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Supplementary Figures 

 

Figure 1. Relationship between thermal conductivity and its standard deviation (SD). 
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Figure 2. Chemical structure of high-density (>1.75 g∙cm−3) polymers and their calculated density (g 

cm−3). 
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Figure 3. Chemical structure of high-refractive- index (>1.75) polymers and their calculated refractive 

index.  
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Figure 4. Correlation of mean atomic weights with specific heat capacity. 

 

 

Figure 5. Correlation between mean atomic weight and density. 
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Supplementary Discussion 

1. Examination of box size effects 

We tested the effect of box size on several properties. For the evaluation, 28 different polymers 

were selected by taking structural variations into account. Supplementary Figures 6‒10 below show 

the change of five properties (density, CP, refractive index, linear expansion coefficient, and volume 

expansion coefficient) of the 28 polymers, of which chemical structures are shown in Supplementary 

Figure 11, when the number of polymer chains was varied from 10 to 50 with the number of atoms in 

each of a polymer chain set to 1,000, and when the number of atoms in each of a polymer chain was 

increased to 2,000 and the number of polymer chains was set to 25. According to the experimenta l 

results, the box size had no significant effect on the calculated properties. Therefore, we decided to 

perform the MD calculations with 10 polymer chains with approximately 1,000 atoms in each of a 

polymer chain. 

 

Figure 6. Box size effect on density. 
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Figure 7. Box size effect on specific heat capacity (CP). 

 

 

Figure 8. Box size effect on refractive index. 
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Figure 9. Box size effect on linear expansion coefficient. 

 

 

Figure 10. Box size effect on volume expansion coefficient. 
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Figure 11. Chemical structure of 28 polymers in examination of box size effects. 
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Figure 11. Continued. 
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2. Correlation between the CP
PoLyInfo/CP

MD ratio and bond-stretching and -bending force constants 

Einstein’s formulas for the quantum-corrected (Cquantum) and classical (Cclassical) heat capacities are respectively 

expressed as  

𝐶quantum =  3𝑁𝑘B (
ℏ𝜔

𝑘B𝑇
)

2 exp (
ℏ𝜔
𝑘B𝑇

)

[exp (
ℏ𝜔
𝑘B𝑇

) − 1]
2 

(1) 

𝐶classical =  3𝑁𝑘B (2) 

where N is the number of atoms, kB is the Boltzmann constant, ℏ is the Planck constant, ω is the 

frequency, and T is the temperature. Hence, the Cquantum/Cclassical ratio is defined as 

𝐶quantum

𝐶classical =  (
ℏ𝜔

𝑘B𝑇
)

2 exp (
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(3) 

This ratio decreases monotonically with increasing frequency ω. The MD value of CP (CP
MD) was 

computed using Eq 8 in the main text, the value of which is the classical CP without quantum effects. 

On the other hand, the experimental value of CP in PoLyInfo includes quantum effects. The frequency 

of the bond stretching and bending increases with increasing force constants. Therefore, the observed 

CP in PoLyInfo (CP
PoLyInfo) to MD-calculated CP (CP

MD) ratio should decrease with the increasing mean 

of the bond-stretching and -bending force constants. Such correlation can be seen in Supplementary 

Figure 12. 
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Figure 12. Correlation between the experimental CP in PoLyInfo (CP
PoLyInfo) to MD-calculated CP 

(CP
MD) ratio and the mean of the bond-stretching and -bending force constants. The GAFF2 force field 

parameters Kb and Ka of Eq 2 in the main text were used as the values of the force constants.   
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Supplementary Notes 

1. Getting started with RadonPy 

RadonPy is distributed at the GitHub (https://github.com/RadonPy/RadonPy/tree/main). 

Documentation, including installation guides, system requirements, and a detailed description of the 

module set and user interface, can be accessed through the tutorial on the GitHub site 

(https://github.com/RadonPy/RadonPy/blob/main/docs/RadonPy_tutorial_20220331.pdf). 

Supplementary Figure 13 shows sample code to perform equilibrated and non-equilibrated MD 

calculations for a polystyrene (SMILES string: *C(C*)c1ccccc1). See the online tutorial for details on 

the code and function and options defined in each module. 

 

Figure 13. Sample code of performing equilibrated and non-equilibrated MD calculations for 

polystyrene using RadonPy. 

https://github.com/RadonPy/RadonPy/tree/main
https://github.com/RadonPy/RadonPy/blob/main/docs/RadonPy_tutorial_20220331.pdf
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Figure 13. Continued. 

 

The specified SMILES string is converted into a Mol object by the “utils.mol_from_smiles” function. 

After converting the specified SMILES string into a Mol object, the quantum chemistry calculat ion 

module (“qm”) is used to perform a conformation search (“qm.conformation_search”) and charge 

assignment (“qm.assign_charges”) for the input repeating unit. The sample code specifies the RESP 

charge model as an option. Other electronic properties such as HOMO and LUMO energies, dipole 

moments, and polarizability tensors are also calculated using this module. The 

“poly.calc_n_from_num_atoms”, “poly.polymerize_rw”, and “poly.terminate_rw” functions generate 

a polymer chain for a specified number of atoms (e.g., 1,000) with a self-avoiding random walk 
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algorithm. Although not shown in this paper, the current version also provides modules to generate 

alternating, random, and block copolymers, as described in the online tutorial. The “ff.ff_ass ign” 

method assigns the parameters of the GAFF2 force field. The “poly.amorhous_cell” function generates 

a simulation cell for amorphous polymers. In the sample code, 10 polymer chains are randomly 

arranged so that they do not overlap each other and have a density of 0.05 g∙cm−3. The user can also 

build simulation cells for polymer-polymer or polymer-solvent mixture systems. The user then 

specifies the temperature (“temp”) and pressure (“press”), and performs an equilibrium MD calculat ion 

(the “exec” method of the “eq.EQ21step” class). The convergence of energy and density is monitored 

every 5 ns to determine if the system has reached equilibrium (“analy.check_eq”). If the equilibra t ion 

is not reached, the equilibrium calculation is scheduled to restart from the saved previous state (the 

“exec” method of the “eq.Additional” class). If the equilibrium is successfully achieved, the NEMD 

simulation (the “exec” method of the “tc.NEMD_MP” class) is performed. When running a hybrid 

parallel computing with MPI (message passing interface), OpenMP (open multi-processing), and GPU 

(graphics processing unit), the number of MPI processes (“mpi”), OpenMP threads (“omp”), and GPUs 

(“gpu”) can be specified according to the available computer architecture. 
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Supplementary Methods 

1. Shotgun transfer learning 

The objective is to predict experimental properties from the chemical structure of any given polymer 

repeating unit. For the model input, we used a subset of the 1006-dimensional descriptor vector that 

concatenated eight different fingerprints implemented in the RDKit package, including the extended-

connectivity fingerprint (ECFP),1 the functional-class fingerprint (FCFP),1 topological torsion 

fingerprint,2 atom pair fingerprint,2 MACCS key, RDKit fingerprint,3 pattern fingerprint,3 and layered 

fingerprint.3 For transfer learning, the source task was to predict the MD-calculated properties, and the 

target task was to predict the experimental properties in PoLyInfo. 

From the MD dataset for the source task, all polymers in the experimental dataset to be predicted 

were excluded. Using the MD dataset, we trained 100 neural networks having randomly constructed 

different network structures. Each model was designed to form a fully connected pyramid-shaped 

layers in which the number of layers was randomly selected from three and four, and the number of 

neurons monotonically decreased from the input layer to the output one. All neurons in the hidden 

layers were activated by a rectified linear unit (ReLU),4 and a linear transformation function form the 

output layer. For each model, we used a randomly chosen subset of the 400-dimensional descriptor. 

We randomly selected 80%, 10%, and 10% of the experimental dataset for the training, validat ion, 

and testing for the target task, respectively. Using the training set, each pretrained source model was 

fine-tuned into a calibration model for the target task. Here, the pretrained model was used as a starting 

point for the model training. The given weights on the last output layers of the pretrained model were 

randomly initialized, while the learned parameters of the remaining layers were used as the initia l 

values of training. All those parameters were then fine-tuned at a small learning rate. 

The root mean square error (RMSE) of each transferred model with respect to the validation set was 

calculated, and the prediction performance on the test dataset was examined using the model showing 

the best transferability that achieved the lowest validation RMSE. 
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