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Abstract

Accurate estimation of carbon dioxide (CO:) equilibrium solubility in absorbent solutions is essential for designing and
optimizing chemical absorption-based CO: capture systems. In this study, in order to simulate the CO, loading capacity
of Diethanolamine (DEA) aqueous solutions, 3 renowned white box approaches, including the Group Method of Data
Handling (GMDH), Genetic Programming (GP), and Gene Expression Programming (GEP), were used. To achieve the
aim, a large data bank, including 496 experimental samples, was compiled from published articles. Temperature (273.15
to 413.15 K), partial pressure of CO, (0.0026 to 6894.76 kPa), and concentration of amine (0.5 to 8 mol/L) were utilized
as input features for training models. The results demonstrated that the GEP technique, having a determination coefficient
(R?) of 0.9506 as well as a root mean square error (RMSE) of 0.0831, outperforms other techniques in terms of the CO,
loading capacity prediction of DEA solutions. The R? estimates of 0.9415 and 0.9301 for the GP as well as GMDH,
accordingly, proved that these two models also produced accurate findings. In addition, it was found that the developed
GEP model can accurately follow the patterns of CO, loading capacity in response to changes in input variables. The
finding of the last research part, the Leverage technique, revealed that the data used for modeling are valid, and the GEP
approach is statistically robust. The primary contribution of this research is how interpretable machine learning techniques
are combined with chemical process modeling to provide a framework for enhancing CO, absorption system.
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Abbreviations

Latin letters

a a; a... Polynomial coefficients in GEP and GP
models

C DEA concentration (mol L™)

f Output of the general GMDH polyno-
mial expansion

ko, ki, kjj, Kijx-..  Polynomial coefficients of the general
GMDH polynomial

MAE Mean Absolute Error

MBE Mean Bias Error

N Number of input variables

N; N, N; Intermediate variables in the GMDH
model

N, Number of training data samples

n Total number of samples

Dgamples Number of samples used in the
summation

P Partial pressure of CO,:(kPa)

pEMDH Output of a GMDH neuron for the i-th
pair of variables

R? Coefficient of determination

RMSE Root Mean Square Error

SD Standard Deviation

So» S1» S35 53+ Coefficients in the GMDH neuron
polynomial

T Temperature (K)

X;, Xj, Xiik Input variables

Yi Actual value

Vi Predicted value

Y Mean actual value

Greek letters
S f External criterion/error for selecting the j-th neuron
€ Stopping threshold for 6 ?

Acronyms

AMP Aminomethyl propanol

Captured CO,

Other gases
Condenser

Absorber Heat
exchanger

Rich Steam

Flue gas 7
9 amine

Reboiler
Lean amine

Fig. 1 Schematic of amine-based CO, capture
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CCUS  Carbon Capture, Utilization, and Storage
CO: Carbon dioxide

DEA Diethanolamine

ET Expression tree

GEP Gene Expression Programming

GMDH  Group Method of Data Handling

GP Genetic Programming

MAE Mean Absolute Error

MBE Mean Bias Error

MDEA  Methyldiethanolamine
MEA Monoethanolamine

RMSE  Root Mean Square Error

R? Coefficient of Determination
SD Standard Deviation
Introduction

An increase in global CO, emissions has grown into a major
environmental issue. Utilization of fossil fuels has surged
strongly in the last few years because of rapid commerce
expansion and population growth. It has resulted in global
warming and severe environmental issues. High CO, emis-
sions are thus catastrophic for humanity and pose a sig-
nificant disruption risk. Thus, an efficient CO, collection
technology is critically required to minimize this environ-
mental issue (Huan xxxx; Leung et al. 2014; Madejski et al.
2022; Yang et al. 2008).

Current CO, elimination approaches consist of mem-
brane separation, adsorption, absorption, and the cryogen
process (Bhown and Freeman 2011; Figueroa et al. 2008;
Leung et al. 2014; Yang et al. 2008). Absorption with chem-
ical solvents like aqueous alkanolamine is among the most
developed and efficient technologies because it possesses
extensive expertise in the CO, capture process and is eco-
nomical for wide-scale divisions. Figure 1 represents the
schematic of the capture technique based on amine.

Primary, secondary, and tertiary alkanolamines are dis-
tinguished. Aminomethyl propanol (AMP), Diethanolamine
(DEA), Methyldiethanolamine (MDEA), and Monoethanol-
amine (MEA) are examples of such amines. MEA absorp-
tion is the most generally accessible technology for CO,
absorption (Bi et al. 2020; Hemmati et al. 2019; Liu et al.
2020; Suleman et al. 2016; Tellagorla et al. 2021). How-
ever, the MEA absorption system has various limitations,
including a bounded ability of CO, loading, a high corro-
sion appearance probability, and others. Due to the above-
mentioned limitations, Diethanolamine (DEA) is among the
most frequently utilized alkanolamines within industrial
operations owing to its high reactivity and low expenses
(Abu-Zahra et al. 2013). Furthermore, the DEA solution for
CO, absorption has a reduced corrosive tendency compared
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to the MEA solutions. It is distinguished by its high level
of CO, capacity to absorb, kinetics characterized by rapid
response, and economic efficiency. Combinations based
on DEA seem to represent promising solvents that could
be used for CO, absorption in the system of gas treatment
(Basaran et al. 2021; Mondal 2009; Srivatsa and Bhattacha-
rya 2018; Tiwari et al. 2021).

It should also be noted that the successful usage of all
alkanolamines, including DEA, in the procedure of cap-
turing CO, highly relies on the complex understanding of
the CO, loading behavior. First of all, such comprehension
allows to optimize the operation as well as the design of the
CO, absorption procedure as well as minimize the costs for
regeneration, reboiler energy supply and corroded equip-
ment amortization. Furthermore, it prevents the solution
from degradation, ensures that as much CO, as possible is
absorbed, and prevents the situations when the equipment
becomes unsafe under the overloaded DEA conditions.

Due to the aforementioned reasons, numerous mod-
els were developed to define the equilibrium CO,
loading and CO, solubility in an aqueous solution of
alkanolamine(Amirkhani et al. 2023; Liu et al. 2022, 2024).
The modified Kent-Eisenberg model, being among the most
precise ones, was used by Haji-Sulaiman and Aroua (Haji-
Sulaiman and Aroua 1995) to evaluate the CO, solubility
in DEA and AMP. The Kent-Eisenberg paradigm represents
the easiest of them since the system’s non-idealities are
summed up as K values. This approach was also used by Hu
and Chakma (Hu and Chakma 1990) to assess the data for
CO, solubility and also H,S in a sterically blocked amine
for solutions of AMP, where there are no carbamate ions.
Nevertheless, the equilibrium constant for the protonation
of amine interpretation was modified, as Kent and Eisenberg
initially envisioned, to take into account the dependence
on the amine concentration in the solution as well as the
composition of a free gas, as observed experimentally with
MDEA, tertiary amine. Applying Kent-Eisenberg modeling,
Kritpiphat and Tontiwachwuthikul (Kritpiphat and Tonti-
wachwuthikul 1996) additionally fitted the equilibrium of
CO, in AMP data. Ulah et al. (Ullah et al. 2022) investigated
a modified version of the Kent-Eisenberg approach using
their data gathered from experiments in order to discover a
correlation between the outcomes of the experiment, and it
had an average absolute deviation of 17.37%.

To simulate engineering operations and predict the tar-
get variable, numerous intelligent methods have been used
(Bahari et al. 2023; Deymi et al. 2023; Garavand and Hada-
vimoghaddam 2023; Ghiasi et al. 2016; Ghiasi and Moham-
madi 2014; Gidh et al. 2012; Hadavimoghaddam et al.
2023a; Hosoz et al. 2013; Osman et al. 2022; Yafouz et al.
2021; Yuan et al. 2014; Zakwan and Niazkar 2021; Zhou et
al. 2013). These comprise adaptive neuro-fuzzy inference

systems, support vector machine, artificial neural networks,
AdaBoost, and linear support vector machine models. In
Yarveicy et al.’s (Yarveicy et al. 2019), the authors used the
Extra Trees approach in order to reproduce the equilibrium
CO, loading capacity of different aqueous solutions of sol-
vents by using 142 datasets for DEA. The developed Extra
Tree models showed an R? of 0.9993 and MAPE equal to
0.15. Temperature, CO, partial pressure, the solvent con-
centration in the aqueous phase, and the solvent molecu-
lar weight were chosen as independent factors for model
estimation.

To the author’s best knowledge, no such study that has
been published on the subject of a reliable and robust cor-
relation for predicting CO, loading in DEA exists. Hence,
the purpose of the research is to assess the robust correla-
tion capability of making accurate predictions about the
CO, equilibrium absorption in DEA aqueous solutions.
For the purpose of this investigation, an extensive dataset
of 496 experimental data points (one of the largest open-
source datasets) for the CO, equilibrium absorption in DEA
aqueous solutions was obtained from relevant published
articles (Azizi et al. 2023; Haji-Sulaiman et al. 1998; Jam-
aludin and Salleh 2018; Lal et al. 1985; Lee et al. 1972;
Ullah et al. 2022). Such a dataset, coupled with numerous
validation techniques, allowed the development of one of
the most advanced models in terms of its extrapolation abili-
ties. In contrast to previous studies that predominantly rely
on black-box algorithms, this research introduces a novel
approach of white-box algorithms being used to design a
robust mathematical model that could predict the CO, load-
ing capacity of Diethanolamine. The innovative application
of these algorithms results in transparent and interpretable
mathematical expressions, enhancing the accessibility and
usability of developed correlations.

In the present research, 3 different powerful correla-
tion algorithms are employed to predict the CO, loading in
an aqueous system that includes DEA. These algorithms’
names are Group Method of Data Handling (GMDH), Gene
Expression Programming (GEP), and Genetic Program-
ming (GP). The robust correlations that have the maximum
degree of accuracy and dependability are chosen after thor-
ough research of the statistical as well as visual analyses of
the proposed approaches. The last part of the research, the
leverage technique, is utilized with the aim of evaluating the
experimental data and proposed approaches validity.

Data gathering and preparation
To achieve the aim of the study, a broad database of almost

496 observations was collected from different preceding
researches (Azizi et al. 2023; Haji-Sulaiman et al. 1998;

@ Springer
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Table 1 Statistical estimates of input parameters

Parameters  CO, loading  CO, partial T (K) Amine
(mol CO, / pressure concen-
mol amine) (kPa) tration

(mol /L)

Mean 0.518125 874.3993 334.2732  3.711371

Std 0.37458 1844.231 39.13622  2.257676

Min 0.0047 0.0026 273.15 0.5

Max 2.695 6894.759 413.15 8

Skewness 1.3400 2.5573 0.3838 0.5050

Kurtosis 4.1997 5.4049 -0.7723  -0.7776

™ o — O Temperarure (K)
Temperature (K) CO; partial pressure (kPa)

Amine concentration (mol/L) €O loading (mol CO /mol amine)

Fig. 2 Box plots for all employed parameters in the paper

Jamaludin and Salleh 2018; Lal et al. 1985; Lee et al. 1972;
Preston and Prausnitz 1972; Ullah et al. 2022). Table 1 gives
specific, precise information on DEA aqueous systems,
including the C - amine concentration mol/L, P - pressure
kPa, CO, loading capacity, and T - temperature K. Table 1
shows the numerical scopes and statistical figures employed
to analyze input data. It is worth noting that the developed
models perform well within the represented data intervals,
as they have learned the underlying distributions specific to
these ranges.

Box plots in Fig. 2 illustrate the dispersion of all param-
eters. As seen, Table 1; Fig. 2 both suggest that the distribu-
tion and oscillation spectrum of the model parameters are

large enough to permit the building of a universal model for
the forecasting of CO, loading.

A comprehensive validation was utilized in the current
study with the aim of preventing overfitting and eventu-
ally improving model reliability. Firstly, the 80/20 ratio was
used to split the dataset into training and testing sets. Addi-
tionally, the iterative training and validation using a 6-fold
cross-validation approach was performed. The key idea of
this method was to take every observation in the dataset and
use it for both training and validation. Also, to find potential
outliers, a leverage analysis was conducted in order to prove
that major part of samples is within the model’s applicabil-
ity area. The aforementioned techniques helped efficiently
minimizing overfitting as well as reinforcing the model’s
reliability.

Model development

The goal of the current research is to propose three reli-
able correlation methods for estimating CO, loading. Data-
driven modeling has recently gained significant attention
for predicting CO. absorption in amine systems, offering
enhanced accuracy and interpretability compared to con-
ventional thermodynamic correlations (Lan et al. 2024; Liu
et al. 2024). The processes that went into developing these
models are outlined in the flowchart that could be observed
in Fig. 3. In this work, the procedure of creating correla-
tion was accomplished by the use of three powerful cor-
relation techniques, namely GP, GMDH, and GEP. The
primary research objective is to create a robust correlation
by utilizing white-box algorithms. The expressions that
were proposed with such types of approaches are simple to
implement and do not require any additional programming
or technical programs; as a result, the study has a wide range
of potential applications.

Fig. 3 Flowchart of the research
conducted

Data Input

Preprocessing

Model Construction Evaluation

Feature
Engineering

Experimental
Data
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Genetic programming

GP, which was introduced in 1994 (Koza 1994), is a com-
mon, reliable framework of a mathematical nature uti-
lized to analyze and solve problems (Abooali et al. 2019;
Augusto and Barbosa 2000; Koza et al. 2005). The Genetic
Programming was created using a genetic algorithm with
the intention of developing accurate networks and relation-
ships. The discussed technique is skilled at identifying and
integrating advantageous subexpressions in order to form a
complete network that optimizes input-to-target value adap-
tation (Igel 2014). This white-box approach automatically
addresses issues in a broad scope of technical areas (Kay-
dani et al. 2014). Thanks to its adaptability, this method is
able to rebuild a mathematical relationship for the assess-
ment of diverse features across sectors (Luchian et al. 2015;
Parhizgar et al. 2013). The significant advantage of such an
approach in contrast to alternative soft computing methods
is that the GP framework produces explainable expressions
for scientists and engineers (Rostami et al. 2017).

In GP structure, in order to produce chromosomes to be
applied to a dataset, an original population of random func-
tions (Mahmoodpour et al. 2021) is generated. Subsequently,
the framework of the network is constructed concurrently
with parameter adjustments throughout computing opera-
tions. Such chromosomes constitute the population of the
subsequent generation that comes thereafter. This procedure

Create initial
lation
popu N

l

Candidates

Generate new evaluation

population
4 l
Fitness
n=n-+1 assignment

|

Satisfied
| v

Final result @

Fig. 4 Basic diagram of the GP technique

is continued until a halting requirement is met (Fathinasab
and Ayatollahi 2016; Hadavimoghaddam et al. 2023b). Fig-
ure 4 serves as a visual representation of the GP method.

Gene expression programming

The Gene Expression Programming established in 2001
(Ferreira 2001) has emerged as a paradigm for advanced
symbolic regression founded on artificial intelligence (Fer-
reira 2001; Kakati et al. 2021). Arithmetically, GEP elimi-
nates some of the limitations of the genetic algorithm and
GP approach from its process (Rostami et al. 2017a, b).
This methodology serves as the acknowledged evolution-
ary algorithm used to automatically generate computer pro-
grams and solve multicomplex problems (Shishegaran et
al. 2021; Shishegaran, Saeedi, Shishegaran et al. 2020a, b;
Shishegaran, Shishegaran et al. 2020a, b). Expression trees
(ETs) and chromosomes are the two fundamental factors in
GEP. GEP, on the opposite, is made up of linear chromo-
somes of a predetermined length and expressive parse trees
of all sorts of shapes and dimensions (Hong et al. 2018).

Among the notable advantages of the GEP technique is
that there is no need to develop a particular functional rep-
resentation in order to get the optimal estimate for actual
observations (Lv et al. 2023). In a conventional GEP, every
program is represented by a gene expression string of defined
length, which is often generated using biological-like opera-
tors such as mutation and crossover (Zhong et al. 2017). The
basic principles that identify the ETs’ platform and how they
interact enable the rapid deduction of the phenotypes from
the gene sequence (Ferreira 2001). Each GEP architecture
has several genes whose heads consist of a function and a
terminal. Figure 5 depicts a basic schematic for the GEP
approach. As shown in this picture, steps from (b) to (g) are
to be repeated as long as a halting condition is not met.

Group method of data handling

Ivakhnenko developed the initial GMDH form in the 1960s
(Ivakhnenko 1968). This algorithm attempts to resolve vari-
ous issues by utilizing a collection of polynomial spectrum
processes (Ivakhnenko and Ivakhnenko 1995). This data-
driven approach may handle the intricacy and networks
non-linearity since it enables the production of explicit
connections among input as well as output parameters
(Amar et al. 2022). GMDH, also defined as a polynomial
neural network, is a collection of inductive paradigms. It
may be utilized in a number of domains, including mod-
eling, pattern recognition, data mining, forecasting, and
optimization(Behvandi and Mirzaie 2022). Using this heu-
ristic method, a possible system representation is a neuron
set where various neuron couplings are linked within each

@ Springer
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Fig. 5 Basic diagram of the GEP algorithm
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Fig. 6 Basic diagram of the GMDH technique
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Fig. 7 Schematic to developed GMDH in this study

layer via a quadratic polynomial, hence generating fur-
ther neurons in the following layer (Khosravi et al. 2018).
The observed layers and neurons establish the connection
between input variables as well as the intended result (Lv
et al. 2023). A graphical diagram of the GMDH paradigm
is shown in Fig. 6. Moreover, the GMDH schematic devel-
oped for this research is presented in Fig. 7. Two notewor-
thy advantages of the GMDH method are its self-organizing
characteristics and user-friendly accessibility (Mahdaviara
et al. 2020). The fundamental GMDH technique calculates
the output value in the following manner: (Armaghani et al.
2020; Ayoub et al. 2022)

N N N
f=ko+ Z kixi + Z Z k; jXiX;
i=1

=1 j=1
. (1)
+ kiyjkainXk + ...
=1 j=1 k=1

where, x;;i,.. represents input vectors, N stands for an
input variables quantity, ko;;x,.. stand for polynomial
coefficients. Thus, neurons in a previous layer are mixed
using quadratic polynomial functions with the aim of estab-
lishing new variables employing the next equation (Anasta-
sakis and Mort 2001):

GMDH 2
Pi

2
= S0+ s1X;i + S2Xj + S3XiXj + 84X + S5X] 2)

Ultimately, the most superior mix of the 2 independent
parameters is acknowledged in accordance with Eq. 3.

' 2 . N
8= M- B < =tz (3) @
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In the previous equation Y, Ny represents an amount of data
used for training (Anastasakis and Mort 2001). Therefore,
the following independent variable is to be conserved if the
aforementioned halting term is attained.

Evaluation of models

Different statistical metrics have been used for the evalu-
ation of developed robust correlations. The following
is a description of each of the mentioned measurements
(Mohammadi et al. 2022):

Root mean square error (RMSE):

1 ;2
RMSE = \/n Z (yi—v) ) 4)

Standard deviation (SD):

2
1 w [(Vi—V
=y

Yi

SD =

Mean absolute value (MAE):

li
Yi — Vil -

1 Nsamples —
MAE(y,§) = L 37 et ©)

Mean bias error (MBE):
This statistic calculates the mean prediction inaccuracy
as follows:

MBE= 13"t (%) )

The Coefficient of determination (R?):

molCOy

2
T /
Z t=1 (Yi - Yi)

R*=1 5
Z tT:1 (Yi_ }71)

®)

where y; represents an actual value, 3/7i is the i-th sample

predicted value, and y; is the average value of experimental
data.

Finally, the leverage method was applied as a reliable
evaluation tool in the current research. It is a statistical
technique that plays a crucial role in identifying potential
outliers and suspicious data points within a dataset. Its pri-
mary purpose within the proposed methodology was to sta-
tistically assert the accuracy and reliability of the developed
paradigm, which stands as a fundamental component of the
study’s outcomes. At the same time, based on the leverage
method, William’s plot was also presented. It denotes a
graph that contrasts the standardized residuals and leverage
values of a specific set of components.

Results and discussion
Developed correlations

In the present research, 3 substantial approaches (GP, GEP,
and GMDH) for predicting CO, loading were discovered.
One of the key benefits of these white-box techniques is that
it is practical and straightforward to evaluate and use their
predictive capacity using understandable equations. Thus,
this chapter is devoted to the discussion of the derived equa-
tions enabling the estimation of CO, loading to be antici-
pated using three input factors, comprising the following:

temperature (K), amine concentration (mTOI), and partial

pressure (kPa).
The correlation below was created using GEP method:

GEP correlation : 9

(a2 x P+ In(ag xP) x In(ay x P) X as)

molamine

CO;, loading ( ) = (ao x C+a; x T+

In(a; x P) x ag
ag x C

T x C xag

+In(ajp x P ) X asy +312>

@ Springer
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ag = —0.017113
a1 = —0.0043953
ag = 0.013425
ag = 13.339
ag = 13.339
ap = 1.2847
ag = 0.59457
ar = 1.2401
0.0039189
—0.080915
aig = 2.4785
a11 = 0.065526
aljg = 1.655

ag —
ag —

The below correlation was created using GP method:

€O, loading ( ol CO; ) = —0.0767069 + N x 0.468719 — Ny x Ny x 1.38334
mol amine
N2 x 0.384242 + Ny x 0.865018 + N2 x 0.669188,
N; =8.22117 — In (T) x 1.41886 — InT x N10 x 0.381426

+ N3 x 3.17178 + N2 x 0.112892,

N =5.13341 +In T x VP x 0.00408239
— (InT)? x 0.14539 — (P) *0.000164265,

N3 =0.419616 + VP x 0.0290351 — vP x C x 0.00208686
— P x 0.000136945 — C x 0.0945964 + (C)* x 0.0105416.

GP correlation : (10)
1CO
CO; loading ( mo _2 =
mol amine
agx T
az x P a7 X P
<a1 * T C x (ajxxzé + a)x e | Cxl(asx T a5 % X all)

— a1z |,

= —0.41747
a1 = 0.059473
ag = 1.5292

ag = 1 2338
aq = 0.97164
a = 70406

= 0.37932

7 = 1.4849

ag = 3.8817
ag = 0.22028
aip = 0.31506
al] — 9.4426
alp — 4.8828

The below correlation was created using GMDH method:

Statistical evaluation of models

As seen in Table 2, all approaches used for prediction have
acceptable accuracy. The RMSE values are less than 0.11,
which is a considerably low number, and the correlation
coefficient R? is greater than 0.93 in every case, which is
an indicator of rather good accuracy. Additionally, the MAE
and MBE values in each example are much below even
0.1. Regarding the aforementioned information, GMDH,
GP and GEP, are very powerful and reliable approaches for
predicting CO, loading. Speaking about the GEP, despite
its decent performance presented, in theory it could be fur-
ther improved using the High Correlated Variables Creator

GMDH correlation : (11)  Machine or its combination with step-by-step regression
(Shishegaran et al. 2023; Shishegaran, Varaee, Shishegaran
etal. 2021a, b).
Table 2 Statistical examination of the developed models
Algorithm Dataset RMSE SD R? MBE MAE
GMDH Test 0.0909 1.1044 0.9223 0.0046 0.0696
Train 0,1009 2.6314 0.9315 —0.0012 0.0712
All 0,0989 2.4030 0.9301 0.00001 0.0709
GP Test 0.0815 0.6355 0.9375 —0.0009 0.0605
Train 0.0927 1.5902 0.9422 —0.0036 0.0650
All 0.0905 1.4515 0.9415 —0.0030 0.0641
GEP Test 0.0789 0.8670 0.9414 —0.0068 0.0531
Train 0.0842 3.3461 0.9523 —0.0056 0.0534
All 0.0831 3.0178 0.9506 —0.0059 0.0533

@ Springer
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Fig. 8 Cross-plots of the trained modellings

It ought to be underlined that, regardless of the efficacy
of all approaches used, GEP is considered to be the most
accurate and reliable. Its R? value is the highest and its
RMSE, MBE and MAE are significantly lower for all-data
groups compared with other algorithms.

Graphical evaluation of the models

Five distinct kinds of infographics, comprising error dis-
tribution, data index graphs, cumulative frequency graphs,
cross plots, and residual error plots, are employed in this
research to provide a graphical analysis of the proposed
models.

Cross plot is the approach for comparing actual and pre-
dicted data and assessing category consistency. According
to Fig. 8§, GMDH is the least exact of the three proposed
algorithms, with the largest frequency of significant outli-
ers. GEP showed the best results for predicting CO, load-
ing. Genetic Programming also showed quite good results
compared with GMDH.

The residual error plot displays the variance between
actual and forecasted data. As seen in Fig. 9, all of the algo-
rithms possess a narrow spread between about —0.3 and 0.3.
Despite this, the bulk of the points fall between approxi-
mately —0.1 and 0.1. Hence, all the approaches are quite
accurate; nevertheless, GEP is the most precise, having
the fewest outliers. The Genetic Programming and GMDH
cases are both individual and worth exploring as well. The
distribution of GP is almost identical to the one of GEP,
though it has more weighty outliers, which impacts its per-
formance and makes it the second most precise approach in
the list. GMDH, on the other hand, suffers from two prob-
lems at the same time: the widespread of residuals and a
substantial portion of data deviating from the zero line and
deteriorating its accuracy.

Fig. 9 Residual error plots for the
developed models
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Error distribution is a graphic depiction that exhibits the
dispersion of relative mistakes along the x-axis. In Fig. 10,
GEP shows the best performance among all the algorithms
provided, as it is the most centered one and has a range of
approximately —0.3 and 1. The greatest part of GP data is
also settled around a zero point, but it has a wider scope
from —1 to 1. GMDH’s results are flatter and not as cen-
tered as the two preceding approaches are. In addition, it
has the left and right tails reaching estimates of -1 and 1,
respectively.

The Data Index chart is an additional effective method
for illustrating developed robust correlations accuracy.
This graph compares the data points’ actual values to what
the algorithm anticipated they would be. From Fig. 11, it
can be observed that among all the models developed, the
most imprecise is GMDH, which has many inconsistencies
between the forecasted and actual values. The distinctions
between GP and GEP cannot be visually observed using this
type of graph.

Figure 12 represents the cumulative frequency. Accord-
ing to it, all the developed models are rather accurate, with

@ Springer

around 90% of data having an absolute error lower than 0.8.
GEP is the most precise among all the proposed approaches,
though the difference between it and the two remaining tech-
niques is a small and quite insignificant one in this graph.

Validation analysis

According to the results, the GEP method can most accu-
rately predict CO, loading on the basis of amine concentra-
tion (mol/L), CO, partial pressure (kPa), and temperature.
It deserves to underline that samples utilized in the present
study were obtained as a result of verified experimental out-
comes. As seen in Figs. 13 and 14, the GEP model accurately
matches the experimental pattern of the various tempera-
tures. Figure 13a illustrates the anticipated and observed
results of samples at C=2 mol/L, 273.5 K for all developed
algorithms, and Fig. 13b shows the GEP model results at
273.5 K and 373.15 K with the same amine concentration of
2 mol/L. Figure 14 for T=323.15 K with C=3.5 mol/L. As
can be seen in Fig. 13b, when temperature decreases, CO,
loading declines which proves that the proposed model can
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Fig. 13 a Analysis of developed models, relationship between partial
pressure and CO, loading at T=273.15 K with C=2 mol/L. b Valida-
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Fig. 14 Validation assessment of the proposed model, relation-
ship between partial pressure and CO, loading at C=3.5 mol/L and
T=323.15K

accurately forecast the target value. In addition, extrapola-
tion of models, as seen in Fig. 13a, shows an even higher
load capacity with increasing pressure. While this trend may
be valid, it is recommended that the model be used within
the range of experimental data used for model development
to ensure that reliable predictions are made.
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Leverage method implementation

Moreover, in this study, the Leverage approach, as detailed
in references (Goodall 1993; Gramatica 2007; Leroy and
Rousseeuw 1987), was meticulously integrated into the per-
formed analysis to ensure an extensive robustness assess-
ment of the experimental data and the trustworthiness of
the proposed GEP model used for calculating CO, loading
in DEA. The Leverage method was applied in a systematic
manner, effectively serving as a rigorous quality control
measure. As depicted in Fig. 15, the implementation of Wil-
liam’s diagram served as a visual aid to ascertain the extent
of the GEP model’s applicability and the presence of poten-
tial outliers or suspect data points.

William’s diagram, presented in Fig. 15, enables us to pre-
cisely delineate the scope of applicability of the GEP model.
The diagram offers a clear representation of the acceptable
range of standardized residuals (R-values), which are ide-
ally situated within the interval of -3 to 3, as well as the
condition H;; < H*. In this context, R-values serve as a mea-
sure of the standardized residuals, while H;; represents the
diagonal elements of the hat matrix. This comprehensive
analysis provides a means to delineate the boundary beyond
which data points might exhibit significant influence, war-
ranting closer scrutiny. As showcased in Fig. 15, the results
of the current implementation underscore the robustness
and high reliability of the GEP model. The major part of
observations conforms within the confines of the —3<R<3
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range and 0<H;; < H*, affirming the model’s proficiency in
accurately capturing the underlying relationships within the
dataset. Upon thorough analysis, it was determined that the
GEP model successfully identified 11 leverage data points
and five suspected data points. This finding serves as a vali-
dation of the accuracy and validity of both the forecasted
values generated by the GEP approach and the correspond-
ing experimental data. By addressing and considering these
specific data points, it was ensured that the proposed corre-
lation maintains its reliability and precision, enhancing the
overall robustness of the study’s findings.

Research limitations

Acknowledging the contributions made by this research,
there are several limitations worth pointing out. One of
the constraints worth noting is related to the availability as
well as selection of experimental data, which may signifi-
cantly impact the accuracy and extrapolation abilities of the
proposed techniques. Also, the varying conditions of CO2
capture scenarios may contribute to the emergence of com-
plexities which are worth being additionally researched.
Consequently, the utilization of more extensive datasets
can be considered as a potential future investigation direc-
tion. Moreover, this paper does not address other amines,
mixed absorbents or predicting ionic and molecular species
concentrations for mass transfer modeling in separation
units, though the authors consider it as another important
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research aspect. Nevertheless, while the limitations under-
line the need for a number of improvements, the established
approaches provide a basis for future research aimed at
enhancing predictive power and enlarging the application
scope.

SHAP analysis and feature contribution

The SHapley Additive exPlanations (SHAP) analysis was
employed in order to understand the underlying physics of
the model. In general, SHAP calculates how important each
feature is to the model’s output. The measured SHAP val-
ues are presented in the summary plot in Fig. 16. In this
plot, each colored point represents a single experimental
observation, and the color stands for the magnitude of the
feature (pink is high, and blue is low). As shown in Fig. 16,
the higher CO: partial pressure values correspond to greater
CO:2 loading, while the temperature increase leads to lower
output, which is consistent with CO- desorption being endo-
thermic at higher temperatures. Furthermore, according to
the mean absolute SHAP values presented in Fig. 17, the

order of feature importance is as follows (decreasing sig-
nificance): pressure, temperature, and amine concentration.
Moreover, the correlation of each input and the output is
visualized by the dependence plots in Figs. 18, 19 and 20.
Speaking of temperature plot, the negative correlation is
constant throughout the experimental values range, while
the CO: partial pressure graph demonstrates a positive rela-
tionship. Meanwhile, the amine concentration figure shows
a non-linear relationship that agrees with the saturation
behavior observed experimentally: moderate amine levels
result in CO: loading increase until saturation occurs.

Conclusions

1. In this study, the application of interpretable white-
box algorithms, including GEP, GP and GMDH, was
used for the first time for the prediction of CO, loading
capacity in DEA solutions based on the most extensive
open-source dataset collected.

2. The developed models allowed to discover the non-lin-
ear dependencies between pressure, temperature, DEA
concentration, and CO, loading. These relationships
are expressed in the interpretable equations derived for
each algorithm utilized.

3. SHAP analysis confirmed the physical observations,
proving that pressure is the primary absorption driver.

4. GEP, an evolutionary symbolic regression, was consid-
ered to be the most accurate and robust approach devel-
oped. Its interpretable mathematical expression can be
applied in engineering calculations with decently high
precision.

5. The proposed methodological framework provides a
basis for an adaptation of modeling to other amines,
mixed absorbents or predicting ionic and molecular
species concentrations for mass transfer in separation
units.
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