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ABSTRACT: Glass transition temperature (Tg) is important for understanding the physical and 10 
mechanical properties of a polymer material because it relates to the thermal energy required to 11 
transition between a hard glassy state and a soft rubbery one. Over the years, various models 12 
have been developed for predicting this thermal property from molecular structure to aid in 13 
designing novel polymers in selected classes. This work builds on those efforts by utilizing both 14 
machine learning (ML) and quantum chemistry (QC) techniques to develop models that can 15 
predict Tg values from the molecular structure under different data availability scenarios and for 16 
a wide variety of polymer types. For the ML model, a graph convolutional network (GCN) was 17 
used to map topological polymer features; this model was trained against a dataset of more than 18 
7,500 Tg values and resulted in a root mean square error (RMSE) of 38.1 ℃. The QC-based 19 
regression model was trained on 83 Tg values and produced an RMSE of 34.5 ℃. This work 20 
demonstrated that while both model techniques produce accurate predictions and are suitable for 21 
different data availability scenarios, the QC-based regression model offered a more interpretable 22 
model framework with significantly less training data. 23 
 24 
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1. Introduction 30 

The glass transition temperature (Tg) of a polymer represents the temperature associated 31 

with its transition from a hard amorphous glassy state to a soft amorphous rubbery or leathery 32 

state. As a determining factor in many physical, mechanical and technological properties of bulk 33 

materials such as strength, damping, low-temperature flexibility, rolling resistance, and wet grip, 34 

Tg is critical to the design and development of polymer blends [1]. Additionally, many polymers 35 

undergo a step change at the Tg such that properties like heat capacity, cohesive strength, and 36 

chemical resistance are affected [2]. For these reasons, models for predicting Tg have been 37 

researched for decades to better facilitate the design of novel materials for more advantageous 38 

functional properties. More recently, attention has focused on designs that also achieve less 39 

harmful material life cycles with regard to potential end-of-life (EOL) environmental 40 

degradation. For example, degradation rates through surface erosion and enzymatic activity have 41 

been shown to correlate strongly with Tgs below ocean temperature [3]. 42 

Early models for predicting Tg focused on the chemical structure of polymer materials 43 

[4–7]. A common approach involves reducing the polymer to its smallest repeating unit and 44 

developing a traditional mathematical model that captures the functional group and side chain 45 

effects [8,9]. This approach encompasses regression-based models that use a large number of 46 

topological properties as independent descriptor variables [10]. Conversely, ML models 47 

approach the problem by training neural networks with expansive feature datasets to learn 48 

relationships between polymer molecular properties and bulk-level effects. To this end, Park et 49 

al. found that a graph convolutional network (GCN) trained on topological features could model 50 

Tgs for a group of polyamides [11]. Other studies have also incorporated more complex and 51 

bulk-level properties into the model feature sets, like molecular weight (MW) and number-52 



averaged molecular weight (MN), melting temperature (Tm), percent crystallinity and enthalpy of 53 

melting [3]. 54 

Quantum chemistry (QC) is another computational approach useful for modeling Tg. This 55 

ab initio method can calculate chemical properties and characteristics using only the rough 56 

molecular structure. Derived chemical properties can then be used as descriptor variables in 57 

models to describe more complex bulk material characteristics. This methodology enables the 58 

prediction of complex polymer properties while still in the design and development stage of 59 

polymer synthesis when measurement data are not generally available. Furthermore, while 60 

research has shown the benefits of utilizing empirical methods for prediction by harnessing 61 

training sets of similar compounds, there is no guarantee that such a set exists that adequately 62 

describes the necessary molecular properties. For this reason, first-principles methods like those 63 

utilized in QC represent an important step in predicting the bulk features of new compounds and 64 

materials. Previous studies have demonstrated successful prediction of thermal properties like the 65 

molar thermal decomposition function [12] and Tg [13] with QC methods for limited sets of 66 

polymer classes. These thermal properties are indicative of the overall strength of different 67 

polymers by quantifying the energy required to break weak intermolecular bonds between 68 

polymerized chains [14]. 69 

In this work we investigate both ML and QC methods for predicting Tg. By examining 70 

both approaches, a systematic and flexible methodology can be obtained to predict functional 71 

properties that influence the long-term environmental fate of polymers. Additionally, while 72 

previous studies have shown that these techniques are capable of modeling individual polymer 73 

classes, there remains a knowledge gap concerning the effects of varying polymer class and how 74 

the techniques can be applied to the broadest possible set of polymer types. For this reason, our 75 



investigation includes no boundaries or limitations on the types of polymers included in the 76 

necessary datasets. 77 

2. Materials and Methods 78 

2.1 Graph Convolutional Network Model 79 

 Graph convolutional networks (GCNs) are a class of artificial neural networks used in 80 

supervised learning that predict directly on encoded graphical structures [15]. By constructing a 81 

two-dimensional (2D) adjacency matrix with binary indicators for node adjacency and an 82 

accompanying feature matrix with dimensions for atom-level characteristics, GCNs can learn 83 

chemical relationships through a series of layers of graph convolutions. The graph convolution 84 

layer-wise propagation rule for layer 𝑙𝑙 + 1 at node 𝑣𝑣𝑖𝑖 is given by:  85 
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where 𝑊𝑊𝑙𝑙 is the l-th layer weight matrix, and 𝑐𝑐𝑖𝑖𝑖𝑖 is a normalization constant calculated by 86 

symmetrically normalizing the adjacency matrix after removing self-loops. GCNs are uniquely 87 

well suited for modeling the complicated behavior of molecules because the topological 88 

properties of molecules can be mapped and integrated into the feature set. This topological 89 

information includes, but is not limited to, atom type, number of hydrogen atoms, implicit 90 

valence, aromaticity and bond locations. 91 

This information was mapped from simplified molecular-input line-entry system 92 

(SMILES) strings of individual monomer units with RDKit [16]. If not provided, SMILES are 93 

generated from IUPAC names, common names, or structural identifiers via the online CACTUS 94 

[17] and OPSIN [18] tools. PyTorch was used for the GCN framework [15], and the model was 95 

run on an NVIDIA A100 graphics processing unit (GPU) on the Swing high performance 96 



computing (HPC) cluster at Argonne National Laboratory. The model was trained on a dataset of 97 

7,558 Tg values scraped from the literature [19–101]. Model results are calculated using a five-98 

fold cross-validation setup to produce unbiased performance metrics. Bayesian optimization was 99 

used to determine the best hyperparameter configuration. The hyperparameter search space is 100 

shown in Table S1. Code concepts for parts of the framework were based on the MOLAN 101 

molecular analysis workflow [102]. 102 

2.2 Quantum Chemistry Model 103 

QC was utilized to calculate chemical properties of individual polymers for use as 104 

descriptor variables in a multiple linear regression model for predicting Tg. These calculations 105 

were run on the unique monomer units of polymers to reduce computational costs. While this 106 

approach potentially neglects the steric hindrance effects of chained monomers, tests run on 107 

dimers and trimers (two- and three-chained monomers, respectively) showed only a minimal 108 

improvement in model performance relative to a drastic increase in computation time and was 109 

thus ruled out. The polymer dataset developed for the QC calculations consisted of nearly 110 

100 unique polymers with Tg values reported in the literature [10]. These values were pulled 111 

from a single source to mitigate potential variance in reported Tg. 112 

The chemical properties investigated were chosen to best reflect the underlying 113 

mechanisms which cause polymers to exhibit unique Tg values. Total thermal energy (Ethermal) 114 

consists of the sum of electronic, vibrational, rotational and translational energies of a given 115 

molecule and thus reflects the broad size and shape effects of a molecule. Entropy (S) 116 

corresponds to the number of structural microstates available to a polymer. The highest positive 117 

charge on a hydrogen (q+) reflects potential hydrogen bonding effects between polymer chains. 118 

The quadrupole moment (Qii) quantifies the electron distribution across two planes and thus 119 



informs the van der Waal attractive forces between monomers and polymer chains. The constant 120 

volume heat capacity (CV) evaluates the ability of a molecule to absorb energy and thus 121 

translates well toward quantifying a polymer’s ability to absorb heat before the molecular 122 

structure is altered. The octanol-water partition coefficient (KOW) quantifies the hydrophobicity 123 

of a given molecule and has been shown to be effective in modeling Tg values in previous studies 124 

[3]. Furthermore, we produced volume- and radius-normalized KOW values (KOW/Vol and 125 

KOW/Rad, respectively) to more appropriately match the surface area-normalized KOWs used in 126 

that study.  127 

QC calculations of these properties were run with the Gaussian [103] software package 128 

available on the Bebop HPC cluster at Argonne. B3LYP and 6-31G(d) were chosen as the level 129 

of theory and basis set, respectively, owing to previous success with similar organic compounds 130 

[12]. All QC-calculated molecular properties were run in the gas phase except for KOW.  For this 131 

property, a density-based solvation method (SMD) [104,105] was used to run the necessary 132 

implicit solvation energies of the monomer units in both water and octanol. To select the 133 

individual monomer descriptor variables that best describe the variance in polymer Tg values, as 134 

well as to apply the necessary coefficient weights to fit the data, a stepwise linear regression 135 

method was used. All analyses were performed using R Statistical Software [106]. 136 

3. Results and Discussion 137 

3.1 Graph Convolutional Network Model 138 

The results of the five-fold cross validation for the best-performing GCN are presented in 139 

Table 1. 140 

Table 1: Performance metrics of GCN for each Tg validation fold including mean absolute error (MAE), root mean 141 
square error (RMSE) and coefficient of determination (R2). MAE and RMSE are reported in ℃. 142 

Fold MAE RMSE R2 



1 23.68 37.41 0.90 
2 23.83 36.40 0.90 
3 24.04 37.29 0.90 
4 25.54 40.58 0.88 
5 24.94 37.74 0.90 

Avg 24.41 38.08 0.90 
 143 

Loss convergence and prediction plots of Tg for the best-performing GCN are shown in 144 

Figure 1. As shown in the prediction plot, the model successfully fit the Tg data over a range of 145 

roughly 600 ℃. These results are comparable to similar efforts by Park et al., who used a neural 146 

network to model Tg values for only a single class of polymers (polyamides, with 1,388 data 147 

points) and produced a root mean squared error (RMSE) of 29.98 ℃ and an R2 of 0.9 [11]. The 148 

lower RMSE of the Park et al. study may reflect the use of a single polymer class, resulting in 149 

lower variance of actual Tg and less complexity due to a smaller number of functional groups. By 150 

not constraining our dataset we were able to achieve a comparable model fit (R2 = 0.9) over a 151 

roughly 200 ℃ larger range of Tg values. 152 



  153 

Figure 1: (Left) Loss convergence of a GCN on NVIDIA A100 for a single fold of the Tg dataset. Training (black) 154 
and validation (orange) losses are shown for comparison. Training is complete after 306 epochs when validation loss 155 
has not decreased below the global minimum for 100 epochs. The last 100 epochs (grey shading) are thrown out and 156 
weights are restored. (Right) Final model results as predicted versus observed Tg values. 157 

3.2 Quantum Chemistry Model 158 

 The investigated chemical properties of 83 unique polymers were calculated using the 159 

QC model and tabulated into a full dataset. This dataset consisted of a wide range of polymer 160 

classes (including styrenes, ethers, acrylates, and aliphatics) as well as a wide variety of 161 

monomer sizes with small, simple monomers like those in polyethylene (PE), polypropylene 162 

(PP), polystyrene (PS) and polyethylene terephthalate (PET) and extending up to large and 163 

complex structures like polyetherimides and polyurethanes. Running a stepwise linear regression 164 

on the data with ten total QC-calculated descriptive parameters produced a linear model with 165 

seven total parameters, an R2 of 0.79 and an RMSE of 42.03 ℃. The parameters selected and 166 

their fitted regression coefficients are shown in row 1 of Table 2, and a plot of predicted versus 167 

observed values is presented in Figure S3.  168 



Table 2: Tg model parameters and corresponding regression coefficients for the three QC-based models. The 169 
RMSEs for the three models are (1) 42.02, (2) 36.65, and (3) 34.53 ℃. 170 

Model Inta Ethermal Cv S Qii Log Kow Log Kow 
/Vol 

Log Kow 
/Rad Categoryb RotBc 

1 527.70 -1.26 12.05 -8.82 -2.26 -189.70 -13980 2599 (-) (-) 

2 294.81 -1.13 10.57 -4.91 (-) (-) -1645.44 (-) 106.39S 
56.06P (-) 

3 -51.80 (-) (-) 1.87 (-) (-) -2294.35 (-) 84.90S 
41.071F -22.01 

a. Intercept. 171 
b. Categorical variables for polymer classification: styrenes (S), polyurethanes (P) and fluorenes (F). 172 
c. Rotational bond count. 173 
 174 

 In an effort to improve model performance, categorical variables were added to 175 

differentiate the various classes of polymers included within the dataset. This was done to 176 

determine whether there were any polymer class effects not being captured, considering that 177 

most previous studies on QC models for Tg were focused on single or similar classes of 178 

polymers. The classes selected were acrylates, ethers, styrenes and polyurethanes, and dummy 179 

variables were set up with a value of one if a given polymer was included within that class and 180 

zero otherwise. While these variables are not QC-derived by nature, and thus are not part of the 181 

calculations for the other descriptor variables, the simplicity with which one can ascribe one of 182 

these classes to any given polymer allows for their inclusion as model parameters without losing 183 

any applicative value.  184 

The stepwise linear regression was rerun with these categorical variables added, and the 185 

resulting model produced improved statistics with an R2 of 0.84 and an RMSE of 36.65 ℃. A 186 

plot of predicted versus observed values for this regression is presented in Figure S5. The 187 

parameters resulting from the stepwise regression are shown in row 2 of Table 1. Two of the four 188 

possible class variables had a significant enough effect on the model error to be included as final 189 

parameters (styrene and polyurethane). While the overall decrease in model RMSE was modest 190 



(5.4 ℃), the inclusion of the two categorical variables resulted in the model dropping three QC 191 

descriptor variables and thus decreased the number of overall parameters from seven to six. With 192 

83 unique polymers in the dataset, this gives the QC-only and QC+class models data-to-193 

parameter ratios of 11.9 and 13.8, respectively, both of which exceed the minimal value of 10 to 194 

avoid overfitting [107].  195 

 196 

Figure 2: Predicted versus observed glass transition temperatures for the QC model with categorical variables for 197 
polymer class and rotational bond count (RotB). Solid line represents 1:1 line and dashed lines are ± the standard 198 
error. 199 

To further investigate the potential of the simple regression model, a final variable was 200 

added to quantify the number of rotational bonds (RotB) within a given monomer structure. This 201 

topological parameter has been shown to be critically important to modeling Tgs of polymers 202 

given that the transition from a soft amorphous to hard glassy structure as temperature decreases 203 



is heavily defined by the lack of rotation amongst the atoms and functional groups, which has 204 

been linked to the degrees of freedom available in a given monomer [5]. To this end, the number 205 

of rotational bonds for all 83 polymers in the dataset was calculated from SMILES through 206 

Molinspiration Cheminformatics [108] and added as an additional model parameter. The 207 

stepwise linear regression was re-run and the resulting model, as shown in row 3 of Table 1, 208 

dropped an additional degree of freedom in going from six fitted parameters to five, while 209 

simultaneously increasing the accuracy of the model fit to an R2 of 0.86 and an RMSE of 210 

34.53 ℃. A plot of predicted versus observed Tg values is presented in Figure 2. 211 

This final regression model then consists of QC, categorical and topological properties 212 

with just five parameters total. The inclusion of the number of rotational bonds had the effect of 213 

dropping both the internal energy of the monomers and their heat capacity. RotB and Ethermal are 214 

both related to the degrees of freedom of a given molecule and thus are expected to be 215 

proportional to one another. The relationship between the two parameters for the polymer set is 216 

shown in Figure S6. That the stepwise procedure selected RotB over Ethermal for inclusion in the 217 

model shows that RotB currently captures more of the variance in measured polymer Tg than the 218 

QC-calculated internal energy. This could be caused by the size of the basis set used for the 219 

calculation of Ethermal (6-31G(d)). This basis set was selected due to its success in modeling a 220 

smaller subset of polymers in a previous study [13], but a larger basis would improve the 221 

accuracy of the calculation, at the expense of additional computation time, and may eliminate the 222 

need for a separate RotB calculation. As currently constructed however, the five-parameter 223 

regression model with QC, categorical and topological properties presents a simple, interpretable 224 

model for glass transition temperatures with only a small drop in accuracy from more complex 225 

ML methods. 226 



4. Conclusions 227 

 This work presents computational chemistry approaches to modeling the Tgs of polymer 228 

materials. A GCN trained on more than 7,500 polymer Tgs with topological features generated a 229 

predictive model with an R2 of 0.9. This model showcases the effectiveness of the GCN 230 

architecture towards a comprehensive dataset of polymers with no restrictions on polymer class. 231 

Alternatively, a regression-based model using QC-derived chemical descriptors modeled Tg 232 

values of more than 80 polymers with an R2 of 0.79, and the inclusion of simple categorical and 233 

topological variables was able to increase the model’s accuracy to an R2 of 0.86. While the R2 of 234 

the QC model’s prediction is not quite as high as the ML counterpart, the use of calculated 235 

chemical descriptors in a simple regression procedure allows for significantly more room for 236 

interpretability regarding the complex relationships between molecular characteristics and bulk 237 

polymer properties. Furthermore, the fact that the RMSE was actually lower for the final QC 238 

model (34.5 ℃ for QC compared with 38.1 ℃ for ML) suggests that the small difference in 239 

these model’s metrics is more related to the quantity of training data than predictive ability. 240 

Overall, both model techniques showed that incorporating a broad range of polymer classes did 241 

not substantively affect their ability to predict Tg values. 242 

 In addition to both models’ ability to accurately predict the Tg of an unbounded and 243 

diverse set of polymer types, the two case studies demonstrated the utility of both ML and QC 244 

methods as tools for generating the fundamental polymer features which are necessary for 245 

developing and using more complex models to predict environmental fate and effects. GCNs are 246 

well suited for mapping the atomic and bond information of polymer monomers and can generate 247 

accurate results when available training data is extensive. Conversely, the QC approach can 248 

operate in instances where training data is minimal by using calculated polymer characteristics 249 



which more closely reflect the underlying mechanisms of the more complex fate and effects 250 

phenomena.  251 

 Glass transition temperatures are a critical property toward understanding downstream 252 

behaviors of bulk polymer materials. Tg is a function of the energy required to break apart the 253 

bonds between polymer chains and thus informs more complex characteristics like tensile 254 

strength, stiffness, durability, and persistence in the environment. The ability to predict the Tg of 255 

a new polymer material will help developers screen candidates during design to better inform 256 

end-of-life disposition and account for environmental persistence. The ML and QC models 257 

presented here currently provide the most comprehensive framework for predicting this property 258 

from literature data alone. 259 
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