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1. INTRODUCTION

Electrocatalytic CO₂ reduction and on-demand H₂O₂ electrosynthesis offer sustainable routes to fuels and chemicals, but discovering effective catalysts remains a major challenge. 

While Density Functional Theory (DFT) can accurately predict catalyst properties, it is too slow and expensive for large-scale screening. To accelerate this process, we use Machine 

Learning (ML) trained on a high-quality DFT database to rapidly predict high-performance catalysts for both reactions. These candidates are then integrated into advanced Gas 

Diffusion Electrodes (GDEs) to maximize efficiency in practical reactor systems. Finally, a full Techno-Economic Analysis (TEA) and Life Cycle Assessment (LCA) evaluate 

commercial viability and confirm the environmental sustainability of the technology from cradle to grave.
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Figure 1: A DFT-ML Workflow for Predicting Electrocatalyst Selectivity.

Fig 4: A plot showing the correlation 

between two key electronic descriptors for 

ORR and CO₂RR pathways.

Figure 2: A histogram of the distribution of calculated 

adsorption energies across the catalyst dataset.

Fig 3: Comparison of a key catalytic 

descriptor across six metal catalysts.

Figure 5: Scatter plot of the target label 

versus the engineered feature 

(Adsorption Energy × d-band), colored 

by reaction pathway.

Figure 8: A validation of the ML model showing 

the Mean Absolute Error (MAE) for key 

adsorbate energies from the Test Set
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Fig 9: Histogram of the prediction errors from 

the Machine Learning model

Figure 10: A Catalyst Screening Map Comparing 

Descriptors for CO₂RR Activity and H₂O₂ 

Selectivity.

Figure 7: ML model performance for (a) CO₂ Reduction and (b) 

H₂O₂ Electrosynthesis.

Figure 6: Performance of the Machine Learning Model 

on the Training and Test Sets

Figure 11: Gas Diffusion Electrode (GDE) Cross-Section

Figure 12: An Illustration of the selectivity challenge between ORR, CO₂RR, and 

HER on an electrocatalyst.

Fig 13: Conceptual Framework for Integrating TEA and LCA

Fig 14: Comparative GWP of electrocatalytic products, annotated with electricity 

carbon intensity and reactor lifetime. 

High activity & Right 

Selectivity (Sweet Spot)

• How can we accelerate catalyst discovery beyond the slow and costly limits of traditional 

DFT screening?

• What role do catalyst-layer play in advancing scalable CO₂ and H₂O₂ electrocatalytic 

systems?

• How can we implement Life Cycle Assessment (LCA) and Techno-Economic Analysis 

(TEA) for these products to evaluate their production efficiency, processing feasibility, 

and overall sustainability?

                            

                 

                    
                 

                          
              

                             
                       

                      
                      

                      
                         

   

                       
                  

                   
      

                
          

                     
        

                    

• Our DFT-to-ML model accelerates catalyst screening (R² ≈ 0.67), 

identifying candidates like Cu, Au for CO₂ reduction and Ni, Ag 

for H₂O₂ synthesis. Performance must be validated in practical 

GDE systems, and ultimate scalability depends on favourable 

TEA and LCA for commercial and environmental viability.

• Our work advances innovative electrochemical technologies (SDG 

9), promotes sustainable resource use (SDG 12), and reduces 

emissions through cleaner CO₂ conversion and H₂O₂ synthesis 

(SDG 13).

• Future directions for using machine learning (ML) to predict 

catalysts from Density Functional Theory (DFT) data will focus 

on creating more robust, efficient, and reliable predictive models.
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The volcano plot’s intersection marks the catalyst’s “sweet spot” 

balancing high activity and selectivity for optimal efficiency.
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2. PROBLEM STATEMENT 

An error of less than 0.3 eV is often considered "chemically accurate" 

enough for initial screenings.
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The Model Shows a Moderately Strong, Positive 

Correlation

R² Value: The R² value of 0.668 (for CO₂ Reduction) 

and 0.647 (for H₂O₂ Electrosynthesis) is the most 

important metric here. It means the model can 

successfully explain about 65-67% of the variation in 

catalyst performance.
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