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[bookmark: _Hlk110180622]		To achieve the goal of reaching net-zero CO2 emissions by 2050, predicting the total mass of injected CO2 in various forms including gas, aqueous phase, and solid and the associated risk assessment such as pressure build-up within storage formations and wellbore are of paramount importance. Nevertheless, this is a challenging task due to the multitude of parameters influencing injectivity, including CO2 injection rate, injected CO2 temperature, permeability, and heat conductivity within the storage formation. Moreover, conducting lab or field experiments and numerical simulations to assess CO2 injectivity presents its own set of challenges, primarily in terms of time and resources required.
		To address these limitations and predict CO2 injectivity more efficiently, we have developed a surrogate model based on the results of numerical simulations employing T2WELL/ECO2N. This model allows for the simulation of various user-defined injection conditions, encompassing injection rate, temperature, permeability, and heat conductivity. It enables the independent and concurrent simulation of multiple CO2 injection scenarios. The results, which include wellbore bottom pressure predictions, are used to create comprehensive training and testing datasets for an Artificial Neural Network (ANN) model. This entire process is automated through the use of a Linux shell script, Python, and Fortran codes, significantly reducing the time needed for injectivity prediction. Importantly, this surrogate model exhibits a high level of predictive accuracy in terms of RMSE and R2 values.
		Furthermore, the surrogate model can be integrated with engineering CO2 injection techniques, such as pressure and temperature swing injection and Water-Alternating-Gas (WAG) injection. This integration holds the potential to enhance CO2 injectivity by interpreting relevant physical phenomena.

