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Reducing CO₂ emissions is crucial to mitigating climate change. At the moment, the use of amines in Carbon 

Capture has major drawbacks. Although current physical solvents can partially overcome these limitations, 

they exhibit poor selectivity towards acid gases and require demanding operating conditions. In this work, a 

novel Computer Aided Molecular Design and Screening procedure is proposed as an alternative to trial-and-

error approaches for identifying new solvent candidates. By leveraging predictive physical property models, 

tailored distribution functions, Health, Safety and Environment criteria and a Genetic Algorithm for the 

generation of molecular structures, the methodology is first validated on benchmark solvents to then proceed 

screening an extensive database of molecules. An unconventional alternative to current physical solvents is 

identified. 

1. Introduction 

With the global average temperature around 1.2°C above pre-industrial levels (IEA, 2023), consequences as 

extreme weather events and more have become frequent: CO2 emissions remain the primary driver of global 

warming, making their reduction essential to deal with climate change. At the moment, Carbon Capture (CC) 

technologies represent a viable though promising technique. However, the most developed technology, that is 

chemical absorption with aqueous mixtures of blended amines, presents significant limitations, including 

toxicity, corrosion, and high energy demand for regeneration. The demand for developed alternatives in the 

recent future needs to be addressed. Due to the absence of any reaction and a higher sequestration capacity, 

physical absorption technologies allow for lower energy consumption and solvent recirculation rates 

(N.Borhani & Wang, 2019). Conversely, physical solvents can suffer from limitations in the selective removal 

of acid gases, consistent losses in the product and applicability restricted to specific operating conditions 

(Kidnay & Parrish, 2006). 

Given the complicated pattern between properties and device performance, the selection of alternative 

solvents relies primarily on time-consuming and costly trial-and-error approaches. Recent studies in carbon 

capture have significantly advanced the development (Kim et al., 2024) and the accuracy (Li et al., 2019; 

Orlov et al., 2022) of computational frameworks for solvent screening. Despite the improvements, all proposed 

methodologies rely on a single or a limited set of fundamental properties, assessed independently during the 

selection phase. It has been emphasized that a more comprehensive evaluation is essential to fully capture 

the complexity of solvent effectiveness (Mota-Martinez et al., 2017). Besides, it is equally important not to 

tailor the evaluation on specific functional groups (e.g., amine groups), a limitation that persists in the most 

developed approaches. To address these challenges, solvent screening can be enhanced through Reverse 

Engineering leveraging Computer-Aided Molecular Design (CAMD). Initially, a set of fundamental physical and 

chemical properties aligned with the desired solvent functionalities is investigated for ranking purposes. The 

process then involves screening candidate solvents and designing novel molecular structures that better fulfill 



these requirements. Unlike traditional methods, this approach enables the systematic exploration of a larger 

chemical domain through a weighted multi-objective evaluation of an extended set of properties, providing a 

more balanced and comprehensive selection criteria. 

In this study, the evaluation of properties was extended to all non-reactive molecules with CO₂ by employing 

different predictive models depending on the property of interest. Specifically, Group Contribution methods 

(GC), Corresponding State (CS) models and Graph Convolutional Neural Networks (GCNNs) were employed 

selectively. Health, Safety and Environment (HSE) criteria were used as a preliminary filter. The resulting 

molecules were then classified with a global performance function, which quantifies the deviation between 

estimated values and target requirements using Gaussian-type distributions. A genetic algorithm with elitism 

policy on the global performance function was then employed to modify the chemical structures of the highest-

performing molecules. 

2. Methodology 

Reverse Engineering follows three sequential phases, which can be carried out employing two different 

strategies (Heintz et al., 2014), as illustrated in Figure 1. When the top-down approach is implemented, 

molecular structures are designed with structural constraints and then modified to better match desired 

functionalities, while in the bottom-up approach, target properties are computed for a large number of existing 

molecules while constraints are applied to the best-performing molecules to refine and optimize their 

properties. In the context of Carbon Capture with physical solvents, the bottom-up approach is first carried out 

on an extensive database in order to identify the chemical groups composing the best candidates. Following, 

the top-down approach is used for designing molecular structures which better meet target properties 

requirements. 

 

Figure 1: Reverse Engineering methodology, Top-Down and Bottom-Up procedures 

2.1 Intelligence Phase 

In the first phase, referred to as the Intelligence Phase, existing data of benchmark solvents (i.e., Methanol, 

NMP, Propylene Carbonate, Selexol™) (N.Borhani & Wang, 2019) are investigated to determine all the 

relevant physical properties and to establish their target values and weights. The selected properties (i.e., 

solubility and selectivity at 25 °C, viscosity, vapor pressure, surface tension, molar volume, boiling point, 

melting point and flash point) were identified to properly asses efficiency, operational feasibility, and process 

stability.  

The most suitable predictive models available in the literature are then selected to estimate the target 

properties 

with the exception of solubility and selectivity. Indeed, the estimation of Vapor-Liquid Equilibrium (VLE) 

between gas solutes and physical solvents with conventional methods requires the accurate description of the 

high-pressure deviations from ideality in the vapor pressure using an Equation of State (EOS) based 

approach. The Predictive Soave–Redlich–Kwong (PSRK) and Predictive Peng Robinson (PPR) EOS, 

although modeling the liquid phase through GC methods, still use critical properties and the acentric factor in 

the description of the vapor phase. Any inaccuracies in their estimation using GC predictive models instead of 

regressed values can significantly propagate through the calculations. For this reason, a GCNN (Heid et al., 

2024; Yang et al., 2019) was developed to predict phase diagrams between physical solvents and CO2 (for 

solubility purposes), H2S (for selectivity purposes). The two models use a Feed-Forward Network (FFN) to 

process the embeddings generated in the Message Passing (MP) phase from the SMILES of each molecule 

(Parascandolo, 2025). These embeddings are weighted according to scaled values of mole fraction and 

temperature of equilibrium, for the prediction of the corresponding equilibrium pressure. Therefore, the 

methodology remains fully predictive while preserving accuracy, ensuring reliable phase equilibrium 



estimations without relying on experimentally regressed parameters. Selected predictive models are 

summarized in Table 1. 

Table 1: Overview of the predictive models used for property estimation 

Property  Reference Method Type  Mean Error Standard Deviation Data 

Melting Point (Hukkerikar et al., 2012) GC in 3 levels  17.65 °C 21.45°C 5183 

Boiling Point (Hukkerikar et al., 2012) GC in 3 levels  5.96 °C 7.67 °C 3510 

Flash Point (Hukkerikar et al., 2012) GC in 3 levels  8.38 °C 11.43 °C 512 

Molar Volume (Hukkerikar et al., 2012) GC in 3 levels  2.1 mm
3
/kmol  4.2 mm

3
/kmol 1056 

Vapor Pressure (Riedel, 1954) CS  N.A. N.A. N.A. 

Surface Tension (Conte et al., 2008) GC in 3 levels  1.05 mN/m 1.47 mN/m 402 

Viscosity (Conte et al., 2008) GC in 3 levels  0.37 cP 0.89 cP 430 

Solubility (Parascandolo, 2025) GCNN  3.84 bar 4.77 bar 1091 

Selectivity (Parascandolo, 2025) GCNN  10.64 bar 9.75 bar 163 

 

All these insights are then used to construct individual performance functions (PropPerfp) which are then 

aggregated into a global one (GlobPerf) using either an arithmetic or geometric weighted mean. Gaussian 

type functions were used for evaluating the performance of single properties. These functions provide a 

smooth and systematic measure of how closely a predicted property aligns with its target value. The general 

formulation is given by:  

                        
   

   
 
 

 (1) 

where x is the predicted value, P is the target value and tol accounts for property model uncertainty (Heintz et 

al., 2014). Upper and lower bounded Gaussian function were implemented to handle properties where 

exclusively negative or positive deviations from the target are penalized. The global performance function was 

then formulated as the sum of np individual property function multiplied for a factor wp, where np is the total 

number of properties, as follows: 
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Values for tol, val and P were respectively chosen taking into account the standard deviation of each model 

and benchmark solvents optimal properties. Unitary weighting factors were selected for all the properties with 

the exception of solubility and selectivity, that were set to 2. 

2.2 Design Phase 

In the next phase, starting with the bottom-up approach, the search was conducted over an in-house database 

of existing molecules containing more than 12,000 candidates. The CHEM21 criteria (Prat et al., 2016) were 

applied to exclude from the analysis compounds undesired from an HSE perspective. This selection guide 

uses a classification that follows Global Harmonized Systems (GHS) and European regulations to assign 

scores based on flammability, toxicity and environmental persistence, with a color-coded scale that 

categorizes solvents as recommended for the use (green), problematic (yellow) or hazardous (red). Due to 

occupational risks, severe environmental impact or regulatory concerns (e.g., carcinogenicity, high volatility, or 

bioaccumulation), all the solvents that were labeled as hazardous were systematically removed from 

consideration. Following, candidates showing the highest values of GlobPerf are selected as base chemical 

structures to proceed with the top-down approach. The selection of the most suitable modification requires the 

solution of a Mixed Integer Non-Linear Programming (MINLP) problem. The IBSS tool (Heintz et al., 2014) for 

CAMD was employed, where the targeted molecular optimization approach is implemented using a genetic 

algorithm with elitism policy, ensuring that the best-performing structures are retained across generations. For 

each generated molecule, the global performance function (GlobPerf) is evaluated guiding the search towards 

molecular structures maximizing the objective function. 

2.3 Choice Phase 

In the last phase, the best candidates in both the bottom-up and top-down lists undergo an experimental 

validation. For newly designed molecules, potential green synthetic routes are investigated to assess the 

feasibility of producing the selected molecules in a sustainable and scalable manner to then assess inherently 



experimental properties, such as toxicity. For all the selected molecules, target properties are measured to 

validate the estimations obtained from predictive models. 

3. Results and Discussions 

The methodology was first validated on benchmark solvents to confirm its reliability in property estimation and 

scoring accuracy, ensuring that the computed GlobPerf values consistently reflect experimentally observed 

trends. The results demonstrate that Selexol™, NMP, and Propylene Carbonate are associated to consistently 

high scores due to their favorable physical properties for CO₂ absorption. In contrast, methanol receives 

unfavorable scores due to its inherent instability as a solvent under conventional operating conditions. Since 

methanol-based processes in CC are operated at subzero temperatures (N.Borhani & Wang, 2019) and the 

PropPerfp are estimated at 25 °C, the penalization in the scoring methodology appropriately reflects its limited 

suitability. Furthermore Selexol™ exhibit the highest solubility and selectivity towards H₂S, whereas NMP and 

Propylene Carbonate are labeled as good and intermediate candidates. In terms of physical properties, NMP 

is severely penalized due to its high vapor pressure. All these observations are aligned with experimental 

evidence (N.Borhani & Wang, 2019). Table 2 collects the estimated values of PropPerfp for all the target 

property and the resulting aggregation in GlobPerf.    

Table 2: Normalized PropPerfp and GlobPerf values for Benchmark Solvents employed in CO₂ Capture 

Solvent  B.P. M.P. F.P. Mol.V. Vap.P. Surf.Ten. Visc. Sol. Sel. GlobPerf 

Selexol™ 1 0.974 1 1 1 0.996 1 1 1 0.997 

NMP 1 1 1 1 0.615 0.999 1 0.8 0.9 0.912 

Propylene Carbonate 1 1 1 0.998 1 1 1 0.4 0.788 0.852 

Methanol 0.000038 1 0.262 0.996  0 1 1 0.331 0.769 0.587 

 

3.1 Bottom-Up Results 

The procedure has been further applied to the molecules identified from the screened database introduced in 

section 2.2. Interestingly, a dimer representing the monomeric backbone of Selexol™ was found to exhibit 

comparable performance in terms of solubilty and selectivity (Figure 2). However, its high vapor pressure 

significantly limits its applicability, as excessive volatility leads to increased solvent losses and operational 

instability. Due to this limitation, Selexol™ excludes dimers and only incorporates oligomers starting from n = 

3 (with n number of monomers repeated in the chain) (Ashkanani et al., 2020) to ensure adequate thermal and 

physical stability. Nevertheless, the CHEM21 guide classifies the dimer as "recommended", highlighting its 

lower environmental impact compared to other solvent alternatives. This classification is primarily driven by its 

lower potential for bioaccumulation. In contrast, long-chain molecules are penalized due to their increased 

persistence in the environment, leading to a less favorable score. 

 

Figure 2: PropPerfp values of solubility and selectivity for benchmark solvents and the dimer. Green and 

yellow colors indicate respectively recommended or problematic solvents according to CHEM21 selection 

guide 

3.2 Top-Down Results 

The dimeric unit was selected as the core molecular scaffold for searching new structures optimizing the 

required properties. To achieve this, different chemical bricks were systematically introduced at specific 



positions to generate structures covering most of existing chemicals available in the market (Figure 3). The 

approach allowed for the aggregation of up to three groups in series for each site, enabling an adequate 

diversity while preserving favorable physical properties. 

 

 

Figure 3: Molecular scaffold used for generating the population 

The result was the identification of a molecule featuring additional functional groups beyond the ether 

backbone of the dimer that allows for the retention of high selectivity and solubility values (Figure 4) while 

simultaneously exhibiting a negligible vapor pressure compared to the dimer.  

 

Figure 4: PropPerfp values of solubility and selectivity for the dimer and the alternative solvent 

Additionally, the other properties of interest are similar in their values to the already ideal ones of the dimer, as 

a result of the targeted optimization of the research algorithm. A more in-depth investigation provided detailed 

insights regarding its safety aspects. Toxicological data reported in literature revealed that the molecule 

exhibits negligible risk phrases (H302, H315), indicating a low hazard potential in terms of health and 

environmental impact. Furthermore, being a short-chain molecule with lower boiling point, its reduced 

bioaccumulation potential and lower environmental persistence make it a more sustainable alternative to 

Selexol™. 

Table 3: Physical properties for the dimer and the alternative solvent 

Solvent  B.P. (°C) M.P. (°C) F.P. (°C)  Mol. V. (cm
3
/mol) Vap. P. (mmHg) Surf. Ten. (mN/m) Visc. (cP) 

Dimer 162 -64 70 142 1.57 23.9 1.09 

Alternative 231.4 -15.4 96.4 172.1 0.0376 31.9 2.9 

 

4. Conclusions 

This study presents an advanced methodology for screening and designing physical solvents for CO₂ capture, 

integrating reverse engineering, predictive property models and CAMD techniques. The approach was 

validated against benchmark solvents, demonstrating its accuracy in predicting key physicochemical 

properties and ensuring alignment with experimentally observed trends. The computed performance function 

values correctly ranked Selexol™ as the best-performing solvent, followed by NMP, propylene carbonate, and 

methanol, which was appropriately penalized due to its high volatility under standard operating conditions. The 

procedure was then extended to an in-house database, leading to the identification of a dimeric unit 

structurally related to Selexol™ but not considered due to its excessive volatility. The top-down phase led to 

the design of an optimized molecular structure featuring an additional functional group beyond the ether 

backbone, which successfully retained similar properties while exhibiting a drastically reduced vapor pressure. 



Furthermore, the optimized solvent displayed a favorable safety profile, with negligible risk phrases and a 

lower environmental persistence compared to longer-chain oligomers. These results highlight the potential of 

the proposed framework to systematically explore the chemical space and optimize solvent design. Future 

work will focus on refining both the intelligence and design phases for expanding the search space to chemical 

absorbents. 
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