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The world is facing an increasing global energy demand, lack of clean water, and rising 
greenhouse gas emissions, all the while people strive to improve their standard of living. 
Computational modeling of catalysts, and making use of its synergy with experiments, aids the 
process to design new catalytic systems to address these major societal challenges. Here I will 
discuss two on-going research efforts in our lab: (1) Understanding electrocatalysts for the 
conversion of aqueous nitrate, a pervasive water pollutant, to ammonia, and (2) Advancing data-
driven approaches using machine learning to extract knowledge from catalyst and materials data. 
Nitrate ions (NO3

−) are a highly distributed nitrogen source in industrial wastewater and polluted 
groundwater. Electrochemically converting nitrate ions into ammonia (NH3) represents a route for 
wastewater remediation and sustainable ammonia generation. Ammonia is a foundational 
compound for society because of its broad use in chemical synthesis and fertilizers. I will discuss 
our atomistic modeling efforts to understand and design catalysts for the electrocatalytic nitrate 
reduction reaction (NO3RR). Based on computational predictions, a series of platinum-ruthenium 
(PtxRuy/C) catalysts were synthesized, characterized, and tested, all of which show superior 
performance to Pt, one of the best pure metal electrocatalysts for nitrate reduction. These findings 
demonstrate how electrocatalyst performance is tunable by changing the adsorption strength of 
reacting species through alloying and provide a blueprint to rationally select alloy compositions 
for NO3RR. 
Combining atomistic modeling with machine learning has been demonstrated as a powerful 
approach to accelerate catalyst predictions. However, extracting meaningful physical insights 
from these machine learning models has often proven challenging. Here I will discuss 
interpretable machine learning approaches that can overcome some of these challenges, with 
some cases studies highlighted. These case studies show that data-driven approaches with 
interpretable machine learning can help extract physical insights to aid catalyst and materials 
understanding. 
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