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Abstract 

The adsorption of CO2 on 155 porous carbon materials produced from solid wastes was 

investigated with statistical analysis and machine learning method based on 6,244 datasets of 

CO2 adsorption experiments in the literature. Pearson correlation coefficient (PCC) analysis 

was used to explore the linear relationships between any two variables, while random forest 

(RF) model was trained to predict CO2 adsorption capacity of porous carbons according to their 

material properties and adsorption conditions. The data were classified into six scenarios based 

on different temperatures (0 ℃ and 25 ℃) and pressure ranges (0-0.2 bar, 0.2-0.6 bar, 0.6-1 

bar). The results suggested that RF models built at each scenario showed good accuracy and 

predictive performance based on the test dataset (R2 > 0.9). In general, textural properties were 

more crucial than chemical compositions of porous carbons to the change of CO2 adsorption 

capacity. At a low pressure (0.1 bar), the volumes of mesopore and micropore played an 

important role according to the RF analysis, but had a negative correlation with CO2 adsorption 

capacity based on the PCC analysis. The relative importance of ultra-micropore increased along 

with the increase of pressure. The PCC value between ultra-micropore volume and CO2 uptake 

amount was up to 0.715 (p < 0.01) at 1 bar and 0 ℃. The influence of chemical compositions 

was complex. The N content was confirmed to positively correlate to the CO2 adsorption 

capacity but its contribution was much lower than that of ultra-micropores. This study provided 

a new approach for fostering the rational design of porous carbons for CO2 capture via 

statistical analysis and machine learning method. 

Keywords: CO2 sequestration; carbon adsorbents; solid waste management; machine learning; 

sustainable development; biomass utilization.  
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1. Introduction 

In order to ameliorate the environmental degradation caused by excessive emissions of 

greenhouse gases, carbon capture and sequestration (CCS) has been a mainstream technique to 

mitigate the emission of anthropogenic carbon dioxide (CO2) [1-3]. Pre-combustion, post-

combustion, and oxy-fuel combustion capture systems are the three main CO2 capture 

approaches used in the industries or power plants [4]. The post-combustion CO2 capture system 

can be readily retrofitted to incumbent infrastructure, and chemical absorption using an 

aqueous solution of amines is the most mature technology to perform CO2 separation, but it 

involves many drawbacks such as corrosion issue, energy consumption, and amine evaporation 

[5, 6]. Therefore, recent studies have been performed to develop high-performance adsorbents 

for large-scale applications. 

There has been a growing interest in adsorption with solid adsorbents to reversibly capture 

CO2 from flue gas produced in the fossil fuel combustion processes, which offers advantages 

of high efficiency, low energy consumption, and wide applicability for different temperature 

and pressure ranges [1, 6, 7]. The widely investigated solid adsorbents for CO2 capture include 

zeolites [8], metal-organic frameworks [9], covalent organic frameworks [10], porous polymers 

[11], and porous carbon materials [12]. Among them, porous carbon materials have unique 

advantages in CO2 capture owing to their abundant and tunable porous structures, easy 

preparation and regeneration, high chemical and thermal stability, low-cost and plentiful raw 

materials, and high resistance to water vapor [12-14].  Furthermore, the application of porous 

carbons produced from solid wastes (e.g., biomass wastes, industrial byproducts) for CO2 

https://creativecommons.org/licenses/by-nc-nd/4.0
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capture could promote sustainable waste management after appropriate processing and 

recycling. In particular, biomass as the raw materials has undertaken CO2 uptake from the 

atmosphere through photosynthesis and then their products (i.e., porous carbons) are used to 

capture CO2 in the industrial processes, which is an effective route to realize carbon-negative 

emission and environmental sustainability [12, 15].  

The synthesis of porous carbon materials was carried out through thermochemical 

conversion (e.g., carbonization, hydrothermal treatment, oxidization, and ammoxidation) and 

physical or chemical activation of different carbon precursors [12, 16]. The final 

physicochemical properties of porous carbons were largely dependent on the type and amount 

of activation agents (e.g., KOH, ZnCl2, H2O2, NaNH2, K2CO3), thermochemical conversion 

methods, and reaction temperatures [12]. The activation steps accelerated the decomposition 

process of carbon precursors and contributed to the rearrangements of intermediate products to 

form porous carbon skeletons [7, 17]. A number of studies have demonstrated the excellent 

adsorption ability of this class of porous carbons towards CO2.  

However, most of current literature pursued similar procedures for producing several 

kinds of porous carbons under different activation conditions, followed by measuring CO2 

adsorption capacity from adsorption isotherms at different temperatures [18-33]. The 

adsorption capacity at ambient pressure was subsequently compared, which may not gain 

insights into the role of each material property of porous carbon on the CO2 capture capacity. 

The CO2 adsorption capacity of porous carbons should also be investigated and compared at 

different pressure ranges. The CO2 capture capacity at a low pressure (0.1-0.2 bar) was more 

relevant to realistic post-combustion application under the partial pressure of CO2 in flue gas 

https://creativecommons.org/licenses/by-nc-nd/4.0
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[27, 34]. In terms of porous carbon itself, the factors influencing CO2 capture capacity could 

be classified into two categories: textural properties and chemical compositions [12]. For 

textural properties, the dominant factors to control CO2 adsorption capacity were surface area, 

porosity, and pore size distributions. For chemical compositions, the contribution of nitrogen 

component was the research focus due to the favorable interactions between acidic CO2 

molecules and basic sites in N-doped porous carbons [18-33]. However, the contribution of 

nitrogen was controversial. Hao et al. stated that basic nitrogen groups in N-doped porous 

carbon materials accounted for ~40% to the CO2 adsorption capacity through contrast 

experiments of acid treatment [38], while Adeniran et al. demonstrated that the presence of 

nitrogen had little contribution to the adsorption of CO2 by comparing the adsorption capacity 

of N-free and N-doped porous carbons having similar porous structures [39]. The different 

conclusions may be caused by variable textural properties of carbon materials, because 

different speciation and location of nitrogen might have less influence on porous carbons with 

well-developed porosity due to the pore-filling adsorption mechanism [12, 40-42]. The impacts 

of textural properties and chemical compositions on CO2 capture are not independent. 

Therefore, in order to investigate the CO2 adsorption behavior on porous carbons with 

overall considerations under the identical research framework, statistical tools such as plot 

pairwise relationships and Pearson correlation coefficient (PCC) analysis were applied for a 

preliminary exploration of the relationships. Machine learning (ML) methods were then 

adopted to mine the underlying relationships based on reported adsorption data and develop a 

predictive model for CO2 adsorption capacity. Many ML algorithms (e.g., random forest, 

decision tree) could identify the complex non-linear relationships between multiple influencing 

https://creativecommons.org/licenses/by-nc-nd/4.0
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factors and interdependent variables. Random forest (RF) was selected in our study owing to 

its superiority in higher prediction accuracy, resistance to overfitting, insensitivity to noise 

features and interpretability for the black box via relative importance analysis of features [43, 

44]. The accurate prediction and novel insights of RF model could advance our holistic 

understanding of the CO2 adsorption on porous carbons and rational design for different 

application scenarios.  

 

2. Methodology 

2.1. Data collection and statistical analysis  

The CO2 adsorption data of porous carbon materials and corresponding quantized 

materials properties were collected from literature [18-33]. These porous carbon materials used 

in the study were produced from solid wastes, inexpensive raw materials or industrial 

byproducts through thermal conversion methods (e.g. carbonization, oxidization, 

ammoxidation or hydrothermal conversion). The raw materials included biomass (e.g. coconut 

shell, rotten strawberries, lotus stalk, hazelnut shell), petroleum coke (i.e., the byproduct of 

refinery industry), cheap phenolic resin and popular graphene. For improving the CO2 capture 

capacity, additional treatments were commonly conducted such as urea modification, pre-

oxidization by H2O2/HNO3 and ammoxidation, KOH/NaNH2/K2CO3 activation as shown in 

Table S1.  

The CO2 adsorption process and the factors influencing the adsorption capacity (Q, 

mmol/g) were evaluated in our study. Ten predictive variables were considered and divided 

into three categories: (i) chemical compositions (CC), including mass percentage of total 

https://creativecommons.org/licenses/by-nc-nd/4.0
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carbon in the porous carbons (C, wt%), mass percentage of hydrogen (H, wt%), mass 

percentage of oxygen (O, wt%) and mass percentage of nitrogen (N, wt%); (ii) textural 

properties, including specific surface area (Sbet, m
2/g), the micropore volume (Vmicro, cm3/g), 

the mesopore volume (Vmes, cm3/g), and ultra-micropore (size < 1 nm) volume (Vultra, cm3/g);  

(iii) adsorption conditions, i.e., temperature (T, ℃) and pressure (P, bar). The mesopore volume 

represented the difference values of total pore volume and micropore volume. It should be 

noted that the characterization methods of these porous carbon materials and the corresponding 

analysis of CO2 adsorption capacity were consistent among the publications (Table S2), which 

decreased the deviation caused by different experimental methods and characterization. The 

data of chemical compositions, textural properties, and CO2 uptakes of porous carbons at 1 bar 

were extracted from the tables in the references, while the CO2 adsorption capacity amounts at 

other different pressures were extracted from adsorption isotherms with Plot Digitizer 2.6.8 

(http://plotdigitizer.sourceforge.net/).  

The collected CO2 adsorption data and corresponding porous materials properties were 

analyzed with statistical means, including univariate statistical distribution and plot pairwise 

relationships analysis between any two variables. Thereafter, the quantized linear dependences 

between any two variables were calculated by the Pearson correlation coefficient (PCC) with 

the following equation (1): 

𝑟 =
∑ (𝑥𝑖−�̅�) ∑ (𝑦𝑖−�̅�)𝑛

𝑖=1
𝑛
𝑖=1

√∑ (𝑥𝑖−�̅�)2𝑛
𝑖=1  √∑ (𝑦𝑖−�̅�)2𝑛

𝑖=1

         (1) 

where �̅� or �̅� indicated the mean value of variable 𝑥 or y. The significant level test (t) of PCC 

was available with equation (2), while p-value was acquired through two-tailed t distribution 

https://creativecommons.org/licenses/by-nc-nd/4.0
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with N-2 degrees of freedom [46].  

    𝑡 =
𝑟√𝑁−2

√1−𝑟2
                   (2) 

where N was the number of samples, r was the Pearson correlation coefficient.  

2.2. Machine learning models construction and inside information analysis behind models 

Before machine learning modeling, all the data of input variables were standardized with 

equation (3): 

 𝑥𝑖
∗ = (𝑥𝑖 − μ)/σ          (3) 

where 𝑥𝑖
∗ and 𝑥𝑖 were the normalized and original values of input variables, respectively; μ and 

σ represented the mean value and standard deviation of each variable. 

Random forest (RF) algorithm was applied to explore the relationships between CO2 

adsorption capacity of porous carbon materials and materials characteristics at different 

temperatures (i.e., 0 ℃ and 25 ℃) and pressure ranges (i.e., 0-0.2 bar, 0.2-0.6 bar, and 0.6-1 

bar), respectively. Random forest was an ensemble machine learning technique based on 

classification and regression tree analysis [43, 46], which was built and optimized with scikit-

learn in Python. Each set of data was randomly divided into training group and test group with 

the ratio of 80:20. In order to ensure the robustness and prediction accuracy, five-fold cross 

validation was applied to find the best hyper-parameters with training group [47, 48]. These 

parameters were tuned with trial-and-error method in the optimization process of RF models 

[49], including the parameters controlling the structure and scale of forest (e.g., number and 

maximum depth of trees in the forest), the parameters controlling the structure of each 

individual tree (e.g., minimal size of a node to be split), and the degree of randomness (e.g., 

number of features to be considered when looking for the best split). The remaining 20% of 

https://creativecommons.org/licenses/by-nc-nd/4.0
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data were used to test the model performances, which were assessed according to the regression 

coefficient (R2) and root mean squared error (RMSE) between actual values and predicted 

valued by the following equation (4) and (5): 

𝑅2 = 1 −
∑ (𝑌𝑖

𝑎𝑐𝑡𝑢𝑎𝑙−𝑌𝑖
𝑝𝑟𝑒𝑑

)
2

𝑁
𝑖=1

∑ (𝑌
𝑖
𝑒𝑥𝑝

−�̅�𝑎𝑣𝑒
𝑒𝑥𝑝

)
2𝑁

𝑖=1

                (4) 

RMSE = √
1

𝑁
∑ (𝑌𝑖

𝑎𝑐𝑡𝑢𝑎𝑙 − 𝑌𝑖
𝑝𝑟𝑒𝑑)2𝑁

𝑖=1    (5) 

Where 𝑌𝑖
𝑎𝑐𝑡𝑢𝑎𝑙 and 𝑌𝑖

𝑝𝑟𝑒𝑑
 were the actual and predicted values, respectively, and �̅�𝑎𝑣𝑒

𝑎𝑐𝑡𝑢𝑎𝑙 was 

the average of the actual values. Once the accurate prediction models were recognized, the 

relative importance of each factor for CO2 adsorption capacity could be calculated with mean 

decrease impurity method [48, 50].  

 

3. Results and Discussion  

3.1 Statistical results of carbon properties and bivariate correlation analysis  

The statistical distribution plot of each univariable is presented with violin-plots in Fig. 1, 

including chemical compositions and textural properties of the selected 155 different porous 

carbon materials and their corresponding CO2 adsorption capacity at ambient pressure. Violin-

plots was a combination of boxplot and kernel density estimation of underlying distribution 

[51], which allowed the visualization of data distribution and emergence peaks. The results 

suggested that most of these porous carbon materials had carbon contents ranging from 60% 

to 90% due to different thermal conversion temperatures and activation conditions from various 

solid wastes (Table S1). The hydrogen and oxygen contents of the porous carbon materials 

generally decreased with increasing production temperature, in which the statistical violin-plot 

https://creativecommons.org/licenses/by-nc-nd/4.0
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peaks of H and O contents of these porous carbon materials were about 1.2% and 18%, 

respectively (Fig. 1). The nitrogen component was intentionally elevated in the production 

process of porous carbon adsorbent materials in previous studies for the incorporation of basic 

N-containing groups in the carbon skeleton [20, 31]. The N contents of porous carbon materials 

used in our study ranged from 0.2% to 12.2% with the median value of 2.1% (Fig. 1).  

In terms of textural properties, most of porous carbon materials had a large specific surface 

area between 300 and 3000 m2/g with the violin-plot peak of approximately 1500 m2/g (Fig. 

1). Micropore and mesopore volumes were also considered as key factors influencing CO2 

capture capacity of porous carbons, which showed a right-skewed distribution with violin-plot 

peaks of 0.55 cm3/g and 0.08 cm3/g, respectively. The majority of these porous carbons showed 

typical adsorption behavior of microporous structure as indicated by the Type I adsorption 

isotherm, or a combination of microporous and mesoporous structures as indicated by Type I 

and Type IV isotherm in the literature [18-33]. The ultra-micropore referred to the pores size 

less than 1 nm [52], in which the pore volumes of ultra-micropores in these porous carbons 

ranged from 0.18 to 1.04 cm3/g with the median value of 0.72 cm3/g (Fig. 1). Based on the 

above porous carbon materials properties, their CO2 adsorption capacity showed a good 

performance ranging from 1.43 to 7.13 mmol/g (0℃) and from 0.95 to 4.8 mmol/g (25℃) at 

ambient pressure. By comparing the adsorption capacity of these porous carbons, it can be seen 

that the graphene-derived N-enriched porous carbons had the lowest CO2 capture capacity, 

which may be related to their lower values of Sbet, Vmicro, and Vultra [26].  

Based on the Pearson correlation coefficient matrix (Fig. 2) and the corresponding 

significant levels (Table S3), CO2 adsorption capacity showed a strongly positive correlation 

https://creativecommons.org/licenses/by-nc-nd/4.0
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with pressure (r = 0.796, p < 0.01) and moderately negative correlation with temperature (r = 

-0.380, p < 0.01). Nevertheless, the CO2 adsorption capacity was found to have weak 

relationship (Fig. 1) with the properties of porous carbons based on the overall adsorption data. 

The adsorption capacity was weakly and negatively correlated with Vmes (r = -0.142, p < 0.01) 

and positively correlated with Vultra (r = 0.144, p < 0.01), while the PCC values were less than 

0.1 between Q and any other material properties. Meanwhile, the correlational relationships 

between any two material properties of porous carbons were investigated with PCC. For 

example, (i) the textural properties (Sbet, Vmicro, Vultra) showed weakly positive correlation with 

carbon contents (p < 0.01) and weakly inverse correlation with O (p < 0.01) and H (p < 0.01), 

which was attributed to the KOH or NaNH2 activation mechanisms. The activation agents could 

react with the oxygen or hydrogen-containing functional groups to release gases (e.g., CO2, 

CO, H2, NH3, H2O) for forming pores, which resulted in the decrease of oxygen and hydrogen 

contents, and increase of  carbon contents and textural properties (Sbet, Vmicro, Vultra) [19, 33, 

53]. (ii) The textural properties (Sbet, Vmicro, Vultra) were also weakly negatively correlated with 

N (p < 0.01), while large microporosity and high nitrogen content were considered conducive 

to the high CO2 capture capacity in many studies[28, 31]. The presence or absence of their 

synergetic effects on the CO2 capture should be investigated to advise the optimal design of 

adsorption materials in future research. (iii) The values of Vmes were inversely correlated with 

the other textural properties (Sbet, Vmicro, Vultra) in terms of their correlation relationships with 

elemental compositions (C, O and N), which may be related to the production process of these 

porous carbons. (iv) There was a distinct positive correlation between any two textural 

properties, especially between Vmicro and Sbet (r = 0.959, p < 0.01), i.e., multicollinearity, in 

https://creativecommons.org/licenses/by-nc-nd/4.0


© 2020. This manuscript version is made available under the CC-BY-NC-ND 4.0 

license https://creativecommons.org/licenses/by-nc-nd/4.0/ 

 

12 
 

which the linear correlation was also proved by plot pairwise relationships analysis (Fig. S2). 

In order to gain further insights into the relationships between CO2 uptake and the textual 

properties and chemical compositions of porous carbons, machine learning method that is 

immune to multi-collinearity was applied in the subsequent sections. 

 

3.2 RF models for predicting CO2 capture capacity of porous carbons at different temperatures 

and pressure ranges 

Six sets of CO2 adsorption data at different temperatures (i.e., 0 ℃ and 25 ℃) and pressure 

ranges (i.e., 0-0.2 bar, 0.2-0.6 bar, and 0.6-1 bar) were used to build the predictive models. For 

each scenario, the hyper-parameters of RF algorithm were selected with 5-fold cross validation 

using the training datasets. The tuning parameters, including the number of trees (mtree) and 

number of features for the best split (mfeature), were found as the most influencing factors for 

the accuracy of RF models [46]. The selected hyper-parameters were applied to retrain the RF 

models with training group of datasets (80%), which were then validated with test datasets 

(20%) in each scenario. The comparison of predicted CO2 adsorption capacity and 

experimental values of test groups are shown in Fig. 3. The high R2 and low RMSE values 

suggested that RF algorithm was appropriate to predict the CO2 capture capacity of porous 

carbons based on their material properties and adsorption conditions. The data points at a low 

pressure (0-0.2 bar) were more scattered away from the regression lines and perfect lines (y=x) 

than those in other pressures ranges for both 0℃ and 25℃, which may be ascribed to fewer 

training data available at 0-0.2 bar, thus reflecting the current limitations and information gaps 

of the existing literature. 

https://creativecommons.org/licenses/by-nc-nd/4.0
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The relative importance of adsorption conditions and material properties of porous 

carbons to CO2 capture capacity at different pressure ranges was calculated based on the 

accurate prediction ability of RF (Fig. 4). The results suggested that pressure played an 

important role in the observed variation of CO2 adsorption capacity at a low pressure (0-0.2 

bar) for both 0℃ and 25℃. However, the relative importance of pressure on CO2 adsorption 

capacity diminished with the continuous increase of pressure at both 0℃ and 25℃. For 

example, the relative contribution of pressure (0℃) at a high pressure (0.6-1 bar) decreased by 

72.6% than that at a low pressure (0-0.2 bar), possibly because: (i) microporous and ultra-

microporous structures were dominated in these porous carbon materials (Fig. 1), and (ii) at a 

high pressure CO2 adsorption on porous carbons proceeded through pore-filling mechanism 

rather than layer adsorption [54, 55]. Therefore, continuous increase of pressure could not 

significantly improve the CO2 uptake after the micropores and ultra-micropores were filled. In 

addition, the ratio of relative importance of pressure at 25 ℃ to that at 0 ℃ increased from 

0.85 (0-0.2 bar) to 1.12 (0.2-0.6 bar) and 1.35 (0.6-1 bar). This indicated that the dependence 

of CO2 adsorption capacity on the pressure decreased more slowly at 25℃ than at 0℃. It was 

possibly because CO2 gas molecules moved more vigorously at a higher temperature, therefore 

the change of pressure was still important for the enhancement of CO2 adsorption amounts at 

higher pressure ranges.  

By comparison, the textural properties of porous carbons were more influential for the 

change of their CO2 adsorption capacity than chemical compositions in all studied scenarios 

(Fig. 4), which was in agreement with the reported experimental findings [27, 56]. Especially 

for 0℃ and 0.6-1 bar, the contribution of textural properties was greater than chemical 

https://creativecommons.org/licenses/by-nc-nd/4.0
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compositions by 2.3-fold.  

 

3.3 Relative importance analysis of carbon properties at specific pressures 

In order to compare the relative importance of material properties at different pressures 

without the interference of pressure, four sets of adsorption data at different pressures (0.1 bar, 

0.2 bar, 0.6 bar, and 1 bar) were retrained with the materials properties as inputs using RF 

model. The relative importance of each material property to CO2 capture capacity and the 

corresponding PCC are shown in Fig. 5 (0℃) and Fig. 6 (25℃). The results reaffirmed that 

textural properties were more crucial to CO2 uptake than chemical compositions.  

In terms of textural properties, Vmes was found to be the most significant factor among the 

material properties to the change of CO2 adsorption capacity at 0.1 bar and 0.2 bar for both 0℃ 

and 25℃, but the results of PCC analysis showed negative correlations (r > 0.4, p < 0.01). It 

should be noted that the relative importance of each feature obtained from RF referred to the 

absolute value, while the Pearson coefficient was expressed according to the positive or 

negative correlation. The results indicated that the abundant mesopores were less likely to 

enhance the CO2 capture capacity of the porous carbons at low pressures. The micropore 

volume as the second important factor at 0.1 bar was also negatively correlated with CO2 

adsorption capacity (r > 0.4, p < 0.01), and ultra-micropore volume did not show distinctive, 

positive or negative linear correlation with CO2 adsorption capacity at 0.1 bar. Hence, the 

conclusions in the previous studies [35, 37] that CO2 capture capacity at 0.1 bar was mainly 

controlled by ultra-micropores seemed to be agreeable to our RF modeling results.  
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With the increase of pressure, the ranking of relative importance of Vultra continually 

increased, meanwhile, the positive correlation between Vultra and CO2 capture capacity 

appeared for both 0℃ and 25℃. Eventually, Vultra was ranked the first based on the ranking of 

relative importance at 0.6 bar and 1 bar, and the PCC between Vultra and CO2 adsorption 

capacity was up to 0.715 (0℃) and 0.513 (25℃) at 1 bar (Fig. 5 and Fig. 6). The positive 

correlation between Vultra and CO2 adsorption capacity at l bar could also be clearly found using 

the plot pairwise relationships analysis (Fig. S2). The values of Sbet also showed a positive 

correlation with CO2 adsorption capacity (r = 0.408) as the second important factor at 1 bar 

and 0℃, and a weakly positive correlation (r = 0.201) at 1 bar and 25℃. However, the CO2 

adsorption capacity at 1 bar was not found to have any direct, linear correlation with any of 

textual properties (i.e., Sbet, Vmicro, Vtotal, or Vultra) in previous studies that compared several 

porous carbons [19, 33, 58, 59]. This discrepancy could be ascribed to the small sample size in 

these experimental studies, thus illustrating the significance of big data and machine learning 

in future research. 

For the chemical compositions of porous carbons, nitrogen was unexpectedly considered 

as the least one based on the importance ranking, and it displayed a weakly positive correlation 

with CO2 adsorption capacity from PCC results at each scenario. In terms of the controversial 

contribution of nitrogen to CO2 adsorption, our results from the perspective of big data 

confirmed that the nitrogen in the porous carbons was beneficial to CO2 adsorption, although 

the influence was much lower than that of ultra-micropores. It should be remarked that the 

types and locations of incorporated nitrogen species in porous carbons were crucial for 

determining the CO2 adsorption capacity [40-42], which should be evaluated when sufficient 
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relevant data become available in the future. For example, the organic amine-groups 

functionalized porous materials enhanced the CO2 capacity via effective amine-CO2 

interactions [40]. Pyrrole-/pyridine-N contributed more significantly to CO2 capture capacity 

than quaternary-N due to its stronger interactions with CO2 molecules [59, 60]. Furthermore, 

the relative contents of C, H and O were also crucial for the change of CO2 adsorption capacity 

according to the importance ranking, although they had no obvious correlational relationship 

from the PCC results. As a matter of fact, the influences of all the elemental compositions on 

CO2 adsorption were more complex than textural properties in view of variable element species. 

For example, Lewis base sites could be formed on the pore wall to bind acidic CO2 molecules, 

whereas oxygen in carboxylic group interfered the basic character in the porous carbons [61].   

Therefore, further investigation with machine learning approach is recommended . In 

terms of material properties, the ratio of different element species and pore size distributions 

are the important inputs. For the performance of adsorbents, CO2/N2 selectivity and isosteric 

heats of adsorption could also be considered as outputs (besides adsorption capacity) to better 

assess the adsorption characteristics and field applicability of porous carbons. In this study, we 

also attempted to correlate the CO2/N2 selectivity with the material properties of porous carbons, 

but failed to obtain well-developed machine learning models due to limited amount of available 

data (Table S4). This study demonstrated an operational methodology for evaluating and 

designing the porous carbon materials for CO2 capture with the aid of machine learning 

approach and big data analysis. 

 

4. Conclusions 
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The CO2 adsorption capacity of porous carbon materials was predicted according to the 

material properties and adsorption conditions using machine learning method. The results of 

random forest model suggested that pressure played a primary role in determining the CO2 

adsorption capacity at a low pressure (0-0.2 bar), however, the relative contribution of pressure 

declined with the increase of pressure. This was associated with the microporous and ultra-

microporous structures and pore-filling adsorption mechanism. In terms of material properties, 

the textural properties were more crucial than chemical compositions for CO2 adsorption 

capacity at different temperatures and pressure ranges. The relative importance of ultra-

micropore increased with the increase of pressure, and the Pearson correlation coefficient 

between Vultra and Q was 0.715 at 1 bar and 0℃. Meanwhile, the influences of chemical 

compositions on CO2 adsorption capacity were complex due to variable types and locations of 

element species. Nitrogen in the porous carbons was beneficial to CO2 adsorption based on the 

adsorption data of 155 porous carbons but the significance was not comparable to that of ultra-

micropores. Future research is recommended for better understanding the molecular-level 

influential factors and additional performance metrics of porous carbons when more detailed 

data are available. 
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Fig. 1 The statistical distribution of each variable related to these porous carbon materials properties and their CO2 adsorption 

capacity at ambient pressure with violin-plots. The violin-plots contain boxplot (inner) and data distribution based on kernel density 

estimation (outer). The y-axis represents the data range of each variable, while the distance from the center of x-axis represents the 

data density.  
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Fig. 2   Pearson correlation matrix between any two features of porous carbon materials, and 

between any variable and CO2 adsorption efficiency based on overall adsorption data. 
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Fig. 3 Comparison of predicted adsorption and experimental data at different temperature and pressure ranges with test group data.  
The red lines refer to the line y=x.
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Fig. 4 The relative importance of integrated influential factors at different pressure ranges (TP, 

CC and P represented textural properties, chemical compositions and pressure, respectively). 
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Fig. 5 Relative contribution of each feature and corresponding Pearson correlation coefficient to their CO2 capture capacity at different pressure (0 ℃) 
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Fig. 6 Relative contribution of each feature and corresponding Pearson correlation coefficient to their CO2 capture capacity at different pressure (25 ℃). 
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