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Introduction

In materials science, accurately predicting and identifying polymer compositions from limited experimental data could potentially help in advancing material design, sustainability, and faster development. 

Traditional methods for analysing aged or complex polymers are often time-consuming and costly, requiring extensive measurements. Machine learning along with meta-data analysis and curation of an un-biased 

dataset offers a promising alternative, enabling quicker and notably accurate identification of materials or material properties.

The aim is to integrate machine learning with metadata analysis to predict polymer-filler combinations from independently measured property values. As an introductory study, a machine learning pipeline using 

ensemble methods, including KNN, Random Forest and Neural Networks (MLP) with XGBoost as the final estimator combined via stacking, was developed. The model was fine-tuned using Bayesian optimization 

for efficient hyper-parameter tuning. All individual and combinations of models were evaluated for accuracy and computational efficiency.

Evaluation was done on a dataset of various polymer-filler combinations obtained from NanoMine, the performance was assessed using top-k accuracy metrics and cross-validation score, based on the ability to 

correctly identify likely compositions based on user input. The model predicts the top three polymer-filler combinations with associated confidence levels.

Model achieved an accuracy score of 0.968 (96.8%) where the top three predictions consistently included the correct polymer-filler combinations.

Dataset Visualization and Analysis 

Figure 1: The dataset for Glass Transition Temperature (Tg) obtained from NanoMine for various matrix 

and filler combinations. Each point represents a polymer-filler combination, with circle size indicating 

the average filler volume fraction and colour denoting the average Tg. Annotations show the number of 

samples per combination. The x-axis colour reflects the Tg of the unfilled polymer matrix.

Figure 2: Boxplot of Tg for various polymer matrix and filler combinations. The plot illustrates the 

distribution of Tg values for combinations. Outliers are marked with red crosses. The numbers below each 

combination indicate the sample size and, where applicable, the number of outliers identified. 

Machine Learning Algorithm

Figure 3: Scatter plot with regression lines showing the correlation between Volume Fraction and Glass 

Transition Temperature (Tg) for various polymer matrix and filler combinations. with Corresponding 

correlation coefficient (r) provided in the legend. The regression lines highlight the strength and direction 

of these correlations.

Figure 4: Joint plot illustrating the relationship 

between Volume Fraction and different properties 

for various nanocomposites. The main plot shows 

correlation with a regression line indicating the 

trend, while the shaded area represents the 

confidence interval. The marginal histograms 

display the distribution of Volume Fraction (top) 

and Measured Property (right) values. Each blue 

data point corresponds to an individual study for 

the specific polymer-filler combination.

Model Selection

Conclusion
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• Significant variation exists among some studies for a given filler, matrix, and 

volume fraction likely due to differences in sample preparation and experimental 

setups. Most cases show general agreement.

• From the correlation analysis trends are not always clear or within confidence 

intervals. Strong trends align with established mechanisms, such as Tg increasing 

with higher nanoparticle volume fractions where there is good compatibility and 

decreasing with poor compatibility.

• KNN, XGB, MLP and RF yield similar results, with XGB showing the highest 

accuracy. KNN and RF are suited for smaller datasets but may struggle with 

larger ones. MLP is notably slower. XGB performs better overall. 

• Stacking reduces overfitting and improves classification by combining multiple 

models but does not offer a significant accuracy advantage.
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KNN: Simple and effective for small datasets. Performance degrades with larger datasets.

RF: Robust and effective for small to moderate datasets. Struggles with very large datasets dimensionality.

XGB: High accuracy and efficiency with large datasets. Complex to tune.

MLP: Model complex patterns with multiple layers. Requires extensive tuning; computationally expensive.

Model Name Accuracy (cross-validation score) ~Training Time (s)

RF 0.908 30

KNN 0.887 22

XGB 0.924 300

MLP 0.852 4700

RF & KNN 0.916 trf + tknn+ 3

RF & XGB 0.956 trf + txgb+ 12

XGB & KNN 0.931 txgb+ tknn+ 7

XGB, KNN & RF 0.954 txgb+ tknn + trf + 8

Ensemble (Stacked) 0.968 5200

Table 1: Performance comparison of tested machine learning models against accuracy and training time metrics
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