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Abstract
[bookmark: OLE_LINK32]This work presents a computational framework for understanding and designing bioinspired materials for CO2 capture. We started by calculating highly accurate reference interaction energies with electronic structure theory for amino acid-CO2 complexes and benchmarking different density functionals for performing large-scale DFT calculations on oligopeptide-CO2 molecular systems. Building on this, we explored all possible dipeptides, revealing that cooperative effects significantly enhance CO2 binding, particularly in sequences containing polar residues. We then developed TriScore, a descriptor-based ranking metric, to screen 8000 tripeptides for CO2 interaction. DFT and SAPT0 analyses confirmed that the top-ranking tripeptides exhibit stronger, electrostatically driven non-covalent interactions. Finally, we extended our investigation to amino acids in solution to evaluate their potential in solvent-based direct air capture systems. This progression from single amino acids to solution-phase systems offers a scalable strategy for designing oligopeptide-based CO2 sorbents. 
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[bookmark: _Toc198721640][bookmark: _Toc201855088][bookmark: _Toc202295428]Generation of Greenhouse Gases and Climate Change
Greenhouse gas emission is a major global concern due to its impact on the environment, particularly with extreme climate changes.1 Carbon dioxide (CO2) is the leading greenhouse gas, accounting for 79% of all emissions from human activities, according to the U.S. Environmental Protection Agency (EPA). The main sources of CO2 emission include fossil fuel combustion for transportation, electric power, and heat in residential and commercial sectors, agriculture, and land use changes such as deforestation, as well as industrial processes like cement production. In the United States, the transportation sector is heavily dependent on petroleum-based fuels, followed by electricity production. A report released by the United States Environmental Protection Agency (EPA) in 2022 (Figure 1.1)2 states that 94% of transportation fuel and 60% of electricity is obtained from fossil fuels.3 Industrial emissions come from both fuel combustion and chemical reactions, while commercial and residential emissions arise from fossil fuel used for heating and refrigeration, with buildings consuming 75% of the electricity produced in the US. Agricultural emissions stem from livestock, soil management, and rice production. 
Deforestation is an important channel for the production of atmospheric CO2, but the land use and forestry sector still act as a net carbon sink to offset more carbon than is produced through deforestation.4 This is consistent with the Intergovernmental Panel on Climate Change’s (IPCC) report that the observed warming from 1850-1900, which represents the pre-industrial, to 2010-2019 (Figure 1.2),1 can be attributed to human activities, emphasizing the urgency to mitigate CO2 emissions from both industrial and land-use sectors to limit future temperature rise.
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[bookmark: _Ref201866204][bookmark: _Toc202295363]Figure 1.1. The United States’ greenhouse gas emissions, categorized into different economic sectors without indirect electricity contribution [A] and including electricity indirect contribution [B]. Due to independent rounding, the percentages do not sum to exactly 100% [2].  
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[bookmark: _Ref189918355][bookmark: _Toc202295364]Figure 1.2. Global surface temperature increase  from 1850–2019, with projections for 2020–2050 as a function of cumulative CO2 emissions [1]. 


[bookmark: _Toc201855089][bookmark: _Toc202295429]Carbon Capture and Storage (CCS)
Carbon capture and storage (CCS) have been developed to reduce greenhouse gas emissions while maintaining the use of fossil fuels across various sectors of the economy.5, 6 CCS has three stages: capturing the CO2 generated, transporting it, and storing it in the safest form. The first stage, carbon capture, involves the capture of CO2 by separating it from other gases generated from the industrial processes. The second stage is a connection between the first and last stages, which comprises the compression and transportation of CO2 for storage. The third stage involves the emplacement of the captured and transported CO2 into storage sites in underground rocks.7
The capturing stage is classified into three technological concepts: pre-combustion, oxy-fuel-combustion, and post-combustion. Pre-combustion, as the name implies, involves capturing CO2 before the combustion process takes place. This method cannot be applied in conventional steam power plants but can be utilized in Integrated Gasification Combined Cycle (IGCC) plants. This capture technology proceeds with first the gasification of fuel. For instance, the feedstock (coal) is partially oxidized in steam and air to produce syngas (a mixture of H2, CO, and CO2). The syngas is converted to H2 and CO2 via a water-gas shift reaction. Pre-combustion technology produces CO2-rich gaseous products, but at a high cost of technological implementation.8 Oxyfuel combustion involves the combustion of fossil fuel using oxygen-rich air to produce CO2 and steam with a minimal amount of impurities. This technology is primarily applied to metallurgical industries and coal-fired plants, with other industries barely embracing this technology.9 Post-combustion technology captures CO2 after the combustion of fossil fuel. This is the most widely applicable capture in use. Relative to pre-combustion and oxyfuel-combustion, post-combustion is the easiest technology to implement of the three because it can be retrofitted to the plant without major changes made to the combustion process. A major drawback of this method is the low concentration of CO2 in the gas effluent, which reduces its efficiency for CO2 capture.10
Post-combustion technology is primarily divided into capture-based techniques (absorption11 and adsorption12, 13) and membrane-based techniques,14, 15 with chemical absorption demonstrating the highest efficiency.16 Chemical absorption involves the capture of CO2 from a gas stream into a chemical solvent, distinguishing it from adsorption techniques.17 In an absorption chamber, CO2-lean solvent is allowed to flow counter-currently at a low temperature of about 40-60 and interacts with CO2-rich flue gas, thus facilitating a transfer of CO2 into the liquid solvent. Then, the CO2-rich solvent is directed to the thermal stripper18, 19 where it undergoes regeneration at a high temperature of about 120-160. The CO2-lean solvent is recycled back to the absorber column to be used in multiple cycles, with its effectiveness depending on the efficiency of the regeneration process. 
Several forms of chemical absorbents, such as alkanol amines,20, 21 aqueous ammonia,22, 23 dual alkali,24 and sodium carbonate slurry,25, 26 are used for CO2 capture. Aqueous alkanol amines have gained much traction in over 60 years due to their high CO2 affinity.27 Several studies explore the use of various alkanol amines for CO2 absorption, including primary amines like monoethanolamine (MEA) and diglycolamine (DGA), secondary amines like diethanolamine (DEA), and tertiary amines like triethanolamine (TEA), and 2-amino-2-methyl-1-propanol (AMP) in aqueous solutions.28, 29 The bond between CO2 and amines is reversible with the application of heat, with about 83.6 kJ/mol of heat released when carbamate and bicarbonate solutions are formed.30 The limitations of alkanolamines include the high energy requirement for regenerating the solvent, their high vapor pressure, and the corrosive and toxic nature of by-products such as nitrosamines, which can lead to equipment corrosion.31-33 Therefore, it is essential to develop improved solvents to reduce energy consumption while ensuring minimal degradation and corrosion.
[bookmark: OLE_LINK1]Adsorption offers a cost-effective alternative for post-combustion CO2 capture, which utilizes either physical (physisorption) or chemical (chemisorption) processes to trap gas molecules on the surface of a solid adsorbent (Figure 1.3),34 releasing heat in the process. In physisorption, CO2 molecules adhere to the adsorbent through van der Waals forces and dipole-dipole interactions,35 with adsorption efficiency closely linked to the pore texture of the adsorbent. Porous materials are materials containing vacant spaces that allow for selective physisorption or chemisorption.36 Porous materials, like metal-organic frameworks (MOFs),37-39 zeolites,40 and covalent organic frameworks (COFs)41 are a useful class of materials for carbon capture due to the multiple possible species that have and can potentially be designed from this class of materials. In addition to this, they possess properties such as pore size and surface chemistry that dictate their functions. In physisorption, an optimal pore size is heavily influenced by operating pressure and temperature. The heat released during physisorption ranges from approximately -25 to -40 kJ/mol.42 Physisorption is a reversible process where the gas-free adsorbent can be regenerated at elevated temperatures and reduced pressures.43
Chemisorption represents an improvement over physisorption due to enhanced gas selectivity achieved through the introduction of Lewis base functional groups that interact with CO2. 40, 44, 45 The amine functional group is the most used in this modification. 35 In this process, CO2 forms chemical bonds with the basic functional groups on the adsorption sites. While physisorption typically occurs at room temperature, chemisorption takes place at elevated temperatures of about 140.46 The heat released during chemisorption ranges from approximately -60 to -100 kJ/mol, depending on the specific functional group incorporated into the adsorbent. 44 Selecting suitable solvents and sorbent materials for CO2 capture involves a significant tradeoff, requiring careful consideration of factors such as CO2 loading capacity, regeneration energy, operational cost, absorption/desorption rate, degradation rate, stability, and toxicity.47 Although chemical absorption using aqueous amines like MEA is the most commonly employed method due to its high absorption rate and low solvent cost,48 its toxicity and the high energy demands for solvent regeneration have led to the development of improved solvents for CO2 chemical absorption. This progress also extends to the development of materials suitable for other methods, including adsorption and membrane-based technologies. 
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[bookmark: _Ref201866257][bookmark: _Toc202295365]Figure 1.3. Adsorption of gas molecules through physisorption and chemisorption processes [35].  





[bookmark: _Toc201855090][bookmark: _Toc202295430]Bioinspired Approach to Carbon Capture
To tackle the environmental challenges posed by conventional CO2 capture methods, bioinspired approaches have garnered attention as sustainable alternatives.49, 50 These methods offer safer, more stable, and eco-friendly solutions, especially when combined with existing technologies.51-53 Natural biomaterials feature a highly complex but organized arrangement with varied chemical compositions, enabling them to carry out multiple functions within biological systems. In addition, their multifunctionality makes them competitive materials, attracting attention from researchers seeking inspiration for novel and improved materials. Bioinspired approaches involve developing solutions to existing technological challenges by drawing inspiration from natural biomaterials. 54 In carbon capture, these technologies aim to address CO2 capture in the most sustainable way possible.55 Numerous studies suggest using amino acids as substitutes for amine-based methods, stemming from the inspiration provided by the interactions between amino acid building blocks and CO2 in biological systems.56-61 
[bookmark: _Ref201968847]Carbonic anhydrase (CA) is an enzyme, with an active site containing Zn2+ bound to hydroxide and is used for the interconversion between CO2 and bicarbonate (Equation 1.1).62-66 It enables the transport of CO2 or hydrated CO2 in the form of bicarbonate to pathways that need them.67 CA is promising to enhance CO₂ absorption and desorption, accelerating reaction kinetics at lower energy demands. Even with all these benefits, CA has limited industrial use in carbon capture due to its low stability at elevated temperatures, basic pH, and instability around flue gas components like SOx and NOx.68 Therefore, there is a need to produce better-engineered enzyme-based materials for carbon capture. 
	
	
	[bookmark: _Ref202349119]Equation 1.1


Another significant natural biomaterial utilized in carbon capture is ribulose-1,5-bisphosphate carboxylase-oxygenase (RuBisCO). RuBisCO plays a crucial role in the conversion of CO2 into energy-rich molecules in plants and certain bacteria. However, RuBisCO operates relatively slowly, fixing only approximately three molecules of CO2 per second. Furthermore, this enzyme displays poor specificity for CO2, as it can also bind to oxygen, which has a lower molecular weight than CO2.69 Despite this, RuBisCO remains a source of inspiration for designing improved materials for sustainable carbon capture and separation, thereby promoting an environmentally friendly method for CO2 capture and separation. 
Amino acids (AAs), which serve as the building blocks of enzymes, represent viable alternatives to conventional amine-based solvent capture techniques, as they can be gotten from various biosources  and used for industrial carbon capture 69 as shown in Figure 1.4. They employ principles inspired by the interactions between these enzymatic building blocks and carbon dioxide for the purpose of selective carbon capture.56-61 They have similar chemical functionalities to amine solvents, resulting in a strong affinity for CO2. However, they offer distinct advantages over amine solvents due to their low toxicity,70 non-volatility,16 resistance to oxidative degradation,71, 72 and the potential for production from numerous bio-sources. 73, 74
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[bookmark: _Ref191729612][bookmark: _Toc202295366]Figure 1.4. Bioinspiration from amino acids, the building blocks of enzymes used in industrial carbon capture 


[bookmark: _Toc201855091][bookmark: _Toc202295431]Direct Air Capture
According to the Intergovernmental Panel on Climate Change (IPCC), transportation sector accounts for approximately 23% of global atmospheric carbon dioxide.75 Most post-combustion capture techniques are able to account for carbon dioxide generated on site, without an account for mobile sources like transportation sector. This highlights the necessity of accounting for CO2 emissions from both point and distributed sources, as well as historical emissions, in order to reduce the atmospheric concentration of CO2 to well below 2 above pre-industrial levels.76 This necessitates the implementation of a diversity of carbon capture technologies to eliminate approximately 100 to 1000 GtCO2 by the year 2100.77
Direct air capture (DAC) is a promising carbon capture technology that can capture CO2 from both point and distributed sources.78-81 This potential is especially enhanced when it is combined with a renewable energy source. There are several emerging DAC approaches, that determine the nature of the sorbent being used. Cryogenic DAC cools air to isolate solid CO2, which can then be stored in this solid form or converted back into high-quality CO2 for industrial use.82-84 Moisture-swing adsorption is a DAC technology that captures CO2 in dry environments and releases it upon exposure to water, reducing energy requirements while increasing water usage.85-87 Voskian and Hatton proposed electro-swing DAC adsorption, which binds CO2 to a specialized material when electrically charged and releases it when discharged, eliminating the need for heat-based regeneration.88 Alkaline-based DAC employs reactive materials like magnesium oxide (MgO) to chemically absorb CO2 from the air.89 The solid sorbent DAC method captures CO2 from mixed gas streams by employing hierarchically porous materials through an adsorption process. Depending on the strengths and nature of the interaction, this can be either physisorption or chemisorption, with the former utilizing weak intermolecular forces and the latter relying on stronger covalent bonds.90 The liquid DAC method removes CO2 by dissolving the gas into the liquid phase, resulting in a CO2-depleted gas stream exiting the system and a CO2-enriched liquid stream for further processing to regenerate the liquid sorbent. To maximize efficiency, this approach often employs structured packing, which enhances surface contact between the gas and liquid phases, thereby improving CO2 capture efficiency.91, 92 These DAC approaches follow similar process where ambient air comes in contact with the capture medium containing the sorbent, followed by the regeneration of the sorbent to enable the repetition of this cycle (Figure 1.5).93
Among the various DAC methods, liquid solvent and solid sorbent techniques are the most advanced, with amino acid-based DAC receiving significant attention in recent years due to its sustainable benefits. Brethomé et al. investigated the DAC process using aqueous amino acid solutions as the liquid sorbent, which are then regenerated through crystallization with guanidine compounds.94 Custelcean et al. utilized aqueous amino acids in the DAC of CO2 and subsequently regenerated their amino acid solvents using meta-benzene-bis(iminoguanidine) (m-BBIG).60 Recker et al. employed ionic liquid derived from waste amino acids for DAC of CO2. This process involved a laboratory-scale experiment utilizing a mixture of valine, leucine, and isoleucine procured from biowaste sources, such as feathers and furs. 95 Recently, Yaghi and colleagues incorporated various amino acids (glycine, proline, lysine, and arginine) into a porous metal-organic framework (MOF-808) to serve as a solid sorbent-based DAC.96 
Numerous obstacles impede the broad implementation of DAC technology. These challenges consist of significant operational expenses, the need for prolonged monitoring, transforming captured CO2 into useful products such as fuels, and worries regarding possible CO2 leakage from underground storage.78, 97, 98 Furthermore, the extremely low concentration of CO2 in the atmosphere poses a considerable challenge, resulting in high energy usage and competition from other gases like water vapor, which can hinder CO2 capture efficiency.
To enhance DAC efficacy, the ideal sorbent material needs to have several essential qualities: a high capacity for CO2 adsorption, adequate binding strength to capture CO2 without creating significant energy barriers for its release, strong CO2 selectivity, and durability over time. Current research aims to optimize these elements by creating economical and energy-efficient sorbents, ensuring that the costs of raw materials and the synthesis process do not become financially burdensome.99 Thus, the motivation behind the work presented in Chapter 2 and  Chapter 3 is the extensive analysis of natural amino acids and their dipeptide products for their potential in solid-sorbent-based DAC of CO2. 
[bookmark: OLE_LINK9]In this study, the DAC process is proposed as a prospective pathway for the incorporation of the peptides for CO2 capture and separation. By determining the strengths of the interactions between these peptides and CO2, the feasibility of this technology can be better understood. 
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[bookmark: _Ref191833387][bookmark: _Toc202295367]Figure 1.5. Schematic illustration of direct air capture of CO2 with utilization and storage. Redrawn from David Sandalow et al. (2018). [83]

[bookmark: _Toc201855092][bookmark: _Toc202295432]Computational Chemistry for Amino Acid-Based CO2 Capture
By assessing the strengths of the interactions between these amino acids and oligopeptides with CO2, a comprehensive understanding of the feasibility of this technology can be obtained. However, the number of experiments permissible during the trial phase is limited. Consequently, electronic structure theory or quantum chemical methods are essential for calculating the interaction energies as electrons move around in molecules. The application of statistical mechanics to the results of electronic structure analysis allows for the determination of bulk properties such as heat capacity, Gibbs free energy, and others. Such methodologies can be employed to yield insights into the experimental design of oligopeptides aimed at carbon dioxide capture.100
[bookmark: _Toc201855093][bookmark: _Toc202295433]Dissertation Organization 
The structure of this dissertation, following the introductory chapter, is as follows. Chapter 2 offers precise reference data on non-covalent interactions between CO2 and amino acids across different compound regions, alongside a DFT benchmark that establishes the foundation for the computational methods explored in later chapters. Chapter 3 expands on the previous chapter by examining the cooperative interactions in dipeptides compared to amino acids. Additionally, it discusses various functional groups–carboxylic acid, carbonyl, amines, hydroxyl, and thiol groups–and how these interactions influence the overall affinity for CO2 binding. Chapter 4 details a high-throughput screening of a vast tripeptide database using a novel metric that decomposes non-covalent interaction terms into quantitative components, leveraging molecular descriptors to predict tripeptide interaction energies with CO2 through machine learning. Chapter 5 significantly shifts focus by presenting a comparative study on the mechanistic exploration of amino acids and CO2 in solution, analyzing the free energy surfaces that describe the energy landscape of various reaction mechanisms related to each intermediate complex. Lastly, Chapter 6 summarizes the main objective of this dissertation, which is to deliver reference data and an innovative algorithm that enriches the understanding of employing amino acids and oligopeptides for bioinspired carbon capture, particularly within direct air capture technologies. This approach can be implemented in various locations, thereby enhancing accessibility and efficiency in reducing atmospheric CO2.


[bookmark: _Toc201855094][bookmark: _Ref201866462][bookmark: _Toc202295434]Accurate Interaction Energies of CO2 with the 20 Naturally Occurring Amino Acids
[bookmark: OLE_LINK29][bookmark: OLE_LINK28]Disclosure: The following chapter has been modified, with permission from a journal article published in ChemPhysChem in 2023, volume 24, issue 13.101 Dr. Konstantinos D. Vogiatzis (principal investigator) and I authored this publication. Electronic structure theory calculations, including density functional theory and explicitly correlated coupled cluster, as well as database generation, curation, and data analyses, were performed by me. All sections were written by me and Dr. Konstantinos D. Vogiatzis. 
[bookmark: _Toc201855095][bookmark: _Toc202295435]Introduction 
Carbon dioxide (CO2) is the prime greenhouse gas produced mainly from transportation, power plants, chemical plants, and other industrial processes, and has become a major concern across the globe as a prime cause of extreme climate changes.102 CO2 capture and separation comprise several technologies that capture, store and transport CO2 at various stages from point sources.103 On an industrial scale, amine-based solvents are largely used for CO2 capture via chemisorption, which is an energy-intensive and prone to corrosion process.31 This is an outcome of the high cost of solvent regeneration, the corrosive nature of the byproducts, and the high vapor pressure of the solvent leading to release of toxic amine gases into the atmosphere upon heating. In addition, the high energy required to remove the adsorbed CO2 and break the carbamide bond formed between the CO2 and the amine defeats the whole purpose of carbon reduction, towards mitigating climate change. This has propelled several researchers to seek alternatives to the capture of CO2 via conventional chemisorption processes. These alternative methods range from the use of membrane,104 porous materials as adsorbents such as zeolites and metal-organic frameworks (MOFs),105 carbon molecular sieves,106, 107 cryogenic methods,108 and ionic liquids.109 These techniques are mostly used to capture CO2 from post-combustion industrial sources. Although there are different methodologies for CO2 capture, the challenge remains to find a balance between sustainable, cost-effective, and environmentally friendly technologies. Several studies have proposed the use of bio-inspired materials for the selective capture of CO2, where amino acids (AAs), the building blocks of enzymes, can effectively bind CO2 as suitable alternatives to conventional amine-based solvent capture. 56, 58-61, 110 In addition, AAs have low toxicity,70  are non-volatile,16 have high resistance to degradation,71 and could be produced from various bio-sources.73, 74 
The 20 naturally occurring AAs are the building blocks of enzymes that catalyze biochemical reactions. They are composed of a carboxylic acid group and an amino group while they differ by their side groups (R) which can contain among others alkyl, aromatic, hydroxy, amine, or carboxylic acid groups. The presence of nucleophilic side chains makes AAs promising units for selective interactions with CO2. The formation of weak, noncovalent interactions would eliminate the high regenerative cost of separating CO2 from the conventional capture media that requires stronger carbamide bonds with CO2. Also, the variety of nucleophilic groups on AAs offer synergistic binding with 2:1 ratio between AAs and one CO2 molecule, which further increases the efficacy of the physisorption process.  These AAs-based separation techniques can be used in post-combustion processes (high composition of CO2), like amine solvents, or in direct air capture (DAC) processes by physisorption. The DAC can be used to capture CO2 from smaller-scale and mobile sources like transportation media. DAC also bypasses the problem of storage and transportation of CO2 and therefore can be incorporated into technologies that directly use CO2 as feedstock. 111, 112
Although there are numerous reports on amino acid-functionalized MOFs,113-120 amino acid salts and amino acid ionic liquids,16, 121 there are limited available theoretical data on the interaction strength of isolated AAs with CO2. Hussain et al. reported the strength of the covalent and non-covalent interactions of the 20 naturally occurring AAs with CO2 at various interaction sites.122 This computational study utilized density functional theory (DFT) with the M05-2X exchange-correlational functional. A more recent work illustrated how the introduction of an extra carboxylate group on the AAs can increase their interaction with CO2.123 A combination of spectroscopic methods and quantum chemical calculations demonstrated how these introduced groups could reduce the negative inductive effect of an amino group and accelerate the interaction of the molecule with CO2. Another computational study focused on the chemisorption of CO2 on amino acid ionic liquids using molecular dynamics (MD) simulations and DFT calculations performed with the M06-2X functional.124 
In this work, the non-covalent interaction energies of the CO2-AA molecular systems are explored with accurate quantum chemical methods. For that purpose, we have computed reference interaction energies using highly accurate explicitly correlated coupled-cluster singles-and-doubles with perturbative triples (abbreviated as CCSD(F12)(T)) at the complete basis set (CBS) limit.125, 126 We have explored a variety of possible CO2 binding sites per AA and the generated reference data are used for benchmarking common density functionals. The theoretical methods used in this study are presented in 2.2, while 2.3 introduces the CCSD(F12)(T)/CBS reference results. A detailed discussion for the CO2-serine system is presented, followed by the analysis of the full CO2-AA molecular dataset and the DFT benchmark study. Conclusions are provided in 2.4 which will serve as the basis for future computational examination of biologically inspired macrostructures and materials for AA-based CO2 separations. 
[bookmark: _Toc201855096][bookmark: _Ref201866816][bookmark: _Toc202295436]Computational Methods
[bookmark: _Toc201855097][bookmark: _Toc202295437]Geometry Optimizations
Initial structures were generated with the OPLS-AA force field in a periodic box at 200 K in the NVT ensemble with a Nosé-Hoover thermostat using a 1.0 ps time constant and a 1.0 fs time step.127 All the force-field inputs were generated using the LigParGen software package.128 The simulation was carried out using the Large Atomic/Molecular Massively Parallel Simulator (LAMMPS)129 software package in 10,000 iterative steps. The 30 most stable conformations were selected and optimized using DFT. The PBE0 functional130 with Grimme’s dispersion correction (D3),131 the Becke-Johnson (BJ) damping function, the resolution of identity (RI) approximation,132 and the def2-TZVPP133 basis set were used. All DFT calculations were performed with the TURBOMOLE 7.2.1134 quantum chemical program package.
[bookmark: _Toc201855098][bookmark: _Toc202295438]Explicitly Correlated Coupled-Cluster Calculations
To verify the suitable geometries needed for the reliable coupled-cluster calculations, constrained geometry optimizations were carried out on AA-CO2 supersystems. These constrained geometry optimizations were performed at the PBE0-D3(BJ)/def2-TZVPP level of theory by systematically varying the AA-CO2 bond distance around the PBE0 minimum and the energetically most stable geometries were used in the CCSD(F12)(T) calculations. The conventional CCSD(T) method has a strong basis set dependence, leading to slower convergence with increasing basis set size. Slow convergence can be addressed by using F12 methods, which include terms in the wavefunction that explicitly depend on the interelectronic distance r12. 135-137 The CCSD(F12)(T) calculations were performed using the cc-pVXZ-F12138, 139 basis sets (X = D, T) and the corresponding complementary auxiliary basis sets (CABS). The cc-pVXZ-F12 auxiliary basis sets were used to fit the F12 and electron-repulsion integrals (CBAS) as well as the two-electron contributions to the Fock matrix (JKBAS). The 2B ansatz was used in all F12 calculations.140 The two-point formula of Helgaker and co-workers141 was used for extrapolation towards the CBS of the perturbative triples: 
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	 = 
	Equation 2.2


where  is the Hartree-Fock (HF) energy while the  terms represent electron correlation energies. The term “CABS S” represents the CABS singles correction to the HF energy.142 The cc-pVDZ-F12 and cc-pVTZ-F12 basis sets are abbreviated by their cardinal numbers X = 2 and Y = 3, respectively. The (T) was computed from cluster amplitudes of the conventional CCSD(T). All CCSD(F12)(T) calculations were performed with the TURBOMOLE 7.2.1134 software package.
[bookmark: _Toc201855099][bookmark: _Toc202295439]DFT Calculations
DFT geometry optimizations for all 20 AA-CO2 supersystems, AA monomers, and isolated CO2 were performed using TURBOMOLE134 7.2.1 software package with the D3(BJ) dispersion correction, and the RI approximation. In this study, 11 density functionals were tested and the obtained interaction energies (Eint) were compared to the highly accurate reference CCSD(F12)(T)/CBS energies. The density functionals used in the study are: PBE,143 BP86,144 BLYP,145, 146 TPSS,147 PW6B95, BHLYP,148 PBE0,130 TPSSH,149 B3LYP,150 B97D,151 B973C.152 The geometry optimizations were performed with each of these functionals, using the def2-TZVPP, def2-TZVP, and def2-SVP basis sets and the m4 grid. 133, 153 The interaction energies were computed as the difference in the energy of the optimized supersystem and the energies of the optimized AA and CO2 geometries. 
For assessing the accuracy of the selected density functionals, we have computed the mean absolute error (MAE): 
	
	Mean absolute error (MAE) 
	Equation 2.3


where is the CCSD(F12)(T)/CBS reference energies,  is the DFT energy for each AA per density functional, and n is the number of AAs (n=20). The root mean square error (RMSE) is defined as: 
	
	Root mean square error (RMSE) 
	Equation 2.4


[bookmark: _Toc201855100][bookmark: _Ref201866873][bookmark: _Toc202295440]Results and Discussion 
[bookmark: _Toc201855101][bookmark: _Toc202295441]Correlation Effects: Serine-CO2 as a Test Case
Serine has been selected in this study as a representative example of the different electron correlation term contributions to the CO2 interaction energies. In this analysis, we will abbreviate the two basis sets selected for these calculations (cc-pVDZ-F12 and cc-pVTZ-F12) as DZ and TZ, respectively. The slow convergence to the complete basis sets limit, an effect that originates from the poor description of the electron cusp when a truncated basis is used in post-HF calculations,154 is addressed by the introduction of explicitly-correlated terms (F12). Since it is known that coupled-cluster methods require large basis sets to provide highly accurate results, we wanted to analyze the individual electron correlation terms on the interaction energy of a representative molecular system before we consider the full AA database. For that purpose, we have selected serine-CO2, one of the simplest AA, and we have performed a detailed analysis of the individual electron correlation terms (Table 2.1). For this analysis, the most stable geometry of the serine-CO2 supersystem was used, which involves a CO2 weakly bound on the COOH site of the AA. 
The HF/TZ interaction energy is -2.10 kcal/mol, while the CABS singles correction to HF with the same basis is positive (0.02 kcal/mol). The CCSD correction to the HF interaction energy with the double- and triple-zeta basis sets is -2.22 and -2.34 kcal/mol, respectively, while the CCSD(F12)/TZ converges to -2.36 kcal/mol. Note that the CCSD(F12) energy term computed with the smaller basis set (DZ, -2.34 kcal/mol) is identical to the conventional CCSD with the larger triple-zeta basis. Thus, the gain from the explicit correlation becomes evident since the CCSD(F12)/DZ calculation requires less computational effort than a conventional CCSD calculation with a triple-zeta basis set. The perturbative triples (T) correction term contributed about 0.5 kcal/mol to the CCSD method, which corresponds to ~19% of the total correlation energy of the CO2-serine interaction. Note that the (T) energy term computed from the CCSD(F12)(T) level of theory (shown as (T)F12 in Table 2.1) differs from the conventional CCSD(T) since the computed  and  amplitudes have different values when the explicit correlation is included in the coupled-cluster projected equations. However, both extrapolated (T)con/DT and (T)F12/DT terms from (Equation 2.1) are identical (-0.56 kcal/mol), which means that both approaches converge to the same CBS limit. For that reason, we have used the (T)F12/DT term for the computation of the reference values of the 20 AA-CO2 supersystems (see below). Addition of the (T)con/DT to the  (-2.36 kcal/mol) provides the best estimate for the total correlation energy to the CBS (-2.91 kcal/mol). Interestingly, extrapolation of the total correlation energies computed at CCSD(F12)(T)/DZ and CCSD(F12)(T)/TZ levels by applying (Equation 2.1) provides a  = -2.92 kcal/mol, which is almost identical (difference of 0.01 kcal/mol) with the energy term computed from the separate extrapolation of the CCSD via explicit correlation and (T) via the two-point Helgaker formula. Addition of the HF energy and the first-order correction from CABS Singles provides the best estimate (-4.99 kcal/mol) for the interaction energy between serine and CO2.
The contributions to the serine-CO2 interaction energy from the aug-cc-pVXZ basis sets (X=D, T), abbreviated as aVXZ are outlined in Table 2.2. Surprisingly, the conventional HF energies from aVDZ and aVTZ (-2.49 and -2.24 kcal/mol, respectively) significantly deviate from the equivalent values from the cc-pVXZ-F12 basis sets (-2.06 and -2.10 kcal/mol). On the contrary, both families of basis sets converge to the same HF limit upon addition of the first-order correction from CABS Singles (-2.08 and -2.09 kcal/mol for TZ and aVTZ, respectively). The  correlation energy terms are in reasonable agreement (-2.36 and -2.43 kcal/mol for TZ and aVTZ, respectively), while the (T)F12/DT extrapolated energies converge to almost the same value (-0.56 and -0.54 kcal/mol for DZ/TZ and aVDZ/aVTZ, respectively). Overall, the best estimates for the total interaction energies of serine-CO2 system are in fair agreement (-4.99 and -5.05 kcal/mol).
In the next paragraph, the sum of ECCSD(F12)/TZ + E(T)/DT is used for the generation of a balanced set of accurate reference energies for the interaction of CO2 with the 20 naturally occurring AAs. For sake of simplicity, we will refer to these energies as CCSD(F12)(T)/CBS.


[bookmark: _Ref201867296][bookmark: _Toc202295357]Table 2.1. Individual cc-pVDZ-F12 energy contributions to the interaction energy of CO2 with serine.  represents the interaction energy contribution of the different correlation terms (corrections to HF) and ΔEint represents the total interaction energy (HF + corrections). 
	METHODS
	[kcal/mol]
cc-pVDZ-F12
	cc-pVTZ-F12
	ΔEint [kcal/mol]
cc-pVDZ-F12
	cc-pVTZ-F12

	HF
	0.00
	0.00
	-2.06
	-2.10

	CABS S
	0.00
	0.02
	-2.06
	-2.08

	CCSD
	-2.22
	-2.34
	-4.29
	-4.43

	CCSD(F12)
	-2.34
	-2.36
	-4.40
	-4.44

	(T)con
	-0.49
	-0.54
	
	

	CCSD(T)
	-2.72
	-2.87
	-4.78
	-4.97

	(T)F12
	-0.48
	-0.53
	
	

	CCSD(F12)(T)
	-2.82
	-2.89
	-4.88
	-4.97

	(T)con/DT
	
	-0.56
	
	

	(T)F12/DT
	
	-0.56
	
	

	CCSD(F12)+(T)/DT
	-2.87
	-2.91
	-4.95
	-4.99

	
	
	
	
	


[bookmark: _Ref201971131][bookmark: _Toc202295358]
Table 2.2. Individual aug-cc-pVDZ-F12 energy contributions to the interaction energy of CO2 with serine.  represents the interaction energy contribution of the different correlation terms (corrections to HF) and ΔEint represents the total interaction energy (HF + corrections).
	METHODS
	[kcal/mol]
aug-cc-pVDZ-F12
	aug-cc-pVTZ-F12
	ΔEint [kcal/mol]
aug-cc-pVDZ-F12
	aug-cc-pVTZ-F12

	HF
	0.00
	0.00
	-2.49
	-2.24

	CABS S
	0.35
	0.15
	-2.14
	-2.09

	CCSD(F12)
	-2.38
	-2.43
	-4.52
	-4.52

	(T)F12/DT
	
	-0.54
	
	

	CCSD(F12)+(T)/DT
	-2.92
	-2.96
	-5.06
	-5.05
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[bookmark: _Toc202295442]CCSD(F12)(T) Reference Data
An isolated AA has three potential sites that can form weak interactions with CO2; the alpha amine (α-NH2), the carboxylic group (COOH), and the side group R that is unique for each AA. For the purpose of this study, and for providing a complete dataset of highly accurate reference values, we have computed at the CCSD(F12)/TZ + (T)/DT level the CO2 interaction energies for all 20 AAs and for all three different sites (α-NH2, COOH, side group R). All reference data for the interaction energies and optimal atom distances between CO2 and the AA atom closest to the carbon atom of CO2 are included in Table 2.3, while all energies are shown graphically as a plot in Figure 2.1. Figure 2.2 shows the optimized geometries of the strongest interaction site for all the AA-CO2 supersystems. 
For almost all AAs, the interactions of CO2 with the carboxylic acid (about -4.0 to -5.0 kcal/mol) are stronger than the interaction with the α-NH2 group (about -2.5 to -3.5 kcal/mol). There is an exception to this with arginine, where the CO2 interaction with the α-NH2 group is further stabilized by interactions between O (CO2) and H (side chain -NH2), and C (CO2) and N (side chain NH2). Although CO2 primarily interacts with the α-NH2 group, this cooperative effect further enhances the CO2 affinity of arginine. 


[bookmark: _Ref197631172][bookmark: _Toc202295359]Table 2.3. CCSD(F12)(T)/CBS reference interaction energies (EInt, in kcal/mol) and interatomic distances (in Å) of the 20 naturally occurring AAs and CO2 (in alphabetical order). Bold font indicates the most preferable interaction site. A dash (-) indicates that no favorable interaction was found between CO2 and the side groups (e.g., the methyl group of alanine).
	
	α-NH2
	COOH
	Side Group

	AA
	EInt
	RN…C
	EInt
	RO…C
	EInt
	RX…C

	Ala
	-2.55
	3.058
	-3.89
	2.834
	-
	-

	Arg
	 -5.24
	3.553
	-4.46
	2.838
	-6.12
	2.804

	Asn
	-2.45
	3.054
	-3.37
	2.951
	-6.08
	2.791

	Asp
	 -2.36
	3.065
	-4.05
	3.492
	-5.53
	2.881

	Cys
	-2.59
	3.024
	-3.93
	2.866
	-3.62
	3.540

	Glu
	-2.58
	3.018
	-5.19
	2.911
	-3.89
	2.809

	Gln
	-2.67
	3.003
	-4.46
	2.884
	-4.85
	2.796

	Gly
	-2.36
	3.040
	-3.84
	2.830
	-
	-

	His
	-2.58
	3.045
	-4.55
	2.784
	-4.75
	2.836

	Ile
	-2.42
	3.079
	-4.20
	2.845
	-
	-

	Leu
	-2.89
	3.112
	-6.17
	2.859
	-
	-

	Lys
	-2.43
	3.060
	-4.05
	3.307
	-4.14
	3.025

	Met
	-2.44
	3.046
	-4.16
	2.815
	-2.78
	3.296

	Phe
	-3.08
	3.120
	-4.60
	2.835
	-
	-

	Pro
	-4.19
	2.878
	-4.43
	3.096
	-
	-

	Ser
	-2.65
	3.014
	-4.99
	2.810
	-4.00
	2.805

	Thr
	-2.61
	3.020
	-4.61
	2.845
	-4.37
	2.785

	Trp
	-3.39
	3.120
	-3.92
	2.993
	-4.26
	3.175

	Tyr
	-2.54
	3.044
	-5.28
	2.835
	-4.66
	3.751

	Val
	-2.43
	3.066
	-4.15
	2.847
	-
	-




 
[bookmark: _Ref201872991][bookmark: OLE_LINK10][bookmark: _Toc202295368]Figure 2.1. CCSD(F12)(T)/CBS interaction energies and the respective interatomic distances of the 20 naturally occurring AAs and CO2 at different interaction points. 
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[bookmark: _Ref112840178][bookmark: _Ref118976381][bookmark: _Toc202295369]Figure 2.2. Optimized geometries of the 20 naturally occurring AAs and CO2 (in alphabetical order). The most preferable interaction site with CO2 is shown.


Leucine (Leu-CO2) exhibits the strongest interaction energy (-6.17 kcal/mol) in the entire series (Table 2.3), where CO2 preferably interacts with the COOH group. This can be attributed to the dipole-induced dipole interactions between the C(CO2) and the O(COOH) as well as additional stabilizing hydrogen bonding interactions that are absent in other AAs.155, 156 These arise from the interactions of H atoms located on the side chain methyl groups and the oxygen atoms of CO2. This interaction is also present in isoleucine–structural isomer of leucine, but in a form of head-on interaction compared to the parallel position of CO2 next to leucine. Arginine (Arg-CO2) has the second strongest interaction energy (-6.12 kcal/mol) with CO2 interacting with the side chain that has three amine groups. This rich nucleophilic center results in the observed interaction energy with CO2. In addition, there is a stabilizing hydrogen bonding between the O (CO2) and the H (primary NH2). Asparagine (Asn-CO2) has the third strongest interaction energy (-6.08 kcal/mol) where CO2 is in close proximity to the side chain amide group. This dipole-induced dipole interaction is stabilized by hydrogen bonding. Asparagine also has one of the shortest interatomic distances with CO2 with a value of 2.791Å. For all other AAs, the report of all possible interactions between AA and CO2 has interaction energies are between -2.36 kcal/mol to -5.24 kcal/mol. Most of the AAs interacted preferentially with CO2 through the primary carboxyl group, with an average interaction energy of -4.43 kcal/mol and an average interatomic distance of 2.92 Å. On the other hand, interactions at the α-amine groups displayed the weakest energies (average EINT = -2.73 kcal/mol) and longest interatomic distances (average RN…C(CO2) = 3.09 Å). in a few cases, we found an intramolecular interaction between the H(COOH) and N(α-NH2) on the AA backbone, which competes with the CO2-N(α-NH2) and eventually reduces the strength of the CO2 interaction. 
[bookmark: _Toc201855103][bookmark: _Toc202295443]Discussion on Leucine, Isoleucine and Valine Interacting with CO2
In this section, the differences and similarities of the interaction energies between CO2 and leucine, isoleucine and valine are discussed. These three AAs have similar, non-polar side groups, but their computed interaction energies with CO2 show significant deviations (Figure 2.3(A)). While leucine has one of the strongest CO2 interaction energies (-6.17 kcal/mol at the CCSD(F12)(T)/CBS level), isoleucine and valine found to have a significantly weaker interaction with CO2 (-4.20 and -4.15 kcal/ mol at the CCSD(F12)(T)/CBS level, respectively). 
All three systems are stabilized with dipole-induced dipole interactions between C(CO2) and O(COOH) (~ 2.86 Å for all three cases), while weak “hydrogen bonding interactions” between H(methyl) and O(CO2) provide additional stability. For all three cases, the closest O(CO2)...H(methyl) distance is ~ 2.67 Å. However, the orientation and angular placement of CO2 in the leucine supersystem differ from the isoleucine and valine cases. In particular, the absence of a methyl group in beta position from the COOH group in leucine creates less steric repulsion and allows CO2 to be in close proximity to the AA. This is shown in Figure 2.3(B), and it is also validated by the measured distance between the second O(CO2) that its distance from the AA is ~ 3.0 Å. On the contrary, the presence of the beta methyl group in isoleucine and valine (shown in dashed red circle in Figure 2.3(B)) introduces steric repulsion to CO2 (Figure 2.3(D)), and the distance of the second O(CO2) exceeds the 3.5 Å from the AA (both isoleucine and valine). 
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[bookmark: _Ref197632038][bookmark: _Toc202295370]Figure 2.3. (A) Interaction energies of leucine, isoleucine, and valine with CO2 calculated at the CCSD(F12)(T)/CBS limit. (B) Molecular structures of the three AAs. (C) Optimized geometries at the PBE0-D3(BJ)/def2-TZVPP level (top view) and (D) rotated by 90° (side view). 


[bookmark: _Toc201855104][bookmark: _Toc202295444]Screening of Different Density Functionals 
[bookmark: _Ref118978047]The stable conformers from the classical mechanics simulations were further optimized with different density functionals (PBE, BP86, BLYP, TPSS, PW6B95, BHLYP, PBE0, TPSSH, B3LYP, B97D, and B973C) and basis sets (def2-SVP, def2-TZVP, and def2-TZVPP). The performance of each of these density functionals was evaluated with respect to the CCSD(F12)(T)/CBS reference energies. This analysis would identify which density functionals that describe to a considerable degree the noncovalent interactions of CO2 and AAs. The MAE, MAD, RMSE, and MAX error values of the different density functionals with def2-TZVPP basis sets are shown in Table 2.4.


[bookmark: _Ref197632408][bookmark: _Toc202295360]Table 2.4. MAE, MAD, RMSE, and MAX Error of the interaction energy (in kcal/mol) of the different density functionals and def2-TZVPP basis sets
	Density Functional
	MAE 
	RMSE 
	MAX 

	PBE0-D3(BJ)
	0.13
	0.16
	0.36

	B3LYP-D3(BJ)
	0.17
	0.21
	0.41

	PW6B95-D3(BJ)
	0.19
	0.26
	0.73

	M06-2X
	0.23
	0.29
	0.61

	BLYP-D3(BJ)
	0.24
	0.27
	0.51

	PBE-D3(BJ)
	0.31
	0.53
	2.07

	TPSSh-D3(BJ)
	0.59
	0.77
	2.57

	B97d-D3(BJ)
	0.6
	0.65
	1.08

	BHLYP-D3(BJ)
	0.62
	0.64
	1.01

	TPSS-D3(BJ)
	0.7
	0.87
	2.79

	M06
	0.81
	0.85
	1.41

	BP86-D3(BJ)
	0.87
	1.04
	3.10

	B97-3c-D3(BJ)
	0.92
	0.95
	1.43





The MAE for the interaction energy (kcal/mol) and interatomic distances (Å) of the different functionals and def2-TZVPP and def2-TZVP basis sets are presented in Figure 2.4. Of all the functionals used in this study, the GGA density functionals B97-3c-D3(BJ) and BP86-D3(BJ) provided the lowest accuracy, with MAE of 0.92 kcal/mol and 0.87 kcal/mol, respectively (def2-TZVPP basis set). The hybrid density functionals PBE0-D3(BJ) and B3LYP-D3(BJ) provided the highest accuracy and lowest MAE (0.13 kcal/mol and 0.17 kcal/mol, respectively, with the def2-TZVPP basis set). A similar behavior was observed for the def2-TZVP basis sets, while results with the smaller def2-SVP basis sets and for all density functionals significantly deviated from the reference values. For example, the density functionals BHLYP-D3(BJ) had the highest MAE of 3.06 kcal/mol. The MAD and RMSE values computed with BP86-D3(BJ)/def2-TZVPP were the highest of all methods used in this study (0.33 kcal/mol and 1.04 kcal/mol respectively), while PBE0-D3(BJ)/def2-TZVPP had the lowest MAD and RMSE (0.08 kcal/mol and 0.16 kcal/mol, respectively). It is noteworthy that B3LYP-D3/BJ had also a low RMSE of 0.21 kcal/mol. Overall, all density functionals together with the triple-zeta quality basis sets were in good agreement with respect to the reference values, with RMSEs not exceeding the 1.04 kcal/mol. 
The source of the large deviations from the smaller def2-SVP basis set is probably due to the basis set incompleteness which leads to the basis set superposition error (BSSE). In order to test this, we applied the counterpoise correction proposed by Boys and Bernardi157 in the serine-CO2 system. We found that the counterpoise corrected energy, -5.14 kcal/mol, compared to the uncorrected interaction energy of -7.66 kcal/mol.  These counterpoise corrected and uncorrected energies were computed at PBE0-D3(BJ)/def2-SVP level of theory. 
For the interatomic distances, the GGA density functionals B97-3c-D3(BJ) and B97D-D3(BJ) provided the lowest accuracy with a MAE of 0.12 Å with def2-TZVPP basis sets. On the contrary, B3LYP-D3(BJ) was in excellent agreement with the PBE0-D3(BJ)/def2-TZVPP geometry that was used as reference on this study (MAE of 0.01 Å, def2-TZVPP). The def2-TZVP data followed a similar behavior, with density functionals PBE0-D3(BJ) and B3LYP-D3(BJ) providing the lowest MAE. There was an observed deviation in accuracy when the def2-SVP basis set was used. 


[bookmark: _Ref118815545][bookmark: _Ref118815541][bookmark: _Toc202295371]Figure 2.4. Mean Absolute Error (MAE) for the interaction energies (top) in kcal/mol and the interatomic distances (bottom) in Å of the different functional and def2-TZVPP and def2-TZVP basis sets, relative to the CCSD(F12)(T)/CBS reference values. 


[bookmark: _Toc201855105][bookmark: _Ref201866937][bookmark: _Toc202295445]Summary of Key Results
Inspired by recent work on CO2 capture and separation through bio-inspired materials, we have performed a quantum chemical study on the noncovalent interactions between the 20 natural AAs and CO2. The AAs contain various nucleophilic groups, like amine, carboxyl, hydroxyl, and thiol groups, that can interact favorably with CO2, exceeding the -6.0 kcal/mol (e.g. arginine-CO2 supersystem). We started by performing explicitly-correlated CCSD calculations together with perturbative triples at the CBS limit for the computation of accurate interaction energies of the systems of interest. The CCSD(F12)(T)/CBS energies for every possible interaction site of the 20 AAs with CO2 served as reference data for testing different density functional and basis sets. We concluded that the hybrid density functionals PBE0-D3(BJ) and B3LYP-D3(BJ) provide the highest accuracy, with MAEs of 0.13 kcal/mol and 0.18 kcal/mol, respectively (def2-TZVPP basis set). In the future, we are planning to utilize conclusions extracted from this work in hybrid quantum chemical/machine learning studies for the elucidation of noncovalent interactions between oligopeptides and CO2. The presence of a large variety of nucleophilic side chains on the oligopeptides would be a key feature in enhancing the optimal physisorption of CO2. 



[bookmark: _Toc201855106][bookmark: _Ref201866498][bookmark: _Toc202295446]In Silico Screening of CO2-Dipeptide Interactions for Bioinspired Carbon Capture
[bookmark: OLE_LINK22]Disclosure: The following chapter has been modified, with permission, from a journal article published in ChemPhysChem in 2024, volume 26, issue 4.158 The first authorship was shared between Dr. Grier M. Jones and me. The database generation, creation of initial dipeptide-CO2 geometries, quantum chemical calculations, and data curation were carried out by me, under the guidance of Dr. Konstantinos D. Vogiatzis. The automated identification of CO2-philic groups and data analyses were performed by Dr. Grier M. Jones, also under the guidance of Dr. Konstantinos D. Vogiatzis. All sections pertaining to the results and discussion were written and edited by Dr. Konstantinos D. Vogiatzis, Dr. Grier M. Jones, and me. Dr. Radu Custelcean and Dr. Konstantinos D. Vogiatzis initiated the original idea for this bioinspired study using dipeptides for CO2 capture.  
[bookmark: _Toc198721661][bookmark: _Toc201855107][bookmark: _Toc202295447]Introduction
A key goal in addressing climate change involves the control of greenhouse gases in the atmosphere. CO2 is the primary greenhouse gas emitted from human activities through fixed sources such as fossil-based power plants, as well as smaller-scale distributed sources, which include transport and residences among other sources. Current efforts can provide efficient ways for carbon capture and storage (CCS), especially from major sources like flue gas streams.159 An emerging methodology that allows the capture of CO2 at any location is direct air capture (DAC). DAC holds promise in sectors with widespread distribution that contribute significantly to the carbon footprint, such as the aviation and shipping sectors.160
Solvent-based DAC technologies share similar chemistries with conventional solvent-based capture methods that utilize absorption or adsorption beds. However, while aqueous amine solvents are commonly used in flue gas scrubbing,109 they are associated with high costs for solvent regeneration, high vapor pressure, and the production of corrosive and toxic intermediates like nitrosamines.31 Furthermore, the utilization of solvents in DAC technologies may necessitate a significant volume of air to be passed over the solvent, potentially resulting in solvent loss, particularly if the solvent employed is volatile. These limitations highlight the need for less volatile and less corrosive alternatives in CO2 capture, such as amino acids. 
In response to the environmental concerns associated with traditional CO2 capture techniques, bioinspired approaches have emerged as promising solutions,49, 50 which offer environmentally friendlier, safer, and more stable alternatives, especially when coupled with already developed technologies.51-53 Bioinspired strategies involve identifying a technological challenge, seeking parallels in biological systems with similar problems and solutions, and drawing inspiration from nature to address the technological issue.54 Such methodologies are specifically geared towards addressing challenges in atmospheric CO2 capture with an emphasis on sustainability.55 Several studies have suggested the utilization of bioinspired chemical environments, particularly amino acids (AAs), as potential substitutes for traditional amine-based solvent capture methods, which consider the implementation of principles or mechanisms inspired by interactions between the enzymatic building blocks and CO2 for selective carbon capture.56-61 AAs offer distinct advantages over aqueous amine solvents due to their functional groups, which exhibit a high affinity for CO2, along with characteristics such as low toxicity,70 non-volatility,16 resistance to degradation,70 and could be produced from various bio-sources.73, 74 To enhance the efficiency of AA-based CO2 capture, it is recommended to tailor them for use in both distributed and fixed sources with DAC technologies.56, 78-80, 94, 161 Custelcean et al. employed aqueous oligopeptides in the DAC process to capture CO2,60 while Recker et al. utilized ionic liquids derived from waste AAs for DAC of CO2. The latter study involved a laboratory-scale experiment using a mixture of valine, leucine, and isoleucine obtained from biowaste sources, such as feathers and furs.95 More recently, Yaghi and coworkers introduced different AAs (glycine, proline, lysine, and arginine) in a porous metal-organic framework (MOF-808) for DAC with solid materials.96 
[bookmark: OLE_LINK31][bookmark: OLE_LINK26]Herein, we explore the applicability of AAs and dipeptides and their capacity for CO2 physisorption considering that weak, noncovalent interactions are the first step of capture before they can react with CO2. Thus, these interactions influence the subsequent covalent binding. Our primary focus is the quantification of cooperative interactions that enhance the noncovalent, one-to-one (1:1) interactions between AAs and CO2.162 These cooperative interactions, such as those occurring in a 2:1 or 3:1 ratio, significantly strengthen CO2 binding, offering considerable improvement in various industrial settings.163, 164 In a previous study, we performed accurate quantum chemical calculations for the computation of noncovalent interactions between the 20 naturally occurring AAs and CO2. The AAs possess diverse nucleophilic groups such as amine, carboxylic acid, and side-chains such as hydroxyl, thiol, amine, carboxylic acid and carbonyl groups, which exhibit favorable interactions with CO2. These results further illustrate that polar functional groups enhance favorable interactions with CO2.101 This observation is particularly significant as we scale up the size of the oligopeptides and incorporate more polar functional groups, providing valuable insights into expected outcomes. Here, we have explored the interaction of CO2 and dipeptides at various interaction sites using novel algorithms for fast data analysis of the collected results. We performed a comprehensive computational study to reveal where each of the 400 dipeptides, formed from the twenty naturally occurring AAs, interact with CO2. We examine the interactions of CO2 with the carboxylic acid groups, carbonyl groups, primary and secondary amine groups, hydrogens connected to linking carbons, and the unique side-chains of the constituent AAs. To this end, we developed a novel algorithm to help identify the interaction sites of CO2 with the dipeptides and provide statistical insights into how these interactions affect their overall affinity for CO2 binding. We also analyze the cooperative effects between the dipeptides and CO2 by comparing the interaction energies of the dipeptides with the corresponding AAs that compose them, and an in-depth analysis of the statistical insights provided, together with a discussion on design strategies for mitigating CO2 emissions. 
[bookmark: _Toc201855108][bookmark: _Toc202295448]Computational Methodology
[bookmark: _Toc201855109][bookmark: _Toc202295449]Database Generation
First, we formed a database that includes all possible combinations of dipeptides. The permutation of the 20 natural AAs in different sequences results in a diverse set of molecular structures. The Python implementation of RDKit165 was utilized to generate initial optimized dipeptide geometries with molecular mechanics. Initially, AAs were represented as Simplified Molecular-Input Line-Entry System (SMILES) strings,166, 167 a molecular representation that encodes chemical information from molecular graphs as a unique ASCII string.168, 169 We explicitly included the chirality of each AA in the SMILES string since chirality determines their biochemical properties. By specifying chirality, we confined all resulting dipeptides to L-enantiomeric products, consistent with the prevalence of L-amino acids as the fundamental constituents of proteins.170 The molecular structures were then converted into Cartesian coordinates using the experimental-torsion basic knowledge distance geometry (ETKDG)164 implemented in RDKit.165 
[bookmark: _Toc201855110][bookmark: _Toc202295450]Generation of Initial Dipeptide-CO2 Geometries
To delve into the complex interactions between dipeptides and CO2, it is essential to consider the unique characteristics provided by the polar functional groups present in each chemical structure. These diverse molecular units include carboxylic acid, carbonyl, amino, peptide, hydroxyl, and thiol groups, and provide distinct chemical properties that influence the overall interactions with CO2. For instance, the carboxylic acid functional group interacts with CO2 through a dipole-induced dipole interaction, which is further stabilized by hydrogen bonding between the oxygen atom of CO2 [abbreviated as O(CO2)] and the hydrogen atom of the carboxylic acid group [abbreviated as H(COOH)]. Furthermore, the contrasting chemical behavior of dipeptide products, like alanine and glycine (ala-gly) versus glycine and alanine (gly-ala), emphasize the distinctiveness and broad variability within the chemical space of dipeptides and their CO2 interactions under study. With these considerations in mind, we developed a computational process to efficiently position CO2 around the carbonyl groups within dipeptide structures without user intervention. Our algorithm aims to generate initial molecular geometries where CO2 can interact with the dipeptides before optimization. This becomes evident since each dipeptide inherently contains at least one carbonyl group resulting from the peptide bond, along with one or more additional carboxylic acid groups stemming from the primary carboxylic acid group of one amino acid subunit and side-chain functional groups. Overall, the CO2-placement algorithm produced 960 conformations with CO2 interacting with carbonyl groups. 
The initial phase includes identifying the carbonyl group(s) present within a dipeptide structure. Subsequently, the placement of the carbon atom of the CO2 molecule is determined relative to the carbonyl groups by employing logical parameters for bond distance, bond angle, and dihedral angle, as shown schematically in Figure 3.1. The carbon atom of the CO2 molecule [or C(CO2)] is positioned at a bond distance R = 2.8 Å from the oxygen atom of the carbonyl group [or O(CO)] and forms a bond angle θ = 180° with C(CO). Then, the dihedral angle between C(CO2), the carbonyl group, and the first atom next to the carbonyl group is set at φ = 0°. Similarly, the two oxygen O(CO2) atoms are placed on the same plane with C(CO2) and with bond distances RC-O = 1.15 Å. Following this, the initial dipeptide-CO2 structure is further optimized at the density functional theory (DFT) level. 
[image: ]
[bookmark: _Ref198218832][bookmark: _Toc202295372]Figure 3.1. Schematic representation of the automated CO2 molecule placement next to the carbonyl groups of a dipeptide structure. The coordinates R, θ, and φ correspond to the distance between C(CO2) and O(CO) of the dipeptide, the bond angle between C(CO2) and the carbonyl group of the dipeptide, and the dihedral angle between C(CO2), the carbonyl group and the nearest carbon atom to the CO group (represented as R'), respectively.  A planar conformation (φ = 0) was chosen as reference, and the evolution of the molecular structures was monitored after geometry optimizations, where φ is varied.


[bookmark: _Toc201855111][bookmark: _Toc202295451]Quantum Chemical Calculations
DFT geometry optimizations were performed with the PBE0 density functional,130 Grimme’s dispersion correction (D3)131 together with the Becke-Johnson (BJ) damping function, the resolution of identity (RI) approximation,132 the def2-TZVPP133 basis set and the m4 grid.133, 153 Molecular vibrational frequencies were computed for the optimized geometries for the validation of locating minima across the potential energy surfaces. All DFT calculations were performed with the TURBOMOLE 7.2.1171 quantum chemical program package. The interaction energies Eint were computed as the difference in the energy of the optimized supersystem and the energies of the optimized dipeptide and CO2 geometries: 
	
	
	Equation 3.1


The basis set and density functional choice was chosen based on our previous benchmark study, where PBE0 density functional with the def2-TZVPP basis provided the most accurate results relative to highly accurate reference interaction energies, generated with the explicitly-correlated coupled-cluster singles-and-doubles with perturbative triples or CCSD(F12)(T) at the complete basis set limit (CBS).101 
Symmetry-adapted perturbation theory (SAPT) calculations were performed for obtaining additional insights into the nature of the non-covalent interactions between CO2 and dipeptides. SAPT analysis decomposes the interaction energy terms into electrostatics, induction, dispersion, and exchange repulsion, and offers a physical interpretation to non-covalent interactions.172 The SAPT calculations with the aug-cc-pVDZ basis were performed using density fitting, as implemented in the Psi4 program.173-176 The higher level SAPT2+3δMP2 method177 was used as the δMP2 term captures the third and higher-order interactions between induction and dispersion. 
[bookmark: _Toc201855112][bookmark: _Toc202295452]Data Curation - Removal of Outliers
DFT energies were computed for the initial raw dataset consisting of 960 conformers. Multiple geometry optimizations positioned the CO2 molecule closer to the amino groups of the dipeptides, suggesting these sites as more CO2-philic. The computed 960 interaction energies were further analyzed in a systematic manner. First, selection criteria were established with cutoff values between -17 kcal/mol and -2 kcal/mol, so that interactions outside this range are excluded as either unphysical or indicative of very weak noncovalent interactions with an unbound CO2 molecule. The low threshold was selected based on one optimized structure where CO2 has been significantly distorted and was not bound through an expected non-covalent interaction. That was an outcome of an erroneous initial structure, that was then fixed manually, and the geometry optimization was repeated successfully. Subsequently, only the dipeptide configurations with the lowest interaction energy were selected, resulting in a final dataset with 400 unique entries. 
[bookmark: _Ref161414842]Two representative examples are discussed here to further justify the data curation step that was applied in the full 960-entry dataset. The first case is the isoleucine-proline dipeptide, where we obtained two different conformations with CO2 (Figure 3.2). In Figure 3.2 (A), CO2 is stabilized through long-range dispersion interactions and hydrogen bonding between H(CH2)- O(CO2) and H(NH2)-O(CO2), with a total Eint(1) = -8.63 kcal/mol. These energy contributions were verified by SAPT computations.172 Based on our SAPT2+3δMP2/aug-cc-pVDZ calculations, the strongest contribution to stabilization of the complex (Figure 3.2 (A)) comes from electrostatics, particularly through hydrogen bonding interactions between H(CH2) and O(CO2), and H(NH2) and O(CO2). Dispersion interactions followed as the second most significant contribution. In the second conformation (Figure 3.2 (B)), CO2 predominantly interacts with the carboxylic acid and the pyrrole ring through dipole-induced dipole interactions, and it is further stabilized by hydrogen bonding interactions between H(CH2)-O(CO2) and H(NH2)-O(CO2). From our SAPT2+3δMP2/aug-cc-pVDZ calculations, while electrostatics play a role, the dispersion interactions dominate because of the large, delocalized -electrons that create temporary dipoles and in turn create a dipole in CO2. The second conformation has a stronger interaction energy than the first by almost 0.5 kcal/mol (Eint(2) = -9.13 kcal/mol) and thus, it was preferred in the 400-instance dataset instead of the first. Furthermore, in the first conformation, the alignment of the CO2 molecule primarily enables interaction with one oxygen atom. In addition, it is positioned away from the lone pair of electrons on the nearest N atom. Contrastingly, in the second conformation, the alignment of CO2 enables the interaction with both the lone pair of electrons on the oxygen atom (carboxylic acid) and the nitrogen atom (pyrrole ring). 
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[bookmark: _Ref161414818][bookmark: OLE_LINK18][bookmark: _Toc202295373]Figure 3.2. The two different conformations obtained by DFT between the isoleucine-proline dipeptide and CO2. Dashed lines indicate the primary CO2 interaction sites. 
[bookmark: OLE_LINK19][bookmark: OLE_LINK20]Another example is the conformation differences of alanine-alanine (Figure 3.3) interacting with CO2 via carbonyl groups and carboxylic acid groups (Figure 3.3 (A)), CO2 is stabilized through long-range dispersion interactions and hydrogen bonding between H(CH2)-O(CO2) and H(NH2)-O(CO2). Based on our SAPT2+3δMP2/aug-cc-pVDZ calculations, the strongest contribution to stabilization of this complex comes from electrostatics, particularly through hydrogen bonding interactions, followed by dispersion interactions. Figure 3.3 (B), the second conformation is shown where, apart from the primary interaction site of the alanine dimer carboxylic acid group, the weak hydrogen bonding interactions are now between a hydrogen atom bonded to the nitrogen participating in the peptide bond and O (CO2). Based on our SAPT2+3δMP2/aug-cc-pVDZ calculations, the strongest contribution to stabilization of this complex comes from electrostatics, particularly through hydrogen bonding interactions, followed by dispersion interactions. The first conformation has an interaction energy of Eint(1) = -3.82 kcal/mol while the second conformation has an interaction energy of Eint(2) = -4.03 kcal/mol. Therefore, we have considered the second geometry in the 400-instance dataset. The reason for this slight stabilization of the energy in the second conformer is possibly due to the alignment of the CO2 that polarizes the electron-rich carboxylic acid and N-H centers. Figure 3.4 shows the comparison from the SAPT2+3δMP2/aug-cc-pVDZ calculations between additional dipeptide-CO₂ complexes.
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[bookmark: _Ref197705865][bookmark: _Toc202295374]Figure 3.3. The two different conformations obtained by DFT between the alanine-alanine dipeptide and CO2. Dashed lines indicate the primary CO2 interaction sites.
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[bookmark: _Ref201870536][bookmark: _Toc202295375]Figure 3.4. SAPT2+3δMP2/aug-cc-pVDZ energy decomposition analyses of some dipeptides-CO2 complexes. For each of the dipeptides-CO2 complexes chosen, we performed the analyses on the configurations with the lowest interaction energies. 



[bookmark: _Toc201855113][bookmark: _Toc202295453]Automated Identification of CO2-philic Sites
For the automated determination of the interaction sites of the 400 molecular geometries obtained by DFT, we developed a computational workflow, shown schematically in Figure 3.5. The first step in our algorithm is to read the Cartesian coordinates (Figure 3.5 (A)) and identify the n-closest atoms to the CO2 (Figure 3.5 (B)). In this study, we choose n = 1 per atom since this can account for the nearest-neighbor interactions with each atom in CO2 and a given atom in an interaction site. This means that for a given binding site, a maximum of three n = 1 neighbors can be considered, one for each atom of the CO2 molecule. We then converted the Cartesian coordinates into RDKit mol objects using RDKit and NetworkX178 via xyz2graph179 (Figure 3.5 (C)). Both methods are utilized as a quality control step to account for various issues that can occur when converting Cartesian coordinates into RDKit mol objects or when converting the graphs from xyz2graph into RDKit mol objects, such as incorrect valencies and aromaticities. 
Using both methods and comparing them with the RDKit mol objects generated by the SMILES of the lone dipeptide, allowed us to ensure that the subsequent mol objects used for substructure searches on the dipeptide-CO2 system maintain proper indexing and chemical properties that are found in the original Cartesian coordinates. We then partitioned the dipeptide into the dehydroxylated subunit, referred to herein as subunit A, and dehydrogenated subunit, referred to as subunit B, since both offer unique CO2-philic sites and due to the simplicity of this partitioning scheme important for the data analysis that is presented in the next section. Next, we determined whether the n-closest atoms correspond to atoms in the dehydroxylated  (Figure 3.5 (D), red section labeled A) or the dehydrogenated (Figure 3.5 (D), blue section labeled B) dipeptide subunit. In Figure 3.5 (D), each of the possible interaction sites in subunits A and B is highlighted in a unique color. If CO2 resides close to subunit A, we then determined if it interacts with the carbonyl group (green), primary amine group (red), hydrogen on the linking carbon (dark green), or the side-chain (blue). If CO2 interacts with subunit B, we determined whether it interacts with the carboxylic acid group (light blue), secondary amine group (purple), hydrogen on the linking carbon (dark red), or side-chain (gold). In the following section, we utilize this algorithm to provide statistical insights into where CO2 interacts with the dipeptides. 
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[bookmark: _Ref161684948][bookmark: _Toc202295376]Figure 3.5. Schematic overview of the algorithm for determining interaction sites of CO2 with dipeptides. The algorithm utilizes (A) the Cartesian (xyz) coordinates of the dipeptide-CO2 system, (B) determines the n-closest atoms in the dipeptide that interact with CO2, (C) converts the xyz coordinates into RDKit mol objects, and (D) identifies what subgroups in the dipeptide primarily interact with CO2.


[bookmark: _Toc201855114][bookmark: _Toc202295454]Results and Discussion
Given the complexity that arises from the comparison of multiple, nonadditive interactions of CO2 with dipeptides (400 molecular supersystem structures, 2:1 ratio) versus the single AA-CO2 supersystem (20 structures, 1:1 ratio), it becomes evident that a statistical analysis of the computational results can provide a deeper understanding of the underlying electronic phenomena relevant to CO2 capture. Thus, we present here a comprehensive breakdown of the interactions between CO2 and dipeptides, as well as a comparison with their individual AA components, for the demonstration of the effects that enhance the CO2-philicity of dipeptides. 
All DFT computed results are summarized in Figure 3.6, where panel (A) of Figure 3.6 presents the distributions (as boxplots) of the interaction energies between CO2 and single AA, as well as CO2 with dipeptides, while the breakdown of the interaction energies of the dipeptides per individual AA is given in panel (B). In both boxplots, the minimum or maximum values outside of the lower or upper whisker limit, respectively, are denoted by a circle in Figure 3.6. We have partitioned all 400 data into 20 groups based on their common subunit A (x-axis of the plot in Figure 3.6 (B)), and their corresponding distributions of the interaction energies are given as boxplots. We chose this partitioning scheme to simplify the data analysis since there are 20 possible subunits A, all of which have 20 different subunits B that affect the interaction energies of the corresponding dipeptides uniquely. When compared to the lone amino acids, we found that the dipeptides have a wider spread of interaction energies (Figure 3.6 (A)), ranging from -3.26 kcal/mol (aspartic acid-glycine) to -9.13 kcal/mol (isoleucine-proline). Overall, the 400 dipeptides have a mean interaction energy of -5.22 kcal/mol with a standard deviation of 0.90 kcal/mol, while the mean interaction energy of the AAs is -4.69 kcal/mol with a standard deviation of 0.73 kcal/mol. 
[bookmark: OLE_LINK24]The isoleucine-proline dipeptide exhibits the strongest interaction energy (-9.13 kcal/mol) in the data series and thus, we would like to provide some additional discussion on the nature of the noncovalent interactions between CO2 and the organic molecule. In the optimized supersystem geometry, CO2 primarily interacts with the carboxylic acid and the pyrrole ring through dipole-induced dipole interactions and is further stabilized by hydrogen bonding interactions between H(CH2)-O(CO2), and H(NH2)-O(CO2), as it is shown in Figure 3.2 (B). These effects result from the interactions of H atoms located on the pyrrole ring with the more electronegative O(CO2), and the C(CO2) with the more electronegative N(pyrrole) and O(COOH). Similar interactions were observed in the single AA-CO2 supersystems involving isoleucine and proline.101 In the isoleucine-CO2 supersystem, CO2 primarily interacts through the carboxylic acid group of the amino acid, specifically with the C(CO2) and O(COOH), and H(CH2) with the O(CO2), yielding an interaction energy of -4.09 kcal/mol. Similar interactions are noted in leucine, where the strongest interaction energy in that single AA series is observed (-5.99 kcal/mol), with CO2 positioned parallel to leucine rather than head-on as in isoleucine. Proline interacts with CO2 mainly via its carboxylic acid group and is additionally stabilized by hydrogen bonding interactions between H(pyrrole ring) and O(CO2), resulting in an interaction energy of -4.25 kcal/mol.
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[bookmark: _Ref201973383][bookmark: _Toc202295377]Figure 3.6. Box plot distributions of the CO2 interaction energies (in kcal/mol) of (A) the single AAs and dipeptides. The CO2 interaction energies of all dipeptides are further analyzed with respect to the dehydroxylated AA subunit A, that is reported on the x-axis in (B). In both plots, the circles denote values that are considered outliers based on whether they are above or below the upper and lower whisker limit, respectively.



The analysis of the box plots from the partitioning scheme in Figure 3.6 (A) allowed us to further refine the effect of subunits B on the CO2-philicity of dipeptides and identify what subunits weaken (i.e. the least negative) or strengthen (i.e. most negative) the CO2 interaction energies. For each of the A subunits (shown in Figure 3.6 (B) on the x-axis), we determined which B subunit corresponded to the strongest interaction based on the absolute minimum, which will be either the lower whisker limit or absolute lower limit, and weakest interaction, which will be either the upper whisker limit or absolute upper limit. The distributions of the strongest and weakest interaction energies are given in Figure 3.7. Overall, the strongest interaction energies per subunit A have a mean of -7.14 kcal/mol, a standard deviation of 0.94 kcal/mol, a minimum value of -9.13 kcal/mol (isoleucine-proline), and a maximum value of -5.80 kcal/mol. We found that asparagine is the most common subunit B for the strongest interaction energies of each dipeptide (Figure 3.7 (A)), which comprises 20% of this molecular subset. In these cases, CO2 is attracted by the side-chain of the asparagine, which contains a polar formamide functional group linked by a methylene that adds flexibility to the molecular supersystem. The nature of the noncovalent interaction here is mainly an induced dipole-dipole interaction between the polar functional groups and the CO2. The next subspace is composed of 10% each of histidine, glutamic acid, and glutamine. These amino acids are characterized by polar, CO2-philic functional groups. Histidine has an imidazole functional group that can form a stable complex with CO2. In addition to this, the nucleophilic N and O atoms on histidine provide points of interactions via weak hydrogen bonding. Similarly, glutamine and glutamic acids are polar amino acids that can exhibit stabilized non-covalent interactions with CO2. These include electrostatic interactions, particularly hydrogen bonding interactions, and van der Waals interactions. We conclude that these functional groups, when present in oligopeptides, would enable stabilized non-covalent interactions with CO2, which are further enhanced via cooperativity with neighboring amino acids.
Using the computational procedure proposed in Figure 3.5, we determined that the most common interactions with CO2 occur either with the side-chain of subunit B or the carbonyl group of subunit A in these dipeptides.
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[bookmark: _Ref161685163][bookmark: _Toc202295378]Figure 3.7. Distributions of the most common dehydrogenated subunit B that have (A) strongest and (B) weakest interaction energies with CO2.


The weakest interaction energies per subunit A, i.e. the upper extrema or least negative values on the box plots, have a mean of -3.74 kcal/mol, standard deviation of 0.43 kcal/mol, minimum of -4.78 kcal/mol, and maximum of -3.26 kcal/mol. Concerning this space, we found that the most common subunit B for the weakest interaction energies of each dipeptide, shown in Figure 3.7 (B), corresponds to glycine, which composes 45% of this space. For this subspace that contains 45% B subunits, the corresponding A subunits are alanine, asparagine, aspartic acid, cysteine, leucine, methionine, proline, threonine, and valine. Our analysis determined that the main interaction sites are the carbonyl group, primary amine, or side-chain of subunit A. For the glycine-containing dipeptides, analysis of the subunit B revealed that the interaction occurs at the secondary amine or the carboxylic acid groups. For these systems, none of the interactions occur with the linking hydrogen of subunit A or the linking and side-chain hydrogens of subunit B, since glycine has less favorable interaction energies due to the absence of a flexible side-chain molecular group. In general, for the dipeptide subset with the weakest interactions, CO2 is attracted mostly by the carbonyl or carboxylic acid groups of these dipeptides. 
Next, we examined the 2:1 cooperative binding from the presence of multiple CO2-phylic groups in the dipeptide molecular structures. For that purpose, we organized the 400 dipeptides based on the AA types in subunits A and B, and we compared the computed interaction energies with those obtained from single AAs. This analysis provided the net effect (increasing or decreasing) introduced by the molecular cooperativity. Precisely, we noticed a 74% and 72% increase in the interaction energies of the dipeptides for subunits A and B, respectively, as compared to those from the lone AAs (Figure 3.8). With respect to the dipeptides with interaction energies that are less favorable than their corresponding subunits, 26% subunit A and 28% subunit B (Figure 3.8), the two most common A subunits are glycine and alanine, and B subunits are valine and alanine. These three AAs (glycine, valine, and alanine) are characterized by short side-chains (-H, -CH(CH3)2, and -CH3, respectively), and they have a CO2-phobic character that does not help stabilize the CO2 interaction within the compound. A detailed analysis of the percent improvement of each dipeptide subunit with respect to the lone AAs is shown in Figure 3.9. These results are then condensed in Figure 3.10 to show that, on average, when leucine is present as subunit A or B, the interaction energy has a -1.25% percent improvement with respect to the lone leucine AA, and that the subunits with the five best percent improvements (ranging from 19-25%) are glutamine, isoleucine, cysteine, proline, and tryptophan.
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[bookmark: _Ref197706159][bookmark: _Toc202295379]Figure 3.8. Percent amount of dipeptides with stronger (S) or weaker (W) interaction energies than the analogous single amino acids that correspond to the dehydroxylated subunit A (left) and dehydrogenated subunit B (right). 
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[bookmark: _Ref197706346][bookmark: _Toc202295380]Figure 3.9. Percent improvement distribution bar plots of the for each subunit A for each subunit B (x-axis).
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[bookmark: _Ref197706844][bookmark: _Toc202295381]Figure 3.10. Violin plots of the combined percent improvement (y-axis) for both subunit A and B for each amino acid (x-axis). The red X marks denote the mean percent improvement while the black dashed line denotes zero percent improvement.


Lastly, we analyzed the collected results concerning the number of interactions to a predetermined molecular group, as shown in Figure 3.11. All interaction energies are grouped into different boxplots based on the type of the interaction site. Overall, we considered four different molecular types: amine groups, carbonyl groups, carboxylic acid groups, hydrogen forming weak hydrogen bonds, and side chain groups characteristic of each AA. Since we used n = 1 for the number of neighbors that can interact with each atom in CO2, three possible interactions can occur between CO2 and the interaction site. In all plots of Figure 3.11, the x-axis denotes the number of CO2 atoms that interact with the predominant sites of the dipeptides. For example, the value three means that all atoms of the CO2 molecule are close to the atoms in a specific substructure of the dipeptide. In the first column of Figure 3.11, we compare the interaction energies of the amine groups of subunits A (Figure 3.11 (A)) and subunits B (Figure 3.11 (E)). The distribution of the interaction energies of CO2 with the dipeptides where A subunits interact via the amine group have a mean of -5.47 kcal/mol, median of -5.40 kcal/mol, maximum of -3.26 kcal/mol, and minimum of -9.13 kcal/mol, while the B subunits via the amine group have a mean of -5.14 kcal/mol, median of -4.89 kcal/mol, maximum of -3.77 kcal/mol, and minimum of -8.39 kcal/mol. Overall, interactions with the secondary amine in subunit B appear more often (111 interaction sites) versus the primary amine in subunit A (75 interaction sites). Of these 111 cases, 79 correspond to one-, 26 to two-, and 6 to three interactions with CO2, whereas subunit A only has 63 one- and 12 two-nearest-neighbor interactions with the secondary amine.
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[bookmark: _Ref161685288][bookmark: _Toc202295382]Figure 3.11: Boxplots of the interaction site for the dehydroxylated (A; top row (A-D)) and dehydrogenated (B; bottom row (E-H)) dipeptide subunits. The enumeration on the x-axis denotes the number of CO2 atoms that are near to the specific site of the dipeptide. In each plot, the circles denote values below and above the lower and upper whisker limit, respectively, while the numbers above each box denote the population of each case.


For the carbonyl groups (subunit A; Figure 3.11 (B)) and carboxylic acid group (subunit B; Figure 3.11 (F)), the interaction energies of the A subunits have a mean of -5.13 kcal/mol, median of -4.94 kcal/mol, maximum of -3.26 kcal/mol, and minimum of -8.31 kcal/mol, while the interaction energies of the B subunits have a mean of -5.27 kcal/mol, median of -5.18 kcal/mol, maximum interaction energy of -3.57 kcal/mol, and minimum interaction energy of -9.13 kcal/mol. For this group of interactions, CO2 is preferably attracted by the carbonyl group of subunit A (345 interaction sites) over the carboxylic acid of subunit B (244 interaction sites). Unlike with the other sites in Figure 3.11 (amine groups, linking hydrogen forming weak hydrogen bonds, and side chain groups characteristic of each AA), for this two-nearest neighbor class of interactions, CO2 prefers to be in close proximity to either the carbonyl (218) or carboxylic acid (168) groups of subunits A and B, respectively. The second most common interactions for this class are for one-nearest-neighbor interactions, 88 and 52, for subunits A and B, respectively. The least common site for the carbonyl/carboxylic acid interactions are three-nearest-neighbor interactions, where subunit A has 39 interactions and subunit B has 24.
The third class of interactions are the least common type, where the interactions occur between CO2 and the hydrogen on the linking carbon of either subunit A (Figure 3.11 (C)) or B (Figure 3.11 (G)), 17 and 43 interactions, respectively. For those cases, the A subunits have a mean of -5.53 kcal/mol, median of -5.55 kcal/mol, maximum interaction energy of -3.79 kcal/mol, and minimum interaction energy of -8.27 kcal/mol, while the B subunits have a mean of -5.10 kcal/mol, median of -4.92 kcal/mol, maximum interaction energy of -4.10 kcal/mol, and minimum interaction energy of -6.80 kcal/mol. 
Lastly, we analyze the distributions of the interaction energies with the side-chains of each dipeptide subunit. We found that this class of interactions are the second most common, with a total of 365 cases between subunits A (Figure 3.11 (D)) and B (Figure 3.11 (H)), since carbonyl/carboxylic acid have a total of 589 sites. For subunits A, the one-, two-, and three-nearest-neighbors have a count of 104, 22, and 6, respectively, whereas the B subunits have a count of 151, 15, and 6, respectively. We see that the A subunits have a mean of -5.51 kcal/mol, median of -5.49 kcal/mol, maximum of -3.26 kcal/mol, and minimum of -8.39 kcal/mol, while the B subunits have a mean of -5.33 kcal/mol, median of -5.10 kcal/mol, maximum interaction energy of -3.58 kcal/mol, and minimum interaction energy of -9.13 kcal/mol. Overall, more interactions occur with the B subunits, which also have a more attractive maximum and minimum interaction energy. Based on the previous analysis, we observe on average that the interaction with the primary amine of the A subunits is more favorable than the interaction energy of the secondary amine group on the B subunits. We also observe that, while more interactions occur with the secondary amine on subunit B, this interaction is less energetically favorable. This is due to the additional stabilization introduced by hydrogen bonding interactions in the A subunit coming from both hydrogen atoms of the amine groups, as opposed to just one H atom in the B subunit. We also found that the most common type of interactions of CO2 with dipeptides occur through the carbonyl or carboxylic acid groups of subunits A and B, respectively. The interactions with the carboxylic acid of the B subunits are more energetically favorable, but less common than the interactions with the carbonyl group of the A subunits. Next, we analyzed the least common interaction, which occurs between CO2 and the hydrogen attached to the linking carbon in a single AA. Overall, there are more interactions with subunit B, which has a tighter statistical distribution, than with subunit A, which has a higher maximum and lower minimum interaction energy. Lastly, we found that the interaction of CO2 with the side-chains of subunits A and B have very similar distributions, with very similar counts. Overall, the side-chain of A is slightly more favorable than the side-chain on the B subunit. A plausible explanation to this observation is that there is less steric hinderance on the side group of the dehydroxylated A subunit which has three terminal atoms (NH2 group) compared to the dehydrogenated B subunit that has four terminal atoms (carboxylic acid). 
[bookmark: _Toc201855115][bookmark: _Toc202295455]Summary of Key Results
In this study, we have explored physicochemical aspects on CO2 capture utilizing a bioinspired strategy based on molecular structures of dipeptide units. We hypothesized that an AA pair can cooperatively bind CO2 molecules through noncovalent interactions which is relevant to direct air capture technologies, given than physisorption is the first step prior to the formation of covalent bonds. We have developed a computational workflow based on cheminformatics tools for the examination of all possible AA pairs and the automated evaluation of computational chemistry data. The developed approach systematizes the placement of CO2 onto 400 unique dipeptide structures, generating initial geometries for DFT computations. Subsequently, the second algorithm identifies complex interaction sites for statistical analysis. Our analysis found that, in general, dipeptides have more diverse and increased interaction energies than the lone single AA that compose them, an argument on CO2 binding enhancement introduced by cooperative effects. We found that the choice of dehydrogenated subunits (B subunits) affects the overall interaction energies of the dipeptides. Most dipeptides (72-74%) have stronger CO2-philicity than their single AAs counterparts. The most common B subunit in a dipeptide that weakens the interaction energy corresponds to glycine (45% occurrence), while the most common B subunit that strengthens the interaction energies is asparagine (20% occurrence). With respect to the effects of nearest-neighbor interactions, the most common interactions occur between CO2 and the carbonyl and carboxylic acid groups of subunits A and B, respectively. An important observation based on the nearest-neighbor interactions is that among the 10 dipeptides with the strongest CO2 affinity, none of them have a 3-nearest-neighbor interaction with CO2 from a single site. 
Based on these insights, we propose the targeted design of materials that integrate dipeptide molecular units, such as those composed of asparagine, histidine, glutamic acid, and glutamine subunits. These AA subunits, characterized by their polar and flexible side chains, exhibit enhanced interaction energies with CO2. Furthermore, our previous research identified certain lone single AAs such as leucine, and asparagine, which also demonstrate increased interactions with CO2, when compared to other AAs.101 One strategy to incorporate the outcomes from our statistical analysis into innovative DAC technologies is to exploit cooperative interactions aimed at developing novel materials integrated with CO2-philic groups. The statistical insights highlight the significance of cooperative interactions among electron-rich functional groups in dipeptides for CO2 capture. These findings offer valuable guidance for designing novel dipeptide-based materials for DAC of CO2. Given than AAs and dipeptides are present in solution as zwitterions, conclusions from this study are applicable to solid sorbents. Alternatively, to optimize the process design of AAs integrated into solvent-based DAC technologies, it is imperative to optimize the kinetics, thermodynamics, and solvent regeneration energies, as well as conducting techno-economic analyses becomes essential for estimating their real-world performance, particularly concerning cyclic capacities and regeneration energies. Our group is currently exploring this parameter space for the further optimization of the chemical environments that can enhance selective CO2 capture in solution. 


[bookmark: _Toc201855116][bookmark: _Ref201866548][bookmark: _Toc202295456]Assessing Tripeptide Interactions with CO2 through Computational Studies
Disclosure: The following chapter is the current draft of a manuscript scheduled for submission in Summer 2025, authored by Dr. Konstantinos D. Vogiatzis (principal investigator) and me. Electronic structure theory calculations, including density functional theory and symmetry-adapted perturbation theory, database generation and curation of 8000 tripeptides, TriScore metric development, and data analyses were performed by me. All sections were written by me under the supervision of Dr. Konstantinos D. Vogiatzis. 
[bookmark: _Toc201855117][bookmark: _Toc202295457]Introduction
Carbon dioxide (CO2) is the main greenhouse gas produced by human activity, released in large amounts through routine socio-economic activities such as transportation, energy generation, chemical production, and various industrial processes.180 Its prolonged accumulation in the atmosphere has significantly accelerated climate change, a scenario that demands increasing attention. This urgency emphasizes the essential need for reaching net zero by fully eliminating CO2 emissions.181 While the transition to renewable energy and the reduction of carbon emissions are critical components of this effort, carbon capture, utilization, and storage (CCUS) technologies have also become vitally important.182-185
Carbon capture technologies are generally divided into three segments: post-combustion, pre-combustion, and oxyfuel combustion.186 Among them, post-combustion carbon capture stands out as the most commonly used technology, frequently employed in industrial settings, especially by upgrading existing fossil fuel power plants with capture systems.187 The post-combustion carbon capture method captures CO2 after burning fuel sources like natural gas or coal.188 Pre-combustion capture extracts CO2 from syngas before it is burned.189 Oxyfuel combustion employs an oxygen-rich reaction process, resulting in a high concentration of CO2 in the flue gas, although it incurs significant costs.190 In contrast, direct air capture extracts CO2 directly from the atmosphere, regardless of location.191, 192
Carbon capture processes utilize various methods to capture CO2, including absorption, adsorption, cryogenic, and membrane-based separation. The absorption method involves solvents such as alkanolamines and sodium carbonate that chemically bond with CO2, creating reversible bonds only at very high temperatures.193 Adsorption methods primarily employ solid sorbents like MOFs, zeolites, and activated carbon, which provide excellent adsorption capacity and thermal stability, though they suffer from low selectivity and moisture resistance.194 Cryogenic technologies chill CO2-rich flue gas to subzero temperatures, allowing for the separation of solid CO2 and the production of a compressed CO2 stream from an atmospheric pressure light-gas feed.195 Membrane-based CO2 capture uses selective materials that allow CO2 to pass preferentially from a gas mixture. This separation leverages differences in gas permeation behavior, which is influenced by the relative diffusivity of each gas and its tendency to adsorb onto the membrane's surface.196
Amine-based chemisorption is widely used in industry due to its strong reactivity. However, regenerating amine solvents demands significant energy and may generate corrosive degradation products, high volatility, and harmful amine emissions. Consequently, there is growing interest in alternative CO2 capture techniques that lower energy use while maintaining selectivity and chemical stability. 
Nature provides key design principles for selective CO2 binding. The enzyme ribulose-1,5-bisphosphate carboxylase/oxygenase (RuBisCO) binds atmospheric CO2 by forming a carbamate at a lysine residue in its active site.197, 198 Nonetheless, RuBisCO is inadequate for engineered systems due to its low CO2 turnover, significant molecular weight, and high water dependence. Despite this, RuBisCO–especially its active site–can inspire the development of sustainable carbon capture technologies.199, 200 This bioinspiration can be realized by incorporating key amino acids or oligopeptides into carbon capture systems. 
Amino acids have advantageous properties such as rapid CO2 reactivity, minimal toxicity, chemical adjustability, low volatility, and environmental compatibility.71 More recently, these small peptides have gained attention as viable options for CO2 capture, particularly because of their structural flexibility and the potential to precisely modify their reactivity by altering their sequences and lengths. 56, 78-80, 90, 94, 96, 101, 158, 161
One major challenge in fully exploring the potential of peptides for CO2 capture and separation is predicting the interactions between CO2 and peptides of different sizes and complexities. Although individual amino acid interactions with CO2 have been extensively studied, the transition to oligopeptides introduces cooperative interactions and conformational effects that remain partially characterized. Dannenberg examined peptide behavior within a solid-state framework and discovered that these peptides undergo cooperative interactions not completely represented in solution-based models.201 Mahadevi and Sastry emphasized in their research on supramolecular chemistry and biomolecular folding that cooperativity is vital for stabilizing biomolecules. This synergistic effect is essential when designing peptide-based capture systems. Likewise, similar behavior is anticipated when peptide units within an oligopeptide interact with CO2.202
In our previous work, we investigated the cooperative interactions evident in dipeptides-CO2 complexes compared to natural amino acid-CO2. We discovered that polar functional groups greatly improve the stability of these interactions. This is particularly crucial as we examine larger oligopeptides, such as tripeptides, in this study. Without a framework that accounts for these synergistic effects, the rational design of effective peptide-based CO2 sorbents remains limited.
[bookmark: OLE_LINK3]In this study, we present a structure-based metric that incorporates the distribution of polar functional groups alongside the intrinsic energetic profiles of amino acid and dipeptide building blocks to facilitate a high-throughput screening of thousands of candidates, establishing a systematic approach for peptide optimization. A subset of predicted high- and low-performing tripeptides was further assessed using DFT and SAPT0 calculations to measure gas-phase CO2 interaction energies.
[bookmark: _Toc201855118][bookmark: _Toc202295458]Computational Details
[bookmark: _Toc201855119][bookmark: _Toc202295459]Database Development
To construct the initial dataset, we generated all possible tripeptide combinations from the 20 natural amino acids, taking into account sequence order to produce a diverse set of molecular structures with 8,000 molecular entries. The molecular representations of the amino acid units were first created using the Simplified Molecular Input Line Entry System (SMILES), 166, 167 a widely used format that encodes chemical connectivity and stereochemical information as ASCII strings.168, 169 Chirality was explicitly defined within the SMILES representation to ensure that all amino acids adopted the L-enantiomeric configuration, reflecting the biological standard of proteinogenic amino acids, which are naturally incorporated into proteins. 170 The Cartesian coordinates were generated from the initial three-dimensional geometries of the generated tripeptides using the experimental torsion knowledge distance geometry (ETKDG)164 algorithm as implemented in RDKit.165
[bookmark: _Toc201855120][bookmark: _Toc202295460]Molecular Structure Formation
To investigate the nuanced interactions between tripeptides and CO2, careful consideration is needed regarding the diverse polar functional groups embedded within their structures. Functional groups such as carboxylic acids, carbonyls, amines, peptide bonds, hydroxyls, and thiols influence the unique electronic effects that significantly impact CO2 binding. For example, carboxylic acid can engage in dipole-induced dipole interactions with CO2, further stabilized through hydrogen bonding between the oxygen of CO2 [O(CO2)] and the hydrogen of the carboxylic acid [H(COOH)]. Across the tripeptides' structural database, we also observe sequence-specific variations resulting from the permutation of amino acid units. For instance, six distinct tripeptides can be formed from the amino acid subunits Glycine (Gly), Alanine (Ala), and Valine (Val): Ala-Gly-Val, Gly-Ala-Val, Val-Gly-Ala, Gly-Val-Ala, Val-Ala-Gly, and Ala-Val-Gly. This diversity introduces variations across the tripeptides' chemical space, which can affect the CO2 interaction profiles. We also expect that cooperative effects will be observed due to the presence of a collection of functional groups in the tripeptides, as noted in our previous study, where, on average, dipeptides interact more stably with CO2 than amino acids.158
[bookmark: OLE_LINK11]We previously developed an algorithm capable of systematically generating initial CO2-ologopeptide complexes, and we used that algorithm to generate the initial CO2-tripeptide complexes targeting the carbonyl-rich regions of the molecules.158 Each tripeptide has at least three carbonyl groups resulting from peptide/amide bonds, primary carboxylic acid groups, and additional side chain carbonyl or carboxylate groups. Using this protocol, we developed 8,000 distinct CO2-tripeptide geometries for further analysis. The algorithm first identifies carbonyl functional groups within the tripeptide structure. A CO2 molecule is then positioned relative to the carbonyl oxygen at a fixed bond distance (R) of 2.8 Å between the CO2 carbon atom [C(CO2)] and the carbonyl oxygen [O(CO)], while maintaining a bond angle (θ) of 180° with the carbonyl carbon atom [C(CO)]. A dihedral angle (φ) of 0° is enforced between the carbon of CO2 and the carbonyl group, as well as the nearest R'. The CO2 oxygen atoms are symmetrically arranged around the carbon center, with C-O bond distances set to 1.15 Å (Figure 3.1).
[bookmark: _Toc201855121][bookmark: _Toc202295461]TriScore Metric Development
[bookmark: _Ref193971839]To quantify the potential of tripeptides to strongly interact with CO2, we developed a scoring function called the TriScore metric (Equation 4.1). This metric integrates structural and energetic factors: the number of carbonyl (C=O) groups, the number of primary amine (-NH2) groups, the normalized interaction energies of the three amino acid residues within the tripeptide, and the normalized interaction energies of all ordered dipeptide combinations formed from these residues. 
The interaction energies are normalized using an inverted min-max scaling function, applied separately to the amino acid and dipeptide datasets (Equation 4.2). Within each dataset, the most favorable, that is, the most negative interaction energy, is assigned a value of 1, while the least favorable is assigned a value of 0. This inversion ensures that higher TriScore values reflect tripeptides composed of more energetically favorable amino acid and dipeptide subunits. Structural contributions from carbonyl and primary amine groups were included based on previous studies involving amino acids101, 122, 203, 204 and dipeptides,158 which suggested that these functional groups often participate in stabilizing non-covalent interactions with CO2. 
	
	TriScore Metric =  
	[bookmark: _Ref202350422]Equation 4.1

	
	Modified/inverted min-max scaler (lowest value =1)

	[bookmark: _Ref202350389]Equation 4.2



[bookmark: OLE_LINK2]For example, the TriScore for the tripeptide Gly-Ala-Val was determined by adding the contributions from three carbonyl groups, one primary amine group, the normalized interaction energies of the three amino acids, and the nine potential dipeptide combinations derived from them. This calculation resulted in a normalized energy contribution of 1.3085, alongside four structural points from functional groups, yielding a total TriScore of 5.3085. 
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[bookmark: _Toc202295383]Figure 4.1. The structural conformation of Gly-Ala-Val tripeptides includes three carbonyl groups and one primary amine group, both of which are considered in calculating the TriScore. 


In contrast, the tripeptide Gln-Asn-Arg, which has a greater concentration of polar functional groups such as multiple amides and a guanidinium moiety, achieved a notably higher score. This tripeptide accounted for nine structural points (from five carbonyl and four primary amine groups) and had a normalized energy sum of 6.8992, giving a TriScore of 15.8992. The significant discrepancy between Gly-Ala-Val and Gln-Asn-Arg highlights how TriScore accurately captures both the energetic favorability of the constituent subunits and the critical role of polar functional groups in CO2 binding. Together, these components make TriScore, a predictive and interpretable metric for high-throughput screening of tripeptides with strong CO2 binding affinity. 
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[bookmark: _Toc202295384]Figure 4.2. The structural conformation of Gln-Asn-Arg tripeptides includes three carbonyl groups and one primary amine group, both of which are considered in calculating the TriScore. 



[bookmark: _Toc201855122][bookmark: _Toc202295462]Quantum Chemical Conformational Screening and Geometry Optimization of Tripeptides
Tripeptides possess numerous conformational possibilities due to their flexible backbones. This necessitates conducting a conformational screening to effectively explore the conformational space and identify low-energy conformations that more accurately represent the molecules' properties. The Conformer-Rotamer Ensemble Sampling Tool (CREST, version 3.0.2)205 was utilized alongside the GFN2-xTB206 method to explore the conformational space of the molecules and optimize their structures. The most stable tripeptide conformers were further analyzed using geometry optimization with density functional theory (DFT). The same workflow was applied to determine the most stable supersystems for each tripeptide, which included the tripeptide and a molecule of CO2. 
DFT geometry optimizations were carried out using the PBE0 density functional along with Grimme’s dispersion correction (D3),207 the resolution of identity (RI) approximation,132 the def2-TZVPP133 basis set, and the m4 grid.133, 153 To confirm the identification of minima across the potential energy surfaces, molecular vibrational frequencies were calculated for the optimized geometries. All DFT calculations were performed using the TURBOMOLE 7.2.1171 quantum chemical program package. The interaction energies Eint were calculated as the difference between the energy of the optimized supersystem and the energies of the optimized dipeptide and CO2 geometries:
	
	
	Equation 4.1


This is a supermolecular approach208 to determining the noncovalent interaction energy. PBE0-D4/def2-TZVPP level of theory was selected as it has been proven to perform well in describing non-covalent interactions in amino acids, oligopeptides and similar organic molecules, based on benchmark results using explicitly-correlated coupled-cluster singles-and-doubles with perturbative triples or CCSD(F12)(T) at the complete basis set limit (CBS).101 
[bookmark: OLE_LINK5]Another approach to determining the non-covalent interaction energy is the perturbative approach,208 which directly computes the interaction energy of the system as a perturbation to the individual monomers. The most common example is the symmetry-adapted perturbation theory (SAPT) where the dimer’s Hamiltonian with respect to monomers A and B is described as follows: 
	
	
	Equation 4.4


	Where F is the Fock operator, W is the fluctuation potential of each monomer, and V is the interaction potential. The interaction energy is calculated via perturbative expansions of W and V while F is treated as zeroth-order Hamiltonian.172 The main advantage of SAPT is to decompose non-covalent interaction energy into electrostatic, induction, dispersion, and exchange repulsion terms, which is the reason for its use in this study. The aug-cc-pVDZ basis sets were used for this SAPT analysis, with density fitting using the Psi4 program.173-176
[bookmark: _Toc201855123][bookmark: _Toc202295463]Results and Discussion
[bookmark: _Toc201855124][bookmark: _Toc202295464]Statistical Analysis of the Dataset		
We conducted a statistical analysis to assess the predictive capabilities of our TriScore metric regarding the interaction energies of tripeptides with CO2. Specifically, we compared the energetic properties of the top 20 and bottom 20 tripeptides as ranked by TriScore. This approach verifies that the TriScore, which captures structural features like carbonyl and amine group counts as well as normalized energetic contributions, effectively correlates with the interaction energies.
Firstly, we obtained the normal curve of the full TriScore distribution across 8000 tripeptides, which reveals that the mean TriScore value is approximately 8.0 (Figure 4.3). Vertical dashed lines are used to highlight the two extremes of the distribution: the bottom 20 tripeptides (TriScore ≤ 5.05) and the top 20 (TriScore ≥ 15.77). These subsets, each constituting 0.25% of the total dataset, were chosen for further analysis, as they represent molecules that are abundant or deficient in pivotal functional groups. 
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[bookmark: _Ref197610721][bookmark: _Toc202295385]Figure 4.3. TriScore normal distribution plot, with threshold markers indicating the bottom 20 tripeptides, having TriScore  5.05, and top 20 tripeptides having  15.77. 


DFT-D4/def2-TZVPP calculations were performed to determine the interaction energies for all 40 tripeptides in the high and low TriScore subsets. The tripeptides with high TriScores show more favorable interaction energies with CO2, averaging -14.25 kcal/mol, whereas those with low TriScores demonstrate weaker interaction energies with CO2, averaging -9.39 kcal/mol. An illustration of these statistical differences is presented in Figure 4.4. This variation indicates that the TriScore metric effectively identifies features that enhance noncovalent binding, such as hydrogen bond donors (e.g., NH2) and electron-rich acceptors (e.g., C=O groups), which promote dipole–quadrupole and hydrogen bonding interactions with CO2.
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[bookmark: _Ref197611738][bookmark: _Toc202295386]Figure 4.4. Comparative tripeptide interaction energies (in kcal/mol) with CO2 computed across 40 tripeptides and grouped by TriScore classification. High TriScore sequences (green) demonstrate generally stronger interactions than Low TriScore sequences (yellow), consistent with their differing functional group enrichments.




We found that the high TriScore tripeptides exhibit greater variability in binding strength compared to the low TriScore tripeptides (Figure 4.5), ranging from -9.36 to -20.18 kcal/mol and -8.09 to -10.84 kcal/mol, respectively. This spread likely reflects a diversity in polar functional groups, such as carbonyl, amine, amide, hydroxyl, carboxylic acid, and thiol, which enables more opportunities for strong electrostatic interactions and hydrogen bonding with CO2. Asn-Glu-Asn tripeptide, which exhibits the highest interaction energy with CO2 (-20.18 kcal/mol) interacts strongly with CO2 via the two-peptide backbone (amide functional groups) mainly through a combination of dispersion and electrostatics interactions. The configuration of this complex has CO2 positioned where it cooperatively interacts closely with functional groups like the amide functional groups, and long range interaction through groups like carboxylic acid and amine (Figure 4.6). In contrast, low TriScore tripeptides show fewer variations in polar functional groups, thereby limiting the opportunities for non-covalent interactions with CO2.
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[bookmark: _Ref197424751][bookmark: _Toc202295387][bookmark: OLE_LINK13][bookmark: OLE_LINK8]Figure 4.5. Box plot distributions illustrating the DFT-D4/def2-TZVPP interaction energies of tripeptides and CO2 (in kcal/mol) to compare the interaction energies of the top 20 (teal green), and bottom 20 tripeptides (orange) ranked by the TriScore metric. High TriScore tripeptides have more stable interaction energies than low TriScore tripeptides. 


[image: ]
[bookmark: _Ref201169267][bookmark: _Toc202295388]Figure 4.6. Asn-Glu-Asn complex interacting with CO2  group primarily through two peptide groups and a carboxylic acid functional group. 


Overall, these data support the conclusion that TriScore is a chemically meaningful and statistically robust metric for assessing the propensity of CO2 interactions with tripeptides. The observed correlation between the metric scores and the interaction energy can facilitate rapid library screening before quantum chemical calculations are performed. In the next section, we explore specific representative examples from both the high and low TriScore groups, for which we also performed DFT as well as SAPT computations to quantitatively describe the different contributions to the non-covalent interactions with CO2. Following that, we present a machine learning model for predicting the DFT interaction energies from SAPT0-derived features from GFN2-xTB-generated conformers that have not undergone any prior DFT optimization. A complete table listing the DFT-D4 interaction energies and TriScore of the 40 analyzed tripeptides is provided in Table 4.1 and Table 4.2 below.


[bookmark: _Ref201252385][bookmark: _Ref197629243][bookmark: _Toc202295361]Table 4.1. PBE0-D4/def2-TZVPP interaction energy, TriScore, NH2, and C=O counts for the top 20 tripeptides ranked by the TriScore metric.
	
	Tripeptides name
	TriScore
	NH2  count
	C=O count
	Interaction energy (kcal/mol)

	1
	Asn-Asn-Asn
	17.76
	4
	6
	-13.21

	2
	Asn-Asn-Gln
	17.01
	4
	6
	-11.62

	3
	Gln-Asn-Asn
	17.01
	4
	6
	-19.10

	4
	Asn-Gln-Asn
	17.01
	4
	6
	-14.12

	5
	Arg-Asn-Asn
	16.69
	4
	5
	-10.26

	6
	Asn-Arg-Asn
	16.69
	4
	5
	-15.95

	7
	Asn-Asn-Arg
	16.69
	4
	5
	-14.36

	8
	Asn-Glu-Asn
	16.60
	3
	6
	-20.18

	9
	Asn-Asn-Glu
	16.60
	3
	6
	-12.15

	10
	Glu-Asn-Asn
	16.60
	3
	6
	-13.53

	11
	Gln-Asn-Gln
	16.30
	3
	6
	-18.14

	12
	Asn-Gln-Gln
	16.30
	3
	6
	-13.75

	13
	Gln-Gln-Asn
	16.30
	3
	6
	-16.87

	14
	Arg-Asn-Gln
	15.90
	4
	5
	-12.06

	15
	Asn-Arg-Gln
	15.90
	4
	5
	-10.46

	16
	Gln-Arg-Asn
	15.90
	4
	5
	-9.36

	17
	Gln-Asn-Arg
	15.90
	4
	5
	-11.90

	18
	Arg-Gln-Asn
	15.90
	4
	5
	-16.84

	19
	Asn-Gln-Arg
	15.90
	4
	5
	-13.39

	20
	Glu-Gln-Asn
	15.77
	3
	6
	-17.79


[bookmark: _Ref201252387][bookmark: _Ref197629248][bookmark: _Toc202295362]Table 4.2. PBE0-D4/def2-TZVPP interaction energy, TriScore, NH2, and C=O counts for the bottom 20 tripeptides ranked by the TriScore metric.
	
	Tripeptides name
	TriScore
	NH2  count
	C=O count
	Interaction energy (kcal/mol)

	1
	Pro-Met-Gly
	5.05
	0
	3
	-8.09

	2
	Pro-Pro-Gly
	5.05
	0
	3
	-9.81

	3
	Pro-Gly-Pro
	5.05
	0
	3
	-9.50

	4
	Pro-Ala-Val
	4.99
	0
	3
	-8.27

	5
	Pro-Val-Ala
	4.99
	0
	3
	-8.61

	6
	Gly-Gly-Gly
	4.94
	0
	3
	-9.11

	7
	Gly-Ala-Ala
	4.93
	0
	3
	-9.97

	8
	Ala-Gly-Ala
	4.93
	0
	3
	-9.87

	9
	Ala-Ala-Gly
	4.93
	0
	3
	-9.77

	10
	Pro-Cys-Gly
	4.87
	0
	3
	-8.74

	11
	Pro-Gly-Cys
	4.87
	0
	3
	-9.19

	12
	Gly-Ala-Gly
	4.83
	0
	3
	-9.39

	13
	Ala-Gly-Gly
	4.83
	0
	3
	-9.29

	14
	Gly-Gly-Ala
	4.83
	0
	3
	-9.26

	15
	Pro-Val-Gly
	4.82
	0
	3
	-10.25

	16
	Pro-Gly-Val
	4.82
	0
	3
	-8.01

	17
	Pro-Ala-Ala
	4.44
	0
	3
	-9.04

	18
	Pro-Ala-Gly
	4.22
	0
	3
	-10.84

	19
	Pro-Gly-Ala
	4.22
	0
	3
	-10.61

	20
	Pro-Gly-Gly
	4.21
	0
	3
	-10.15


[bookmark: _Ref200555243][bookmark: _Toc201855125][bookmark: _Toc202295465]GFN2-xTB/DFT/SAPT Workflow for Interaction Energy Analysis
To validate the efficiency of our metric, we selected the top 20 and bottom 20 TriScore tripeptides for geometry optimization using DFT (PBE0-D4/def2-TZVPP), following a sampling with GFN2-xTB, where we identified the top performers. The top 20 TriScore tripeptides generally exhibit more stable interaction energies, ranging from approximately -10.26 to -20.18 kcal/mol, compared to the bottom 20, which demonstrate significantly weaker interaction energies ranging from about -8.09 to -10.84 kcal/mol. This suggests that the TriScore is predictive of the qualitative CO2-tripeptide interactions based on structural characteristics, such as the presence of polar functional groups and the energetic values of subunits.
 The top-performing TriScore tripeptides contain rich polar amino acid residues, including Asparagine (Asn), Glutamine (Gln), Glutamic acid (Glu), and Arginine (Arg), which feature NH2 and C=O functional groups that cooperatively interact with CO2, resulting in stabilized interaction energies. In contrast, the bottom-performing TriScore tripeptides lack polar side chains in their amino acid residues, including Glycine (Gly), Alanine (Ala), Valine (Val), and Proline (Pro), leading to less stable interactions with CO2. A comparison of these interaction energies is depicted in a boxplot, as shown in Figure 4.5.
[bookmark: OLE_LINK6]Consider Asn-Glu-Asn, a top-performing TriScore tripeptide (TriScore of 17.01), for instance, which exhibits Eint of -20.18 kcal/mol with CO2. The CO2 molecule interacts with the cup-like pocket geometry of the tripeptide, strongly interacting strongly with two carbonyl groups, two secondary amine groups, and one hydroxyl group. This interaction is described as a long-range dispersion forces and hydrogen bonds between H(CH2)-O(CO2), H(OH)-O(CO2), and H(NH2)-O(CO2). To validate the quantitative energy contributions, SAPT calculations were conducted. Our SAPT0/aug-cc-pVDZ calculations indicate that the predominant factor contributing to the stabilization of the complex (Figure 4.7)   is electrostatics, specifically the hydrogen bonds between H(CH2)-O(CO2), H(OH)-O(CO2), and H(NH2)-O(CO2). Dispersion interactions rank as the second most significant contributor.
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[bookmark: _Ref201252318][bookmark: _Ref197186945][bookmark: _Toc202295389]Figure 4.7. DFT-D4/def2-TZVPP conformation of the Asn-Glu-Asn tripeptide and CO2, with dashed lines indicating interaction points.


[bookmark: OLE_LINK7]Another example of a leading TriScore tripeptide is Glu-Gln-Asn (TriScore = 15.77). It also features a cup-like pocket geometry, enabling CO2 to interact with multiple functional groups simultaneously, with an interaction energy of -17.79 kcal/mol. It primarily interacts with CO2 through a carbonyl group (O(C=O)···C(CO2)) via dispersion interaction, a hydroxyl group (O(OH)···C(CO2)), and the hydrogen atoms on two primary amine groups (H(NH2)···O(CO2)) via electrostatic interactions, particularly hydrogen bonding interactions (Figure 4.8). SAPT0/aug-cc-pVDZ computations confirmed our intuition, as the intermolecular interactions are primarily dominated by contributions from electrostatic interactions, followed by dispersion interactions. 
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[bookmark: _Ref197423502][bookmark: _Toc202295390]Figure 4.8. DFT-D4/def2-TZVPP conformation of the Glu-Gln-Asn tripeptide and CO2, with dashed lines indicating interaction points.


[bookmark: OLE_LINK4][bookmark: OLE_LINK14]An example of a bottom TriScore tripeptide is the Gly-Ala-Ala tripeptide (TriScore of 4.93), which interacts with CO2 with an interaction energy of -9.97 kcal/mol. This interaction is mainly stabilized by two carbonyl groups, a secondary amine, and adjacent hydrogen atoms on the peptide. The primary forces at play include long-range dispersion and hydrogen bonding, particularly between H(CH2) and the oxygen of CO2, as well as H(NH2)···O(CO2). Our SAPT0/aug-cc-pVDZ calculations indicate that the interaction is predominantly stabilized by electrostatic forces, particularly the hydrogen bonds with CO2, while dispersion contributes in a secondary but essential role to the overall stability of the complex, which aligns with our chemical intuition regarding the distribution of the intermolecular forces (Figure 4.9).
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[bookmark: _Ref197423622][bookmark: _Toc202295391]Figure 4.9. DFT-D4/def2-TZVPP conformation of the Gly-Ala-Ala tripeptide and CO2, with dashed lines indicating interaction points.


Another example of a bottom TriScore tripeptide is the Pro-Gly-Val tripeptide (TriScore = 4.82), which primarily interacts with CO2 through two carbonyl groups, one secondary amine group, and other hydrogen atoms within the tripeptide, resulting in an interaction energy of -8.01 kcal/mol. This interaction is characterized by long-range dispersion forces and hydrogen bonds involving H(CH2)-O(CO2) and H(NH2)-O(CO2). Our SAPT0/aug-cc-pVDZ calculations reveal that the main factor in stabilizing the complex (Figure 4.10) is electrostatics, particularly the hydrogen bonds between H(CH2)-O(CO2) and H(NH2)-O(CO2). Dispersion interactions are the second most important contributor. 
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[bookmark: _Ref197424025][bookmark: _Toc202295392]Figure 4.10. DFT-D4/def2-TZVPP conformation of the Pro-Gly-Val tripeptide and CO2, with dashed lines indicating interaction points.


While SAPT2+3  is a more accurate level of SAPT computation than SAPT0,209 it is limited by its high computational cost and memory usage, especially for larger systems as those of the tripeptides considered in this study. For that reason, we ensured that SAPT0 level of theory was a suitable alternative level of theory by benchmarking. We benchmarked this method using Ala-Ala-Gly and Pro-Val-Ala. Ala-Ala-Gly exhibited interaction energy of -6.06 kcal/mol and -7.84 kcal/mol with SAPT2+3 and SAPT0 respectively. Similarly, Pro-Val-Ala exhibited interaction energy of -7.16 kcal/mol and -9.31 kcal/mol with SAPT2+3 and SAPT0 respectively. 
Following this benchmark studies, we extend the shortlisted tripeptides from 40 to 200 (top and bottom 100 tripeptides based on TriScore), on which we performed SAPT0/aug-cc-pVDZ calculations and obtained a quantitative decomposition of the non-covalent energetic component into electrostatics, exchange, induction, and dispersion terms. Figure 4.11 illustrates the results of these calculations. The plot shows that most tripeptides exhibit strong stabilizing electrostatic interactions with an average of -8.2 kcal/mol. In some instances, these energy values can reach as low as -12 kcal/mol, indicating significant stability. Dispersion has the second strongest contribution to stabilizing interactions within the tripeptide-CO2 complexes, with a mean energy value of -6.26 kcal/mol. Induction contributes moderately to stabilization, with a mean value of -1.48 kcal/mol. In contrast, the exchange interaction is destabilizing due to the Pauli exclusion principle. A detailed comparison of the chemical intuition and quantitative results using specific examples has been previously presented in section 4.3.2.
[bookmark: _Toc201855126][bookmark: _Toc202295466]Summary of Key Results
[bookmark: OLE_LINK15][bookmark: OLE_LINK16]Understanding the molecular factors influencing tripeptide-CO2 interactions is essential for improving oligopeptide-based carbon capture technologies. This study presents TriScore, a quantitative metric that combines structural characteristics–specifically the counts of carbonyl and amine groups–with normalized energetic contributions to evaluate the affinity of tripeptides for CO2. An analysis of 8000 tripeptides showed a normal distribution of TriScores, allowing for the identification of both high and low-ranked sequences for targeted investigation.
Density functional theory calculations (DFT-D4/def2-TZVPP) on the top and bottom 20 tripeptides revealed a strong correlation between TriScore and CO2 binding strength. High TriScore peptides demonstrated significantly more negative interaction energies, averaging -14.25 kcal/mol, compared to their lower-scoring counterparts, which averaged -9.39 kcal/mol. Analyses using symmetry-adapted perturbation theory (SAPT0/aug-cc-pVDZ) confirmed that electrostatic forces, particularly hydrogen bonding with polar side chains, primarily govern these interactions, while dispersion provides secondary stabilization.
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[bookmark: _Ref202289543][bookmark: _Toc201175185][bookmark: _Toc202295393]Figure 4.11. Distribution of SAPT0 Energy Components Across Tripeptides. Each panel displays the distribution of one SAPT0 interaction component: electrostatics, exchange, induction, and dispersion, calculated in kcal/mol. Histograms illustrate the frequency of energy values across tripeptides, while overlaid kernel density estimates (KDE) demonstrate the probability density. Dashed vertical lines represent the mean energy for each component. Electrostatics and dispersion dominate the stabilizing interactions (negative values), while exchange is consistently repulsive (positive). Induction shows the least variability across the dataset and is moderately stabilizing.


Representative high-scoring peptides, such as Asn-Glu-Asn and Glu-Gln-Asn, have polar residues arranged in cup-like conformations that facilitate cooperative binding to CO2. In contrast, low-scoring peptides, like Gly-Ala-Ala and Pro-Gly-Val, lack functional group density, leading to weaker and less varied interactions. These results position TriScore as a significant and computationally effective tool for quickly screening tripeptide libraries and prioritizing candidates for advanced quantum mechanical modeling.
We expanded the dataset by computing SAPT0 interaction energies for 200 DFT-optimized tripeptides-CO2 complexes comprising the top and bottom 200 TriScore-ranked tripeptides. This provides a better description of the non-covalent interaction energies and offers a quantitative decomposition of the energy terms. We observed that electrostatic contributions predominated the most, followed by dispersion, which can be explained by the presence of long-range dispersion interactions in the tripeptides, as well as nucleophilic groups that undergo various types of electrostatic interactions, such as hydrogen-bonding interactions. Even with a relatively small dataset of 40 instances, our model has demonstrated significant potential to be improved further by leveraging the larger and more accurate dataset of SAPT0/aug-cc-pVDZ energies.


[bookmark: _Toc201855127][bookmark: _Ref201866575][bookmark: _Toc202295467]Comparative Mechanistic Study of CO2 Capture by Amino Acids in Aqueous Solution
Disclosure: The following chapter is the current manuscript of a manuscript scheduled for submission in Summer 2025, authored by Dr. Konstantinos D. Vogiatzis (principal investigator) and me. Electronic structure theory calculations, including density functional theory along with transition state search and free energy profile generation were performed by me. All sections were written by me under the supervision of Dr. Konstantinos D. Vogiatzis.
[bookmark: _Toc201855128][bookmark: _Toc202295468]Introduction
A critical strategy in combating climate change is managing greenhouse gas emissions, with carbon dioxide (CO2) being the significant contributor from human activities. CO2 emissions arise from large stationary sources like fossil-fuel power plants, as well as distributed sources such as energy use for transportation, residential use, and other sectors. Recent efforts focus on providing methods for carbon capture and storage (CCS), particularly from significant sources such as flue gas streams.159
Amine-based solvents are widely used on an industrial scale for CO2 capture through chemisorption. However, this approach is faced with significant drawbacks ranging from the high energy for solvent regeneration, production of corrosive byproducts,31 and the release of toxic intermediates into the atmosphere due to the solvents’ high volatility during heating. These limitations have prompted extensive research into alternative CO2 capture methods that move beyond conventional chemisorption with amine-based solvents. Despite advancements, the main challenge remains the development of CO2 capture technologies that are sustainable, cost-effective, and environmentally friendly. Bio-inspired materials have emerged as a compelling alternative, 49, 50 particularly amino acids (AAs), which have demonstrated excellent potential for selective CO2 capture. AAs are inherently non-toxic,70 non-volatile,16 highly resistant to degradation,71 and can be derived from renewable biological sources,73, 74 making them an eco-friendly and efficient solution for addressing the challenges of CO2 capture. Studies show that AAs effectively bind CO2, offering a promising substitute for traditional amine-based solvents.56, 78-80, 90, 94, 96, 101, 158, 161
One important benefit of AAs in carbon capture is their ability to form amino acid (AA) salts through a reaction with a base, such as sodium hydroxide or potassium hydroxide, in a solution. 210 This leads to the neutralization of the COO- ion with the base, producing the resulting salts of the amino acids. AA salts have a competitive advantage in carbon capture due to a number of reasons. First, their low volatilities provide benefits in solvent regeneration processes, resulting in less solvent loss at high temperatures and low pressure.211 Additionally, AA salts have high surface tension, which plays a crucial role in gas-liquid interface reactions, such as those seen in CO2 chemisorption reactions.212 Furthermore, AA salts show strong resistance to oxidative degradation, which is a crucial factor when addressing CO2 in flue gas that contains substantial levels of oxygen.213
Existing approaches for CO2 absorption utilize amino acid salts, which can occur as either solid amino acid salts 58, 210 or amino acid ionic liquids. 214-216 Solid amino acid salts are formed by neutralizing amino acids dissolved in deionized water with an equimolar amount of bases such as potassium hydroxide or sodium hydroxide. 217 Amino acid ionic liquids (AAILs), on the other hand, are salts that contain no solvent, only ions, but exist in a liquid state. AAILs are typically produced through a two-step procedure: ion exchange followed by neutralization. Initially, a standard ionic liquid is transformed into its hydroxide form utilizing an anion exchange resin. Next, this hydroxide ionic liquid is neutralized with an AA under regulated conditions, resulting in a crude amino acid ionic liquid, which is then purified and dried for diverse applications.218 AAILs stand out as exceptional materials for CO2-capture due to their unique properties, such as negligible vapor pressure, adjustable structural and functional characteristics, and biodegradability.219, 220  
In both solid AA salts and AAILs, the negatively charged form of AA, the anion, reacts with CO2.216, 221 The reaction typically follows a 2:1 stoichiometry, similar to the reaction of amines with CO2, where two amine-based compounds react with one CO2. This process begins with the chemisorption of CO2 onto one of the AA anions (Equation 5.1), followed by proton abstraction with the second AA anion (Equation 5.2) or it can exhibit a 1:1 stoichiometry if the second reaction step is hindered or inefficient. 216, 221, 222
The reaction follows a 2:1 stoichiometry where two AA anions are made to react with one CO2, first by a chemisorption of CO2 unto one of the AA anions and then proton abstraction with the second AA anion, 223 or a 1:1 stoichiometry if the second reaction step is hindered or inefficient.216, 221, 222
	
	
	[bookmark: _Ref202350960]Equation 5.1

	
	  
	[bookmark: _Ref202351000]Equation 5.2


Previous computational efforts to understand CO2 chemisorption in amino acids have largely focused on discrete reaction pathways or enhancing capture efficiency in select ionic liquids. 122, 124, 224-227 While these studies have provided valuable mechanistic insights, they typically center on individual amino acids or specific reaction models, offering limited exploration of the broader diversity in proton transfer pathways and side-chain influences. Onofri et al. explored computational techniques aimed at improving the CO2 absorption molar ratio in amino acid ionic liquids by investigating two reaction mechanisms.216 Their findings suggest that the choice of anions can significantly boost the CO2 molar ratio. Yoon and Voth analyzed three proton transfer mechanisms related to serine ionic liquids and CO2, underscoring the crucial roles of dynamic and kinetic factors in the CO2 chemisorption process.215 While prior studies on amino acid-based CO2 capture have primarily focused on thermodynamic binding or bulk absorption properties, often using a small subset of amino acids, they seldom probe the detailed proton transfer mechanisms or the influence of side chain structure on reaction thermodynamics on a more comparative scale. This work addresses this gap by systematically exploring the complete reaction pathways for all 20 natural amino acid anions through various mechanistic routes and by incorporating implicit solvation using a conductor-like polarizable continuum model (CPCM) approximation that employs parametrization for a solvent with a medium dielectric constant. 228, 229 This study also includes water-mediated intramolecular transfer, as it has been shown to occur simultaneously for amines in the aqueous phase.230, 231
We utilized density functional theory (DFT) to perform a combined geometry optimization and vibrational frequency calculations to ensure that geometries with imaginary frequencies are excluded. The Gibbs’ free energy values for the reaction pathways were computed and provided insight into the energy barriers associated with different reaction steps, as depicted in Figure 5.1. This allows us to explore the thermodynamics and energy barriers in systems characterized by different levels of steric hindrance in condensed phases. We investigate how the structural variation, and flexibility of the amino acids’ anions influence the intramolecular and intermolecular interactions, which is pivotal in the carbon capture performance. 
[bookmark: _Toc189744207][bookmark: _Toc201855129][bookmark: _Toc202295469]Computational Methodology
All DFT calculations were performed with the ORCA quantum chemical program package version 5.0.4,232 using the conductor-like polarizable continuum model (CPCM) in the aqueous phase. 228, 229 The geometry optimization and frequency calculations were performed using PBE0 density functional, 130 the def2-TZVPP133 basis set, def2/j auxiliary basis set,233 the defgrid2 integration grid, 234 the D4 dispersion correction model,207, 235, 236 using the resolution of identity approximation within the ‘chain of spheres’ algorithm, which integrates a semi-numeric approach for handling all exchange terms for all Coulomb-type contributions (RIJCOSX)237. Fully unconstrained transition state optimizations were performed, and minima and saddle points of the potential energy surfaces were confirmed by analyzing the Hessian. The Gibbs free energies at 298.1 K and 1 atm were determined by incorporating the zero-point energy and thermal corrections for enthalpy and entropy derived from vibrational and rotational analyses of the lowest-energy conformers, utilizing the harmonic approximation implemented in ORCA.
[bookmark: _Toc201855130][bookmark: _Toc202295470]Results and Discussion
[bookmark: _Toc201855131][bookmark: _Toc202295471]Proposed Reaction Mechanism
Amino acids can form carbamate products with CO2 in liquid (or water) phase. There are a few proposed mechanisms that exist in the literature for CO2 absorption with amine: a 1:1 amine/CO2 mole ratio (1:1 mechanism) 216, 221, 222 and a 2:1 amine/CO2 mole ratio (2:1 mechanism).223 The mechanism of the chemisorption process comprises two steps–zwitterion formation and proton abstraction. In a 1:1 mechanism, the zwitterion intermediate is formed (Figure 5.1,A1) and may undergo a water-mediated intramolecular proton transfer to form a carboxylic acid from the carboxylate functional group (Figure 5.1, A2). In a 2:1 mechanism, the zwitterion is initially formed using one amino acid anion and CO2 (Figure 5.1, B1), which can then subsequently follow one of two possible pathways involving proton transfer to amine (Figure 5.1, B2) and carboxylate groups (Figure 5.1, B3). Similar reaction mechanism has been observed in anions of amino acids, 214, 215, 238 and amino acid ionic liquids (AAILs).215 Minor changes in the local structure of the R group of the amine or amino acid can either promote or impede the second reaction of proton transfer step, influencing the amine/CO2 mole ratio. 
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[bookmark: _Ref201172146][bookmark: _Toc202295394]Figure 5.1. Possible routes for carbamate formation from amino acid ionic liquid anion considered in this study. A1 and A2 correspond to the steps involved in the formation of carbamate from one amino acid anion. B1, B2 and B3 correspond to the formation of carbamate from two amino acid anions. In all the reactions depicted, 1 corresponds to amino acid anion, 2 corresponds to zwitterion intermediate that undergoes proton abstraction to form 3, which is the carbamate product.
In this study, we have studied the mechanism of amino acid reaction with CO2 following either of these three routes of (Figure 5.1) using quantum chemical methods. In all reaction routes, we refer to 1 as the amino acid anion, 2 is the zwitterion intermediate that undergoes proton abstraction to form 3, which is the carbamate product. In the 1:1 reaction (A1,A2), one AA anion (1) reacts with a CO2 molecule and a H2O molecule to form the zwitterion intermediate (2), which undergoes proton abstraction to the primary carboxylate group to form carbamate (3). In the 2:1 reactions, (B1, B2, B3), two amino acid anions (1) react with one CO2 molecule to form a zwitterion intermediate (2), which undergoes a proton abstraction to the NH2 group of the second amino acid anion to form carbamate product (3) as seen in reaction B2, or a proton abstraction to the COO- group of the second amino acid anion to form carbamate product (3) as seen in reaction B3.
[bookmark: _Toc201855132][bookmark: _Toc202295472][bookmark: _Toc189744208]Analysis of Result
CO2 capture by AAILs through a chemisorption process is initiated by a nucleophilic attack of the electrophilic C in CO2 by the N atom in the AA anion, leading to the formation of a zwitterion. Then, the zwitterion proceeds through any of the proton transfer routes described in Figure 5.1 , to form the carbamate species. The formation of carbamate species largely governs the chemisorption mechanism of CO2 capture by AAILs.214, 215, 221 To examine the potential of each of the 20 natural AAs in the chemisorption of CO2, we construct free-energy surfaces (FES) to better understand how the reaction mechanism is affected by steric factors and side chain groups. We obtained our results at 298.1K in an implicit solvation model using DFT. The Supplementary Information includes a database of energy barriers for intermolecular proton transfer to neighboring NH2 and intermolecular proton transfer to neighboring COO-, and intramolecular proton transfers present therein. The Gibbs Free reaction energies , as well as the Gibbs Free activation energy barrier  of the overall reaction channel present therein. 
The reaction pathway for CO2 capture via amino acids involves multiple energy-stable configurations and transition states. This study defines several key energy differences that help elucidate the proton transfer processes occurring during the reaction. In the intermolecular proton transfer process, 1 indicates the isolated AA anions and CO2; TS1-2 denotes the transition state moving from the isolated three-body system to the zwitterion intermediate and AA anion. 2 represents the fully formed zwitterion intermediate along with the second anion, and TS2-3 is the transition state for proton transfer from the zwitterion intermediate to the second anion. Finally, 3 is the product featuring a pair of carbamate and neutral amino acid. Similarly, in the water mediated intramolecular proton transfer process, 1 indicates one isolated AA anion, one water molecule and CO2; TS1-2 denotes the transition state moving from the isolated three-body system to the zwitterion intermediate and water molecule. 2 represents the fully formed zwitterion intermediate along with the water molecule, and TS2-3 is the transition state for proton transfer from the zwitterion intermediate to the primary carboxylate ion through the water molecule. Finally, 3 is the product featuring a pair of carbamate and water molecule. The water-mediated mechanism highlights the role of solvent in stabilizing the transition state, similar to findings in research involving alkanolamines. 239
(TS1-2-1) and  (TS2-3-1) are crucial as they indicate the energy barrier to form the zwitterion intermediate and the energy barrier to transfer a proton. Analyzing these energy barriers helps us understand the competitive pathways between different proton transfer routes. These energy differences, along with the contributions from both intermolecular and intramolecular proton transfer mechanisms, provide valuable insights into the efficacy of amino acids in CO2 capture. By understanding these reaction pathways, we can better evaluate the potential of AAs as environmentally friendly alternatives to traditional amine-based solvents for carbon capture.
As a representative example, we will discuss in detail glycine anion before we proceed to the full set of the 20 AAs. The FES for the full reaction pathway toward carbamate formation from amino acid and CO2 [that is, (1)  (TS1-2)  (2)  (TS2-3) 3)] is shown in Figure 5.2. The reaction commences with the formation of zwitterion intermediate, through a reaction barrier of 1.71 kcal/mol, which then undergoes proton abstraction via intermolecular proton transfer to COO- (barrierless step of -4.57 kcal/mol). When the same calculation was done towards intermolecular proton transfer to NH2 (Figure 5.3), the zwitterion intermediate was formed through a barrier of 0.83 kcal/mol, which then undergoes proton abstraction via intermolecular proton transfer to NH2 (barrierless step of -10.41 kcal/mol). This suggests that the energy pathway for intermolecular proton transfer to COO- and NH2 is spontaneous and does not necessarily present a barrier, considering that two glycine anions are used to form carbamate with CO2, and solvent-induced constraints are approximated using an implicit solvation model. The third possibility studied here involves an intramolecular proton transfer to the COO- group on the zwitterion. For all 20 amino acids, excluding proline, there are two possible COO- groups from which a hydrogen atom could be abstracted. These are the primary COO- group of the amino acid backbone and the COO- group derived from the CO2 bonded to the amine group. Using glycine as a case study, we examined the most favorable intramolecular pathways. When the proton is transferred to the primary COO- group, the activation energy barrier is 2.20 kcal/mol (Figure 5.4). In contrast, transferring the proton to the other COO- group (from the bonded CO2) requires 10.11 kcal/mol to form carbamic acid. Since the pathway involving proton transfer to the primary COO- group is the least energetically demanding, we focus on this pathway for the remaining amino acids in the series. The only exception is proline, which contains a 5-membered ring. In this case, nitrogen is bonded to only one hydrogen, and its orientation allows for only intramolecular transfer to form carbamic acid, with a barrier of 8.13 kcal/mol. These results align with those of Said et al. regarding the CO2 formation mechanism using methylamine to produce carbamate, where H2O serves as the Brønsted base, resulting in a barrier of 15.1 kcal/mol.230 To summarize the results for glycine, the free energy barriers for carbamate formation are 1.71 kcal/mol for intermolecular proton transfer to COO-, 0.83 kcal/mol for intermolecular proton transfer to NH2, and 2.20 kcal/mol for water-mediated intramolecular proton transfer. Our studies reveal that the most facile step with the lowest energy barrier for the formation of glycine is the intermolecular proton transfer to NH2, followed by the intermolecular proton transfer to COO- and then the intramolecular proton transfer. 
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[bookmark: _Ref202280979][bookmark: _Toc202295395]Figure 5.2. Free energy surface (FES, kcal/mol) for the formation of carbamate from CO2 and glycine anions, which proceeds via intermolecular proton transfer to COO-. The reaction begins with the unbound reactant 1 which comprises isolated AA anions and CO2; TS1-2 denotes the transition state moving from the isolated three-body system to the zwitterion intermediate and AA anion; 2 represents the fully formed zwitterion intermediate along with the second anion, and TS2-3 is the transition state for proton transfer from the zwitterion intermediate to the second anion; and 3 is the product featuring a pair of carbamate and neutral amino acid. All energies were calculated with CPCM (water)/PBE0-D4/def2-TZVPP.  
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[bookmark: _Ref202281035][bookmark: _Toc202295396]Figure 5.3. Free energy surface (FES, kcal/mol) for the formation of carbamate from CO2 and glycine anions, which proceeds via intermolecular proton transfer to NH2. The reaction begins with the unbound reactant 1 which comprises isolated AA anions and CO2; TS1-2 denotes the transition state moving from the isolated three-body system to the zwitterion intermediate and AA anion; 2 represents the fully formed zwitterion intermediate along with the second anion, and TS2-3 is the transition state for proton transfer from the zwitterion intermediate to the second anion; and 3 is the product featuring a pair of carbamate and neutral amino acid. All energies were calculated with CPCM (water)/PBE0-D4/def2-TZVPP.  
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[bookmark: _Ref202281097][bookmark: _Toc202295397][bookmark: OLE_LINK23][bookmark: _Ref189231341][bookmark: OLE_LINK25][bookmark: OLE_LINK33]Figure 5.4. Free energy surface (FES, kcal/mol) for the formation of carbamate from CO2 and glycine anions, which proceeds via intramolecular proton transfer to the carboxylate originating from the amino acid backbone. The reaction begins with the unbound reactant 1 comprising one isolated AA anion, one water molecule, and CO2; TS1-2 denotes the transition state moving from the isolated three-body system to the zwitterion intermediate and water molecule; 2 represents the fully formed zwitterion intermediate along with the water molecule, and TS2-3  is the transition state for proton transfer from the zwitterion intermediate to the primary carboxylate ion through the water molecule; and 3 is the product featuring a pair of carbamate and water molecule. All energies were calculated with CPCM (water)/PBE0-D4/def2-TZVPP.  


Next, consider threonine, a polar/hydrophilic uncharged amino acid. The reaction commences with the formation of zwitterion intermediate, through a reaction barrier of 3.73 kcal/mol, which then undergoes proton abstraction via intermolecular proton transfer to COO-(barrierless step of -2.48 kcal/mol) as shown in Figure 5.5. When the same calculation was done towards intermolecular proton transfer to NH2 (Figure 5.6), the zwitterion intermediate was formed through a barrier of 2.69 kcal/mol , which then undergoes proton abstraction via intermolecular proton transfer to NH2 (barrierless step of -5.91 kcal/mol). This suggests that the energy pathway for intermolecular proton transfer to COO- and NH2 is spontaneous and does not necessarily present a barrier, considering that two threonine anions are used to form carbamate with CO2, and solvent-induced constraints are approximated using an implicit solvation model. Lastly, the water-mediated intramolecular proton transfer exhibits an activation energy barrier of 3.15 kcal/mol (Figure 5.7). This study reveal that the most facile step with the lowest energy barrier for the formation of threonine is the intermolecular proton transfer to NH2, followed by the intramolecular proton transfer and then the intermolecular proton transfer to COO-.
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[bookmark: _Ref202282018][bookmark: _Toc202295398]Figure 5.5. Free energy surface (FES, kcal/mol) for the formation of carbamate from CO2 and threonine anions, which proceeds via intermolecular proton transfer to COO-. The reaction begins with the unbound reactant 1 which comprises isolated AA anions and CO2; TS1-2 denotes the transition state moving from the isolated three-body system to the zwitterion intermediate and AA anion; 2 represents the fully formed zwitterion intermediate along with the second anion, and TS2-3 is the transition state for proton transfer from the zwitterion intermediate to the second anion; and 3 is the product featuring a pair of carbamate and neutral amino acid. All energies were calculated with CPCM (water)/PBE0-D4/def2-TZVPP.  
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[bookmark: _Ref202282225][bookmark: _Toc202295399]Figure 5.6. Free energy surface (FES, kcal/mol) for the formation of carbamate from CO2 and threonine anions, which proceeds via intermolecular proton transfer to NH2. The reaction begins with the unbound reactant 1 which comprises isolated AA anions and CO2; TS1-2 denotes the transition state moving from the isolated three-body system to the zwitterion intermediate and AA anion; 2 represents the fully formed zwitterion intermediate along with the second anion, and TS2-3 is the transition state for proton transfer from the zwitterion intermediate to the second anion; and 3 is the product featuring a pair of carbamate and neutral amino acid. All energies were calculated with CPCM (water)/PBE0-D4/def2-TZVPP.  
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[bookmark: _Ref202282257][bookmark: _Toc202295400]Figure 5.7. Free energy surface (FES, kcal/mol) for the formation of carbamate from CO2 and threonine anions, which proceeds via intramolecular proton transfer to the carboxylate originating from the amino acid backbone. The reaction begins with the unbound reactant 1 comprising one isolated AA anion, one water molecule, and CO2; TS1-2 denotes the transition state moving from the isolated three-body system to the zwitterion intermediate and water molecule; 2 represents the fully formed zwitterion intermediate along with the water molecule, and TS2-3  is the transition state for proton transfer from the zwitterion intermediate to the primary carboxylate ion through the water molecule; and 3 is the product featuring a pair of carbamate and water molecule. All energies were calculated with CPCM (water)/PBE0-D4/def2-TZVPP.  

Leucine, a non-polar aliphatic amino acid, was also examined. The free energy barrier for the zwitterion intermediate is 4.44 kcal/mol, which then undergoes proton abstraction via intermolecular proton transfer to COO- (barrierless step of -5.12 kcal/mol) as seen in Figure 5.8. When the same calculation was done towards intermolecular proton transfer to NH2 (Figure 5.9), the zwitterion intermediate was formed through a barrier of 0.65 kcal/mol, which then undergoes proton abstraction via intermolecular proton transfer to NH2 (barrierless step of -10.83 kcal/mol). This suggests that the energy pathway for intermolecular proton transfer to COO- and NH2 is spontaneous and does not necessarily present a barrier, considering that two leucine anions are used to form carbamate with CO2, and solvent-induced constraints are approximated using an implicit solvation model. Lastly, the water-mediated intramolecular proton transfer exhibits an activation energy barrier of 2.15 kcal/mol (Figure 5.10). Here, the lowest energy barrier for the formation of leucine is the intermolecular proton transfer to NH2, followed by the intramolecular proton transfer and then the intermolecular proton transfer to COO-.
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[bookmark: _Ref202282407][bookmark: _Toc202295401]Figure 5.8. Free energy surface (FES, kcal/mol) for the formation of carbamate from CO2 and leucine anions, which proceeds via intermolecular proton transfer to COO-. The reaction begins with the unbound reactant 1 which comprises isolated AA anions and CO2; TS1-2 denotes the transition state moving from the isolated three-body system to the zwitterion intermediate and AA anion; 2 represents the fully formed zwitterion intermediate along with the second anion, and TS2-3 is the transition state for proton transfer from the zwitterion intermediate to the second anion; and 3 is the product featuring a pair of carbamate and neutral amino acid. All energies were calculated with CPCM (water)/PBE0-D4/def2-TZVPP.  
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[bookmark: _Ref202282467][bookmark: _Toc202295402]Figure 5.9. Free energy surface (FES, kcal/mol) for the formation of carbamate from CO2 and leucine anions, which proceeds via intermolecular proton transfer to NH2. The reaction begins with the unbound reactant 1 which comprises isolated AA anions and CO2; TS1-2 denotes the transition state moving from the isolated three-body system to the zwitterion intermediate and AA anion; 2 represents the fully formed zwitterion intermediate along with the second anion, and TS2-3 is the transition state for proton transfer from the zwitterion intermediate to the second anion; and 3 is the product featuring a pair of carbamate and neutral amino acid. All energies were calculated with CPCM (water)/PBE0-D4/def2-TZVPP.  
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[bookmark: _Ref202282490][bookmark: _Toc202295403][bookmark: _Ref201256928]Figure 5.10. Free energy surface (FES, kcal/mol) for the formation of carbamate from CO2 and leucine anions, which proceeds via intramolecular proton transfer to the carboxylate originating from the amino acid backbone. The reaction begins with the unbound reactant 1 comprising one isolated AA anion, one water molecule, and CO2; TS1-2 denotes the transition state moving from the isolated three-body system to the zwitterion intermediate and water molecule; 2 represents the fully formed zwitterion intermediate along with the water molecule, and TS2-3  is the transition state for proton transfer from the zwitterion intermediate to the primary carboxylate ion through the water molecule; and 3 is the product featuring a pair of carbamate and water molecule. All energies were calculated with CPCM (water)/PBE0-D4/def2-TZVPP. 
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[bookmark: _Toc202295473]Discussion of Observed Trend Among Various Classes of Amino Acid
The activation energy plots for intermolecular proton transfer to COO-, NH2, and intramolecular water-mediated proton transfer reveal unique characteristics that are summarized in Figure 5.11. Generally, the intermolecular proton transfer to NH2 group tends to occur with a low, but positive barrier, with arginine as an exception. On the other hand, the intermolecular proton transfers to the COO- are generally higher, with a few exceptions like glutamic acid, arginine, proline, tyrosine and glutamine which exhibit barrierless reactions, described by slightly negative  values.
Arginine carries a positive charge in its natural form as a unit of a protein, due to the protonated guanidine group, which causes positive delocalization.240, 241 This makes it unlikely to undergo proton transfer to NH2, thus the observed high barrier in H+ transfer to NH2 and barrierless transfer to COO-, a conjugate base. Glutamic acid undergoes a barrierless step for proton transfer to the COO-, signifying a strong tendency to donate a proton as an acid in an aqueous environment. This process is further stabilized by electrostatic interactions with the polar groups on glutamic acid. 
Nonpolar aliphatic amino acids like glycine, valine, and alanine, reflect the behaviors of the amino acids in an aqueous environment without stabilization or hindrances coming from the side chains. In their anionic forms, they generally demonstrate lower activation energy for proton transfer to NH2, which is more basic and likely to accept a proton than COO-, a weak base. In contrast, polar amino acids like glutamic acid and glutamine provide side-chain stabilization that can alter these natural proton transfer tendencies in the anionic state.
Water-mediated intramolecular proton transfer demonstrates how water can act as a medium for this reaction process and also provides stability for the intermediates. This stability comes in the form of hydrogen bonds with reacting and intermediate species, which may cause a slowdown and create high energetic barriers in the proton transfer mechanism. Proline, which has a unique five-member cyclic structure containing a secondary amine, exhibits the highest activation energy barrier in water-mediated proton transfer, likely due to its constrained conformation and orientation that permit only intramolecular transfer to form carbamic acid at a high energy barrier. These trends reveal the variation in the functionality of different amino acids, which is crucial for understanding their mechanism of chemisorption with CO2 in water.
Our findings closely match the absence of an energy barrier noted in the ab initio study conducted by da Silva and Svendsen, which investigated the most probable mechanism for the reaction between CO2 and MEA. They discovered that carbamate species initially form through zwitterion intermediate formation, followed by proton transfer. Notably, there is no intrinsic energy barrier when one water molecule is present, whereas an energy barrier exists with three water molecules, highlighting the hydrogen bonds that CO2 must first overcome.242 In a similar study, Shim et al. utilized DFT with the PCM model to investigate the formation of carbamate from MEA and CO2, while also examining the effects of an additional MEA or H2O. The zwitterionic intermediate formation faced a Gibbs free energy barrier of 5.5 kcal/mol. They observed that when proton transfer was facilitated by MEA, it occurred without an energy barrier, whereas using H2O required overcoming an energy barrier.243
Our results reflect the efficiency of the intrinsic reaction pathway under polar conditions and align with the expected reactivity of deprotonated amino acids toward CO2. Utilizing an implicit solvation model like PCM facilitates rapid and systematic comparison across a wide range of amino acids while still capturing key electrostatic stabilization effects, especially for polar transition states and charged intermediates. Although explicit solvent interactions are not modeled directly, the continuum approach provides a computationally efficient and chemically meaningful framework for identifying trends in reactivity and relative barrier heights. The low barriers observed suggest that, in the absence of significant steric or solvent-induced constraints, carbamate formation is thermodynamically favored with minimum energy barrier. Additionally, the overall carbamate formation reaction scheme proceed exothermically, as noted in comparable studies.216 An experimental study by Yu et al. found that H2O molecules in CO2 adsorption with amines enhanced binding strength yet slowed the CO2 adsorption reaction rate due to stabilization from hydrogen bonding.231 This aligns with the increased activation energy barrier, and the stabilized reaction energy noted when explicit solvation is modeled for CO2 capture using amines or amino acids through computational methods.214, 215, 227, 244 Further refinement with explicit solvation models could offer a more detailed view of solute-solvent interactions, but the implicit model employed here effectively captures the inherent reactivity of amino acid anions toward CO2 under idealized polar conditions.
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[bookmark: _Ref201256890][bookmark: _Toc202295404]Figure 5.11. Activation energy barrier (in kcal mol-1for the intermolecular proton transfer to COO- (A), intermolecular proton transfer to NH2 (B), and intramolecular proton transfer –water-mediated (C) of amino acid anions, categorized by amino acid class. 
[bookmark: _Toc201855134][bookmark: _Toc202295474]Summary of Key Results
This study explores the chemisorption of CO2 using amino acid anions (AAILs) as a sustainable alternative to conventional amine-based solvents, which are faced with limitations like high volatility and toxicity. Amino acids (AAs) are promising candidates for CO2 capture as they offer advantages such as non-toxicity, renewable sourcing, and stability. They form carbamates with CO2 through a chemisorption process that proceeds through a nucleophilic attack on the carbon of the CO2, followed by proton transfer. Three proton transfer mechanisms are analyzed: intermolecular proton transfer to COO-, intermolecular proton transfer to NH2, and intramolecular (water-mediated) proton transfer. In this study, we investigated the free energy surface (FES) associated with CO₂ capture by all 20 natural amino acid anions and evaluated how steric effects and side chain interactions with solvents influence the reaction pathway. We found that the amino acids demonstrate varied behaviors that are attributed to their unique side chains and predominant zwitterion form in aqueous environment. For the nonpolar aliphatic amino acids, they represent the behaviors of the amino acid anions, with little influence from their side chains, with lower energy barrier for proton transfer to basic NH2 group than COO-. Constrained configuration can further influence the reaction, as observed in proline which exhibits the highest activation energy in water-mediated intramolecular proton transfer. The barrierless intermolecular proton transfer observed in some cases as well an exothermic product formation have been noted in comparable studies. 216 This study provides insights into the thermodynamic of the CO2 capture by amino acid anions through chemisorption by revealing how structural and electronic effects contribute to the proton transfer pathways. 



[bookmark: _Toc201259046][bookmark: _Toc201259047][bookmark: _Toc201259048][bookmark: _Toc201855135][bookmark: _Ref201866607][bookmark: _Toc202295475]Closing Remarks 
This dissertation presents a series of projects that focus on various sub-aims, all designed to enhance scientific contributions toward achieving a carbon-negative global community. Amino acids have emerged as a promising alternative to traditional carbon capture techniques, such as amine-based solvent capture. These bio-sustainable substances are found throughout nature and are fundamental components of proteins in all living organisms. Additionally, amino acids have gained popularity recently due to their low toxicity, non-volatility, and strong resistance to degradation. Beyond addressing the atmospheric carbon emitted from point sources like cement and other chemical industries with significant post-combustion releases, it is crucial to consider carbon emissions from distributed sources. Therefore, this study recommends direct air capture utilizing amino acids as integral materials within the direct air capture technology platform.
The interactions of CO2 with molecular amino acids and small oligopeptides have been studied through quantum chemical methods. Quantum chemistry offers insights into reaction mechanisms and how different structural functionalities influence amino acids' properties for carbon capture. This understanding improves mapping functionalities to larger applications, detailing subtle molecular interactions and supporting the design of new oligopeptide-based products with synergistic properties for CO2 capture. 
[bookmark: OLE_LINK17]In the initial study, exploratory research examined all three regions (primary amine, carboxylic acid, and side chains) of the 20 natural amino acids, focusing on their non-covalent interactions with CO2. Using CCSD(F12)(T), this study achieved high accuracy and improved basis set convergence, resulting in commendable accuracy with moderate computational efficiency. This research generated reference data on interaction energies that also helped benchmark density functionals suitable for evaluating larger peptides while identifying functionalities that enhance carbon capture. This can help guide the design of carbon capture technologies, such as direct air capture systems embedded with amino acids that contain polar functional groups like carboxylic acids, amines, and amides. 
The second section of this dissertation presents novel algorithms for automating the generation of different conformations of dipeptide-CO2 complexes, where CO2 interacts with various regions on the dipeptides. Additionally, we conducted a statistical analysis of the cooperative interactions among other functional groups within the dipeptides. We compared the interaction energies between the dipeptides and their corresponding amino acid subunits. In the quantum chemical calculations performed in this study, we used DFT, selecting the density functional that provided the best benchmark results from previous research. This study highlights cooperative effects in dipeptides compared to their amino acid subunits, which can be utilized in designing more effective carbon capture materials.
In the third study of this dissertation, we introduce a metric that utilizes the molecular structure of tripeptides, along with the scaled energetic properties of dipeptides and amino acid subunits, to estimate CO2 binding affinity. This enables high-throughput screening of tripeptide libraries with thousands of candidates, showing effectiveness as a preliminary measure before conducting detailed quantum chemical studies on the shortlisted candidates. For the selected candidates, we performed symmetry-adapted perturbation theory (SAPT) calculations and found that electrostatic and dispersion interactions significantly contribute to the non-covalent interaction energies. These can be explained chemically by hydrogen-bonding and long-range dispersion interactions with CO2 through the polar groups abundantly present in the tripeptides.  

In conclusion, the fourth study in this dissertation presents our investigation into the mechanistic interactions between CO2 and amino acids in an aqueous environment. This research is essential for developing more efficient solvent-based direct air capture technologies, based on insights gained from a comprehensive examination of the complete reaction pathways of all 20 natural amino acid anions through various mechanistic pathways. Our study evaluated the Gibbs free energy associated with different reaction steps, improving our understanding of how structural variations affect amino acids' properties in solution related to CO2 capture. We found that while the intermolecular proton transfers to NH2 and COO- have lower barriers, the intramolecular proton transfer in the presence of a water molecule is more hindered, which can be explained by hydrogen bonding interactions that stabilize the intermediates, making proton transfer and product formation less likely. 
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