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New Electronics Applications Require Advanced Packaging
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Use Case Example: Thermal Properties of Polymer Packaging

Devices performance is impacted by the behavior of packaging polymers at different temperatures. Critical packaging properties of
glass transition and thermal stability can be evaluated using validated atomistic simulation techniques.

Glass Transition Temperature (T;) Bond Dissociation Energy (BDE) provides insight into
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1 Experimental data taken from Bicerano, J., Prediction of Polymer Properties. Marcel Dekker same insight in thermal stability as

Inc.: New York, 1996 ' . full Quantum Mechanism mapping
2 Afzal, M. A. et al, ACS Appl. Polym. Mater., in press: https://doi.org/10.1021/acsapm.0c00524 1. Kunnikuruvan, S., et al Macromol Theor Simul. 24,4, 2014, 344-351
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Devices performance is impacted by the mechanical properties and the chemical performance of packaging polymers. Atomistic simulation
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Use Case Example: Mechanical and Chemical Properties of Polymer Packaging

can provide these properties as well as a connection to specific molecular group behavior for improved polymer design.
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http://drive.google.com/file/d/15tNHcxcQj-lN2hYaWdEek7T4k5HuUQGT/view
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Use Case Example: Electrical and Optical Properties of Polymer Packaging

Packaging polymers must meet electrical properties of dielectric constant and loss requirements to be useful in devices. Atomistic
simulation can provide these properties via combination of simulation techniques.

Automated dipole sampling and frequency analysis
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Machine Learning Leverages Data terkrecictornAcross Polyme
Requirements

r Packaging

Machine learning techniques can be applied in combination with physics based simulation or experimental datasets to provide fast

evaluation of properties for materials design applications.

Example: Glass Transition Temperature
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