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ABSTRACT: Biomass waste-derived porous carbons (BWDPCs) are a class of complex materials that are widely used in sustainable
waste management and carbon capture. However, their diverse textural properties, the presence of various functional groups, and the
varied temperatures and pressures to which they are subjected during CO2 adsorption make it challenging to understand the
underlying mechanism of CO2 adsorption. Here, we compiled a data set including 527 data points collected from peer-reviewed
publications and applied machine learning to systematically map CO2 adsorption as a function of the textural and compositional
properties of BWDPCs and adsorption parameters. Various tree-based models were devised, where the gradient boosting decision
trees (GBDTs) had the best predictive performance with R2 of 0.98 and 0.84 on the training and test data, respectively. Further, the
BWDPCs in the compiled data set were classified into regular porous carbons (RPCs) and heteroatom-doped porous carbons
(HDPCs), where again the GBDT model had R2 of 0.99 and 0.98 on the training and 0.86 and 0.79 on the test data for the RPCs
and HDPCs, respectively. Feature importance revealed the significance of adsorption parameters, textural properties, and
compositional properties in the order of precedence for BWDPC-based CO2 adsorption, effectively guiding the synthesis of porous
carbons for CO2 adsorption applications.

KEYWORDS: machine learning, gradient boosting decision trees, carbon materials, low carbon technology, sustainable waste management,
gas adsorption and separation

■ INTRODUCTION

Carbon capture and storage (CCS) has been considered as an
indispensable tool for reducing CO2 emission,1−4 as the
atmospheric CO2 concentration has exceeded 410 ppm and
continues to increase steadily.5 In CCS systems, the operation
of CO2 capture is still the most expensive process, accounting
for over 50% of the total CCS cost.6 Precombustion,
postcombustion, and oxy-fuel combustion are the three main
approaches for capturing CO2 from industrial emission point
sources, with postcombustion capture being the most cost-
effective method.7,8 However, owing to the low CO2

concentration in postcombustion flue gases (typically <15%),
the main challenge of this process is the development of a cost-
effective CO2 capture method. Well-established absorption
processes, such as the regenerative amine solution process, for

postcombustion CO2 capture are expensive and have problems
of significant corrosion, solvent loss due to degradation, and
environmental toxicity.9 Researchers are attempting to develop
cost-effective membranes with high CO2 permeability for
capturing CO2 from flue gas, which is still far from
commercialization.9 Solid porous carbon-based CO2 adsorp-
tion is widely considered to be the most promising second-
generation carbon capture approach,1,8,10 owing to its
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advantages including low cost, tunable pore structure, relatively
low energy consumption for regeneration, and excellent cyclic
stability. Compared to other precursors, biomass waste has
promising advantages such as cost-effectiveness, sustainability,
and abundance for preparing porous CO2 adsorbents.2,11

Moreover, biomass waste-derived porous carbons (BWDPCs)
for CO2 capture can mitigate the environmental pollution
caused by inappropriate biomass waste management and
achieve decarbonization and negative emission technologies
for climate change abatement.9

The CO2 adsorption isotherms of BWDPCs at different
temperatures have been widely investigated for elucidating the
thermodynamic properties of the CO2 adsorption process and
guiding the CO2 adsorption process design and optimization.12

These thermodynamic properties (e.g., entropy, Gibbs free
energy, and isosteric heat of adsorption, etc.) indicate that CO2
adsorption on solid carbon adsorbents is mainly dominated by
physisorption (physical and weak interaction), making them
sensitive to adsorption conditions with low CO2 selectivity.

9,10

To enhance the CO2 adsorption capacity and CO2 selectivity,
carbonization and activation followed by heteroatom doping
play significant roles. In general, the upcycling of biomass
waste into porous carbons can be divided into two steps: (1)
carbonization and (2) activation. Thermochemical conversion
approaches have been extensively used in carbonization.11

Chemical and physical activations have received increasing
attention to enhance the CO2 capture performance of prepared
CO2 adsorbents, improving microporous structures with high
porosity.13,14 Heteroatom doping treatment can also be
considered to increase the basic active sites of the porous
carbons,15−17 enhancing the CO2 uptake and selectivity over
other gases as a result of acid−base interactions. It is worth
noting that some toxic or greenhouse gases are emitted during
these thermochemical processes. For example, in addition to
CO2 gas, the treatment of nitrogen oxides (NOx) emitted
should be carefully considered because NOx is not only toxic
but also consists of typical greenhouse gases.18 Most
publications in the last decade (Tables S1 and S2) have
generally provided similar approaches for BWDPCs under
various carbonization/activation conditions and performed the
CO2 uptake using different adsorption parameters,1,14 verifying
that BWDPCs can be used for practical CO2 capture. However,
the optimization of the synthesis route by integrating

carbonization and activation together with a reasonable
guideline is still unclear. In addition to adsorption parameters,
the textural properties and functional groups of porous carbons
are widely considered as dominant factors of CO2 capture
performance;1,6,11,16 however, the means to prioritize these
three aspects still remains unclear; a prioritization technique
would be beneficial for guiding the synthesis of porous carbons
from biomass waste.
The application of machine learning (ML) in fields,

including waste-to-energy conversion,19,20 biochar for metal
and organic compound sorption,21,22 municipal solid-waste
treatment,23 and oxidation of micropollutants24 has received
profound interest recently. Among the various types of ML
models, including linear regression, support vector machines
(SVMs), k-nearest neighbors, and artificial neural networks
(ANNs),25,26 tree-based ML models are a subcategory of
supervised ML methods, which employ recursive binary
splitting of data in a manner such that the residual sum of
squares is minimized.19 Some of the most common and
popular models include decision trees (DTs), random forest
(RF), gradient boosting decision trees (GBDTs), light gradient
boosting machines (LGBs), and extreme gradient boost
(XGB). Despite being relatively new, the latter three of the
boosting tree-based models have seen a surge in interest in
their popularity and application in scientific research because
of their ability to work with smaller data sets, resistance to
overfitting, and the ability to counter noisy features.27 In
comparison to the conventionally used RF, boosting trees offer
advantages,28,29 such as providing local as well as global
predictions, assigning nonbiased weights to correlated features,
and efficient handling of unbalanced data sets. Moreover,
based on our in-house expertise, it was observed that while
working with relatively small data sets (300−1000 data points),
these boosting tree algorithms offer faster hyperparameter
tuning in comparison to the more commonly used SVM and
ANN algorithms without compromising the accuracy.
Given the aforementioned gaps, a data-driven approach was

used to mine and map the CO2 adsorption by BWDPCs based
on their textural properties and compositional features, along
with the adsorption temperature and pressure at which the
CO2 adsorption experiments were conducted. The main
purpose of this study is to elucidate how ML tools can be
systematically applied and leveraged for predictive analytics

Figure 1. Schematic of the workflow in this study. A comprehensive review of the literature specific to the adsorption of CO2 by BWDPCs was first
performed to build the data set required for this study. Based on the data collected, input features were appropriately identified and labeled. Post
the data collection, data preprocessing was performed to enable effective ML application, where three types of tree-based ML models, namely,
GBDT, LGB, and XGB, were evaluated for their prediction performance. Given the black-box nature of most ML models, the inference of the best-
performing model in this study was understood via permutation importance and PDPs.

Environmental Science & Technology pubs.acs.org/est Article

https://doi.org/10.1021/acs.est.1c01849
Environ. Sci. Technol. 2021, 55, 11925−11936

11926

https://pubs.acs.org/doi/suppl/10.1021/acs.est.1c01849/suppl_file/es1c01849_si_001.pdf
https://pubs.acs.org/doi/10.1021/acs.est.1c01849?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.1c01849?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.1c01849?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.est.1c01849?fig=fig1&ref=pdf
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.1c01849?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


and used to draw valuable insights into the process of CO2
adsorption using BWDPCs. With this aim, three tree-based
ML models, namely, GBDT, LGB, and XGB, were devised and
evaluated for the prediction performance of BWDPCs for CO2
adsorption. Based on these predictive models, a feature
importance evaluation was performed, and the impact of
each input feature on the target variable was realized via partial
dependence plots (PDPs) (Figure 1).

■ METHODOLOGY
Data Collection and Formatting. For data collection, a

comprehensive literature review on BWDPCs for CO2 capture
was conducted using various keywords (including biomass
waste, waste, biochar, porous carbon, CO2 adsorption, and
CO2 capture) using major databases (e.g., SCOPUS, Web of
Science, etc.). A total of 76 peer-reviewed publications in the
last decade were investigated, and 632 data points were
extracted and used here. Tables S1 and S2 provide a summary
of the data sets and the publications referred, respectively.
Herein, it is worth noting that the common principal criteria
for synthesizing CO2 adsorbents derived from BWDPCs
included excellent adsorption capacity and selectivity, stable
working capacity, cost-effectiveness, recyclability, easy regen-
eration, and rapid adsorption−desorption kinetics.16 However,
we primarily focused on the CO2 adsorption capacity obtained
at different temperatures and pressures along with textural and
compositional properties of BWDPCs for two main reasons:
(1) most of the publications reviewed mainly focused on
adsorption capacity and only very few of them reported
working capacity, regeneration, and kinetic properties; thus,
causing a lack of data to develop ML models for all the
aforementioned essential properties; and (2) in addition to the
adsorption capacity, the performance standards for the other
criteria were unavailable due to a lack of environmental impact
and techno-economic assessment.
To this end, the following assumptions and strategies were

incorporated during the data collection process.

1. All screened data were initially accepted impartially,
without any initial judgment or bias regarding data
validity.

2. Most of the data were obtained from experimental
reports listed by researchers. For the data points that
were not directly listed in a table or elaborated in the
text form, we performed extraction from the figures
using WebPlotDigitizer software (https://apps.
automeris.io/wpd/) to obtain the necessary data. All
values were carefully screened to avoid duplicate or
multiple entries.

3. The list of input features used here were broadly
classified into three categories: (1) textural properties,
(2) elemental compositions of the BWDPCs, and (3)
adsorption parameters such as temperature and pressure
at which CO2 adsorption experiments were conducted.

4. The textural properties of the BWDPCs included their
surface area (SA, m2/g), total pore volume (TPV, cm3/
g), and micropore volume (MPV, cm3/g) and the
elemental compositions of carbon, hydrogen, nitrogen,
and oxygen contents (wt %).

5. The CO2 uptake by the BWDPCs at different adsorption
parameters was used as the target variable.

The 632 data points were divided into two subsets: (1)
regular porous carbons (RPCs) with 288 data points collected

from 34 publications (Table S1) and (2) heteroatom-doped
porous carbons (HDPCs) with 344 data points from 42
publications (Table S2). All these data points were directly
collected either from the tables or extracted from the figures
presented in 76 of the referred publications here.

Data Preprocessing. Once all the data were collected and
transformed into consistent units (described in Supporting
Information S1), a substantial amount of data was missing
either for TPV or MPV. This condition was primarily due to
the difference in the reports published by various researchers in
terms of the choice of textural property reported. Most
researchers reported the SA and TPV or SA and MPV; hence,
several rows of data had either SA or TPV, whereas MPV was
missing, and in other cases, the data on SA and MPV were
available, but TPV was missing. Thus, missing data imputation
of TPV and MPV via ML concepts was employed to avoid
discarding records with missing values. Specifically, TPV and
MPV were mapped as a function of SA using multiple ML
algorithms, including multilinear regression and RF models,
and the missing value for a given entry was predicted and
imputed (described in Supporting Information S2). Addition-
ally, with respect to the data on the compositions of BWDPCs,
several researchers have reported the compositions of carbon,
nitrogen, carbon, and hydrogen only. In an event where the
compositions of BWDPCs could not be summed to 100% by
weight, the data point was discarded. The final data set used
here included 527 data points, 193 of which belonged to the
RPC subset; whereas, the remaining 334 belonged to the
HDPC subset.
The correlation, and more specifically, the linear depend-

ency among the input variables, was measured by Pearson’s
correlation coefficient (PCC) given by eq 1

x x y y

x x y y

( ) ( )
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where ρxy is the value of PCC for feature to target or target to
target and x̅ and y̅ are the means of input feature x and output
target y, respectively. The range of ρxy varied from −1 to 1,
where 0 indicated no linear correlation, and a high negative or
positive value indicated a strong negative or positive
correlation, respectively.
Finally, after data compilation, preprocessing for consistent

units, and handling of missing values, the data (input features
and output targets) were normalized to achieve a uniform
range of values, according to eq 2

x
x

si
i μ* =
−

(2)

where xi is the value of input feature i, xi* is the normalized
value of the initial xi, μ is the mean of xi;, and s is the standard
deviation of xi.
The entire preprocessed 527 data points were subjected to

multitraining by splitting them into randomly chosen training
and test subsets. Thus, 85% of the total data points were
randomly selected and labeled as training data, and the
remaining 15% of the data points were labeled as test data for
the final evaluation of the developed models. During the
training process, the k-fold cross-validation (k-fold CV)
method was applied to tune the hyperparameters to
simultaneously improve the model’s prediction and general-
ization capabilities.19 In k-fold CV, the training data were
divided into k subsets such that at each training iteration, one
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of the k subsets was used as the validation set and the other k
− 1 subsets form the training set to address the variance and
bias issue in ML.30 As a general rule of thumb and depending
on the size of the data set, k = 3, 5, or 10 is generally preferred,
and much of this also depends on the modeler’s intuitions.
Specific to this study, the training set had a total of 448 data
points (85% of 527). Thus, using k = 5 yielded five subsets
with approximately 90 data points, each of which was then
effectively used during the modeling.
Modeling Methods and Hyperparameter Tuning.

Three tree-based ML algorithms (e.g., GBDT, LGB, and
XGB) were compared and evaluated to predict CO2
adsorption on BWDPCs. Recent works of our group19−21

have shown the suitability and successful implementation of
tree-based ML models in data sets with 200−1000 data points
when the set of input features normally ranges between 5 and
15. Such data sets are not big data but are rather the data
collected from experimental works or those that are published
in the literature and can be termed as midsize data sets.
The GBDT is a class of ensemble learning algorithms that

combines several sequentially connected DTs.31 DTs by
themselves are occasionally referred to as relatively weak
learners. However, in the case of GBDTs, by adding several
DTs in a series (e.g., boosting), whereby each subsequent tree
minimizes the errors from the previous one, the process of
“boosting” becomes highly efficient, thus leading to the high
accuracy of GBDT models. XGB, which is a scalable boosting
tree and a variant of the GBDTs, employs numerous DTs and
uses the weighted quantile search to aid in parallel and
distributed computing, resulting in high computational
efficiency and prediction accuracy.30,32 LGB, which is a recent
variant of GBDTs, uses gradient-based one-side sampling and
exclusive feature bundling to improve computational efficiency
without affecting the prediction accuracy of the model.33

Hyperparameter tuning is the process of finding a set of
hyperparameters to attain the optimal model performance.

These hyperparameters are algorithm-specific and are tuned
during the model training process. The most common
hyperparameter tunings reported in the literature include
manual search, grid search, and Bayesian optimization.31 In
most studies, multiple hyperparameter tuning processes are
evaluated and then selected based on the corresponding model
accuracy or arbitrarily. In this study, the grid search method
was employed for hyperparameter tuning, given its reliability
and easy implementation when tuning for a lower set of input
features (nine input features).

Error Metrics. The performance of the regression models
was evaluated in terms of R2 (correlation coefficient) and the
root mean square error (RMSE).21,34 Conceptually, the higher
the R2 and the lower the RMSE, the greater the model
accuracy, as described in eqs 3 and 4, respectively.

R
y y

y y
1

( )
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n
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2 1
2

1
2

= −
∑ ̂ −

∑ ̂ − ̅
=

= (3)

y y

N
RMSE

( )n
N

1
2

=
∑ ̂ −=

(4)

where ŷ, y, and y̅ are the predicted, actual, and mean values of
the target feature, respectively, n is the data point at any given
instance, and N is the total number of data points.

Feature Importance. Tree-based models are black boxes
by nature. Thus, determining the significance or contribution
of a specific input feature to the model is a challenge.
Permutation importance35 or mean decrease accuracy (MDA)
is a model agnostic method used to determine the importance
of each feature for any black-box model by measuring how the
model performance (in terms of its accuracy) changes when a
feature is added or discarded. Specific to tree-based models,
MDA is the mean decrease in the Gini score, a measure of how
each variable contributes to the homogeneity of the nodes and
leaves of the tree (single as well as ensemble).36 The higher the

Figure 2. Box-normal plots representing the descriptive statistics of the data for each feature collected from the literature. The range of values for
both the target and input features are as collected from the total set of 76 papers and 632 data points. Most of the features showed a normal
distribution of data, except for TPV and MPV, where a subtle left skew was observed, and in the case of the nitrogen content, where a stronger left
skew was witnessed. The abbreviated features with their respective units are as followsSA: surface area (m2/g), TPV: total pore volume (cm3/g),
MPV: micropore volume (cm3/g), C: carbon content (wt %), O: oxygen content (wt %), H: hydrogen content (wt %), and N: nitrogen content
(wt %).
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value of the MDA or the mean decrease Gini score, the higher
the importance of the variable in the model. The method is
suitable for determining the feature importance when the
number of features is not significantly high because, otherwise,
it can be resource-intensive. Given that this study involved
nine input features, the permutation importance method was
selected to determine the feature importance. Although
permutation importance provides useful insights into deter-
mining the respective contribution of a feature to the model
prediction as a whole, it does not necessarily help in
understanding how these input features affect the target
variable. To this cause, we also employed PDPs to understand
and visualize the relationship between each input feature and
the target variable.21 The PDPs have a regressor function that
marginalizes the impact of all the input features on the ML
prediction,37 except for the one (or two if required) of interest,
thereby presenting local sensitivity analysis. Thus, by margin-
alizing over the other features, a function that depends only on
one input feature is achieved, for example, one feature at a
time, and its impact on the target feature is measured across
each instance/data point in the data set. Because the GBDT
itself offers both global and local predictions, local sensitivity
analysis in the form of MDA and PDPs was preferred in this
study, such that the impact of the input features on the target
variables was not just averaged over the entire data set but
calculated across each instance/data point. However, any
sensitivity analysis, be it global or local, can be prone to bias,38

and to this extent, the findings of the PDPs were further
substantiated with the existing domain knowledge and
literature. All the data processing and ML methods described

here were performed in the Python programming language
(version 3.6), using the open-source scikit-learn library.39

■ RESULTS AND DISCUSSION

Descriptive Statistics. A descriptive analysis of all the
input features and the target variables was first performed
based on the raw data; for example, the data collected and
compiled (632 data points) were first subjected to descriptive
analytics in terms of the minimum, maximum, and average
values of the input features and target variables to gain
preliminary insights into the raw data. Figure 2 presents the
visual representation of the data distribution for each of the
input features and target variables in the form of box-normal
plots. The mean values of CO2 adsorbed on the porous carbon
as per the data collected from the literature was 3.36 mmol/g
with a standard deviation of 1.58 mmol/g, with the maximum
CO2 adsorption at 8.20 mmol/g at 0 °C and 1 bar; whereas,
the least was in the case of 0.25 mmol/g at 25 °C and 0.15 bar
(Figure 2a). The SA was the only textural property that was
reported in all the studies selected for data collection here. The
reported SA in the literature varied from 0.15 to 3336 m2/g,
with a mean value of 1436.70 m2/g and a high standard
deviation equal to 764 m2/g (Figure 2b). The mean values for
TPV and MPV were 0.78 ± 0.48 and 0.52 ± 0.48 cm3/g,
respectively (Figure 2c,d). As summarized in Tables S1 and S2,
the SA and pore volume were significantly affected by the
carbonization and activation treatments. Yang et al.2

synthesized coconut shell-derived porous carbons for CO2
capture using ammoxidation with KOH activation. The results

Figure 3. Pearson’s correlation matrix for all the set of features included in the study. No significant correlation among the input variables was
observed, except for textural properties including SA, TPV, and MPV. The abbreviated features with their respective units are as followsSA:
surface area (m2/g), TPV: total pore volume (cm3/g), MPV: micropore volume (cm3/g), C: carbon content (wt %), H: hydrogen content (wt %),
N: nitrogen content (wt %), O: oxygen content (wt %), T: temperature (°C), P: pressure (bar), and CO2: CO2 adsorption (mmol/g).
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demonstrated that the SA varied from 879 to 2690 m2/g and
the TPV from 0.38 to 1.34 cm3/g. However, the highest CO2
uptake of 4.26 mmol/g at 25 °C and 1 bar was achieved by
porous carbon with an SA of 1483 m2/g and a TPV of 0.66
cm3/g. This finding implied that no simple and direct route
was available to synthesize optimal porous carbons for practical
CO2 capture based on different biomass wastes. According to
76 publications referred to here (summarized in Supporting
Information and Tables S1 and S2), the researchers only
selected the best CO2 adsorbent among the several prepared
samples derived from biomass waste, implying that no clear
and efficient guidance for the synthesis of high-performance
CO2 adsorbents from biomass waste was available. In addition,
the developed porous carbon was applicable to practical CO2
capture processes if the CO2 adsorption capacity exceeded 3
mmol/g.40 Thus, it was concluded that most biomass waste
could be upcycled into promising candidates for CO2 capture
applications through effective carbonization and activation
treatments.
Among the compositional features of BWDPCs (including

RPCs and HDPCs), the mean elemental compositions of C, H,
N, and O were 75.84, 1.65, 3.22, and 18.70 (wt %),
respectively (Figure 2e,f). The carbon content dramatically
increased, and the oxygen content decreased compared with
the elemental analysis data of raw biomass waste.41−44 These
findings were mainly caused by the release of volatile matters
and chemically bonded moisture from the biomass waste. In
terms of adsorption experiments, we mainly considered all the
adsorption experiments carried out at temperatures of either
25 or 0 °C and pressures of 1 or 0.15 bar, given that most of
the CO2 adsorption performances in previous publications
were extensively evaluated using pure CO2 gas and/or 15 vol %
CO2 gas balanced with N2 (similar to flue gas compositions) at
room temperature (25 °C) and/or 0 °C.
Upon observing the correlation among the set of input

variables, a strong positive correlation was observed in the case
of the textural properties (including SA, TPV, and MPV). The
PCC values for these variables were higher than 0.75,
indicating a strong correlation. However, excluding the textural
properties, no significant correlation (PCC values mostly
between −0.5 and 0.5) was observed among the rest of the
input variables except between C and O. Figure 3 presents the

PCC matrix. The lack of a strong correlation among the
various input features helped retain all of them toward building
the predictive model, as each feature would then contribute
individually to the model. In addition, although there was a
strong correlation among the textural properties, this class of
input features contained much of the missing data in the raw
data set. Rather than deleting the instance of missing data
points, which would significantly lower the size of the data set,
this strong correlation was further used to impute the missing
data (described in Supporting Information S2).

Model Prediction. Three tree-based ML models, specif-
ically GBDT, XGB, and LGB, were devised and evaluated to
predict CO2 adsorbed on the BWDPCs based on the set of
input features described in the Data Preprocessing section.
Each model was developed based on a training data set, where
the hyperparameters were tuned via a grid search based on the
fivefold CV. Once the ML models were developed and their
hyperparameters were optimized, they were evaluated for their
prediction accuracy on the test data set. Figure 4 shows the
joint scatter plots of the actual versus predicted values of CO2
adsorption on the BWDPCs, as determined by the various
models. The plots revealed that although the performances of
all the models on the training and test data were comparable,
the GBDT model presented the most accurate predictions for
the test data. Represented as R2, the goodness of fit for the
GBDT, LGB, and XGB models were 0.98, 0.92, and 0.96,
respectively, on the training data. The values were 0.84
(GBDT), 0.78 (GBDT), and 0.83 (XGB) for the test data. It
was apparent that the GBDT had better prediction perform-
ance than the other two models, which was further
corroborated by the fact that the GBDT had the lowest
RMSE among the models at 0.66.
The prediction results of all the models on the training and

test data indicated the possibility of overfitting. Overfitting is a
condition in which the model aptly learns the noises and
random fluctuations in the training data to the extent that it
negatively impacts the prediction performance of the model
when it encounters unseen data in the test data. Thus, the
generalization capability of the model is compromised. The
possibility of overfitting in this study was evidenced by the fact
that training R2 for all the models was in the range of ≥0.9,
whereas test R2 was comparatively lower at a value of 0.8. It is

Figure 4. Model prediction (a) GBDT, (b) LGB, and (c) XGB on the master data set. The comparative evaluation among these three tree-based
models showed that the GBDT had the best prediction performance on the training and test data set, closely followed by the XGB and LGB
models. The fivefold CV method employed for all the models resulted in the development of generalized models as the R2 on the fivefold CV set
and the test data set closely matched each other. The blue shades represent 95% confidence intervals of the regression line on the test points. The
black dashed lines represent the line of equality (y = x).
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worth mentioning that this was not a case of acute overfitting,
but rather a minor one as the difference in training and test R2

for all the models was off by values of ∼0.12−0.15.
To address this issue, the k-fold CV was effectively used,

where the training data were divided into k subsets (k = 5 in
this study); at each training iteration, one of the k subsets was
used as the validation set and the other k − 1 subsets formed
the training set. The prediction accuracy was averaged over all
k trials to obtain the total effectiveness of the model. This
significantly reduced the bias, as much of the data were used
for fitting during the training process, and simultaneously
reduced the variance, as most of the data were also being used
in the validation set. Evidently, the overfitting was effectively
countered as the results of the k-fold CV (k = 5) in terms of R2

closely matched that of the test data, thereby improving the
generalization of the model (Table 1).

The entire data set was additionally categorized into RPC
and HDPC subdata sets. The entire process of model
development and tuning of the respective training sets and
evaluation of the test data set was performed for the RPC and
HDPC subdata sets. Figure 5a−f presents the joint scatter
plots of the actual versus predicted values of CO2 adsorption
on RPCs and HDPCs, as determined by the three models.
Although the GBDT and XGB exhibited comparable perform-
ances in the training and CV, the former marginally
outperformed the latter in terms of higher test R2 at 0.86
and 0.79, and least RMSE at 0.61 and 0.69 in the RPC and
HDPC subdata sets, respectively. These results suggested that
all the models evaluated here had comparable performances
and served their intended purposes. In general, the GBDT
model slightly outperformed the XGB and LGB models when
encountering unlabeled data and was subjected to less
overfitting given the minimum difference in R2 between the
training and test, thus, proving its generalization capabilities
(Table 2).
In addition to the comparative evaluation of the models,

several important observations were made. First, despite the
fact that the GBDT model performed better than XGB on the
RPC and HDPC subdata sets, the fivefold CV R2 and test R2 of
the XGB model attained were similar to those of the GBDT
model. This condition might have been due to the training of
the XGB model on more data (e.g., the master data set had 527
data points compared with the RPCs and HDPCs, which had
193 and 334 data points, respectively), allowing models to
learn better and make more accurate and generalized
predictions. Intuitively, boosting trees and ML models in
general perform better with substantial amounts of data (data
quality is a significant factor not discussed here), which could
account for the aforementioned observation. Another interest-
ing observation was that the LGB model, which had the worst
prediction performance in the master data set and HDPC
subdata set, yielded the best prediction performance in the
RPC subdata set. Although it could be argued that all three

models provided high prediction accuracy in the RPC subdata
set, this implicitly indicated that the quality of data on the RPC
subdata set was not sufficiently enriched (e.g., most of the data
spread for the input features would have been centered around
certain mean values), thus failing to significantly contribute to
the improvement of the model performance on the master data
set.

Feature Importance Analysis. The agnostic ML model
explainer, for example, the permutation importance or MDA,
was used to determine the effects of the set of input variables,
which included the elemental compositions and textural
properties of BWDPCs and the adsorption parameters on
the target variable (e.g., CO2 uptake). This study was
specifically conducted for the GBDT model, which was
identified as the best-performing model in this research.
Figure 6a presents the overall influence of each input feature
on the target variable. The figure depicts the absolute MDA
values for each input feature on the variable. A high MDA
value for the input feature intuitively indicates a decrease in the
prediction performance of the model when the feature is
discarded. Thus, an input feature with a high MDA indicates a
significant effect on the model prediction.
The permutation importance plots for the entire data set

yielded interesting observations. The pressure and temperature
at which the adsorption experiments were carried out were the
most significant parameters influencing the model prediction.
This finding was followed by the textural properties of SA,
TPV, and MPV in the order of decreasing precedence and
finally by compositional features in the decreasing order of N >
O > H > C. Based on the ranking of the MDA values, the
importance of input features was distinctively observed and
classified into three categories, with the adsorption process
parameters being the most significant, followed by the textural
and compositional properties of biochar.
The feature importance test was also conducted on the RPC

and HDPC subdata sets. Figure 6b,c shows the results,
respectively. A similar trend was observed for the RPC subdata
set, in which the adsorption pressure and temperature were the
most significant, followed by the textural properties of
BWDPCs. Specifically, the adsorption pressure, temperature,
and MPV were the top three important input features for the
model prediction on the RPC data set. Similarly, in the HDPC
data set, the adsorption temperature, pressure, and SA were the
most dominant factors. The physisorption driven by weak van
der Waals forces dominated the porous carbon-based CO2
capture process.6,11,45 This finding implied that adsorption
parameters (e.g., temperature and pressure) dramatically
affected the CO2 adsorption performance, such as the decrease
in the CO2 uptake with the increase in adsorption temperature
and/or decrease in adsorption pressure. In addition, the MPVs
(especially those of the narrow pores under 0.6 or 0.8 nm in
diameter) demonstrated a linear relationship with CO2 uptake
at specific adsorption parameters,6,45−47 for example, the
effective pore size must be at least twice the kinetic diameter of
the CO2 molecule (0.33 nm).
Notably, in all three data sets, N contributed the most

among the compositional features. The critical role of the N
content in the porous carbon-based CO2 capture process was
verified in this study, consistent with the findings of previous
research.11,15,48,49 This suggested that most of the N content
could be considered as effective N-functional groups for
enhancing the CO2 adsorption capacity, based on the ML
model developed here. Therefore, effective N-doping treat-

Table 1. Comparative Evaluation of Tree-Based ML Models
Using the Master Data Set

GBDT LGB XGB

training R2 0.98 0.92 0.96
5-fold CV R2 0.81 0.78 0.81
test R2 0.84 0.78 0.83
RMSE (mmol/g) 0.66 0.77 0.68
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ments have been widely investigated to enhance the CO2
uptake and selectivity over other gases through a simple acid−
base interaction.2,48−51 Lastly, the overall feature importance
followed similar trends in each of the three data sets (e.g.,
adsorption parameters > textural properties > compositional
properties), whereas the individual parameters in these
categories showed subtle changes. Through the average of
the contributions for each of the feature classes in all the three
data sets used here, it was realized that adsorption parameters,
textural properties, and compositional properties contributed
62, 27, and 11%, respectively, toward the target prediction.
In addition to permutation importance analysis, PDPs were

devised to better understand how each input feature affected
CO2 adsorption. The CO2 uptake could be effectively

enhanced by increasing the SA of the BWDPCs to 1800 m2/
g. However, a further increase in the SA to 2000−3000 m2/g
did not significantly increase the CO2 uptake (Figure 7a).
Figure 7b exhibits an optimal TPV of 0.6−0.9 cm3/g for the
maximum CO2 uptake, and Figure 7c displays that the CO2
uptake linearly increased with an MPV up to 0.6 cm3/g, after
which no significant increase was observed. These findings
were mainly due to the pore sizes of 0.6 and 0.8 nm, which
were verified as critical indicators for CO2 capture at 0.15 and
1 bar, respectively.47 Moreover, a linear relationship was
detected between the MPV of narrow pores less than 0.6 or 0.8
nm and the CO2 uptake at different adsorption conditions.6,47

Thus, CO2 adsorption capacity could continually increase to a
certain value when the SA reaches 1800 m2/g or the MPV
reaches 0.6 cm3/g; it might not increase significantly to higher
levels with the further increase in the SA and MPV. As shown
in Figures 7d,e, a nitrogen content of 7−10 wt % and oxygen
content of 10−14 wt % could effectively enhance the CO2
uptake, mainly due to nitrogen- and oxygen-based basic
functional groups (e.g., pyrrolic-N, pyridinic-N, −OH, etc.) via
the Lewis basic theory.6,15 In addition, several biomass wastes
that are naturally rich in nitrogen content are widely
considered as promising candidates for synthesizing porous
carbons with high CO2 capture performance.11 Figures 7f,g

Figure 5. Model prediction on the RPC and HDPC data set. (a−c) GBDT, LGB, and XGB for the RPC subdata set, respectively. (d−f) GBDT,
LGB, and XGB for the HDPC subdata set, respectively. The blue shades represent 95% confidence intervals of the regression line on the test points.
The black dashed lines represent the line of equality (y = x). The prediction performance of the various models on the HDPC subdata set followed
similar trends to that of those in the master data set, but with less accuracy. Interestingly, in the RPC subdata set, the LGB model showed the
highest accuracy on the test data set, despite having the least performance in all other caseswhich could be partly attributed to the RPC subdata
set having a smaller dispersion of data, thus allowing the LGB to learn and predict effectively.

Table 2. Comparative Evaluation of the Tree-Based ML
Models on the RPC and HDPC Subdata Sets

RPCs HDPCs

GBDT LGB XGB GBDT LGB XGB

training R2 0.99 0.96 0.99 0.98 0.92 0.96
5-fold CV R2 0.88 0.86 0.88 0.76 0.67 0.73
test R2 0.86 0.88 0.84 0.79 0.77 0.77
RMSE (mmol/g) 0.61 0.57 0.67 0.69 0.71 0.71
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shows that low temperatures and high pressures were preferred
for CO2 adsorption. This result depended mainly on the
natural CO2 adsorption mechanism using BWDPCs. To date,
it has been concluded that physisorption mainly dominates
CO2 adsorption on carbon-based porous carbon, considering
that (a) the CO2 adsorption capacity decreases with increasing
adsorption temperature or decreasing adsorption pressure, and
(b) the isosteric heat of adsorption (Qst) generally ranges from
20 to 50 kJ/mol.3,6,16

The permutation importance and PDPs contributed to
revealing essential insights into the adsorption of CO2 by
BWDPCs, which were also supported by the existing
literature.6,11,15,16,47 Although the permutation importance
plot revealed how each input feature contributed to model
prediction, the PDPs helped in realizing how CO2 adsorption
varied when the adsorption parameters or textural properties of
the BWDPCs varied. Through the combined inference derived
from the permutation importance plots and PDPs, the priority
for achieving high CO2 adsorption using BWDPCs could be

Figure 6. Feature importance analysis represented in the form of (a) 3D bar graphs for the MDA values in the master data set, RPC subdata set,
and HDPC subdata set. (b)Pie chart representing the average of the contributions for each of the feature classes (adsorption parameters, textural
properties, and compositional properties) toward the target prediction. A recurring trend was observed in all the data sets that led to the conclusion
that adsorption parameters > textural properties > compositional properties for CO2 adsorption by the BWDPCs. The abbreviated features with
their units are as followsT: temperature (°C), P: pressure (bar), SA: surface area (m2/g), TPV: total pore volume (cm3/g), MPV: micropore
volume (cm3/g), N: nitrogen content (wt %), O: oxygen content (wt %), C: carbon content (wt %), and H: hydrogen (wt %).

Figure 7. PDPs to understand how individual input features impacted the CO2 adsorption on BWPDCs. They revealed that the PDP CO2
adsorption capacity could keep increasing to a certain value when the SA reaches 1800 m2/g or MPV reaches 0.6 cm3/g and may not increase
significantly to higher levels with further increase. Moreover, low temperatures and high pressures are preferred for CO2 adsorption. Though strong
evidence for the compositional features was not effectively realized, the nitrogen content in the range of 7−10 wt % and oxygen content of 10−14
wt % could effectively enhance CO2 adsorption. The abbreviated features with their units are as followsSA: surface area (m2/g), TPV: total pore
volume (cm3/g), MPV: micropore volume (cm3/g), N: nitrogen content (wt %), O: oxygen content (wt %), T: temperature (°C), and P: pressure
(bar).
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given as follows: adsorption parameters > textural properties >
compositional properties. Given that physisorption dominated
the CO2 capture process using BWDPCs, the CO2 adsorption
on the surface of BWDPCs was mainly driven by van der Waals
forces, which were drastically affected by the operating
temperature and pressure. In addition to adsorption parame-
ters, compared with nitrogen and oxygen functional groups,
textural properties (especially the limited MPV under 0.6 or
0.8 nm pore diameter) played a more critical role in the high-
performance CO2 capture process.
Insights from feature analysis after the development of ML

models facilitated the derivation of vital information required
to deduce how the ML model works. This information is
relevant in the field of chemical and material science, where
such knowledge could be leveraged for process optimization in
the design of experiments or for guiding material synthesis
compared with conventional intuition and trial-and-error-based
synthesis. Specific to the application of BWDPCs for CO2
adsorption, a field that has rapidly progressed in the last
decade, challenges still persist, with the published literature
presenting subtle yet contrasting views on the critical factors
that influence CO2 adsorption on BWDPCs.11,13,16,52 These
findings were limited to a given set of experiments (most likely
from the respective research groups) and could lead to bias in
the interpretation. By contrast, a purely data-driven approach
was used here, in which a wide variety of published
experimental data were used for predictive analytics, followed
by feature importance, presenting a generalized approach and
objective analysis. Moreover, this modeling approach is cross-
deployable and can be used to investigate other porous carbons
(e.g., zeolites, metal−organic frameworks, etc.) for CO2
adsorption and not just those derived from biomass waste.
In addition, given that the findings and inferences of these
data-driven models were substantiated by the existing
literature, these models offered certain mechanistic knowledge
regarding the actual CO2 capture process, which increased the
confidence in their acceptance. Thus, based on the insights
from this study, our next endeavor is twofold: (1) to devise a
guided synthesis strategy to maximize CO2 adsorption, which
will be rationalized by optimization of the adsorption
parameters and textural properties of BWDPCs; and (2)
experimental validation of the optimizer, followed by iterative
addition of the new experimental data points to the existing
database and making the database open source to allow other
researchers in the community to leverage from it.
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