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Abstract  
Prediction of polymer properties is crucial in designing new, advanced materials. In recent 
years, artificial neural networks (ANNs) have become increasingly popular for quantitative 
structure-property relationship (QSPR), which enables property prediction directly from 
polymers’ structures. However, data scarcity significantly affects the applicability of these 
models and still remains a major limitation in the field [1]. Here, we present a data-efficient 
method to tackle data scarcity and enhance performance of an ANN in predicting glass 
transition temperature (Tg). We extended the similarity principle [2], which states that 
molecules with similar structures are expected to exhibit similar properties, to develop a 
similarity-driven framework for data-efficient polymer property prediction [3]. The chemical 
similarity method incorporates SMILES representations and Tg values to obtain vector 
representations that are then used to compute the similarity to a target polymer. Once the 
most similar polymers to the target are selected, a localized regression is applied to their Tg 
values, as a means to enable predictions with as few as 5 known values. On average the 
MAPE error obtained among the target polymers outperforms a baseline model. 
Furthermore, a real improvement is seen for the prediction of those that are outliers in the 
baseline model. These findings demonstrate that the proposed data-efficient strategy for 
addressing data scarcity provides accurate predictions of polymers’ Tg, outperforming 
conventional ANN approaches used for QSPR applications. 

Figure 1: Average Mean Absolute Percentage Error (MAPE) depending on the number of most similar polymers selected for 
localized regression. 
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