

4.3 Results and Discussion 

4.3.1 Effectiveness of SM Descriptors 

 

To assess the effectiveness of SM descriptors in predicting the toughness of elastomers and 

compare their performance with the current best structure-based elastomer descriptors 

(Control), we employed four distinct ML algorithms (GNB, SVC, AdaBoost, and RF) and 

trained them with five different descriptors (SM-MF, SM-PF, SM-R, SM-P, and Control). 

To distinguish the models trained with specific algorithms and descriptors, the 

"algorithm/descriptor" model notation was adopted. For instance, the model trained using 

the GNB algorithm and SM-MF descriptor is represented as the GNB/SM-MF model. 
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Figure 4.2 Model performance using different descriptors and algorithms. (a) Five-fold cross-

validation accuracy scores for models trained using five different descriptors (SM-MF, SM-PF, 

SM-R, SM-P, and Control) and four different algorithms (GNB, SVC, AdaBoost, and RF). The 

grey dashed line represents the accuracy of 0.8. (b) ROC curves of models trained using the SVC 

algorithm and five different descriptors. (c) ROC curves of models trained using the SM-MF 

descriptor and four different algorithms. 

 

Figure 4.2a displays the five-fold CV accuracy scores for the twenty models. Our primary 

metric was accuracy, while precision, recall, and F1 scores for these twenty models can be 

found in Table 4.1. The results indicate that the SM-MF descriptor consistently 

outperformed other descriptors across all four algorithms. The SVC/SM-MF model 

achieved the highest accuracy of 0.91. Other models using the SM-MF descriptor generally 

displayed strong performance, though the GNB/SM-MF model had a relatively lower 
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accuracy of 0.76. Notably, the AdaBoost/SM-MF model achieved an accuracy score of 

0.88, and the RF/SM-MF model scored 0.83. The SM-PF descriptor yielded mixed results: 

the SVC/SM-PF and AdaBoost/SM-PF models achieved relatively high accuracy scores 

above 0.8, while the other two models had lower scores. Models trained with the SM-R 

descriptor had lower accuracy scores, with the highest score of 0.84 achieved by the 

SVC/SM-R model. The SM-P descriptor-based models performed moderately well, with 

the SVC/SM-P model exhibiting the highest accuracy score of 0.87. The Control 

descriptor-based models generated significantly lower accuracy scores compared to 

models using SM descriptors. The best Control descriptor-based model was the 

GNB/Control model with an accuracy score of 0.71. 

 

Table 4.1 The performance of models predicting toughness. 

Descriptor Algorithm Accuracy Precision Recall F1 

SM-MF SVC 0.91 0.92 0.93 0.91 

SM-MF GNB 0.75 0.79 0.79 0.76 

SM-MF RF 0.83 0.87 0.79 0.81 

SM-MF AdaBoost 0.88 0.92 0.88 0.87 

SM-PF SVC 0.84 0.83 0.95 0.87 

SM-PF GNB 0.70 0.68 0.90 0.76 

SM-PF RF 0.73 0.71 0.93 0.76 

SM-PF AdaBoost 0.80 0.83 0.88 0.82 

SM-R SVC 0.84 0.84 0.93 0.86 

SM-R GNB 0.74 0.68 1.00 0.80 

SM-R RF 0.71 0.81 0.69 0.69 

SM-R AdaBoost 0.75 0.83 0.93 0.88 

SM-P SVC 0.87 0.86 0.89 0.87 

SM-P GNB 0.67 0.73 0.71 0.66 

SM-P RF 0.74 0.79 0.66 0.64 

SM-P AdaBoost 0.78 0.86 0.79 0.78 

CONTROL SVC 0.67 0.69 0.84 0.72 

CONTROL GNB 0.71 0.72 0.89 0.74 

CONTROL RF 0.61 0.69 0.57 0.57 

CONTROL AdaBoost 0.66 0.63 0.91 0.73 
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Figure 4.2b presents the ROC curves for the models trained with SVC algorithm and 

different descriptors. The results revealed that both SVC/SM-MF and SVC/SM-P models 

produced high ROC AUC scores of 0.98, indicating that these descriptors, when combined 

with the SVC algorithm, lead to excellent classification performance. Specifically, this 

suggests that there was a 98% chance that the models could correctly distinguish a 

"durable" elastomer from a "brittle" one based on the ordering of the predicted ratings. The 

SVC/SM-PF model achieved a moderately high ROC AUC score of 0.94, whereas the 

SVC/SM-R descriptor had a lower score of 0.86. It is noteworthy that, although the 

SVC/SM-PF model scores lower in accuracy compared to other SM descriptors, it achieves 

a relatively high AUC. This suggests that although the SVC/SM-PF model might make 

more false predictions at the current threshold, it has the commendable capability to 

distinguish between classes across different thresholds. The SVC/Control model had the 

lowest ROC AUC score of 0.68, indicating poor classification performance. Figure 4.2c 

further evaluated the ROC AUC scores of the SM-MF trained models using different 

algorithms. The SVC/SM-MF model achieved the highest ROC AUC score of 0.98, closely 

followed by the AdaBoost/SM-MF model with a score of 0.97. The RF/SM-MF model had 

a moderately high score of 0.90, while the GNB/SM-MF model scored the lowest at 0.79. 

 

Among all models, the SVC/SM-MF model achieved the highest accuracy score of 0.91, 

indicating its outstanding predictive capabilities compared to the other models. This model 

also achieved a remarkable ROC AUC score of 0.98, further validating its superior 

performance. The high performance demonstrates that this model has excellent 

discriminatory ability, effectively distinguishing between “durable” and “brittle” 

elastomers. 

 

These results emphasize the significance of descriptor selection in ML models. The overall 

performance of the SM descriptors (SM-MF, SM-PF, SM-R, and SM-P) was notably 

higher than that of the Control descriptors in terms of both accuracy and ROC AUC scores. 

This demonstrates the effectiveness of SM descriptors in capturing crucial molecular 

features impacting mechanical properties and highlights the limitations of the Control 

descriptor in representing the relevant molecular features. The superior performance of the 



Machine Learning Assisted High-Throughput Screening for Elastomers  Chapter 4 

 

 

103 

SM-MF descriptor can be attributed to its intrinsic ability to characterize the chemical 

environment surrounding an atom. The intermolecular forces play an important role in 

determining toughness. For instance, weaker forces like van der Waals interactions might 

permit greater deformation, but can be easily overcome, resulting in material fractures. On 

the other hand, more robust forces such as hydrogen bonds serve as sacrificial  interactions 

for dissipating energy and thereby enhance toughness.50 Because SM-MF provides a rich, 

detailed representation of the molecular environment, it can capture these subtle 

interactions. On the contrary, while the SM-PF descriptor also attempts to portray specific 

atomic surroundings, it does so through predefined structural patterns. This can limit its 

ability to capture the nuances of atomic interactions in the same depth as the SM-MF. The 

SM-R and SM-P descriptors, which are predominantly based on distinct molecular physical 

and chemical properties, might not capture the entirety of a molecule's atomic environment. 

While they provide valuable insights into specific attributes, they could not offer a 

comprehensive view to understand the subtle interactions. 

 

Among the algorithms, the SVC algorithm consistently produced high accuracy and ROC 

AUC scores, indicating its suitability for these classification tasks with a small data. The 

superiority of the SVC algorithm in our dataset can be attributed to its foundational 

principle, which focus on maximizing the inter-class decision boundary or margin. Its 

inherent robustness against data noise, coupled with a built-in regularization parameter that 

harmoniously balances margin maximization and classification error minimization, renders 

it exceptionally effective.51 

 

To determine whether the exceptional performance of the SM descriptor arises from its 

hierarchical structure, its performance was compared with that of structure-based local-

level (SL) descriptors and structure-based polymer-level (SP) descriptors. The SL 

descriptors comprise SDR descriptors and SS mass descriptors, while the SP descriptors 

include block ratios and polymer mass descriptors. Figure 4.3a presents the evaluation 

metrics, including accuracy, precision, recall, and F1 score, for the models trained with 

SVC algorithm and these descriptors. The SVC/SM model achieved scores greater than 0.9 

across all metrics, while the SVC/SL and SVC/SP models scored below 0.8 and 0.75, 
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respectively, for all evaluation metrics. Figure 4.3b presents the ROC curves for these 

three models, and we notice that the AUC scores for the SL-trained (0.74) and SP-trained 

(0.60) models are significantly lower than that of the SM-trained model (0.98).  

 

Figure 4.3 Performance comparison for different level descriptor. (a) Evaluation metrics, including 

accuracy, precision, recall, and F1 score, for models trained using different level descriptor: SL, 

SP, and SM, with the SVC algorithm. The SM descriptor employed here is SM-MF descriptor. The 

grey dashed line represents the accuracy of 0.8. (b) ROC curves for the models trained using the 

different level descriptors. 

 

These results reveals that the SM descriptors demonstrate remarkable superiority across all 

evaluation metrics when compared to the SL and SP descriptors. Our observation suggests 

that the hierarchically organized structure of the SM descriptors plays a crucial role in their 

outstanding performance. The SL descriptor, focusing on local-level descriptors, achieves 

reasonable performance but is limited by its inability to capture the full complexity of the 

elastomer system. Conversely, the SP descriptor, emphasizing polymer-level descriptors, 

performs relatively poorly. By integrating both local-level and polymer-level features, the 

SM descriptors provide a more comprehensive representation of the structural information 

of the elastomers. This combination results in a richer and more informative feature set, 

leading to enhanced performance across all evaluation metrics. The findings underscore 
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the significance of the hierarchical organization of descriptors in optimizing the predictive 

capabilities of models for complex elastomer systems. 

4.3.2 High-throughput Screening 

 

The most accurate model in our study, the SVC/SM-MF model, was applied to the 

candidate dataset to establish an HTS pipeline for identifying the potential “durable” 

elastomers with the desired toughness. Figure 4.4 illustrates the probability of candidates 

being classified as “durable” elastomers, allowing us to examine the influence of both local 

HS/SS structures and global polymer structure on toughness. In the heatmap, each 2*2 grid 

represents a unique combination of modified units, with individual squares within the grid 

corresponding to specific combinations of SS mass and polymer mass. Group 1, located on 

the diagonal of the heatmap, incorporates a single type of modified unit into PDMS, while 

Group 2, located off the diagonal, introduces two types of modified units into PDMS. From 

the 460 candidates evaluated, the top 20 candidates with the highest probability of being 

classified as “durable” elastomers were identified, with their details available in the Table 

4.2. 

 

Table 4.2 Top-20 candidates with the highest probability of being classified as “durable” 

elastomers 

Modified 

unit 1 

Modified 

unit 2 
SMILES of SDR 

SS mass 

range 

Block 

ratio 1 

Block 

ratio 2 

Polymer 

mass range 

m4 m9 

*CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)O

Cc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO
[Si](C)(C)CCCNC(=O)Nc5ccc(Cc6ccc(NC(=O)N*)cc6

)cc5)C4)ccn3)c2)CC(C)(C)C1 

S0 0.5 0.5 P1 

m4 m8 

*CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)N

c2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(C)(CNC(=O)

OCCCO[Si](C)(C)CCCNC(=O)Nc5ccc(Cc6ccc(NC(=O
)N*)cc6)cc5)C4)cc3)cc2)CC(C)(C)C1 

S0 0.5 0.5 P1 

m4 m14 
*CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=O)N/N
=C/CCCO[Si](C)(C)CCCNC(=O)Nc2ccc(Cc3ccc(NC(

=O)N*)cc3)cc2)cc1 

S0 0.5 0.5 P1 
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Modified 

unit 1 

Modified 

unit 2 
SMILES of SDR 

SS mass 

range 

Block 

ratio 1 

Block 

ratio 2 

Polymer 

mass range 

m4 m15 

*CCCO[Si](C)(C)CCCNC(=O)C(=O)NNC(=O)NC1C

CC(CC2CCC(NC(=O)NNC(=O)C(=O)NCCCO[Si](C)(
C)CCCNC(=O)Nc3ccc(Cc4ccc(NC(=O)N*)cc4)cc3)C

C2)CC1 

S0 0.5 0.5 P1 

m4 m16 

*CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO[Si](C

)(C)CCCNC(=O)Nc2ccc(Cc3ccc(NC(=O)N*)cc3)cc2)c

c1 

S0 0.5 0.5 P1 

m15 m16 

*CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO[Si](C

)(C)CCCNC(=O)C(=O)NNC(=O)NC2CCC(CC3CCC(
NC(=O)NNC(=O)C(=O)N*)CC3)CC2)cc1 

S0 0.5 0.5 P1 

m1 m8 

*CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)N
c2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(C)(CNC(=O)

OCCCO[Si](C)(C)CCCNC(=O)NC5CCC(CC6CCC(N

C(=O)N*)CC6)CC5)C4)cc3)cc2)CC(C)(C)C1 

S0 0.5 0.5 P1 

m1 m9 

*CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)O

Cc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO
[Si](C)(C)CCCNC(=O)NC5CCC(CC6CCC(NC(=O)N*

)CC6)CC5)C4)ccn3)c2)CC(C)(C)C1 

S0 0.5 0.5 P1 

m1 m14 
*CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=O)N/N
=C/CCCO[Si](C)(C)CCCNC(=O)NC2CCC(CC3CCC(

NC(=O)N*)CC3)CC2)cc1 

S0 0.5 0.5 P1 

m1 m16 
*CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO[Si](C
)(C)CCCNC(=O)NC2CCC(CC3CCC(NC(=O)N*)CC3)

CC2)cc1 

S0 0.5 0.5 P1 

m5 m8 

*CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)N

c2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(C)(CNC(=O)
OCCCO[Si](C)(C)CCCNC(=O)Nc5cc(NC(=O)N*)ccc5

C)C4)cc3)cc2)CC(C)(C)C1 

S0 0.5 0.5 P1 

m5 m9 

*CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)O
Cc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO

[Si](C)(C)CCCNC(=O)Nc5cc(NC(=O)N*)ccc5C)C4)cc
n3)c2)CC(C)(C)C1 

S0 0.5 0.5 P1 

m5 m14 

*CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=O)N/N

=C/CCCO[Si](C)(C)CCCNC(=O)Nc2cc(NC(=O)N*)cc
c2C)cc1 

S0 0.5 0.5 P1 

m5 m15 

*CCCO[Si](C)(C)CCCNC(=O)C(=O)NNC(=O)NC1C

CC(CC2CCC(NC(=O)NNC(=O)C(=O)NCCCO[Si](C)(
C)CCCNC(=O)Nc3cc(NC(=O)N*)ccc3C)CC2)CC1 

S0 0.5 0.5 P1 
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Modified 

unit 1 

Modified 

unit 2 
SMILES of SDR 

SS mass 

range 

Block 

ratio 1 

Block 

ratio 2 

Polymer 

mass range 

m5 m16 
*CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO[Si](C
)(C)CCCNC(=O)Nc2cc(NC(=O)N*)ccc2C)cc1 

S0 0.5 0.5 P1 

m4 m8 

*CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)N

c2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(C)(CNC(=O)
OCCCO[Si](C)(C)CCCNC(=O)Nc5ccc(Cc6ccc(NC(=O

)N*)cc6)cc5)C4)cc3)cc2)CC(C)(C)C1 

S1 0.5 0.5 P1 

m4 m9 

*CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)O
Cc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO
[Si](C)(C)CCCNC(=O)Nc5ccc(Cc6ccc(NC(=O)N*)cc6

)cc5)C4)ccn3)c2)CC(C)(C)C1 

S1 0.5 0.5 P1 

m4 m14 

*CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=O)N/N

=C/CCCO[Si](C)(C)CCCNC(=O)Nc2ccc(Cc3ccc(NC(
=O)N*)cc3)cc2)cc1 

S1 0.5 0.5 P1 

m4 m16 

*CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO[Si](C

)(C)CCCNC(=O)Nc2ccc(Cc3ccc(NC(=O)N*)cc3)cc2)c
c1 

S1 0.5 0.5 P1 

m15 m16 
*CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO[Si](C
)(C)CCCNC(=O)C(=O)NNC(=O)NC2CCC(CC3CCC(

NC(=O)NNC(=O)C(=O)N*)CC3)CC2)cc1 

S1 0.5 0.5 P1 

 

For a particular modified unit combination, qualitative guidance on mass selection is 

presented. For instance, when considering the m3-m10 combination, the highest likelihood 

of being classified as a "durable" elastomer is exhibited when the SS mass is within the S0 

range and the polymer mass is in the P1 range.  This suggests that, for this specific modified 

unit combination, high toughness is highly probable when the SS mass is relatively small 

and the polymer mass is relatively large. 

 

Upon examining the entire heatmap, it is observed that some grids display a uniformly dark 

color, such as the grid corresponding to the m4-m9 combination. All squares within this 

grid exhibit a consistent dark shade, suggesting that this modified unit combination 

consistently forms "durable" elastomers across a wide mass range. This observation 

indicates that the local HS structure of this combination is beneficial for enhancing 

toughness. Specifically, the abundance of hydrogen bond donors and acceptors in m4 and 
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m9 promotes the formation of plentiful hydrogen bonds, which are further strengthened 

through cooperation with the π-π stacking interaction. Strengthening hydrogen bonds, 

which serve as energy-dissipating sacrificial bonds, is advantageous for enhancing 

toughness. In contrast, some grids feature a uniformly light color, such as the grid 

corresponding to the m3-m10 combination, where all squares, except one, display a 

consistent light shade. This suggests that, for this modified unit combination, the local HS 

structure has a negligible effect on enhancing toughness. Although hydrogen bonds can be 

form between m3 and m10, their strength is diminished by the increased mobility of the 

hexane chain. To verify the robustness of the prediction results, molecular dynamic (MD) 

simulations were conducted for these two combinations, m4-m9 and m3-m10. The 

simulated stress-strain curves, embedded in Figure 4.4, indicate that the toughness of m4-

m9 combination is around 10% higher than that of m3-m10 combination. These simulation 

results reveals that the m4-m9 combination is better suited for forming elastomers with 

higher toughness than m3-m10. Such consistency further validates the effectiveness of the 

developed model. Taking into account the probability of being classified as "durable" 

elastomers for each combination, we identified the top 15 modified unit combinations 

demonstrating favorable properties for forming "durable" elastomers among the 115 

evaluated combinations. These combinations are documented in the Table 4.3 
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Figure 4.4 Probability of candidate dataset with 460 entries being classified as "durable" elastomers. 

Each 2*2 grid represents a unique combination of modified unit, with each small square within a 

grid representing a distinct combination of SS mass and polymer mass. The color of each square 

indicates the probability of the corresponding combination of SS mass, polymer mass, and modified 

units being classified as "durable" elastomers. The grey square indicates that the corresponding 

modified unit combination was included in the training dataset. The embedded image displays 

simulated stress-strain curves for combinations m4-m9 and m3-m10.  

 

Table 4.3 Top-15 modified unit combinations demonstrating favorable properties for forming 

“durable” elastomers 

Modified 

unit 1 

Modified 

unit 2 
SMILES of SDR 

m4 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc5ccc(

Cc6ccc(NC(=O)N*)cc6)cc5)C4)ccn3)c2)CC(C)(C)C1 

m4 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(

C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc5ccc(Cc6ccc(NC(=O)N*)cc6)

cc5)C4)cc3)cc2)CC(C)(C)C1 

m4 m14 *CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=O)N/N=C/CCCO[Si](C)(C)CCCNC(=O

)Nc2ccc(Cc3ccc(NC(=O)N*)cc3)cc2)cc1 
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Modified 

unit 1 

Modified 

unit 2 
SMILES of SDR 

m4 m16 *CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO[Si](C)(C)CCCNC(=O)Nc2ccc(Cc3ccc

(NC(=O)N*)cc3)cc2)cc1 

m5 m14 *CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=O)N/N=C/CCCO[Si](C)(C)CCCNC(=O

)Nc2cc(NC(=O)N*)ccc2C)cc1 

m15 m16 *CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO[Si](C)(C)CCCNC(=O)C(=O)NNC(=O

)NC2CCC(CC3CCC(NC(=O)NNC(=O)C(=O)N*)CC3)CC2)cc1 

m1 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(

C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)NC5CCC(CC6CCC(NC(=O)N*)

CC6)CC5)C4)cc3)cc2)CC(C)(C)C1 

m1 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)NC5CC

C(CC6CCC(NC(=O)N*)CC6)CC5)C4)ccn3)c2)CC(C)(C)C1 

m1 m14 *CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=O)N/N=C/CCCO[Si](C)(C)CCCNC(=O

)NC2CCC(CC3CCC(NC(=O)N*)CC3)CC2)cc1 

m1 m16 *CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO[Si](C)(C)CCCNC(=O)NC2CCC(CC3

CCC(NC(=O)N*)CC3)CC2)cc1 

m5 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(

C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc5cc(NC(=O)N*)ccc5C)C4)cc3

)cc2)CC(C)(C)C1 

m5 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc5cc(N

C(=O)N*)ccc5C)C4)ccn3)c2)CC(C)(C)C1 

m5 m16 *CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO[Si](C)(C)CCCNC(=O)Nc2cc(NC(=O)

N*)ccc2C)cc1 

m5 m15 *CCCO[Si](C)(C)CCCNC(=O)C(=O)NNC(=O)NC1CCC(CC2CCC(NC(=O)NNC(=O)

C(=O)NCCCO[Si](C)(C)CCCNC(=O)Nc3cc(NC(=O)N*)ccc3C)CC2)CC1 

m4 m15 *CCCO[Si](C)(C)CCCNC(=O)C(=O)NNC(=O)NC1CCC(CC2CCC(NC(=O)NNC(=O)

C(=O)NCCCO[Si](C)(C)CCCNC(=O)Nc3ccc(Cc4ccc(NC(=O)N*)cc4)cc3)CC2)CC1 

 

4.3.3 Generality of SM Descriptors 

 

To assess the generality of the SM descriptors, the performance of SM-trained models was 

evaluated in predicting other mechanical properties, including critical strain and Young’s 



Machine Learning Assisted High-Throughput Screening for Elastomers  Chapter 4 

 

 

111 

modulus. We employed the same methodology as that used for predicting toughness to 

select optimal models for predicting critical strain and Young’s modulus. Both optimal 

models for predicting these two properties use the SVC algorithm and SM-R descriptors. 

The five-fold CV scores of the optimal models for predicting different mechanical 

properties are presented in Figure 4.5a. The scores of these models were consistently 

above 0.8, regardless of the evaluation metric used. The ROC curves of the three models 

shown in Figure 4.5b also demonstrate their strong performance, with all AUCs exceeding 

0.80. In particular, for the models predicting toughness and critical strain, the AUCs exceed 

0.9.  

 

 

Figure 4.5 Performance and feature importance of models predicting different mechanical 

properties of elastomers. (a) Evaluation metrics, including accuracy, precision, recall, and F1 score, 

for models predicting toughness, critical strain, and Young's modulus. The grey dashed line 

represents the accuracy of 0.8. (b) ROC curves for the models predicting toughness, critical strain, 

and Young's modulus. (c) Feature importance of the model predicting toughness. (d) Feature 

importance of the model predicting critical strain. (e) Feature importance of the model predicting 

Young’s modulus.  

 

Overall, the SM-trained models demonstrated strong categorizing abilities for various 

mechanical properties, including toughness, critical strain, and Young’s modulus. The 
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robust performance validates the generality and feasibility of SM descriptors in 

constructing effective models. 

 

To gain deeper insight into the key features associated with various mechanical properties, 

the feature importance was examined for different models, as depicted in Figure 4.5c-e. 

For toughness, as illustrated in Figure 4.5c, the analysis highlights three Morgan 

Fingerprints containing -NH- groups as the most crucial features (refer to Figure 4.6). 

These fragments promote hydrogen bond formation between HS chains, introducing 

sacrifice bonds that improve the toughness of elastomers through energy dissipative 

mechanisms.50 The SS mass and polymer mass descriptors contributed equally, suggesting 

that adjusting the elastomer toughness requires consideration of both SS and polymer mass. 

Regarding critical strain, as shown in Figure 4.5d, the descriptor representing the sum of 

surface area with a specific partial charge range (PEOE_VSA11) emerged as the most 

significant contributor. Apart from the descriptor representing the number of carbonyl 

groups (fr_C_O) and mass descriptors, the remaining descriptors were directly or indirectly 

related to electrostatic potential, influencing the intermolecular interactions, which 

subsequently determine network structures and strength of elastomers.52 Our analysis 

found mass descriptors to be least important, suggesting that the focus should be on the HS 

structure rather than mass when adjusting critical strain. For Young's modulus, as 

illustrated in Figure 4.5e, the descriptors representing the sum of surface area with specific 

partial charge range (PEOE_VSA11) and molecular similarity (FpDensityMorgan3) were 

identified as the most important contributors. Besides mass descriptors, the other 

descriptors pertain to electrostatic potential, which govern intermolecular interactions and 

ultimately influence network structures and elastomers' Young's modulus . The SS mass 

descriptors ranked higher than the polymer mass descriptors in the model predicting 

Young's modulus. This can be attributed to the increased material flexibility resulting from 

a higher proportion of SS, which are not crosslinked with other components and can move 

relatively freely. Overall, local SDR descriptors consistently ranked as the most critical 

features across all models. This finding aligns with previous research emphasizing the 

significance of local HS structure in determining the mechanical properties of elastomers, 
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as the aggregation force of HS domains can control their crystal state and microphase 

separation.53 

 

 

Figure 4.6 Visualization of Morgan Fingerprints 

 

The alignment of the models with mechanical mechanisms reinforces their reliability. 

Moreover, the feature importance of the models provides a crucial aspect for enhancing 

their interpretability. By understanding which features are most significant in predicting 

mechanical properties, we can gain insights into the underlying mechanisms governing the 

materials' behaviour.  

 

Leveraging the optimal models for predicting critical strain and Young's modulus, HTS 

pipelines were constructed for identifying potential elastomers with desired critical strain 

or Young’s modulus. Figure 4.7 displays the probability of each candidate being classified 

as "stretchable" or "flexible" elastomers. Out of the 460 candidates evaluated, the top 20 

candidates with the highest probability for each category were identified, and the detailed 

results are available in the Table 4.4. 
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Table 4.4 The top 20 candidates with the highest probability of being classified as “stretchable” 

and “flexible” elastomers, respectively. 

Target 
Modified 

unit 1 

Modified 

unit 2 
SMILES of SDR 

SS 

mass 

range 

Block 

ratio 1 

Block 

ratio 2 

Polymer 

mass 

range 

Critical 

Strain 

m5 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(
C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc

5cc(NC(=O)N*)ccc5C)C4)cc3)cc2)CC(C)(C)C1 

S0 0.5 0.5 P1 

Critical 

Strain 

m4 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(
C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc

5ccc(Cc6ccc(NC(=O)N*)cc6)cc5)C4)cc3)cc2)C

C(C)(C)C1 

S0 0.5 0.5 P1 

Critical 

Strain 

m3 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(
C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)NC

C5(C)CC(NC(=O)N*)CC(C)(C)C5)C4)cc3)cc2)

CC(C)(C)C1 

S0 0.5 0.5 P1 

Critical 
Strain 

m5 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC
(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(

C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc

5cc(NC(=O)N*)ccc5C)C4)cc3)cc2)CC(C)(C)C1 

S1 0.5 0.5 P1 

Critical 
Strain 

m4 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC
(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(

C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc

5ccc(Cc6ccc(NC(=O)N*)cc6)cc5)C4)cc3)cc2)C
C(C)(C)C1 

S1 0.5 0.5 P1 

Critical 

Strain 

m5 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(

C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc
5cc(NC(=O)N*)ccc5C)C4)cc3)cc2)CC(C)(C)C1 

S0 0.5 0.5 P0 

Critical 

Strain 

m4 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(

C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc
5ccc(Cc6ccc(NC(=O)N*)cc6)cc5)C4)cc3)cc2)C

C(C)(C)C1 

S0 0.5 0.5 P0 

Critical 

Strain 

m2 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(
C)(CNC(=O)OCCCO[Si](C)(C)CCCOC(=O)NC

5CCC(CC6CCC(NC(=O)O*)CC6)CC5)C4)cc3)c

c2)CC(C)(C)C1 

S0 0.5 0.5 P1 

Critical 

Strain 

m3 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(

C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)NC

C5(C)CC(NC(=O)N*)CC(C)(C)C5)C4)cc3)cc2)

CC(C)(C)C1 

S1 0.5 0.5 P1 

Critical 
Strain 

m3 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC
(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(

C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)NC

C5(C)CC(NC(=O)N*)CC(C)(C)C5)C4)cc3)cc2)
CC(C)(C)C1 

S0 0.5 0.5 P0 
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Target 
Modified 

unit 1 

Modified 

unit 2 
SMILES of SDR 

SS 

mass 

range 

Block 

ratio 1 

Block 

ratio 2 

Polymer 

mass 

range 

Critical 
Strain 

m5 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC
(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(

C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc

5cc(NC(=O)N*)ccc5C)C4)cc3)cc2)CC(C)(C)C1 

S1 0.5 0.5 P0 

Critical 
Strain 

m4 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC
(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(

C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc

5ccc(Cc6ccc(NC(=O)N*)cc6)cc5)C4)cc3)cc2)C
C(C)(C)C1 

S1 0.5 0.5 P0 

Critical 
Strain 

m1 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC
(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(

C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)NC
5CCC(CC6CCC(NC(=O)N*)CC6)CC5)C4)cc3)c

c2)CC(C)(C)C1 

S0 0.5 0.5 P1 

Critical 

Strain 

m8 m16 *CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO

[Si](C)(C)CCCOC(=O)NCC2(C)CC(NC(=O)Nc

3ccc(SSc4ccc(NC(=O)NC5CC(C)(C)CC(C)(CN
C(=O)O*)C5)cc4)cc3)CC(C)(C)C2)cc1 

S0 0.5 0.5 P1 

Critical 

Strain 

m2 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(
C)(CNC(=O)OCCCO[Si](C)(C)CCCOC(=O)NC

5CCC(CC6CCC(NC(=O)O*)CC6)CC5)C4)cc3)c

c2)CC(C)(C)C1 

S1 0.5 0.5 P1 

Critical 

Strain 

m8 m10 *CCCO[Si](C)(C)CCCNC(=O)NCCCCCCNC(=

O)NCCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(
NC(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)

CC(C)(CNC(=O)O*)C4)cc3)cc2)CC(C)(C)C1 

S0 0.5 0.5 P1 

Critical 

Strain 

m2 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(
C)(CNC(=O)OCCCO[Si](C)(C)CCCOC(=O)NC

5CCC(CC6CCC(NC(=O)O*)CC6)CC5)C4)cc3)c
c2)CC(C)(C)C1 

S0 0.5 0.5 P0 

Critical 
Strain 

m3 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC
(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(

C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)NC

C5(C)CC(NC(=O)N*)CC(C)(C)C5)C4)cc3)cc2)
CC(C)(C)C1 

S1 0.5 0.5 P0 

Critical 
Strain 

m1 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC
(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(

C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)NC
5CCC(CC6CCC(NC(=O)N*)CC6)CC5)C4)cc3)c

c2)CC(C)(C)C1 

S1 0.5 0.5 P1 

Critical 

Strain 

m3 m5 *CCCO[Si](C)(C)CCCNC(=O)Nc1cc(NC(=O)N

CCCO[Si](C)(C)CCCNC(=O)NCC2(C)CC(NC(

=O)N*)CC(C)(C)C2)ccc1C 

S0 0.5 0.5 P1 

Young's 

modulus 

m8 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)O
CCCO[Si](C)(C)CCCOC(=O)NCC5(C)CC(NC(

=O)Nc6ccc(SSc7ccc(NC(=O)NC8CC(C)(C)CC(
C)(CNC(=O)O*)C8)cc7)cc6)CC(C)(C)C5)C4)cc

n3)c2)CC(C)(C)C1 

S1 0.5 0.5 P1 
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Target 
Modified 

unit 1 

Modified 

unit 2 
SMILES of SDR 

SS 

mass 

range 

Block 

ratio 1 

Block 

ratio 2 

Polymer 

mass 

range 

Young's 
modulus 

m2 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC
(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)O

CCCO[Si](C)(C)CCCOC(=O)NC5CCC(CC6CC
C(NC(=O)O*)CC6)CC5)C4)ccn3)c2)CC(C)(C)C

1 

S1 0.5 0.5 P1 

Young's 

modulus 

m9 m14 *CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=

O)N/N=C/CCCO[Si](C)(C)CCCOC(=O)NCC2(

C)CC(NC(=O)OCc3ccnc(-
c4cc(COC(=O)NC5CC(C)(C)CC(C)(CNC(=O)O

*)C5)ccn4)c3)CC(C)(C)C2)cc1 

S1 0.5 0.5 P1 

Young's 

modulus 

m3 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)OCc2ccnc(-
c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)O

CCCO[Si](C)(C)CCCNC(=O)NCC5(C)CC(NC(

=O)N*)CC(C)(C)C5)C4)ccn3)c2)CC(C)(C)C1 

S1 0.5 0.5 P1 

Young's 

modulus 

m9 m16 *CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO

[Si](C)(C)CCCOC(=O)NCC2(C)CC(NC(=O)OC
c3ccnc(-

c4cc(COC(=O)NC5CC(C)(C)CC(C)(CNC(=O)O

*)C5)ccn4)c3)CC(C)(C)C2)cc1 

S1 0.5 0.5 P1 

Young's 
modulus 

m1 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC
(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)O

CCCO[Si](C)(C)CCCNC(=O)NC5CCC(CC6CC
C(NC(=O)N*)CC6)CC5)C4)ccn3)c2)CC(C)(C)C

1 

S1 0.5 0.5 P1 

Young's 

modulus 

m5 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)O
CCCO[Si](C)(C)CCCNC(=O)Nc5cc(NC(=O)N*

)ccc5C)C4)ccn3)c2)CC(C)(C)C1 

S1 0.5 0.5 P1 

Young's 

modulus 

m3 m14 *CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=

O)N/N=C/CCCO[Si](C)(C)CCCNC(=O)NCC2(
C)CC(NC(=O)N*)CC(C)(C)C2)cc1 

S1 0.5 0.5 P1 

Young's 

modulus 

m4 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)OCc2ccnc(-
c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)O

CCCO[Si](C)(C)CCCNC(=O)Nc5ccc(Cc6ccc(N

C(=O)N*)cc6)cc5)C4)ccn3)c2)CC(C)(C)C1 

S1 0.5 0.5 P1 

Young's 
modulus 

m2 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC
(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(

C)(CNC(=O)OCCCO[Si](C)(C)CCCOC(=O)NC

5CCC(CC6CCC(NC(=O)O*)CC6)CC5)C4)cc3)c
c2)CC(C)(C)C1 

S1 0.5 0.5 P1 

Young's 
modulus 

m8 m14 *CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=
O)N/N=C/CCCO[Si](C)(C)CCCOC(=O)NCC2(

C)CC(NC(=O)Nc3ccc(SSc4ccc(NC(=O)NC5CC

(C)(C)CC(C)(CNC(=O)O*)C5)cc4)cc3)CC(C)(C
)C2)cc1 

S1 0.5 0.5 P1 

Young's 

modulus 

m8 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)O
CCCO[Si](C)(C)CCCOC(=O)NCC5(C)CC(NC(

=O)Nc6ccc(SSc7ccc(NC(=O)NC8CC(C)(C)CC(

C)(CNC(=O)O*)C8)cc7)cc6)CC(C)(C)C5)C4)cc
n3)c2)CC(C)(C)C1 

S1 0.5 0.5 P0 
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Target 
Modified 

unit 1 

Modified 

unit 2 
SMILES of SDR 

SS 

mass 

range 

Block 

ratio 1 

Block 

ratio 2 

Polymer 

mass 

range 

Young's 
modulus 

m2 m14 *CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=
O)N/N=C/CCCO[Si](C)(C)CCCOC(=O)NC2CC

C(CC3CCC(NC(=O)O*)CC3)CC2)cc1 

S1 0.5 0.5 P1 

Young's 
modulus 

m9 m10 *CCCO[Si](C)(C)CCCNC(=O)NCCCCCCNC(=
O)NCCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(

NC(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)O
*)C4)ccn3)c2)CC(C)(C)C1 

S1 0.5 0.5 P1 

Young's 
modulus 

m2 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC
(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)O
CCCO[Si](C)(C)CCCOC(=O)NC5CCC(CC6CC

C(NC(=O)O*)CC6)CC5)C4)ccn3)c2)CC(C)(C)C

1 

S1 0.5 0.5 P0 

Young's 

modulus 

m9 m11 *CCCO[Si](C)(C)CCCNC(=O)C(Cc1ccccc1)NC

(=O)NCCCCCCNC(=O)NC(Cc1ccccc1)C(=O)N
CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(

=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)O
*)C4)ccn3)c2)CC(C)(C)C1 

S1 0.5 0.5 P1 

Young's 

modulus 

m9 m12 *CCCO[Si](C)(C)CCCNC(=O)c1ccc(-

c2ccc(C(=O)NCCCO[Si](C)(C)CCCOC(=O)NC

C3(C)CC(NC(=O)OCc4ccnc(-
c5cc(COC(=O)NC6CC(C)(C)CC(C)(CNC(=O)O

*)C6)ccn5)c4)CC(C)(C)C3)cn2)nc1 

S1 0.5 0.5 P1 

Young's 

modulus 

m8 m16 *CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO

[Si](C)(C)CCCOC(=O)NCC2(C)CC(NC(=O)Nc

3ccc(SSc4ccc(NC(=O)NC5CC(C)(C)CC(C)(CN
C(=O)O*)C5)cc4)cc3)CC(C)(C)C2)cc1 

S1 0.5 0.5 P1 

Young's 

modulus 

m3 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC

(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)CC(
C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)NC

C5(C)CC(NC(=O)N*)CC(C)(C)C5)C4)cc3)cc2)

CC(C)(C)C1 

S1 0.5 0.5 P1 

Young's 

modulus 

m9 m14 *CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=

O)N/N=C/CCCO[Si](C)(C)CCCOC(=O)NCC2(
C)CC(NC(=O)OCc3ccnc(-

c4cc(COC(=O)NC5CC(C)(C)CC(C)(CNC(=O)O

*)C5)ccn4)c3)CC(C)(C)C2)cc1 

S1 0.5 0.5 P0 
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Figure 4.7 Probability of candidate dataset with 460 entries being classified as "stretchable" 

elastomers in terms of critical strain (a) and “flexible” elastomers in terms of Young's modulus (b). 

Each 2*2 grid represents a unique combination of modified unit, with each small square within a 

grid representing a distinct combination of SS mass and polymer mass. The color of each square 

indicates the probability of the corresponding combination of SS mass, polymer mass, and modified 

units being classified as "stretchable" elastomers or “flexible” elastomers, respectively. The grey 

square indicates that the corresponding modified unit combination was included in the training 

dataset. 
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Figure 4.7 provides qualitative guidance on mass selection for specific modified unit 

combinations by examining the corresponding grids. Furthermore, we identified the most 

and least favourable modified unit combinations for forming "stretchable" elastomers in 

terms of critical strain, which were m5-m8 combination and m6-m12 combination, 

respectively. Similarly, we identified the most and least favourable modified unit 

combinations for forming "flexible" elastomers in terms of Young’s modulus, which were 

m8-m9 combination and m7-m13 combination, respectively. Based on our analysis of 115 

modified unit combinations, we compiled a list of the top 15 combinations with favourable 

properties for forming "stretchable" and “flexible” elastomers, which are available in the 

Table 4.5. 

 

Table 4.5 Top-15 modified unit combinations demonstrating favorable properties for forming 

“stretchable” and “flexible” elastomers, respectively. 

Target 
Modified 

unit 1 

Modified 

unit 2 
SMILES of SDR 

Critical 

strain 

m5 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)Nc2ccc(SSc3ccc(NC

(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc5c

c(NC(=O)N*)ccc5C)C4)cc3)cc2)CC(C)(C)C1 

Critical 

strain 

m4 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)Nc2ccc(SSc3ccc(NC

(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)Nc5c

cc(Cc6ccc(NC(=O)N*)cc6)cc5)C4)cc3)cc2)CC(C)(C)C1 

Critical 

strain 

m3 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)Nc2ccc(SSc3ccc(NC

(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)NCC

5(C)CC(NC(=O)N*)CC(C)(C)C5)C4)cc3)cc2)CC(C)(C)C1 

Critical 

strain 

m2 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)Nc2ccc(SSc3ccc(NC

(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCOC(=O)NC5

CCC(CC6CCC(NC(=O)O*)CC6)CC5)C4)cc3)cc2)CC(C)(C)C1 

Critical 

strain 

m1 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)Nc2ccc(SSc3ccc(NC

(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC(=O)NC5

CCC(CC6CCC(NC(=O)N*)CC6)CC5)C4)cc3)cc2)CC(C)(C)C1 

Critical 

strain 

m8 m16 *CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO[Si](C)(C)CCCOC(=O)N

CC2(C)CC(NC(=O)Nc3ccc(SSc4ccc(NC(=O)NC5CC(C)(C)CC(C)(CNC(

=O)O*)C5)cc4)cc3)CC(C)(C)C2)cc1 

Critical 

strain 

m8 m10 *CCCO[Si](C)(C)CCCNC(=O)NCCCCCCNC(=O)NCCCO[Si](C)(C)CC

COC(=O)NCC1(C)CC(NC(=O)Nc2ccc(SSc3ccc(NC(=O)NC4CC(C)(C)C

C(C)(CNC(=O)O*)C4)cc3)cc2)CC(C)(C)C1 

Critical 

strain 

m3 m5 *CCCO[Si](C)(C)CCCNC(=O)Nc1cc(NC(=O)NCCCO[Si](C)(C)CCCNC(

=O)NCC2(C)CC(NC(=O)N*)CC(C)(C)C2)ccc1C 
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Target 
Modified 

unit 1 

Modified 

unit 2 
SMILES of SDR 

Critical 

strain 

m3 m6 *CCCO[Si](C)(C)CCCNC(=S)NCCCO[Si](C)(C)CCCNC(=O)NCC1(C)C

C(NC(=O)N*)CC(C)(C)C1 

Critical 

strain 

m5 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC

(=O)Nc5cc(NC(=O)N*)ccc5C)C4)ccn3)c2)CC(C)(C)C1 

Critical 

strain 

m4 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC

(=O)Nc5ccc(Cc6ccc(NC(=O)N*)cc6)cc5)C4)ccn3)c2)CC(C)(C)C1 

Critical 

strain 

m2 m3 *CCCO[Si](C)(C)CCCNC(=O)NCC1(C)CC(NC(=O)NCCCO[Si](C)(C)C

CCOC(=O)NC2CCC(CC3CCC(NC(=O)O*)CC3)CC2)CC(C)(C)C1 

Critical 

strain 

m1 m5 *CCCO[Si](C)(C)CCCNC(=O)Nc1cc(NC(=O)NCCCO[Si](C)(C)CCCNC(

=O)NC2CCC(CC3CCC(NC(=O)N*)CC3)CC2)ccc1C 

Critical 

strain 

m1 m4 *CCCO[Si](C)(C)CCCNC(=O)Nc1ccc(Cc2ccc(NC(=O)NCCCO[Si](C)(C)

CCCNC(=O)NC3CCC(CC4CCC(NC(=O)N*)CC4)CC3)cc2)cc1 

Critical 

strain 

m4 m5 *CCCO[Si](C)(C)CCCNC(=O)Nc1cc(NC(=O)NCCCO[Si](C)(C)CCCNC(

=O)Nc2ccc(Cc3ccc(NC(=O)N*)cc3)cc2)ccc1C 

Young's 

modulus 

m8 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCOC

(=O)NCC5(C)CC(NC(=O)Nc6ccc(SSc7ccc(NC(=O)NC8CC(C)(C)CC(C)(

CNC(=O)O*)C8)cc7)cc6)CC(C)(C)C5)C4)ccn3)c2)CC(C)(C)C1 

Young's 

modulus 

m2 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCOC

(=O)NC5CCC(CC6CCC(NC(=O)O*)CC6)CC5)C4)ccn3)c2)CC(C)(C)C1 

Young's 

modulus 

m9 m14 *CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=O)N/N=C/CCCO[Si](C)(

C)CCCOC(=O)NCC2(C)CC(NC(=O)OCc3ccnc(-

c4cc(COC(=O)NC5CC(C)(C)CC(C)(CNC(=O)O*)C5)ccn4)c3)CC(C)(C)C

2)cc1 

Young's 

modulus 

m3 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC

(=O)NCC5(C)CC(NC(=O)N*)CC(C)(C)C5)C4)ccn3)c2)CC(C)(C)C1 

Young's 

modulus 

m9 m16 *CCCO[Si](C)(C)CCC/N=C/c1ccc(/C=N/CCCO[Si](C)(C)CCCOC(=O)N

CC2(C)CC(NC(=O)OCc3ccnc(-

c4cc(COC(=O)NC5CC(C)(C)CC(C)(CNC(=O)O*)C5)ccn4)c3)CC(C)(C)C

2)cc1 

Young's 

modulus 

m1 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC

(=O)NC5CCC(CC6CCC(NC(=O)N*)CC6)CC5)C4)ccn3)c2)CC(C)(C)C1 

Young's 

modulus 

m5 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC

(=O)Nc5cc(NC(=O)N*)ccc5C)C4)ccn3)c2)CC(C)(C)C1 
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Target 
Modified 

unit 1 

Modified 

unit 2 
SMILES of SDR 

Young's 

modulus 

m3 m14 *CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=O)N/N=C/CCCO[Si](C)(

C)CCCNC(=O)NCC2(C)CC(NC(=O)N*)CC(C)(C)C2)cc1 

Young's 

modulus 

m4 m9 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCNC

(=O)Nc5ccc(Cc6ccc(NC(=O)N*)cc6)cc5)C4)ccn3)c2)CC(C)(C)C1 

Young's 

modulus 

m2 m8 *CCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=O)Nc2ccc(SSc3ccc(NC

(=O)NC4CC(C)(C)CC(C)(CNC(=O)OCCCO[Si](C)(C)CCCOC(=O)NC5

CCC(CC6CCC(NC(=O)O*)CC6)CC5)C4)cc3)cc2)CC(C)(C)C1 

Young's 

modulus 

m8 m14 *CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=O)N/N=C/CCCO[Si](C)(

C)CCCOC(=O)NCC2(C)CC(NC(=O)Nc3ccc(SSc4ccc(NC(=O)NC5CC(C)

(C)CC(C)(CNC(=O)O*)C5)cc4)cc3)CC(C)(C)C2)cc1 

Young's 

modulus 

m2 m14 *CCCO[Si](C)(C)CCCOCCOc1ccc(/C=N/NC(=O)N/N=C/CCCO[Si](C)(

C)CCCOC(=O)NC2CCC(CC3CCC(NC(=O)O*)CC3)CC2)cc1 

Young's 

modulus 

m9 m10 *CCCO[Si](C)(C)CCCNC(=O)NCCCCCCNC(=O)NCCCO[Si](C)(C)CC

COC(=O)NCC1(C)CC(NC(=O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)O*)C4)ccn3)c2)CC(C)(C)C

1 

Young's 

modulus 

m9 m11 *CCCO[Si](C)(C)CCCNC(=O)C(Cc1ccccc1)NC(=O)NCCCCCCNC(=O)

NC(Cc1ccccc1)C(=O)NCCCO[Si](C)(C)CCCOC(=O)NCC1(C)CC(NC(=

O)OCc2ccnc(-

c3cc(COC(=O)NC4CC(C)(C)CC(C)(CNC(=O)O*)C4)ccn3)c2)CC(C)(C)C

1 

Young's 

modulus 

m9 m12 *CCCO[Si](C)(C)CCCNC(=O)c1ccc(-

c2ccc(C(=O)NCCCO[Si](C)(C)CCCOC(=O)NCC3(C)CC(NC(=O)OCc4cc

nc(-

c5cc(COC(=O)NC6CC(C)(C)CC(C)(CNC(=O)O*)C6)ccn5)c4)CC(C)(C)C

3)cn2)nc1 

 

4.3.4 Comparison of the SM Descriptor with Other Descriptor 

 

After verifying the effectiveness and generality of our SM descriptors, we conducted a 

comparative analysis between our SM descriptor with four existing descriptors for 

elastomers. Table 4.6 summarizes the comparison in terms of the descriptor sources, 

modelling approach, target properties, and their limitation in HTS. 

 

Existing descriptors (Des-1 to Des-4) integrate molecular structure, simulation data, and/or 

experimental data to characterize elastomers. These descriptors enable the construction of 

regression models that can predict numerical values with high precision. However, the 
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computational simulations require specialized expertise and high-performance computing 

resources, while collecting experimental data is often time-consuming and costly, resulting 

in resource-intensive descriptors. Furthermore, certain experimental data, such as FT-IR 

absorbance, can only be obtained after material synthesis, making them inapplicable to 

unsynthesized candidate datasets. Consequently, the practicality of these descriptors in 

HTS applications is limited. In terms of target properties, existing descriptors focus on 

various combinations of mechanical properties. Des-1 estimates stress at break, critical 

strain, and toughness; Des-2 predicts the strain-stress curve; Des-3 is limited to predicting 

Young's modulus; and Des-4 predicts Young's modulus, critical strain, and tensile strength. 

 

In contrast, our SM descriptor relies solely on molecular structure, enabling the 

development of classification models designed to predict categorical values. Due to their 

universal availability, SM descriptors are ideal for HTS applications, where a large number 

of potential candidates must be rapidly evaluated to identify promising materials. Our 

descriptor could be used to predict toughness, critical strain, and Young's modulus. 

  

Given the trade-offs associated with each descriptor type, it is essential for researchers to 

carefully consider the specific objectives and constraints of their projects when selecting 

the most appropriate descriptors. The differences in target properties highlight the diverse 

goals and objectives of each study, as well as the potential for our descriptor to complement 

existing descriptors in predicting a broader range of mechanical properties. 
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Table 4.6 Comparison of the SM descriptor with other existing descriptors for elastomers 

Descriptor Source 
Modelling 
Approach 

Target Property Limitations in HTS Reference 

SM •          s         Classification Toughness; 
Critical strain; 
Y    ’s       s 

None Our work 

Des-1 •          s        ; 
•S          data (Monte Carlo 
simulations); 
•Ex                   -IR absorbances, 
solubility parameter) 

Regression Stress at break; 
Critical strain; 
Toughness 

Resource-intensive; 
data unavailable pre-
synthesis 

1818 

Des-2 •          s        ; 
•S          data (Molecular Dynamics 
Simulations: COGNAC) 

Regression Strain-stress 
curve 

Resource-intensive 1919 

Des-3 •          s        ; 
•S          data (DFT and thermodynamic 
models); 
•Ex                   -IR absorbances) 

Regression 
 

Y    ’s       s Resource-intensive; 
data unavailable pre-
synthesis 

1616 

Des-4 •          s        ; 
•Ex                      ss    s      , 
measurements) 

Regression Y    ’s       s; 
Critical strain; 
Tensile strength 

Resource-intensive; 
data unavailable pre-
synthesis 

 

1515 

 

4.4 Conclusions 

 

In this study, we developed a novel set of elastomer descriptors, termed SM descriptors, 

solely derived from the molecular structure of elastomers. By combining SDR descriptors, 

sparse descriptors based on soft SS mass, ratios of different blocks, and sparse descriptors 

based on polymer mass, a set of descriptors were constructed to provide a comprehensive 

description of both local and global structure of elastomers. Using the SM descriptors, ML 

models were trained to predict the toughness, critical strain, and Young's modulus of 

PDMS-based elastomers. Our models achieved impressive accuracy scores of 0.91, 0.89, 

and 0.87, respectively, which demonstrates the effectiveness and generality of the SM 

descriptors in capturing the important molecular features that affect mechanical properties. 

Based on the success of the ML models, ML-assisted HTS pipelines were constructed to 

rapidly screen elastomers with targeted mechanical properties. The significance of our 

study lies in creating a computationally efficient, universally applicable approach for 
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predicting the properties of elastomers. This approach significantly reduces the time and 

cost required for materials discovery, and offers an important contribution to the ongoing 

efforts to develop more efficient and accurate methods for materials discovery. In future 

research, the refinement of existing SM descriptors could further enhance the accuracy and 

applicability of SM-based models. Moreover, the application of SM descriptors to other 

materials systems could offer a promising approach for predicting the properties of a wide 

range of materials. 
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Chapter 5 

 

Deep Neural Network Assisted High-Throughput Screening 

for Organic Semiconductors 

 

This chapter focus on predicting electronic properties of conjugated 

oligomers by employing transfer learning techniques. It gives a detailed 

description of how the source dataset is curated to train the base model 

and how the target dataset is prepared for the transfer learning model’s 

training. The performance of both direct learning models and transfer 

learning models is thoroughly evaluated. Moreover, the chapter 

highlights the discovery of organic photovoltaic materials facilitated by 

high-throughput screening, employing the predictions of the transfer 

learning models. 
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5.1 Introduction 

 

Organic semiconductors (OSCs) are increasingly becoming the focus of attention in the 

field of electronics, thanks to their potential use in devices such as organic field-effect 

transistors,1-4 photovoltaic cells,5-7 and light-emitting diodes.8-10 Their desirable attributes, 

which include low weight, flexibility, and the simplicity of manufacturing processes, are 

driving this growing interest. Among OSCs, conjugated oligomers have emerged as a 

compelling class of materials for their adjustable electronic properties and molecular 

precision. These materials consist of a defined number of repeating units with extended π-

conjugation, facilitating electronic interactions that confer semiconducting behavior.11 The 

conjugated oligomers find a unique middle ground between small molecules and polymers. 

They blend the solution processability of polymers, which is ideal for printing techniques, 

with the reproducible device performance that stems from the precise structures of small 

molecules. Moreover, the properties of conjugated oligomers can be finely tuned by 

modifying their molecular structure, which includes variations in chain length,12, 13 the 

addition of diverse side groups,14 or the incorporation of heteroatoms.15, 16 Consequently, 

the accurate prediction of these oligomers' electronic properties becomes crucial in 

designing next-generation semiconductors with specific functionalities to meet the 

increasing demand for enhanced electronic devices. However, the prediction of electronic 

properties for these oligomers is challenging. While traditional computational methods 

offer accuracy,17 they are resource-intensive, particularly for larger oligomers, leaving a 

void in our capacity for quick assessment and design of new OSCs. 

 

Machine Learning (ML), especially its recent advances, presents an opportunity for rapid 

prediction of conjugated oligomers' electronic properties. However, the prediction of 

conjugated oligomers has been a task previously known to be difficult for neural networks 

due to the sensitivity of size.18 SchNet, a deep neural network (DNN), has shown 

remarkable performance in predicting various electronic properties of conjugated 

oligomers.19 Nonetheless, its efficacy has been mostly confined to predicting the properties 

of specific conjugated oligomers with short chains. Besides that, DNN often struggle with 

limited data, unable to capture the full spectrum of features affecting the properties.20-22 
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Transfer learning, however, has emerged as a solution, allowing the prediction of longer-

chain conjugated oligomers by tuning models pre-trained on short-chain data.23 This 

approach adapts existing models to new tasks swiftly and accurately. However, the 

predictive scope of transfer learning models has been limited to predict specific types of 

conjugated oligomers comprising the same monomers with different configuration, with 

the prediction of oligomers with different monomers and degrees of polymerization still 

underexplored.  

 

In this study, we aim to bridge a critical gap by employing transfer learning to predict the 

electronic properties of conjugated oligomers, varying in monomers and chain lengths. 

Utilizing pre-trained models from the PubChemQC dataset,24 our method aims for high-

precision predictions while drastically cutting down on computational resources and time. 

We've implemented transfer learning within Graph Neural Network (GNN) frameworks, 

enhancing the precision in predicting key electronic properties such as Highest Occupied 

Molecular Orbital (HOMO), Lowest Unoccupied Molecular Orbital (LUMO), and the 

HOMO-LUMO gap. The transfer learning approach has shown remarkable improvements 

in prediction accuracy, with Mean Absolute Errors (MAE) for these properties dropping 

from 1.34, 0.68, 0.71 to 0.74, 0.46, 0.54, respectively. Based on the transfer learning models, 

we have developed a high-throughput screening (HTS) pipeline, specifically tailored for 

identifying promising candidates for organic photovoltaic (OPV) materials. This pipeline 

has successfully highlighted a significant number of potential oligomers as potential 

materials for photovoltaic applications. To further substantiate our findings, we conducted 

computational simulations that corroborated the accuracy of our machine learning models. 

This research not only overcomes the challenges posed by limited data availability but also 

marks a significant stride in the discovery of new OPV materials. It underscores the pivotal 

role and effectiveness of ML in modern material discovery processes. 

 

5.2 Methods 

5.2.1 Dataset Preparation 
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The PubChemQC dataset,24 recognized as one of the largest quantum chemistry databases, 

is based on first-principles methods. It encompasses an extensive collection of over three 

million molecules, each accompanied by comprehensive data on their fundamental 

electronic structures. This dataset originates from the extensive PubChem project, which 

compiles molecules synthesized by researchers and industry professionals across the 

scientific and chemical manufacturing sectors, highlighting key compounds that are crucial 

for the fields of chemistry and materials science. The PubChemQC dataset is renowned for 

its wide variety of molecular structures. The electronic configurations of these molecules 

have been determined using density functional theory (DFT) at the B3LYP/6-31G* level.25-

27 This approach is highly esteemed for its consistent and reliable calculations across a 

broad spectrum of molecules. It effectively balances computational intensity with the 

accuracy of results, making it a valuable method in the field of computational chemistry. 

While other quantum chemistry databases exist, many use lower-accuracy methods like 

PM6. The high precision of B3LYP/6-31G* ensures that the dataset is of superior quality, 

making it particularly suitable for training models aimed at high-fidelity property 

prediction. 

 

For this study, we selected a specific subset of the PubChemQC dataset to serve as our 

source dataset. Our selection criteria were twofold: the molecules were required to have 

more than six double bonds, and the energy gap between their HOMO and LUMO states 

had to be less than 6 eV. These criteria were deliberately chosen to enhance the similarity 

between the source and the targeted dataset of our study, thereby supplying our base model 

with more relevant information from the source dataset. The size of the PubChemQC-100 

dataset, with approximately 100,000 data points, is ideal for training robust pre-trained 

models. This volume of data is large enough to capture a wide variety of molecular features 

and interactions, enabling the deep learning model to learn complex patterns effectively. A 

well-trained model on such a dataset can generalize better to new, unseen data, which is 

crucial for the high-throughput screening process. This deliberate selection strategy led to 

the compilation of a final dataset called PubChemQC-100k, which consists of 106,429 

molecules, thus optimizing the balance between computational efficiency and learning 

effectiveness for our analytical endeavors. Despite its large size, the PubChemQC-100 
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dataset is not excessively large to cause impractically long training times. The dataset size 

strikes a balance, being large enough to ensure robustness and diversity in the training 

process while remaining manageable in terms of computational resources and time required 

for training. This efficiency is critical for iterative model development and fine-tuning, 

allowing for faster experimentation and optimization cycles.  

 

In this study, we meticulously assembled a target dataset of conjugated oligomers using the 

DFT method. The construction began by sourcing monomer structures from an array of 

peer-reviewed publications. These monomers were encoded in SMILES format,28 a line 

notation for describing the structure of chemical species using short ASCII strings. The 

asterisk (*) sign was employed to denote the points of connection. While existing software 

such as PolyMaS29 offers the convenience of transforming monomers into oligomers for 

specific degrees of polymerization, challenges often arise when the monomers include 

cyclic structures, as illustrated in Figure 5.1. To address this issue, we engineered a 

bespoke software tool utilizing the RDKit30 cheminformatics library within the Python 

environment. Our custom tool deftly interprets SMILES strings with junction points and 

translates them into oligomers of desired polymerization degrees, effectively overcoming 

the hurdles associated with cyclic monomer structures. By leveraging the SMILES 

representation of monomers alongside our tailor-made software, we succeeded in 

generating oligomers across a spectrum of polymerization degrees. We incorporated 137 

unique monomers into our analysis, selecting polymerization degrees that spanned from 4 

to 10. The SMILES representation of these unique monomers is shown in Table 5.1. This 

rigorous process yielded an extensive collection of 959 oligomeric SMILES 

representations, setting the stage for subsequent quantum chemical calculations and further 

material property assessments. 

 

The selection of these model molecules was guided by two primary principles: diversity 

and proven effectiveness in prior research. The diversity of the model molecules was a 

crucial factor in our selection process. We aimed to include a wide range of chemical 

structures and properties to ensure that our model could generalize well across different 

types of molecules. This diversity was achieved by selecting monomers with various 
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functional groups, chain lengths, and electronic properties. By doing so, we ensured that 

the training dataset encompassed a broad spectrum of molecular characteristics, which is 

essential for developing a robust and versatile predictive model. The inclusion of diverse 

molecules helps the model learn intricate structure-property relationships and improves its 

ability to predict the properties of novel molecules accurately. Another important selection 

criterion was the prior successful use of these monomers in identifying potential ground-

state triplet polymers. This prior research provides a solid empirical foundation, indicating 

that these monomers are promising candidates for further investigation. The proven 

effectiveness of these monomers in previous work validates their relevance and increases 

the likelihood of achieving meaningful and actionable results in our current study.  

 

 

 

 

Figure 5.1 The comparison between PolyMaS software and our proprietary software 

 

After generating the oligomeric SMILES representations, we progressed to convert them 

into three-dimensional (3D) configuration. This crucial step was performed using the Open 

Babel31 software with the “-gen3d” command-line option, which is adept at translating 

chemical string representations into spatial structures. Open Babel initiated the 3D 
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configuration by applying structural rules and predefined ring templates, leading to a 

preliminary geometric model. Then this model underwent an optimization process 

governed by the MMFF94 force field,32 a method used to refine the geometry of molecular 

models by minimizing the energy according to molecular mechanics principles. The refined 

3D conformations thus provided a reliable foundation for the subsequent quantum chemical 

analysis, which was undertaken using the established B3LYP/6-31G* level of theory. This 

level, consistent with the source dataset, facilitates the balance between computational 

demand and the accuracy of the results. To precisely evaluate the electronic properties of 

the molecules, the ORCA computational software suite was employed.33 Using the DFT 

method, we determined the key electronic parameters: the HOMO, LUMO, and the 

HOMO-LUMO gap. 

 

Despite our initial target of 959 molecules, the final count of data points available for 

analysis was 610. This discrepancy arose due to non-convergence issues encountered with 

some molecules during the calculation process. As a result, the dataset, denoted as CO-610, 

comprises 610 molecular entries with complete and converged electronic property data. 

 

Table 5.1 SMILES representation of the monomers comprising oligomers in CO-610 

ID SMILES 

0 *c1sc(CC)c(*)c1CC 

1 */C=C/c1ccc2c(c1*)C(=O)OC2 

2 */C=C/c1sc(*)c2c1CCC[C@H]2C 

3 */C=C/c1sc(*)c2c1CCC[C@H]2C=C 

4 */C=C/c1ccc(*)c2nonc12 

5 *c1cc2[nH]c3c(*)c(O)sc3c2s1 

6 */C=C/C1=CC=C(*)S1(=O)=O 

7 */C=C/c1c(OC)sc(C#N)c1* 

8 */C=C/N(CC)c1cscc1N(*)CC 

9 *C1=C2C(=O)NC(*)=C2C(=O)N1 

10 *c1c(*)c2c(c3c1CCS3)SCC2 

11 *c1sc(*)c2cnncc12 

12 *c1cc(C)c(*)s1 

13 *C1=c2ccccc2=C(*)C1=O 

14 */C=C/c1cc(C(*)=C)sc1C 

15 */C=C/c1csc(C(C)=O)c1* 
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ID SMILES 

16 *c1sc(*)c2cc(F)c(F)cc12 

17 */C=C/c1csc2c(CC)c3scc(*)c3c(CC)c12 

18 *c1sc2nc3c(c(CC)c2c1*)CCS3 

19 */C=C/c1[nH]c(*)cc1C=C 

20 *c1oc(*)c(F)c1F 

21 *c1sc(*)c2c1SCCCS2 

22 */C=C/c1csc(C(=O)C(F)(F)F)c1* 

23 */C=C/C1=C(*)C=CC1=O 

24 */C=C/c1sc(*)c2cc(S)ccc12 

25 */C=C/c1ccc(*)c2cccnc12 

26 *c1ccc(*)cc1 

27 *c1sc(*)c(OC)c1N 

28 *c1sc(*)c2cc(C(C)=O)ccc12 

29 *c1c2cccoc-2c(*)c1C 

30 *C1=NC2=CC(*)=NC2=C1 

31 *C#Cc1ccc(*)s1 

32 *C=C* 

33 *c1cc2[nH]c3cc(*)sc3c2s1 

34 */C=C/Nc1c(OC)csc1* 

35 *c1sc(*)c2c1CC[C@@H](S)C2 

36 */C=C/c1sc(*)c2c1CCC[C@H]2C(=O)OC 

37 */C=C/c1sc(*)cc1C(=O)C(F)(F)F 

38 */N=N/C(*)=C 

39 */C=C/c1sc(*)c2ocnc12 

40 *C#Cc1ccc(C#C*)s1 

41 */C=C/c1cc(*)sc1O 

42 *C1=CC(=S)N(*)C1=S 

43 *c1sc(*)c2c(C#N)ccc(C#N)c12 

44 *c1sc(*)c2c1OCCCO2 

45 *c1sc(*)c2c1C[C@H](F)[C@@H](F)C2 

46 */C=C/c1sc(*)c2cc(OC)c(OC)cc12 

47 *c1cnc(*)c2nccnc12 

48 */C=C/c1ccc2c(c1)C(CC)(CC)c1cc(*)ccc1-2 

49 *c1sc(*)c2c(C)cccc12 

50 */C=C/c1cc(C(C)=O)c(*)o1 

51 *c1nc[nH]c1* 

52 */C=C/c1ncc(*)o1 

53 *c1sc(*)c(C(F)(F)F)c1C(F)(F)F 

54 */C=C/c1sc2c(c1*)CC2 

55 *c1c2c(=O)oc(=O)c2c(*)c2c(=O)sc(=O)c12 
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ID SMILES 

56 */C=C/C1=C(*)C(=O)NC1=O 

57 */C=C/c1sc(*)c2c(C(=O)C(F)(F)F)cccc12 

58 */C=C/c1sc(*)c2c1C[C@H](OC)[C@@H](OC)C2 

59 */C=C/c1csc(/C=C/*)c1 

60 *C#Cc1ccc(*)[nH]1 

61 *c1sc(*)c2nc(CC)cnc12 

62 *c1sc(*)c(C#N)c1N 

63 *c1csc2nc3scc(*)c3c(CC)c12 

64 *c1sc(*)c2c1SCS2 

65 */C=C/c1c(OC)sc(OC)c1* 

66 *c1cc(OCC)c(OCC)c(OCC)c1* 

67 *c1sc(*)c2c1CCC[C@H]2O 

68 */C=C/c1sc(*)c2cc(C=C)c(C)cc12 

69 */C=C/c1sc(*)c2c1OCC(=O)CS2 

70 *C1=S(OC)C(OC)=Cc2csc(*)c21 

71 *c1sc(*)c2sc(C(=O)OCC)cc12 

72 */C=C/c1c(CC)sc(*)c1CC 

73 */C=C/c1sc(*)c2c1SSCO2 

74 */C=C/c1sc(*)cc1C=O 

75 */C=C/c1cccc(*)c1CC 

76 */C=C/N1C=C2C(=O)SC(*)=C2C1=O 

77 *c1ccc(*)c2nn(CC)nc12 

78 */C=C/c1c(*)sc(OC)c1C(C)=O 

79 *C1=C(*)C(=O)C=C1 

80 *NC1=C/C(=C2\C=CC(N)=C2)C=C1* 

81 */C=C/C1=CC(=S)N(*)C1=S 

82 *c1cc2oc(*)c(C(N)=O)c2o1 

83 */C=C/c1cc2sc(*)cc2s1 

84 *c1sc(*)c2c(C(=O)OC)cccc12 

85 */C=C/c1cc(C(=O)C(F)(F)F)c(*)o1 

86 *c1sc(*)c2c1C(=O)c1ccccc1C2=O 

87 *c1sc2c(c1*)C(CC)(CC)[C@@H]1CCS[C@@H]21 

88 */C=C/c1sc(*)cc1C#N 

89 */C=C/c1sc(*)c2ncoc12 

90 *c1sc(*)c2c1C(=O)CC2=O 

91 */C(C)=C\c1c(CC)cc(*)cc1CC 

92 */C=C/c1sc(*)c(C)c1C 

93 *c1cc(*)c(OCC)cc1OCC 

94 */C=C/c1cc(C#N)c(*)o1 

95 */C=C/c1sc(*)c2c1OCCO2 
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ID SMILES 

96 *c1cc2cc3occc3c(*)c2s1 

97 *C1=c2ccccc2=C(*)C1=C 

98 */C=C/c1sc(*)c2c1SCC(=O)CS2 

99 *c1sc(*)c2c1NCO2 

100 *c1cc2nccnc2cc1* 

101 *c1sc(*)c2c(F)c(F)c(F)c(F)c12 

102 *c1sc(*)c2cc(S)c(O)cc12 

103 *c1c(C#N)sc(OC)c1* 

104 *c1c(OC)sc(OC)c1* 

105 */C=C/c1ccc(*)c2nsnc12 

106 */C=C/c1oc2cc(*)oc2c1C(N)=O 

107 */C=C/c1sc(*)c2c1[C@H](O)CCC2 

108 */C=N/Nc1ccc(*)cc1 

109 *c1sc(*)c2c(F)c(C(=O)CC)sc12 

110 *C1=C2C(=O)OC(*)=C2C(=O)O1 

111 */C=C/Sc1cscc1S* 

112 *c1sc(*)c2c1C(=O)NC2=O 

113 */C=C/c1sc(*)c2sc(=O)sc12 

114 *c1sc(*)c2c(S)ccc(O)c12 

115 */C=C/c1cc(C)cc(*)c1C 

116 */C=C/c1sc(*)c2c1[C@H](O)CC[C@H]2C(=O)O 

117 */C=C/c1oc(*)c(OC)c1C#N 

118 *c1c(C#N)sc(C(F)(F)F)c1* 

119 */C=C/c1cc(OCC)c(OCC)c(OCC)c1* 

120 */C=C/c1c2cc(*)scc-2c2sccc12 

121 *c1sc(*)c2scnc12 

122 */C=C/C1=Cc2c(csc2*)S1(=O)=O 

123 */C=C/c1sc(*)c2c(C#N)cccc12 

124 *c1cc2c(s1)-c1sc(*)cc1C2 

125 */C=C/c1cccc(F)c1* 

126 */C=C/c1sc(*)c2c1CC(=O)C(=O)C2 

127 */C=C/c1ccc(*)cc1 

128 */C=C/c1sc(*)c2sc(=O)c(=O)sc12 

129 *c1sc(*)c2c1OCC(=O)CO2 

130 *C1=C/C(=C2/C=C(*)C=C2C#N)C(C#N)=C1 

131 */C=C/C1=C(*)c2cccc3cccc1c23 

132 */C=C/c1c(C#N)sc(C(F)(F)F)c1* 

133 */C=C/c1[nH]c(*)c2nccnc12 

134 *c1ccc2c(c1)C(C)(C)c1cc(*)ccc1-2 

135 */C=C/N1CCN(C(=O)O)c2csc(*)c21 
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ID SMILES 

136 *c1sc(*)c2c1OCCO2 

 

To this point in our research, we have successfully established two distinct datasets: the 

source dataset, known as PubChemQC-100k, and the target dataset, labeled CO-610. For 

both datasets, the inputs consist of 3D molecular configurations, which are intricately 

detailed representations of each molecule's spatial arrangement. The outputs are critical 

electronic properties—specifically, HOMO, LUMO, and the HOMO-LUMO gap. These 

properties are pivotal for understanding the electronic behaviour of the molecules and 

predicting their potential applications in various fields, including materials science and 

photovoltaic device engineering. 

 

5.2.2 Model Development 

 

The methodological framework of our study is characterized by the strategic application of 

transfer learning to construct robust predictive models, a process depicted in Figure 5.2. 

This transfer learning paradigm is meticulously structured into three stages: pre-training, 

model adaptation, and fine-tuning, each critical to the eventual success of the predictive 

analysis.  

 

In the pre-training phase, a ML model, specifically a GNN model known as SchNet,34 is 

trained on the extensive source dataset, PubChemQC-100k. This diverse dataset acts as a 

rich repository of molecular information, allowing the model to discern intricate patterns 

and correlations amongst a multitude of material properties. The pre-training is designed 

to impart the model with a versatile understanding of material behaviours and interactions. 

SchNet is selected for its demonstrated efficacy in capturing a spectrum of electronic 

properties across various materials, bypassing the need for handcrafted descriptors. This 

pre-training process involves iteratively refining the model over 1000 epochs to ensure a 

comprehensive learning experience. 
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In the subsequent stage of our methodology, the model undergoes a critical customization 

process to align with the unique challenges posed by our materials science inquiry. This 

adaptation is accomplished by the incorporation of a newly designed layer—an interaction 

block—into the existing model structure. This additional interaction block is initialized 

with random parameters, serving as a fresh component within the model to capture the 

interactions specific to the conjugated oligomers under study. Crucially, while this new 

block is allowed to evolve during training, the parameters of the pre-existing layers leading 

up to the interaction block are held constant, or 'frozen'. This approach ensures that the 

foundational knowledge previously acquired during the pre-training phase is preserved and 

not overwritten during the subsequent learning process. By implementing such strategic 

modifications, we effectively transition the pre-trained model into an adapted model, 

primed for the targeted task of predicting the electronic properties of conjugated oligomers 

systems. The resulting adapted model is thus a sophisticated analytical tool, tailored to the 

exigencies of the specialized domain of materials science. 

 

The adapted model is then further trained on the target dataset, the CO-610 data set. This 

stage involves fine-tuning the model's parameters to optimize its performance for the 

specific task: to predict the electronic properties of conjugated oligomers. Given that the 

model has already gained significant knowledge from the pre-training stage, it can perform 

more efficiently on the target dataset, requiring fewer data and resources to achieve robust 

results. The weights of SchNet are then fine-tuned for up to 3000 epochs using data from 

the CO-610. This fine-tuning process is crucial for calibrating the model's parameters to 

enhance its predictive accuracy for this particular class of materials.  
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Figure 5.2 Schematic of the transfer learning protocol used in this work 

 

A key feature in the prediction of electronic properties was the establishment of a cut-off 

distance of 5 Å for the models, ensuring the consideration of interactions within this 

specified range. The embedding dimension within the SchNet architecture was configured 

to 128, a setting that allows for a robust representation of molecular features across the 

network's seven interaction blocks. The batch size for the training process was standardized 

at 64, a size that balances computational load and learning stability. During the optimization 

of the pre-trained model, we utilized the Adam optimization algorithm with an initial 

learning rate of 0.0001. This rate was selected to facilitate a gradual and stable convergence 

of the model's weights during the learning process. For the target model, which was fine-

tuned to our specific dataset of conjugated oligomers, we opted for a reduced learning rate 

of 0.00001 to refine the pre-learned weights without drastic alterations. During the final 

phase of model training, a subset of 400 data points, representing the conjugated molecules, 

is utilized for training purposes. This is supplemented by a validation set comprising 100 

data points, while the evaluation of the model's predictive capacity is conducted on a test 

set of 110 data points. This methodology allows for a comprehensive assessment of the 

model's performance. 

 

To confirm the enhancements attributed to the transfer learning approach, a comparative 

analysis is performed with SchNet models trained exclusively on the 400 data points 

without the benefit of transfer learning. This comparative training extends up to 4000 

epochs to ensure model robustness. These models, referred to as SchNet-D, serve as a 
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benchmark against the transfer learning-augmented models, designated as SchNet-T. The 

comparison between SchNet-D and SchNet-T models provides insights into the efficacy of 

transfer learning in improving model performance for the prediction of electronic 

properties in conjugated molecular systems. 

 

5.2.3 High-throughput Screening 

 

In addition to the development of models, our methodology encompassed the creation of a 

candidate dataset aimed at identifying potential target materials with the desired electronic 

properties for photovoltaic applications. This candidate dataset was generated by 

synthesizing oligomers with polymerization degrees ranging from 4 to 10, using monomers 

referenced from previously published literature. The 3D geometries of these oligomers 

were meticulously optimized using the Open Babel software, employing the MMFF94 

force field to ensure accuracy in the subsequent computational predictions. 

 

The optimized SchNet-T models were then deployed to predict the HOMO, LUMO, and 

HOMO-LUMO gap of these oligomers within the candidate dataset. The photovoltaic 

materials chosen for this study had to fulfil rigorous specifications, including HOMO levels 

ranging from -6.5 to -4.9 eV, LUMO levels between -3.0 to -4.5 eV, and a band gap of 1.1 

to 2.0 eV. These criteria are essential to guarantee efficient absorption of visible light, a 

key factor in achieving high photovoltaic efficiency. 

 

To rigorously verify the robustness of our predictive model and the reliability of the 

selected conjugated oligomers, we conducted computational simulations to determine their 

electronic properties. These simulations were performed using the ORCA computational 

software suite, which is widely respected for its accurate electronic structure calculations. 

The comprehensive comparison of our model's predictions with the calculated electronic 

properties of the oligomers confirmed the reliability of our selection process. This 

validation step was crucial in demonstrating the efficacy of our HTS method, which 

significantly reduces computational costs and accelerates the discovery of promising 

materials for photovoltaic technology. 
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5.3 Results and Discussions 

5.3.1 Analysis of the Dataset 

 

Figure 5.3 presents a comparative analysis highlighting the differences in molecular size 

distributions and the chemical diversity among the datasets. For the PubChemQC-100k 

dataset, the size diversity is evident, with a histogram that peaks sharply for molecules with 

fewer atoms, suggesting a large number of small molecules within this dataset. This 

indicates that the majority of the PubChemQC-100k dataset is composed of relatively 

simple molecules, with the frequency of molecules decreasing as the number of atoms 

increases, highlighting a skew towards smaller molecular structures. For the CO-610 

dataset, the size distribution is more expansive, with a wider spread of atom counts. This 

suggests that the dataset contains a more varied range of molecular sizes, which is essential 

for studying the effects of molecular size on electronic properties, particularly in the 

context of conjugated oligomers where the length of the polymer chain can significantly 

influence electronic behaviour.  

 

Moreover, the PubChemQC-100k dataset showcases a more diverse chemical composition, 

with a wider range of elements such as silicon (Si), phosphorus (P), and chlorine (Cl). This 

diversity is indicative of the broad scope of the PubChemQC-100k database, capturing a 

vast array of chemical space which is beneficial for ML models that rely on a diverse 

training set to improve prediction accuracy. In contrast, the CO-610 dataset demonstrates 

a chemical diversity that is more restricted, focusing on elements predominantly found in 

organic electronic materials, such as carbon (C), hydrogen (H), nitrogen (N), oxygen (O), 

and sulfur (S). This deliberate restriction aims to concentrate on the elements most 

prevalent and significant in organic electronic materials. 

 

The comparative analysis between the two datasets depicted in these histograms 

underscores the broader generalizability of the PubChemQC-100k dataset versus the 

focused specificity of the CO-610 dataset. 
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Figure 5.3 Comparative analysis of the PubChemQC-100k and CO-610 datasets. (a) The size 

diversity within each dataset. (b) The chemical diversity present in the datasets. 

 

Additionally, we closely examined the size sensitivity of conjugated oligomers within the 

OG-610 dataset, focusing on how their electronic properties evolve with varying degrees 

of polymerization. Figure 5.4 illustrate a systematic investigation into the electronic 

properties of a series of oligomers, each column representing oligomers derived from a 

unique monomer but at varying degrees of polymerization, ranging from 4 to 10. The plots 

use the oligomers with a polymerization degree of 7 as a reference point to anchor the 

comparison. In the HOMO deviation plot, the data points form a gradient pattern as the 

polymerization degree shifts from the reference, illustrating a consistent alteration in the 

HOMO energy levels relative to this central degree of polymerization. The trend suggests 

that as the number of monomeric units changes, there is a significant impact on the HOMO 

energy, which is a crucial factor in determining a material's electronic properties. The 

LUMO deviation plot similarly displays a variance in energy levels as the polymerization 

degree diverges from the reference value of 7. Each column reflects the LUMO energy 

shift for oligomers with a different monomeric composition, underlining the influence of 

both monomers and polymerization degree on electronic structure. The band gap deviation 

plot reinforces the relationship between polymerization degree and electronic property 

modulation. It shows a clear reduction in the energy gap with the increase of polymerization 

degree. This visual representation captures the essence of conjugation effects, where the 

length of the oligomer chain directly affects the electron delocalization and hence the 

optical and electronic behavior of the material. Collectively, these plots provide a 
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comprehensive overview of how varying both the monomeric unit and the degree of 

polymerization can fine-tune the electronic characteristics of oligomers, offering valuable 

insights for the design of tailored materials for advanced electronic and photonic 

applications. 

 

The intricacies of size sensitivity in conjugated oligomers present a formidable obstacle for 

ML models aimed at predicting their electronic properties. The complexity arises from 

several factors: as oligomers increase in size, the conformational space grows exponentially, 

resulting in a myriad of possible structural arrangements. Each arrangement can have a 

profound impact on the electronic properties, such as HOMO and LUMO levels. This is 

due to the fact that with larger oligomer chains, more complex interactions come into play, 

including variations in electron delocalization, which can significantly influence their 

electronic behavior. Furthermore, as the oligomers grow, phenomena such as quantum 

confinement and edge effects can introduce additional variations in the electronic structure. 

These effects often lead to non-linear and unpredictable changes in the electronic properties, 

making it a challenge to model these behaviors accurately.  

 

For ML algorithms to successfully predict the electronic properties of these materials, they 

must be exposed to and learn from datasets that are rich and diverse enough to capture the 

full breadth of these size-dependent effects. Training models on such datasets ensures that 

they can account for the intricate patterns of electron behavior and the various factors 

influencing them. Only then can the algorithms be expected to deliver reliable predictions 

for the electronic properties of conjugated oligomers, spanning the entire range of 

molecular sizes encountered in practical applications. 
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Figure 5.4 (a) HOMO Deviation: Displays oligomers of different polymerization degrees (4-10) 

with the same monomer, benchmarked to degree 7. Color indicates actual HOMO values. (b) 

LUMO Deviation: Columns represent oligomers with degrees of polymerization (4-10), using 

degree 7 as reference. Color shows actual LUMO values. (c) Gap Deviation: Shows oligomers 

across polymerization degrees (4-10), referenced to degree 7. Color denotes actual energy gap 

values. 
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5.3.2 Model Performance 

 

Figure 5.5 illustrates the comparative performance of two models, SchNet-D and SchNet-

T, in predicting the electronic properties of oligomers across a range of polymerization 

degrees. The figure visualizes the MAE for the HOMO energy, LUMO energy, and the 

HOMO-LUMO gap, demonstrating that while SchNet-D provides acceptable accuracy 

within the mid-range of polymerization degrees (6 to 8), its accuracy declines when 

predicting properties for oligomers at the higher and lower ends of the polymerization 

spectrum. This drop in performance of the SchNet-D model is indicative of the edge effect, 

where predictions for data points at the distribution's boundaries are less accurate due to 

the model's overfitting to the more common central data trends.35 This overfitting limits the 

model's ability to generalize to less frequent, more diverse oligomer configurations that 

occur at the edges of the dataset's polymerization degree range.  

 

In contrast, SchNet-T, which employs transfer learning, shows improved performance 

across the full range of polymerization degrees, as seen in the lower MAE values. Transfer 

learning leverages knowledge from pre-trained models on large and diverse datasets to 

enhance the model's ability to handle edge cases effectively. This approach broadens the 

model's applicability and predictive accuracy beyond the core range, addressing the 

shortcomings of direct learning models and improving generalization to a wider array of 

oligomer structures. 

 

When we examine the impact of transfer learning across different molecular properties, we 

observe that the enhancement in prediction accuracy for different properties is different. It 

is evident that the accuracy enhancements are most substantial for HOMO energy level 

predictions. Although the improvements in predicting LUMO energy levels are also clear, 

they are not as pronounced as those observed for HOMO levels. Moreover, while the 

HOMO-LUMO gap predictions have benefitted from the transfer learning approach, the 

level of improvement is less substantial compared to that of the HOMO and LUMO 

energies. This variation in the extent of enhancement across these properties can be traced 

back to the level of similarity in energy distributions between the source dataset and the 
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target dataset. A greater similarity in HOMO energy distributions leads to more significant 

improvements due to transfer learning. In contrast, the LUMO energies and HOMO-

LUMO gaps, which exhibit greater variances between the datasets, require more intricate 

model adjustments to enhance prediction accuracy. The transfer learning model has to 

navigate these differences, applying sophisticated fine-tuning to reconcile the discrepancies 

and sharpen its predictive precision. 

 

 

Figure 5.5 Comparative model accuracy and dataset distribution. Graphs (a), (c), and (e) depict the 

mean absolute error (MAE) for HOMO, LUMO, and HOMO-LUMO gap energy levels, 

respectively, comparing predictions by SchNet-D (black) with SchNet-T (red) models across 

varying polymerization degrees. Histograms (b), (d), and (f) show the energy level distribution for 

HOMO, LUMO, and HOMO-LUMO gap within the PubChemQC-100k (upper histograms) and 

CO-610 (lower histograms) datasets.  

 

Figure 5.6 offers a comparative visualization of the electronic property predictions from 

the SchNet-D and SchNet-T models against the calculated values. The scatter plots reveal 

that the SchNet-D model has a noticeable variance in the HOMO level predictions, 

indicating a gap in the model's predictive accuracy for this property, as the data points 

deviate from the ideal one-to-one correlation line. The performance of the SchNet-D model 
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shows improvement in predicting LUMO levels and the energy gap, as the data points are 

more closely aligned with the calculated values, suggesting a better grasp of these 

electronic properties. 

 

Conversely, the SchNet-T models demonstrate superior predictive prowess overall. By 

leveraging the extensive knowledge encapsulated in the source dataset, these models show 

enhanced learning capabilities and the ability to generalize better when confronted with 

new data. This is seen in the tighter clustering of data points around the line of perfect 

agreement. However, the plots also show outliers, hinting at the SchNet-T models' 

limitations. While the transfer learning approach yields a stronger average performance, 

likely due to its generalizability across diverse data, it may sometimes compromise the 

ability to capture the nuanced characteristics of the new dataset, which could lead to 

occasional prediction anomalies. 

 

 

Figure 5.6 Predictive performance of SchNet-D and SchNet-T models. The correlation 

between the calculated values and predicted (a) HOMO, (b) LUMO, and (c) HOMO-

LUMO gap using SchNet-D (top) and SchNet-T (bottom) models. 
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5.3.3 High-throughput Screening 

 

The dataset for this study was compiled from a collection of monomers cited in prior 

research. Spanning a polymerization degree from 4 to 10, we utilized 530 distinct 

monomers to generate a candidate pool of 3,710 oligomers. Within this extensive candidate 

dataset, Figure 5.7 showcases a select group of 85 oligomers identified as promising for 

photovoltaic applications based on their alignment with the criteria for photovoltaic 

material properties. These oligomers exhibit HOMO energy levels ranging from -6.5 to -

4.9 eV, LUMO levels between -3.0 to -4.5 eV, and an energy gap spanning 1.1 to 2.0 eV. 

The SMILES representations, along with the predicted and calculated properties for these 

screened oligomers, are listed in Tables 5.2 and 5.3, respectively. 

 

 

Figure 5.7 Scatter plot of predicted HOMO and LUMO levels. The plot visualizes the 

predicted HOMO and LUMO energy levels for a candidate dataset of 3,710 oligomers, 

with 85 oligomers highlighted (red stars) as promising candidates for photovoltaic 

applications.  
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Table 5.2 SMILES of the screened oligomers 

Candidate ID N SMILES 

272 5 N#Cc1cc2c(-c3sc(-c4sc(-c5sc(-

c6scc7cc(C#N)oc67)c6cc(C#N)oc56)c5cc(C#N)oc45)c4cc(C#N)oc34)scc2o1 

21 7 FC(F)(F)c1ccc2c(-c3sc(-c4sc(-c5sc(-c6sc(-c7sc(-

c8scc9ccc(C(F)(F)F)cc89)c8ccc(C(F)(F)F)cc78)c7ccc(C(F)(F)F)cc67)c6ccc(C(F)(F)F)

cc56)c5ccc(C(F)(F)F)cc45)c4ccc(C(F)(F)F)cc34)scc2c1 

515 8 Fc1ccc(F)c2c(-c3sc(-c4sc(-c5sc(-c6sc(-c7sc(-c8sc(-

c9scc%10c(F)ccc(F)c9%10)c9c(F)ccc(F)c89)c8c(F)ccc(F)c78)c7c(F)ccc(F)c67)c6c(F)

ccc(F)c56)c5c(F)ccc(F)c45)c4c(F)ccc(F)c34)scc12 

290 9 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7sc(C=Cc8sc(C=Cc9

scc%10ccc(F)cc9%10)c9ccc(F)cc89)c8ccc(F)cc78)c7ccc(F)cc67)c6ccc(F)cc56)c5ccc(

F)cc45)c4ccc(F)cc34)c3ccc(F)cc23)c2ccc(F)cc12 

467 9 c1cc2nsnc2c(-c2cnc(-c3cnc(-c4cnc(-c5cnc(-c6cnc(-c7cnc(-c8cnc(-

c9cncc%10nsnc9%10)c9nsnc89)c8nsnc78)c7nsnc67)c6nsnc56)c5nsnc45)c4nsnc34)c3

nsnc23)n1 

267 9 c1cc2c(s1)-c1sc(-c3cc4c(s3)-c3sc(-c5cc6c(s5)-c5sc(-c7cc8c(s7)-c7sc(-c9cc%10c(s9)-

c9sc(-c%11cc%12c(s%11)-c%11sc(-c%13cc%14c(s%13)-c%13sc(-

c%15cc%16c(s%15)-c%15sc(-c%17cc%18c(s%17)-

c%17scnc%17C%18)nc%15C%16)nc%13C%14)nc%11C%12)nc9C%10)nc7C8)nc5C

6)nc3C4)nc1C2 

433 5 C=Cc1c(F)c(F)c(C=Cc2c(F)c(F)c(C=Cc3c(F)c(F)c(C=Cc4c(F)c(F)c(C=Cc5c(F)c(F)cc

6nsnc56)c5nsnc45)c4nsnc34)c3nsnc23)c2nsnc12 

272 4 N#Cc1cc2c(-c3sc(-c4sc(-c5scc6cc(C#N)oc56)c5cc(C#N)oc45)c4cc(C#N)oc34)scc2o1 

87 5 N#Cc1csc(-c2sc(-c3sc(-c4sc(-

c5scc(C#N)c5C#N)c(C#N)c4C#N)c(C#N)c3C#N)c(C#N)c2C#N)c1C#N 

430 9 N#Cc1nc2cc3nsnc3c(-c3c4nsnc4c(-c4c5nsnc5c(-c5c6nsnc6c(-c6c7nsnc7c(-

c7c8nsnc8c(-c8c9nsnc9c(-c9c%10nsnc%10c(-

c%10c%11nsnc%11cc%11nc(C#N)c(C#N)nc%10%11)c%10nc(C#N)c(C#N)nc9%10)

c9nc(C#N)c(C#N)nc89)c8nc(C#N)c(C#N)nc78)c7nc(C#N)c(C#N)nc67)c6nc(C#N)c(

C#N)nc56)c5nc(C#N)c(C#N)nc45)c4nc(C#N)c(C#N)nc34)c2nc1C#N 

267 8 c1cc2c(s1)-c1sc(-c3cc4c(s3)-c3sc(-c5cc6c(s5)-c5sc(-c7cc8c(s7)-c7sc(-c9cc%10c(s9)-

c9sc(-c%11cc%12c(s%11)-c%11sc(-c%13cc%14c(s%13)-c%13sc(-

c%15cc%16c(s%15)-

c%15scnc%15C%16)nc%13C%14)nc%11C%12)nc9C%10)nc7C8)nc5C6)nc3C4)nc1

C2 

267 10 c1cc2c(s1)-c1sc(-c3cc4c(s3)-c3sc(-c5cc6c(s5)-c5sc(-c7cc8c(s7)-c7sc(-c9cc%10c(s9)-

c9sc(-c%11cc%12c(s%11)-c%11sc(-c%13cc%14c(s%13)-c%13sc(-

c%15cc%16c(s%15)-c%15sc(-c%17cc%18c(s%17)-c%17sc(-c%19cc%20c(s%19)-

c%19scnc%19C%20)nc%17C%18)nc%15C%16)nc%13C%14)nc%11C%12)nc9C%1

0)nc7C8)nc5C6)nc3C4)nc1C2 

295 5 c1ncc2c(-c3sc(-c4sc(-c5sc(-c6scc7cncnc67)c6cncnc56)c5cncnc45)c4cncnc34)scc2n1 

409 9 C=CC1=CC=C(C=CC2=CC=C(C=CC3=CC=C(C=CC4=CC=C(C=CC5=CC=C(C=C

C6=CC=C(C=CC7=CC=C(C=CC8=CC=C(C=CC9=CC=CC9=S)C8=S)C7=S)C6=S)C

5=S)C4=S)C3=S)C2=S)C1=S 

87 6 N#Cc1csc(-c2sc(-c3sc(-c4sc(-c5sc(-

c6scc(C#N)c6C#N)c(C#N)c5C#N)c(C#N)c4C#N)c(C#N)c3C#N)c(C#N)c2C#N)c1C#

N 

430 10 N#Cc1nc2cc3nsnc3c(-c3c4nsnc4c(-c4c5nsnc5c(-c5c6nsnc6c(-c6c7nsnc7c(-

c7c8nsnc8c(-c8c9nsnc9c(-c9c%10nsnc%10c(-c%10c%11nsnc%11c(-

c%11c%12nsnc%12cc%12nc(C#N)c(C#N)nc%11%12)c%11nc(C#N)c(C#N)nc%10%

11)c%10nc(C#N)c(C#N)nc9%10)c9nc(C#N)c(C#N)nc89)c8nc(C#N)c(C#N)nc78)c7n

c(C#N)c(C#N)nc67)c6nc(C#N)c(C#N)nc56)c5nc(C#N)c(C#N)nc45)c4nc(C#N)c(C#N

)nc34)c2nc1C#N 
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Candidate ID N SMILES 

21 6 FC(F)(F)c1ccc2c(-c3sc(-c4sc(-c5sc(-c6sc(-

c7scc8ccc(C(F)(F)F)cc78)c7ccc(C(F)(F)F)cc67)c6ccc(C(F)(F)F)cc56)c5ccc(C(F)(F)F)

cc45)c4ccc(C(F)(F)F)cc34)scc2c1 

515 7 Fc1ccc(F)c2c(-c3sc(-c4sc(-c5sc(-c6sc(-c7sc(-

c8scc9c(F)ccc(F)c89)c8c(F)ccc(F)c78)c7c(F)ccc(F)c67)c6c(F)ccc(F)c56)c5c(F)ccc(F)

c45)c4c(F)ccc(F)c34)scc12 

508 4 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4scc5ccccc45)c4ccccc34)c3ccccc23)c2ccccc12 

117 8 C=CC=Cc1cnc(C=CC=Cc2cnc(C=CC=Cc3cnc(C=CC=Cc4cnc(C=CC=Cc5cnc(C=CC

=Cc6cnc(C=CC=Cc7cnc(C=CC=Cc8cncc8C)c7C)c6C)c5C)c4C)c3C)c2C)c1C 

103 5 C=Cc1ccc(-c2ccc(-c3ccc(C=Cc4ccc(-c5ccc(-c6ccc(C=Cc7ccc(-c8ccc(-

c9ccc(C=Cc%10ccc(-c%11ccc(-c%12ccc(C=Cc%13ccc(-c%14ccc(-

c%15cccs%15)s%14)s%13)s%12)s%11)s%10)s9)s8)s7)s6)s5)s4)s3)s2)s1 

416 8 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7sc(C=Cc8scc(O)c8

C#N)c(O)c7C#N)c(O)c6C#N)c(O)c5C#N)c(O)c4C#N)c(O)c3C#N)c(O)c2C#N)c(O)c1

C#N 

33 6 O=C1c2ccccc2-c2ccc(-c3ccc4c(c3)C(=O)c3cc(-c5ccc6c(c5)C(=O)c5cc(-

c7ccc8c(c7)C(=O)c7cc(-c9ccc%10c(c9)C(=O)c9cc(-

c%11ccc%12c(c%11)C(=O)c%11ccccc%11-%12)ccc9-%10)ccc7-8)ccc5-6)ccc3-

4)cc21 

139 6 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6scc7nccnc67)c6nccnc56)c5nc

cnc45)c4nccnc34)c3nccnc23)c2nccnc12 

14 4 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4scc5c(F)ccc(F)c45)c4c(F)ccc(F)c34)c3c(F)ccc(F)

c23)c2c(F)ccc(F)c12 

301 8 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7sc(C=Cc8scc9cccc(

F)c89)c8cccc(F)c78)c7cccc(F)c67)c6cccc(F)c56)c5cccc(F)c45)c4cccc(F)c34)c3cccc(F

)c23)c2cccc(F)c12 

187 10 c1cc2sc(-c3cc4sc(-c5cc6sc(-c7cc8sc(-c9cc%10sc(-c%11cc%12sc(-c%13cc%14sc(-

c%15cc%16sc(-c%17cc%18sc(-

c%19cc%20sccc%20n%19)cc%18n%17)cc%16n%15)cc%14n%13)cc%12n%11)cc%1

0n9)cc8n7)cc6n5)cc4n3)cc2n1 

328 5 C=CC#Cc1ccc(C=CC#Cc2ccc(C=CC#Cc3ccc(C=CC#Cc4ccc(C=CC#Cc5cccn5)n4)n

3)n2)n1 

470 8 C=Cc1oc(C=Cc2oc(C=Cc3oc(C=Cc4oc(C=Cc5oc(C=Cc6oc(C=Cc7oc(C=Cc8occ9c8

C(=O)NC9=O)c8c7C(=O)NC8=O)c7c6C(=O)NC7=O)c6c5C(=O)NC6=O)c5c4C(=O)

NC5=O)c4c3C(=O)NC4=O)c3c2C(=O)NC3=O)c2c1C(=O)NC2=O 

394 10 CC(=O)c1cnc(-c2nc(-c3nc(-c4nc(-c5nc(-c6nc(-c7nc(-c8nc(-c9nc(-

c%10nccc%10C(C)=O)cc9C(C)=O)cc8C(C)=O)cc7C(C)=O)cc6C(C)=O)cc5C(C)=O)

cc4C(C)=O)cc3C(C)=O)cc2C(C)=O)c1 

21 8 FC(F)(F)c1ccc2c(-c3sc(-c4sc(-c5sc(-c6sc(-c7sc(-c8sc(-

c9scc%10ccc(C(F)(F)F)cc9%10)c9ccc(C(F)(F)F)cc89)c8ccc(C(F)(F)F)cc78)c7ccc(C(

F)(F)F)cc67)c6ccc(C(F)(F)F)cc56)c5ccc(C(F)(F)F)cc45)c4ccc(C(F)(F)F)cc34)scc2c1 

188 8 C=Cc1cc2c(n1)C=C(C=Cc1cc3c(n1)C=C(C=Cc1cc4c(n1)C=C(C=Cc1cc5c(n1)C=C(C

=Cc1cc6c(n1)C=C(C=Cc1cc7c(n1)C=C(C=Cc1cc8c(n1)C=C(C=Cc1cc9c(n1)C=CC9)

C8)C7)C6)C5)C4)C3)C2 

267 7 c1cc2c(s1)-c1sc(-c3cc4c(s3)-c3sc(-c5cc6c(s5)-c5sc(-c7cc8c(s7)-c7sc(-c9cc%10c(s9)-

c9sc(-c%11cc%12c(s%11)-c%11sc(-c%13cc%14c(s%13)-

c%13scnc%13C%14)nc%11C%12)nc9C%10)nc7C8)nc5C6)nc3C4)nc1C2 

495 9 NCc1nc2csc(-c3sc(-c4sc(-c5sc(-c6sc(-c7sc(-c8sc(-c9sc(-

c%10scc%11nc(CN)c(CN)nc%10%11)c%10nc(CN)c(CN)nc9%10)c9nc(CN)c(CN)nc

89)c8nc(CN)c(CN)nc78)c7nc(CN)c(CN)nc67)c6nc(CN)c(CN)nc56)c5nc(CN)c(CN)nc

45)c4nc(CN)c(CN)nc34)c2nc1CN 

312 9 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7sc(C=Cc8sc(C=Cc9

scc%10cc(C(F)(F)F)ccc9%10)c9cc(C(F)(F)F)ccc89)c8cc(C(F)(F)F)ccc78)c7cc(C(F)(F

)F)ccc67)c6cc(C(F)(F)F)ccc56)c5cc(C(F)(F)F)ccc45)c4cc(C(F)(F)F)ccc34)c3cc(C(F)(

F)F)ccc23)c2cc(C(F)(F)F)ccc12 

204 8 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7sc(C=Cc8scc9c8SC

SO9)c8c7SCSO8)c7c6SCSO7)c6c5SCSO6)c5c4SCSO5)c4c3SCSO4)c3c2SCSO3)c2c

1SCSO2 
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104 5 C=Cc1ccnc1C=Cc1ccc(C=Cc2ccnc2C=Cc2ccc(C=Cc3ccnc3C=Cc3ccc(C=Cc4ccnc4C

=Cc4ccc(C=Cc5ccnc5C=Cc5cccn5)n4)n3)n2)n1 

112 10 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7sc(C=Cc8sc(C=Cc9

sc(C=Cc%10scc%11c%10OCCSO%11)c%10c9OCCSO%10)c9c8OCCSO9)c8c7OCC

SO8)c7c6OCCSO7)c6c5OCCSO6)c5c4OCCSO5)c4c3OCCSO4)c3c2OCCSO3)c2c1O

CCSO2 

515 10 Fc1ccc(F)c2c(-c3sc(-c4sc(-c5sc(-c6sc(-c7sc(-c8sc(-c9sc(-c%10sc(-

c%11scc%12c(F)ccc(F)c%11%12)c%11c(F)ccc(F)c%10%11)c%10c(F)ccc(F)c9%10)

c9c(F)ccc(F)c89)c8c(F)ccc(F)c78)c7c(F)ccc(F)c67)c6c(F)ccc(F)c56)c5c(F)ccc(F)c45)

c4c(F)ccc(F)c34)scc12 

294 7 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7scc8nc(CC)cnc78)c

7nc(CC)cnc67)c6nc(CC)cnc56)c5nc(CC)cnc45)c4nc(CC)cnc34)c3nc(CC)cnc23)c2nc(

CC)cnc12 

409 10 C=CC1=CC=C(C=CC2=CC=C(C=CC3=CC=C(C=CC4=CC=C(C=CC5=CC=C(C=C

C6=CC=C(C=CC7=CC=C(C=CC8=CC=C(C=CC9=CC=C(C=CC%10=CC=CC%10=

S)C9=S)C8=S)C7=S)C6=S)C5=S)C4=S)C3=S)C2=S)C1=S 

236 5 O=C1c2csc(-c3sc(-c4sc(-c5sc(-

c6scc7c6C(=O)N(C(F)(F)F)C7=O)c6c5C(=O)N(C(F)(F)F)C6=O)c5c4C(=O)N(C(F)(F

)F)C5=O)c4c3C(=O)N(C(F)(F)F)C4=O)c2C(=O)N1C(F)(F)F 

26 9 C=Cc1sc(F)c2c1SC=C(C=Cc1sc(F)c3c1SC=C(C=Cc1sc(F)c4c1SC=C(C=Cc1sc(F)c5c

1SC=C(C=Cc1sc(F)c6c1SC=C(C=Cc1sc(F)c7c1SC=C(C=Cc1sc(F)c8c1SC=C(C=Cc1

sc(F)c9c1SC=C(C=Cc1sc(F)c%10c1SC=CO%10)O9)O8)O7)O6)O5)O4)O3)O2 

515 9 Fc1ccc(F)c2c(-c3sc(-c4sc(-c5sc(-c6sc(-c7sc(-c8sc(-c9sc(-

c%10scc%11c(F)ccc(F)c%10%11)c%10c(F)ccc(F)c9%10)c9c(F)ccc(F)c89)c8c(F)ccc(

F)c78)c7c(F)ccc(F)c67)c6c(F)ccc(F)c56)c5c(F)ccc(F)c45)c4c(F)ccc(F)c34)scc12 

21 4 FC(F)(F)c1ccc2c(-c3sc(-c4sc(-

c5scc6ccc(C(F)(F)F)cc56)c5ccc(C(F)(F)F)cc45)c4ccc(C(F)(F)F)cc34)scc2c1 

210 4 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4scc5nc(C#N)cc45)c4nc(C#N)cc34)c3nc(C#N)cc2

3)c2nc(C#N)cc12 

295 9 c1ncc2c(-c3sc(-c4sc(-c5sc(-c6sc(-c7sc(-c8sc(-c9sc(-

c%10scc%11cncnc%10%11)c%10cncnc9%10)c9cncnc89)c8cncnc78)c7cncnc67)c6cn

cnc56)c5cncnc45)c4cncnc34)scc2n1 

186 6 C=CC1=C2C(=O)NC(C=CC3=C4C(=O)NC(C=CC5=C6C(=O)NC(C=CC7=C8C(=O)

NC(C=CC9=C%10C(=O)NC(C=CC%11=C%12C(=O)NC=C%12C(=O)O%11)=C%1

0C(=O)O9)=C8C(=O)O7)=C6C(=O)O5)=C4C(=O)O3)=C2C(=O)O1 

470 4 C=Cc1oc(C=Cc2oc(C=Cc3oc(C=Cc4occ5c4C(=O)NC5=O)c4c3C(=O)NC4=O)c3c2C

(=O)NC3=O)c2c1C(=O)NC2=O 

98 7 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7scc8c7CCCS8(=O)

=O)c7c6CCCS7(=O)=O)c6c5CCCS6(=O)=O)c5c4CCCS5(=O)=O)c4c3CCCS4(=O)=

O)c3c2CCCS3(=O)=O)c2c1CCCS2(=O)=O 

33 5 O=C1c2ccccc2-c2ccc(-c3ccc4c(c3)C(=O)c3cc(-c5ccc6c(c5)C(=O)c5cc(-

c7ccc8c(c7)C(=O)c7cc(-c9ccc%10c(c9)C(=O)c9ccccc9-%10)ccc7-8)ccc5-6)ccc3-

4)cc21 

32 9 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7sc(C=Cc8sc(C=Cc9

scc%10c9C(=O)CCC%10=O)c9c8C(=O)CCC9=O)c8c7C(=O)CCC8=O)c7c6C(=O)C

CC7=O)c6c5C(=O)CCC6=O)c5c4C(=O)CCC5=O)c4c3C(=O)CCC4=O)c3c2C(=O)C

CC3=O)c2c1C(=O)CCC2=O 

394 9 CC(=O)c1cnc(-c2nc(-c3nc(-c4nc(-c5nc(-c6nc(-c7nc(-c8nc(-

c9nccc9C(C)=O)cc8C(C)=O)cc7C(C)=O)cc6C(C)=O)cc5C(C)=O)cc4C(C)=O)cc3C(C

)=O)cc2C(C)=O)c1 

272 6 N#Cc1cc2c(-c3sc(-c4sc(-c5sc(-c6sc(-

c7scc8cc(C#N)oc78)c7cc(C#N)oc67)c6cc(C#N)oc56)c5cc(C#N)oc45)c4cc(C#N)oc34

)scc2o1 

301 9 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7sc(C=Cc8sc(C=Cc9

scc%10cccc(F)c9%10)c9cccc(F)c89)c8cccc(F)c78)c7cccc(F)c67)c6cccc(F)c56)c5cccc

(F)c45)c4cccc(F)c34)c3cccc(F)c23)c2cccc(F)c12 

301 4 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4scc5cccc(F)c45)c4cccc(F)c34)c3cccc(F)c23)c2cc

cc(F)c12 

433 10 C=Cc1c(F)c(F)c(C=Cc2c(F)c(F)c(C=Cc3c(F)c(F)c(C=Cc4c(F)c(F)c(C=Cc5c(F)c(F)c(

C=Cc6c(F)c(F)c(C=Cc7c(F)c(F)c(C=Cc8c(F)c(F)c(C=Cc9c(F)c(F)c(C=Cc%10c(F)c(F
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)cc%11nsnc%10%11)c%10nsnc9%10)c9nsnc89)c8nsnc78)c7nsnc67)c6nsnc56)c5nsnc

45)c4nsnc34)c3nsnc23)c2nsnc12 

467 8 c1cc2nsnc2c(-c2cnc(-c3cnc(-c4cnc(-c5cnc(-c6cnc(-c7cnc(-

c8cncc9nsnc89)c8nsnc78)c7nsnc67)c6nsnc56)c5nsnc45)c4nsnc34)c3nsnc23)n1 

139 4 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4scc5nccnc45)c4nccnc34)c3nccnc23)c2nccnc12 

139 5 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5scc6nccnc56)c5nccnc45)c4nccnc34)c3n

ccnc23)c2nccnc12 

72 8 O=C(O)c1coc(-c2oc(-c3oc(-c4oc(-c5oc(-c6oc(-c7oc(-

c8occc8C(=O)O)cc7C(=O)O)cc6C(=O)O)cc5C(=O)O)cc4C(=O)O)cc3C(=O)O)cc2C(

=O)O)c1 

229 7 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7scc8nc(C)cnc78)c7

nc(C)cnc67)c6nc(C)cnc56)c5nc(C)cnc45)c4nc(C)cnc34)c3nc(C)cnc23)c2nc(C)cnc12 

409 8 C=CC1=CC=C(C=CC2=CC=C(C=CC3=CC=C(C=CC4=CC=C(C=CC5=CC=C(C=C

C6=CC=C(C=CC7=CC=C(C=CC8=CC=CC8=S)C7=S)C6=S)C5=S)C4=S)C3=S)C2=

S)C1=S 

409 7 C=CC1=CC=C(C=CC2=CC=C(C=CC3=CC=C(C=CC4=CC=C(C=CC5=CC=C(C=C

C6=CC=C(C=CC7=CC=CC7=S)C6=S)C5=S)C4=S)C3=S)C2=S)C1=S 

272 7 N#Cc1cc2c(-c3sc(-c4sc(-c5sc(-c6sc(-c7sc(-

c8scc9cc(C#N)oc89)c8cc(C#N)oc78)c7cc(C#N)oc67)c6cc(C#N)oc56)c5cc(C#N)oc45

)c4cc(C#N)oc34)scc2o1 

295 6 c1ncc2c(-c3sc(-c4sc(-c5sc(-c6sc(-

c7scc8cncnc78)c7cncnc67)c6cncnc56)c5cncnc45)c4cncnc34)scc2n1 

98 6 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6scc7c6CCCS7(=O)=O)c6c5C

CCS6(=O)=O)c5c4CCCS5(=O)=O)c4c3CCCS4(=O)=O)c3c2CCCS3(=O)=O)c2c1CC

CS2(=O)=O 

430 8 N#Cc1nc2cc3nsnc3c(-c3c4nsnc4c(-c4c5nsnc5c(-c5c6nsnc6c(-c6c7nsnc7c(-

c7c8nsnc8c(-c8c9nsnc9c(-

c9c%10nsnc%10cc%10nc(C#N)c(C#N)nc9%10)c9nc(C#N)c(C#N)nc89)c8nc(C#N)c(

C#N)nc78)c7nc(C#N)c(C#N)nc67)c6nc(C#N)c(C#N)nc56)c5nc(C#N)c(C#N)nc45)c4

nc(C#N)c(C#N)nc34)c2nc1C#N 

117 7 C=CC=Cc1cnc(C=CC=Cc2cnc(C=CC=Cc3cnc(C=CC=Cc4cnc(C=CC=Cc5cnc(C=CC

=Cc6cnc(C=CC=Cc7cncc7C)c6C)c5C)c4C)c3C)c2C)c1C 

204 9 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7sc(C=Cc8sc(C=Cc9

scc%10c9SCSO%10)c9c8SCSO9)c8c7SCSO8)c7c6SCSO7)c6c5SCSO6)c5c4SCSO5)

c4c3SCSO4)c3c2SCSO3)c2c1SCSO2 

272 8 N#Cc1cc2c(-c3sc(-c4sc(-c5sc(-c6sc(-c7sc(-c8sc(-

c9scc%10cc(C#N)oc9%10)c9cc(C#N)oc89)c8cc(C#N)oc78)c7cc(C#N)oc67)c6cc(C#

N)oc56)c5cc(C#N)oc45)c4cc(C#N)oc34)scc2o1 

236 6 O=C1c2csc(-c3sc(-c4sc(-c5sc(-c6sc(-

c7scc8c7C(=O)N(C(F)(F)F)C8=O)c7c6C(=O)N(C(F)(F)F)C7=O)c6c5C(=O)N(C(F)(F

)F)C6=O)c5c4C(=O)N(C(F)(F)F)C5=O)c4c3C(=O)N(C(F)(F)F)C4=O)c2C(=O)N1C(

F)(F)F 

311 4 N#Cc1coc(-c2oc(-c3oc(-c4occc4C#N)cc3C#N)cc2C#N)c1 

204 7 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7scc8c7SCSO8)c7c6

SCSO7)c6c5SCSO6)c5c4SCSO5)c4c3SCSO4)c3c2SCSO3)c2c1SCSO2 

312 8 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7sc(C=Cc8scc9cc(C(

F)(F)F)ccc89)c8cc(C(F)(F)F)ccc78)c7cc(C(F)(F)F)ccc67)c6cc(C(F)(F)F)ccc56)c5cc(C

(F)(F)F)ccc45)c4cc(C(F)(F)F)ccc34)c3cc(C(F)(F)F)ccc23)c2cc(C(F)(F)F)ccc12 

295 10 c1ncc2c(-c3sc(-c4sc(-c5sc(-c6sc(-c7sc(-c8sc(-c9sc(-c%10sc(-

c%11scc%12cncnc%11%12)c%11cncnc%10%11)c%10cncnc9%10)c9cncnc89)c8cnc

nc78)c7cncnc67)c6cncnc56)c5cncnc45)c4cncnc34)scc2n1 

416 7 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7scc(O)c7C#N)c(O)c

6C#N)c(O)c5C#N)c(O)c4C#N)c(O)c3C#N)c(O)c2C#N)c(O)c1C#N 

328 6 C=CC#Cc1ccc(C=CC#Cc2ccc(C=CC#Cc3ccc(C=CC#Cc4ccc(C=CC#Cc5ccc(C=CC#

Cc6cccn6)n5)n4)n3)n2)n1 

32 8 C=Cc1sc(C=Cc2sc(C=Cc3sc(C=Cc4sc(C=Cc5sc(C=Cc6sc(C=Cc7sc(C=Cc8scc9c8C(

=O)CCC9=O)c8c7C(=O)CCC8=O)c7c6C(=O)CCC7=O)c6c5C(=O)CCC6=O)c5c4C(

=O)CCC5=O)c4c3C(=O)CCC4=O)c3c2C(=O)CCC3=O)c2c1C(=O)CCC2=O 



Deep Neural Network Assisted High-Throughput Screening Chapter 5 

 

157 

 

 

Candidate ID N SMILES 

269 4 c1sc(-c2sc(-c3sc(-c4scc5c4N=S=N5)c4c3N=S=N4)c3c2N=S=N3)c2c1N=S=N2 

350 10 COc1coc(-c2oc(-c3oc(-c4oc(-c5oc(-c6oc(-c7oc(-c8oc(-c9oc(-

c%10occ(C#N)c%10OC)c(C#N)c9OC)c(C#N)c8OC)c(C#N)c7OC)c(C#N)c6OC)c(C#

N)c5OC)c(C#N)c4OC)c(C#N)c3OC)c(C#N)c2OC)c1C#N 

142 10 Fc1cccc2c(-c3sc(-c4sc(-c5sc(-c6sc(-c7sc(-c8sc(-c9sc(-c%10sc(-

c%11scc%12cccc(F)c%11%12)c%11cccc(F)c%10%11)c%10cccc(F)c9%10)c9cccc(F)

c89)c8cccc(F)c78)c7cccc(F)c67)c6cccc(F)c56)c5cccc(F)c45)c4cccc(F)c34)scc12 

272 9 N#Cc1cc2c(-c3sc(-c4sc(-c5sc(-c6sc(-c7sc(-c8sc(-c9sc(-

c%10scc%11cc(C#N)oc%10%11)c%10cc(C#N)oc9%10)c9cc(C#N)oc89)c8cc(C#N)o

c78)c7cc(C#N)oc67)c6cc(C#N)oc56)c5cc(C#N)oc45)c4cc(C#N)oc34)scc2o1 

311 5 N#Cc1coc(-c2oc(-c3oc(-c4oc(-c5occc5C#N)cc4C#N)cc3C#N)cc2C#N)c1 

467 10 c1cc2nsnc2c(-c2cnc(-c3cnc(-c4cnc(-c5cnc(-c6cnc(-c7cnc(-c8cnc(-c9cnc(-

c%10cncc%11nsnc%10%11)c%10nsnc9%10)c9nsnc89)c8nsnc78)c7nsnc67)c6nsnc56)

c5nsnc45)c4nsnc34)c3nsnc23)n1 

 

Table 5.3 Predicted and calculated electronic properties of the screened oligomers 

Candidate 

ID 
N 

Predicted 

HOMO 
Predicted 

LUMO 
Predicted 

Gap 

Calculated 

HOMO 

Calculated 

LUMO 

Calculated 

Gap 

272 5 -5.856 -3.817 1.336 -5.332 -3.570 1.761 

21 7 -5.286 -3.297 1.610 -5.036 -3.169 1.867 

515 8 -5.522 -3.193 1.677 -4.992 -2.589 2.403 

290 9 -4.932 -4.191 1.356 -4.040 -3.314 0.726 

467 9 -5.726 -3.617 1.837 -6.066 -3.542 2.523 

267 9 -5.750 -3.901 1.694 -4.543 -2.682 1.861 

433 5 -5.235 -3.313 1.196 -5.442 -3.381 2.061 

272 4 -6.264 -3.824 1.984 -5.405 -3.381 2.024 

87 5 -6.236 -3.416 1.646 -7.352 -4.175 3.177 

430 9 -5.088 -4.097 1.456 -7.135 -4.783 2.352 

267 8 -5.325 -3.565 1.484 -4.553 -2.663 1.889 

267 10 -6.259 -4.264 1.958 -4.534 -2.697 1.837 

295 5 -5.473 -3.098 1.529 -5.280 -3.504 1.776 

409 9 -5.944 -3.978 1.280 -4.581 -4.521 0.061 

87 6 -6.266 -3.280 1.168 -7.349 -4.281 3.068 

430 10 -5.467 -4.456 1.689 -6.591 -5.304 1.287 

21 6 -5.170 -3.189 1.573 -5.103 -3.089 2.014 

515 7 -5.042 -3.047 1.793 -4.898 -2.608 2.290 

508 4 -4.936 -3.145 1.608 -4.097 -2.827 1.270 

117 8 -5.594 -3.645 1.812 -4.746 -3.512 1.233 

103 5 -5.650 -3.695 1.241 -4.542 -2.519 2.024 

416 8 -5.839 -3.343 1.551 -5.358 -3.484 1.874 

33 6 -5.636 -4.273 1.693 -5.685 -2.609 3.076 

139 6 -5.544 -3.906 1.832 -4.263 -3.240 1.024 

14 4 -5.284 -3.744 1.224 -4.368 -3.087 1.280 
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Candidate 

ID 
N 

Predicted 

HOMO 
Predicted 

LUMO 
Predicted 

Gap 

Calculated 

HOMO 

Calculated 

LUMO 

Calculated 

Gap 

301 8 -5.027 -4.206 1.423 -5.018 -1.974 3.044 

187 10 -5.022 -4.033 1.406 -5.710 -4.435 1.276 

328 5 -5.157 -3.762 1.530 -5.287 -3.951 1.515 

470 8 -5.116 -3.782 1.915 -5.608 -3.516 2.091 

394 10 -5.789 -3.285 1.810 -6.360 -4.716 1.644 

21 8 -5.815 -3.635 1.777 -5.100 -3.209 1.891 

188 8 -5.030 -4.472 1.713 -4.948 -3.598 1.350 

267 7 -4.979 -3.269 1.309 -4.567 -2.639 1.928 

495 9 -6.212 -3.650 1.317 -4.926 -3.291 1.636 

312 9 -5.540 -3.784 1.797 -4.384 -3.634 0.749 

204 8 -5.685 -4.226 1.414 -4.359 -2.589 1.770 

104 5 -5.043 -4.335 1.721 -5.481 -3.792 1.690 

112 10 -5.328 -4.146 1.349 -4.152 -2.224 1.928 

515 10 -6.170 -3.753 1.967 -4.954 -2.645 2.309 

294 7 -5.320 -4.160 1.889 -4.081 -3.233 0.849 

409 10 -6.460 -4.225 1.459 -4.964 -3.912 1.052 

236 5 -6.236 -3.399 1.877 -6.715 -3.806 2.909 

26 9 -5.289 -4.263 1.880 -5.022 -2.115 2.907 

515 9 -5.677 -3.234 2.000 -4.890 -2.643 2.247 

21 4 -6.126 -3.194 1.937 -5.160 -2.864 2.296 

210 4 -5.698 -3.469 1.129 -6.384 -4.856 1.528 

295 9 -5.061 -3.561 1.342 -4.910 -4.021 0.889 

186 6 -6.007 -4.037 1.604 -5.375 -4.428 0.947 

470 4 -5.286 -3.016 1.531 -5.749 -3.325 2.425 

98 7 -5.167 -3.585 1.964 -5.119 -3.108 2.011 

33 5 -5.096 -3.942 1.530 -5.699 -2.586 3.113 

32 9 -5.564 -3.813 1.977 -5.621 -3.103 2.518 

394 9 -5.440 -3.021 1.690 -5.570 -3.210 1.675 

272 6 -5.608 -3.725 1.208 -5.275 -3.706 1.569 

301 9 -5.323 -4.311 1.515 -3.866 -3.294 0.572 

301 4 -4.906 -3.108 1.360 -4.229 -2.952 1.276 

433 10 -5.095 -4.125 1.244 -5.330 -3.510 1.819 

467 8 -6.039 -3.542 1.806 -6.086 -3.523 2.563 

139 4 -5.611 -3.665 1.893 -4.462 -3.090 1.372 

139 5 -5.316 -3.771 1.761 -4.364 -3.196 1.169 

72 8 -5.510 -4.072 1.866 -5.968 -3.288 2.680 

229 7 -4.945 -3.255 1.676 -4.075 -3.112 0.963 

409 8 -5.485 -3.705 1.294 -4.587 -4.517 0.070 
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Candidate 

ID 
N 

Predicted 

HOMO 
Predicted 

LUMO 
Predicted 

Gap 

Calculated 

HOMO 

Calculated 

LUMO 

Calculated 

Gap 

409 7 -5.100 -3.463 1.264 -4.594 -4.512 0.082 

272 7 -5.485 -3.842 1.246 -5.193 -3.770 1.423 

295 6 -4.937 -3.010 1.436 -5.213 -3.626 1.587 

98 6 -5.051 -3.207 1.912 -5.107 -3.055 2.052 

430 8 -5.322 -3.968 1.244 -7.107 -4.754 2.352 

117 7 -5.034 -3.168 1.547 -5.287 -3.951 1.515 

204 9 -6.466 -4.486 1.774 -4.332 -2.608 1.724 

272 8 -5.780 -4.109 1.258 -5.157 -3.859 1.298 

236 6 -6.021 -3.368 1.821 -6.741 -3.875 2.866 

311 4 -5.593 -3.978 1.994 -6.125 -2.863 3.262 

204 7 -5.498 -3.865 1.222 -4.391 -2.564 1.827 

312 8 -4.920 -3.403 1.428 -5.537 -2.547 2.990 

295 10 -5.529 -3.710 1.472 -5.203 -3.600 1.602 

416 7 -5.429 -3.026 1.310 -5.371 -3.434 1.937 

328 6 -5.861 -4.037 1.696 -5.394 -4.749 0.645 

32 8 -4.903 -3.289 1.663 -5.420 -3.365 2.056 

269 4 -5.341 -3.557 1.351 -4.563 -3.757 0.806 

350 10 -5.859 -3.859 1.443 -4.832 -2.786 2.047 

142 10 -5.527 -3.068 1.846 -4.640 -2.528 2.112 

272 9 -6.093 -4.329 1.176 -5.140 -3.939 1.200 

311 5 -5.929 -3.850 1.559 -6.067 -3.034 3.033 

467 10 -5.580 -3.683 1.871 -6.054 -3.555 2.499 

 

To validate the credibility of the oligomers identified by our HTS process, we conducted 

computational simulations using the ORCA software, renowned for its precise electronic 

structure calculations. These simulations were crucial in verifying whether the selected 

oligomers conformed to the requisite energy levels for effective photovoltaic materials. The 

results from these simulations are quantitatively summarized by the MAE and the Root 

Mean Square Error (RMSE) between the predicted and calculated electronic properties as 

shown in Table 5.4. For the HOMO levels, the MAE was found to be 0.70 eV and the 

RMSE was 0.72 eV, indicating a close proximity between the predicted and simulated 

values. Similar accuracy was observed for the LUMO levels, with an MAE of 0.66 eV and 

an RMSE of 0.70 eV. The HOMO-LUMO gap predictions also showed a high degree of 

precision, with an MAE of 0.59 eV and an RMSE of 0.55 eV. 
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These low error values underscore the effectiveness of the ML models in forecasting the 

electronic properties of the screened oligomers. The consistency of the predictions with the 

computational results not only validates the screening process but also demonstrates the 

potential of the selected oligomers in photovoltaic material development. 

 

Table 5.4 MAE and RMSE of screened conjugated oligomers. 

 
HOMO LUMO 

HOMO-

LUMO gap 

MAE 0.70 0.66 0.59 

RMSE 0.72 0.70 0.55 

 

5.4 Conclusion 

 

In this study, we have addressed the challenge of data scarcity for conjugated oligomers by 

applying transfer learning within GNN frameworks to predict their electronic properties. 

Our results clearly demonstrate the superiority of transfer learning models over direct 

learning models, evidenced by a marked improvement in the prediction accuracy for 

critical electronic properties such as HOMO, LUMO, and the HOMO-LUMO gap. The 

MAE for these properties saw a significant reduction from 1.34, 0.68, 0.71 to 0.74, 0.46, 

0.54, respectively, when using transfer learning approaches. Utilizing these enhanced 

models, we have established a HTS pipeline aiming at identifying potential candidates for 

OPV materials that exhibit the desired electronic properties. From our candidate dataset, a 

substantial number of potential oligomers were identified as promising materials for OPV 

applications. The validity of our screening has been substantiated through computational 

simulations, which confirmed the precision of our ML models. A notable advantage of this 

computational method is its efficiency, requiring significantly less time than traditional 

simulation techniques. The success of this research overcomes the challenges posed by 

limited data, paving the way for discovering new, promising materials for OPV and 

showcasing the potential of ML to revolutionize the field of material science. 
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Chapter 6 

 

Conclusions and Recommendations 

 

This chapter begins with a summary of the research findings detailed in 

the previous chapters. A serious of solutions, including the introduction 

of novel descriptors and the incorporation of transfer learning 

technology, are designed to address the challenges in the application of 

machine learning to the field of flexible electronics. Finally, the chapter 

will present prospective avenues for future research, inspired by the 

results and conclusions drawn from this thesis. 
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6.1 Conclusion 

 

In the field of flexible electronics, the significance of both active and substrate materials is 

paramount, as they are fundamental in determing the performance of the devices.1 As the 

realm of flexible electronics broadens to cover a vast array of applications, the need for 

specialized materials that can conform to the diverse requirements of these devices 

intensifies. The expansion of Artificial Intelligence (AI) has catapulted machine learning 

(ML) to the forefront as a transformative tool in the search and development of innovative 

materials for flexible devices. A range of methodologies has been developed to address the 

challenges associated with applying ML to the development of materials for flexible 

devices.  

 

Among these innovations are structure-based descriptors, specifically engineered to 

address the complexities of polymers, such as elastomers, which are characterized by their 

elaborate structural intricacies. These descriptors have provided a means to overcome the 

limitations posed by traditional polymer descriptors, allowing for more accurate modeling 

and prediction of material properties. In addition, transfer learning has emerged as a critical 

technique to address the challenges brought about by the scarcity of data, a situation that is 

particularly prevalent in the study of conjugated oligomers. By leveraging pre-existing 

models and datasets, transfer learning enables the extrapolation of knowledge to new 

materials, thus enhancing the capability of ML models to make accurate predictions even 

with limited data. 

 

These methodological advancements are not only facilitating the discovery of novel 

materials suited for flexible electronics but also streamlining the process, making it more 

efficient and less resource-intensive. This progress holds great promise for the future of 

material discovery in flexible device technology. 

 

6.1.1 Structure-based Multilevel Descriptors 
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In our research, we have innovated a novel set of elastomer descriptors, the structure-based 

multilevel (SM) descriptors, solely based on the intrinsic molecular structure. These 

descriptors integrate simplified dimer representation (SDR) descriptors, sparse descriptors 

based on the soft segments mass, the ratios of various block, and the sparse descriptors 

based on the polymer mass. This integration forms a comprehensive suite of descriptors 

that capture both the intricate local and the overarching global structures of elastomers. 

 

The study showcases the remarkable predictive ability of SM descriptors by accurately 

predicting key mechanical properties of elastomers, including toughness, critical strain, and 

Young's modulus. Impressively, the ML models achieved accuracy scores of 0.91, 0.89, 

and 0.87, respectively, for these properties. This high level of accuracy demonstrates the 

efficacy of SM descriptors in capturing crucial molecular features that influence the 

mechanical behavior of elastomers. 

 

Furthermore, the development of machine learning-assisted HTS pipelines, based on the 

foundation of SM descriptors, revolutionizes the elastomer materials discovery process. 

These pipelines enable rapid and targeted screening of elastomers with specific mechanical 

properties, significantly reducing the time and resources required for materials research. 

This research contributes substantially to the field of materials discovery by providing a 

computationally efficient and user-friendly tool for predicting and designing elastomer 

properties.  

 

6.1.2 Transfer Learning for Optoelectronic Properties Prediction of Conjugated 

Oligomers 

 

This thesis has demonstrated the significant impact of transfer learning technology in 

addressing the challenges posed by insufficient data for conjugated oligomers. By utilizing 

knowledge from the source dataset, PubChemQC-100k, we equipped the pre-trained model 

with the fundamental understanding of materials' patterns. Subsequently, fine-tuning with 

the target dataset, OG-600, allowed the transfer learning model to accurately predict 

various electronic properties of conjugated oligomers, including Highest Occupied 
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Molecular Orbital (HOMO), Lowest Unoccupied Molecular Orbital (LUMO), and HOMO-

LUMO gap. Notably, this approach outperformed direct learning models trained 

exclusively on OG-600, reducing Mean Absolute Errors (MAE) significantly. 

 

The practical implications of our research became evident when we applied the trained 

transfer learning models to screen potential photovoltaic materials. From a pool of 3710 

conjugated oligomers with polymerization degrees ranging from 4 to 10, our model 

identified 85 potential photovoltaic materials that met the criteria for photovoltaic materials. 

The validity of our screening has been substantiated through computational simulations, 

which confirmed the precision of our ML models. 

 

Beyond its immediate application to conjugated oligomers, it is important to note that the 

challenge of insufficient data is not exclusive to this class of materials. Our research 

underscores the broader potential of transfer learning technology in addressing data 

scarcity issues across various polymer categories. This methodology can undoubtedly be 

extended to enhance materials discovery in other domains facing similar data limitations. 

 

6.1.3 Summary of the Thesis 

 

Conclusively, the projects in this thesis aim to apply ML technology to help find potential 

materials for flexible electronics. For first project, the elastomers that satisfy the specific 

mechanical properties are identified through the machine learning-assisted high-

throughput screening (HTS) pipeline. The success of ML models relying on the 

development of SM descriptors. For the second project, the conjugated oligomers that can 

be potential photovoltaic materials are identified through the deep learning-assisted HTS. 

The success of the models relies on the integration of transfer learning technology. 

 

6.2 Recommendations for Future Works 

6.2.1 Application of SM Descriptors in Polymers Beyond Elastomers 
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The innovative use of SM descriptors has already marked a significant advancement in 

understanding and predicting the properties of elastomers. Building on this success, a 

compelling area for future research is the exploration of the applicability of SM descriptors 

across a broader spectrum of polymers beyond elastomers. This adaptability lies in the 

inclusion of the SDR descriptor within the SM descriptor. By using tailored SDR 

descriptors, our method could be applied to various types of polymers and their specific 

properties, offering our method considerable flexibility. 

 

We have initiated some preliminary attempts. We applied our HTS framework to 

polymeric surfactants. We constructed an HTS pipeline to identify the potential polymeric 

surfactants with desired critical micelle concentration (CMC). Our dataset comprised 130 

polymeric surfactants sourced from previous studies.2-9 We categorized surfactants with a 

CMC below 1 mmol/L as “high-efficient” and others as “low-efficient”. Using the SVC 

algorithm and a variety of SM descriptors, including SM-MF, SM-PF, SM-R, SM-P, and 

a novel SM-HCM descriptor, we developed predictive models. For the SM-HCM 

descriptor, the SDR was encoded using HCM descriptors previously proposed by our 

team.10 The performance of these models is depicted in Figure 6.1. Obviously, the SM-

HCM model outperforms other models across various metrics. This superiority can be 

attributed to the molecular energy information of HCM descriptors, considering the 

energetically driven nature of the micellization process. 

 

Our candidate dataset comprises 176 entries, constructed by combining block mass, 

polymer mass, hydrophilic groups, and hydrophobic groups. All candidates incorporate the 

same hydrophilic group as our collected dataset only contain one such hydrophilic group. 

Utilizing the most accurate model in our study, the SM-HCM model, we constructed a HTS 

pipeline to identify the potential “high-efficient” polymeric surfactants. Figure 6.2 

illustrates the probability of candidates being classified as “high-efficient” surfactant. In 

the heatmap, each grid represents individual candidate, and each column represents one 

combination of hydrophilic and hydrophobic group (from c1 to c11). Obviously, c9, c10, 

and c11 are the top three combinations demonstrating the highest probability for forming 

“high-efficient” surfactant. Details of these three combinations can be found in Table 6.1. 
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Notably, the investigation on polymeric surfactants, is part of our broader, ongoing 

research focusing on the CMC of surfactants. We are preparing another manuscript that 

includes this work and other work focusing on the small molecular surfactants to 

demonstrate a comprehensive and in-depth study in the surfactant domain. 

 

 

Figure 6.1. Model performance using different descriptors. (a) Five-fold cross-validation scores 

for models trained using five different descriptors (SM-MF, SM-PF, SM-R, SM-P, and SM-HCM) 

and SVC algorithm. The grey dashed line represents the accuracy of 0.8. (b) ROC curves of models 

trained using the five different descriptors. 

 

 

 

Figure 6.2 Probability of candidate dataset with 176 entries being classified as "high-efficient" 

surfactants. Each grid represents a candidate, and each column represents a distinct combination of 

hydrophilic and hydrophobic group. The color of each gird indicates the probability of the 

corresponding candidate being classified as "high-efficient" surfactant.  
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Table 6.1 The structure of the top three combinations. 

 

 

 

 

 

 

 

 

 

 

 

 

The application in polymeric surfactants demonstrates the extension of our HTS framework. 

By tailoring the SDR descriptors, like using the HCM descriptor in this case, we can 

address diverse polymers and their associated properties.  

 

In summary, the future work should be directed towards the applicability of SM descriptors 

across a broader spectrum of polymers, emphasizing their potential to revolutionize our 

understanding and utilization of these materials. Such research not only promises to 

enhance our material science capabilities but also aligns with the broader goals of 

sustainable and innovative material development. 

 

6.2.2 Knowledge-infused Algorithm Development 

 

In this thesis, while traditional ML and deep learning approaches have made substantial 

contributions, they often operate primarily on data-driven principles, sometimes 

overlooking the rich domain-specific knowledge that exists in materials science. Future 

research could focus on developing and applying knowledge-infused algorithms, which 

incorporate domain-specific expertise, theoretical foundations, and empirical insights 

directly into the learning process.  

Combinations Structure 

c9 
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We have initiated some preliminary attempts. Specifically, we have adapted the SchNet 

algorithm by incorporating an energy contribution factor, which call SchNetE. This 

algorithm utilizes a single-atom energy contribution (E) to provide a more accurate 

depiction of molecular systems. Within the SchNetE framework, a unique description of 

an atomistic system can be generated through a set of 𝑛 atom sites with nuclear charges 

𝑍 = (𝑍1, … , 𝑍𝑛) , single-atom energy contribution 𝐸 = (𝐸1, … , 𝐸𝑛) , and positions 𝑅 =

(𝑟1, … , 𝑟𝑛). The single-atom contribution E is a novel component introduced in SchNetE, 

replaceable with a single-atom volume contribution (V) or any other feature offering 

additional physical-chemical information. This adaptation endows SchNetE with an 

expanded descriptor set for the molecular system, allowing for a more accurate model. A 

graphical overview of the SchNetE algorithm is depicted in Figure 6.3. 

 

Figure 6.3 Overview of the SchNetE algorithm 

 

6.2.3 Laboratory to Real-World Application Transition 

 

Translating theoretical models into practical applications involves rigorous testing of 

materials under real-world conditions. This step is vital for verifying model predictions and 

identifying areas for improvement. Collaboration with industry partners is essential to 

understand practical constraints and requirements. Testing materials in actual product 
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environments and assessing scalability and economic feasibility are crucial to ensure the 

materials developed are not only high-performing but also viable for commercial use. 
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