
• Acquiring BSSE data to implement Charge 

Transfer into the total interaction energy

• Fully analyze and compare all 

characteristics of CO interaction with Pt
• Apply DOS on more sites on the TiO2 

surface

• Use a Feed Forward Neural Network on the 

dataset to try and observe a higher 

accuracy.
• Perform Lobster calculations to obtain 

ICOHP

Thank you to Nick, Selin, and Dr. 

Sharada for guiding me along this 

journey! I've learned so much more than I 

could've ever imagined. It has been an 

exciting 2 months interning here.
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Look at different metal 

heterogenous catalysts 

to determine the best 

binding site on the 

surface

TiO2 : Solid material.

Pt: Active site

Pt bound to different sites 

(A1, A2, H1, Obavac , etc..)

Plan: To analyze and calculate key characteristics 

relating to different sites when transition metals 

are bound to the surface of TiO2 and how different 

interactions change the binding of CO to Pt

Software: VASP, ASE, CP2K

Calculation Methods: DOS, and DFT

Energy Analysis: EDA

Machine Learning: Random Forest, 
FFNN

CO and Pt bind differently depending on which 
site CO interacts with. This produces a variety of 
binding energies, frozen energies, polarization 
energies, deformation energies, and charge 
transfer interactions.

Scatterplot of the bond length of Pt and C compared 

to Polarization Energy. Clustering appears around 

1.8Å and  -1.35 eV. There could be a relationship 

between stronger ΔEpol and shorter bond length.

Pristine sites Ti5c and Ti6c have the highest 

frozen energy penalty. There appears to be 

clustering around –1 and –1.5 ΔEpol. Some 

values cluster around 800 and 3 eV on 

theΔEfroz section.

A partial DOS, showing contributions of each 

element in the system. There are multiple 

overlaps of orbitals, signifying hybridization at 

–19 eV, -4 eV, and 4 eV. The energy 

requirement for an electron to jump up a level is 
around 1 eV.

A parity plot comparing the predicted binding 

energy to the true binding energy of metals. 

The mean square error was 0.45.
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Conclusions

• There seems to be a correlation between 

certain sites and clustering in the EDA 

graphs

• Random Forest is relatively effective on 
predicting binding energies

• Observed orbital overlap of Pt to nearby 

Oxygen
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