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ARTICLE INFO ABSTRACT
Keywords: Direct air capture (DAC) using solid sorbents is limited by energy demand and productivity, which depend
Direct air capture strongly on adsorbent properties. Cooperative adsorbents with step-shaped isotherms are promising for capturing

Cooperative adsorption
Step-shaped isotherms
Temperature-vacuum swing adsorption

CO; from ultra-dilute air, but the link between isotherm characteristics and process performance remains un-
clear. This work couples a validated packed-bed temperature-vacuum swing adsorption (TVSA) model with an
Process-informed adsorbent design artificial neural network (ANN) surrogate to explore the multi-dimensional design space of cooperative sorbents,
Adsorption using mmen-Mgy(dobpdc) as a benchmark. The surrogate model is trained on 2866 simulation data points to
Metal-organic frameworks enable efficient sensitivity analysis and optimisation.

Results reveal a clear hierarchy of control: step pressure (Psiepo), step enthalpy (AHgep), and high-loading
enthalpy (AHpign) dominate specific energy consumption (SEC), productivity, and purity, whereas kinetics
show minor influence under the studied regime. Significant second-order interactions were identified between
Pstepo and AHgeep, highlighting the coupled role of step position and energetics. Surrogate-assisted design
exploration identifies an optimal design region, characterised by low step pressure, moderate step enthalpy, and
high adsorption capacity. A representative optimal isotherm improves CO, recovery from 53% to 76% and in-
creases productivity by approximately 38%, while reducing energy consumption to 2.9 MJ/kg CO, at ~98%
purity. These improvements arise from aligning the adsorption step with the DAC operating window while
maintaining favourable adsorption energetics. Importantly, these findings establish process-informed design
principles, enabling targeted tuning of material properties for improved DAC performance.

capture capacity, selectivity, and the energy requirements for regener-
ation. Sorbent performance is influenced not only by physical attributes,
such as surface area, pore structure, particle size, etc., but also by the
adsorption isotherm parameters, including capacity, affinity, shape pa-
rameters, etc. [6,7]. A systematic investigation of these variables is
essential to get a better understanding of their influence on adsorption
behaviour and process performance. To this end, extensive research has
focused on different modification strategies aimed at improving the
porosity, surface area, adsorption capacity and selectivity [8].

Broadly, these modification strategies are categorised into defect
engineering and functionalisation approaches. Defect engineering uti-
lises structural imperfections in the framework to create more porosity
or generate additional active sites [9,10]. The influence of pore geom-
etry, structural defectivity, and solvent coordination on the adsorption
characteristics of Mgs(dobpdc) has been extensively characterised using

1. Introduction

To meet net-zero targets and mitigate the impact of climate change, a
multifaceted energy transition is required. Effective carbon mitigation
necessitates a multidisciplinary framework that bridges the gap between
clean energy production and robust atmospheric removal. Green energy
production approaches, such as sustainable hydrogen generation and
advances in CO3 sequestration could make direct air capture more im-
pactful by providing scalable and efficient permanent storage solutions
[1,2]. Within the suite of carbon capture technologies, adsorption-based
separation processes have emerged as a promising solution due to their
scalability, energy efficiency, and the ability to operate under a wide
range of conditions [3-5]. The effectiveness of these systems is strongly
dictated by the properties of the solid sorbent, which determine the
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Nomenclature

PIs Performance indicators

AHpyjg,  Adsorption enthalpy in the high-loading regime beyond
the step

AHgoz  COj; heat of adsorption (kJ mol™)

Pstepo Characteristic step pressure

na Kinetic Avrami exponent

qu Maximum CO, uptake

ng Cooperative adsorption at low coverage

Ry Coefficient of determination

AARD  Average absolute relative deviation

RMSE Root mean squared error

LHS Latin Hypercube Sampling

Var (Y) Total variance of the model output

f(A)j Model output of the jth sample of the A matrix
f(B)j Model output of the jth sample of the B matrix
f (AiB)j Model output obtained by replacing the i column of B
with that of A

Y Output variable (SEC, purity, recovery, or productivity)

Y predicted Predicted value by ANN
Y actuat  Actual value of performance indicators
VSA Vacuum swing adsorption

AHgep  Enthalpy associated with the cooperative adsorption step
GA Genetic algorithm

Abbreviation

PEI Polyethyleneimine

FTIR Fourier Transform Infrared Spectroscopy

ANN Artificial Neural Network

SEC Specific energy consumption (MJ/Kg CO5)

DAC Direct Air Capture
MOF Metal Organic Framework

CCUS Carbon capture, utilisation, and storage
TVSA Temperature vacuum swing adsorption
TEPA Tetraethylenepentamine

LDF Linear driving force

S-TVSA  Steam assistance TVSA
PVSA Pressure vacuum swing adsorption
TSA Temperature Swing Adsorption

IR spectroscopy and quantum calculations. Research indicates that the
open metal site availability and solvent binding exert a great effect on
the adsorption energetics. Furthermore, while certain metal-organic
frameworks (MOFs) may experience severe structural collapse under
humid conditions, exemplified by an 83% loss in surface area, FTIR
measurements have demonstrated that sorption behaviour can remain
largely unaffected. This observation highlights both the intrinsic resil-
ience of the material’s active sites and the inherent challenges in
detecting structural degradation through spectroscopic techniques alone
[11].

Functionalisation approaches, by contrast, introduce specific chem-
ical moieties into the framework to promote stronger and more selective
interactions with target molecules. In metal organic frameworks
(MOFs), this is usually achieved by the grafting of amine groups in open
metal sites, or on organic linkers, providing chemisorptive binding by
the formation of carbamate or carbamic acid species [12,13]. The
Mgy(dobpdc) framework, which has been widely studied for CO5 cap-
ture, has been investigated under both defect engineering to modify its
structure, as well as amine functionalisation to introduce chemically
reactive sites [14]. The CO4 adsorption behaviour of diamine-appended
Mg2(dobpdc) frameworks is governed by the cooperative insertion of
COy into metal-amine bonds, which produces a characteristic
step-shaped isotherm. The pressure at which this adsorption step occurs
is highly sensitive to the properties of the metal sites, the structure and
dynamics of the appended diamines, and the operating temperature [12,
14]. Even small variations in amine structure or loading that shift the
step pressure can have a pronounced effect on adsorption efficiency,
product purity, and energy consumption [15,14]. Consistent with this
sensitivity, Siegelman et al. [16] demonstrated that modifying the
diamine structure across nine variants shifts the pressure at the
adsorption step by more than four orders of magnitude at a fixed tem-
perature, highlighting the exceptional tunability of COy adsorption in
these frameworks. Other studies have systematically compared amines
with different molecular sizes, such as N,N'-dimethylethylenediamine
(m-2-m), tetraethylenepentamine (TEPA), and polyethyleneimine (PEI).
Results suggested that both types of amine and operating conditions
have a strong impact on the adsorption performance: the enhanced COy
adsorption capacity of TEPA-impregnated Mgy(dobpdc) under humid
conditions, due to decreased diffusion limitations, was observed,
whereas the materials functionalised with PEI were morphologically
degraded during cycling [17].

Given the staggering complexity and almost unlimited combinations

of these modular building blocks (around 100,000 MOFs), to fully
explore this potential and to identify optimal candidates for specific gas
adsorption applications, numerous studies have employed machine
learning (ML) to screen vast databases, such as CoRE, h-MOF, and
MOFomics [18-21]. While these studies effectively correlate geometric
descriptors and metal-centre chemistry with static adsorption capacity,
their practical impact is often constrained by the assumption that basic
metrics such as Henry selectivity or COy capacity are sufficient in-
dicators of process-level success. This narrow focus creates a critical gap:
the tremendous potential of MOFs exerts significant pressure on tradi-
tional process development, yet identifying a promising material in a
database does not guarantee efficient performance in a dynamic indus-
trial cycle. Consequently, moving beyond material-centric screening to a
process-aware evaluation is essential for realising the true potential of
these adsorbents. To address this, Luukkonen and Elfving used global
sensitivity analysis and dynamic TVSA/S-TVSA simulations to identify
key parameters controlling DAC performance and cost, providing
guidance for adsorbent design under atmospheric CO: conditions [22].
Although such simulation-based approaches reduce the need for
expensive and time-consuming experimental procedures, the computa-
tional intensity remains high, especially when multiple parameters are
varied, as each simulation requires solving complex sets of partial dif-
ferential equations over multiple cycles to reach a cyclic steady state.
Consequently, shortcut models have been proposed to bridge the gap
between simplified metrics, such as isotherm inspection or selectivity,
and the computationally intensive full-scale simulations [23-25].

A shortcut pressure vacuum swing adsorption (PVSA) model
revealed that adsorbent selectivity and thermal effects had a significant
impact on specific power consumption than CO; capacity, with an
optimal CO, heat of adsorption in the range of 35-45 kJ mol™. More-
over, high surface area can be detrimental, as increased porosity may
promote Nj co-adsorption and reduce overall selectivity [24]. Similarly,
shortcut models for temperature swing adsorption (TSA) processes offer
a computationally efficient framework for the rapid screening of CO4
capture performance from flue gas by assuming local equilibrium and
simplified kinetics to predict cyclic steady state performance efficiency
[23]. However, shortcut models are often inadequate for
amine-functionalised sorbents due to their slow adsorption kinetics. As
corroborated by Danaci et al. [26], while these models suit
equilibrium-driven materials like zeolites and activated carbons, they
failed for kinetically hindered systems. By assuming instantaneous
equilibrium, shortcut models overlook critical mass and heat transfer
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phenomena, leading to substantial errors that only detailed dynamic
models can accurately resolve. Consequently, adsorbents characterised
by slow cooperative kinetics are more accurately evaluated using
detailed, rate-based process simulations rather than equilibrium-based
shortcut methods [23,27].

To overcome the prohibitive computational cost of rate-based dy-
namic simulations, Machine Learning (ML) models can be implemented
as efficient surrogates. By training on a representative dataset generated
from experimentally validated detailed process simulations, ML models
bypass intensive numerical integrations, enabling rapid system perfor-
mance predictions across extensive parameter spaces. Specifically,
surrogate-assisted frameworks have been successfully employed to
optimise Vacuum Pressure Swing Adsorption (VPSA) systems using
flexible MOFs with complex sigmoidal isotherms, significantly reducing
the computational burden of navigating hysteretic performance maps
[28]. Furthermore, similar ML-based approaches have been utilised for
the cyclic performance optimisation of DAC using amine-functionalized
MOFs, demonstrating that surrogate models can improve process con-
figurations with minimal time requirements compared to traditional
physics-based solvers [27]. The data-driven approach facilitates robust
global sensitivity analysis (GSA), capturing the complex, nonlinear in-
teractions between isotherm and sorbent parameters that remain
computationally inaccessible via detailed simulation alone [29]. These
models not only offer high-throughput screening capabilities but also
facilitate the exploration of structure-performance relationships that can
inform mechanistic hypotheses regarding process-level behaviour and
guide rational material design. For example, this framework was suc-
cessfully applied to Lewatit VP OC 1065 under TVSA and S-TVSA
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conditions; the ANN-based GSA accurately quantified the relative
importance of varying adsorbent and process parameters on key per-
formance indicators (KPIs), elucidating their individual and synergetic
impacts on adsorption efficiency [29]. A similar data-driven approach
was employed to optimise plastic-derived porous carbons, using ML to
reveal the structural features governing CO; capture. By employing ANN
surrogate models to scale technical routes via process simulations, the
study achieved high exergy efficiency and provided systematic guide-
lines for the development of sustainable, high-performance adsorbents
[30]. This integrated approach was recently exemplified by the PrISMa
platform [31,32], which leverages an ML feedback loop to link molec-
ular crystal structures directly to techno-economic and life-cycle as-
sessments across thousands of case studies. By identifying chemically
diverse clusters of top-performing materials for specific source-sink
pairs, such platforms demonstrate that ML is essential for bridging the
gap between material design and industrial-scale deployment.

While recent integrated platforms have pioneered the simultaneous
evaluation of materials and techno-economics at scale [29], a critical
gap remains in the high-fidelity optimisation of non-ideal cooperative
adsorbents. These materials demonstrate exceptional potential for DAC
due to their unique step-shaped behaviour, yet most process-informed
screenings rely on conventional Langmuir-type representations that
fail to capture this complexity. To fully realise the advantages of coop-
erative adsorbents, it is essential to move beyond broad screening to-
ward a detailed analysis of how molecular-level isotherm properties
interact with dynamic process variables. This work bridges the gap be-
tween molecular-level tuning and system performance by establishing a
quantitative property-performance nexus. While traditional studies

\/

Pt

Training an
Artificial neural
network model

l

Model validation

L) —

) —’[ Producing Dataset ] [ Surrogate Model ]

o
/ \ SA
Y 4
A E I1 -
¢ g \
O Orpricn
U Boam
Validation

®  experimental
simulated

Set input using
LHS (MATLAB)

!
/Sobol SensitivityAnalysiA

Time (s)

Define Y=£(X1,X2,...Xk)
v

Generate two independent
mput matrices (A&B), size
(N(number of
samples)xK(number of input)

- ’ Introducing the most - ' ;
influential parameter Create K mix matrices Ap
fﬁ - 4 ! governing adsorbent l
\ \—- performance \ Calculate S1,S2, and ST /

|

Fig. 1. Schematic representation of the integrated methodology used in this study, combining process simulation, ANN surrogate modelling, and Sobol global

sensitivity analysis.



M. Nasiri Ghiri et al.

evaluate adsorbents based on static metrics (e.g., capacity or selectivity),
our integrated framework translates these molecular descriptors into
dynamic process indicators (SEC, productivity, and purity). By defining
the numerical design windows for cooperative sorbents, we provide a
prescriptive roadmap for synthetic chemists to optimise material
tunability in a way that is directly informed by the constraints of a full
TVSA cycle.

An overview of the integrated methodology and its role in linking
molecular descriptors to system-level performance is provided in Fig. 1.

2. Methodology
2.1. Model description of the TVSA process

To evaluate the performance of mmen-Mgs(dobpdc) under DAC
conditions, a dynamic TVSA model was developed using Aspen
Adsorption V14. The model simulates the complete adsorption/
desorption cycle by solving the coupled mass, energy, and momentum
balances and quantifying key process performance indicators, including
CO9 purity, recovery, productivity, and specific energy consumption
(SEC). The TVSA cycle consists of five sequential steps: adsorption,
evacuation, heating, cooling, and pressurisation. The operating condi-
tions and cycle parameters used in this study are summarised in Table 1,
and the value of adsorbent and bed specification are shown in Table S1.

The governing equations, kinetics, equilibrium formulations, and
model parameters are comprehensively described in our previous work
[33]. The process model assumes a one-dimensional packed bed, with
radial variations neglected and both the adsorbent and wall properties
are considered uniform. The gas phase is treated as an ideal mixture, a
reasonable approximation given the low operating pressures and dilute
CO4 concentrations typical of DAC systems. Adsorption is modelled as a
non-isothermal, adiabatic process to ensure a comprehensive capture of
the system's thermal-kinetic coupling. This approach is validated by the
reference study [34], which provided the experimental basis for our
simulations. Their sensitivity analysis (Figures S7-S9 of this study)
demonstrates that at ultra-dilute feed concentrations (400 ppm), the
temperature rise in an adiabatic bed is negligible, resulting in nearly
identical breakthrough to those observed under isothermal conditions.
By adopting the adiabatic framework, the model maintains high phys-
ical fidelity and remains consistent with the experimental results while
accounting for the potential impact of heat of adsorption during the
breakthrough process. The heat of adsorption and specific heat capac-
ities are assumed constant because the amount of adsorbed CO, is small
in DAC, while the pressure drop along the column is evaluated using the
Ergun correlation. Adsorption kinetics are captured through a hybrid
formulation: below the step pressure, the linear driving force (LDF)
model is employed to describe macropore diffusion resistance, whereas
above the step pressure, the Avrami fractional-order model is applied to
represent the nucleation-and-growth mechanism characteristic of
cooperative adsorption. The equilibrium adsorption behaviour is

Table 1
Process parameters and cycle durations for the base case.
Process Parameters Unit Values
Adsorption Time s 7200
Evacuation Time s 6
Heating+ Evacuation s 1000
Time
Cooling Time s Temperature matched the feed
temperature
Pressurising Time s Pressure matched the atmospheric
pressure
Feed Flow rate Kmol/ 3e-4
hr
Feed Temperature °C 23
Desorption Temperature °C 120
Evacuation Pressure bar 0.09

Chemical Engineering Journal Advances 27 (2026) 101283

described using the Sip isotherm model introduced by Darunte et al.
[34], which captures the step-shaped cooperative adsorption charac-
teristic of diamine-functionalised frameworks. The accuracy of this
modelling framework and its underlying assumptions has been rigor-
ously validated against experimental data in a previous study, demon-
strating close agreement across a range of operating conditions [33]. As
illustrated in Fig. 2, the model demonstrates close agreement with
experimental results [34] across a diverse range of operating conditions,
confirming its reliability for this study.

Given that this study focuses on the influence of isotherm parame-
ters, the corresponding isotherm equation, fitted parameters, and
temperature-dependent relationships are shown in Fig. 2. This validated
TVSA model subsequently served as the high-fidelity foundation for
generating the comprehensive dataset required to train and validate the
machine-learning surrogate models. In this study, to isolate the effect of
adsorbent properties, the process configuration was fixed according to
the baseline conditions reported in [33], as summarised in Table 1.

2.2. Parameter identification and physical significance

To investigate the relationship between adsorbent parameters and
their influence on process performance, specifically CO» purity, recov-
ery, productivity, and SEC, calculated according to the formulations in
[33], the variables of interest and their corresponding tunable ranges
were first identified. This selection encompasses fundamental adsorbent
properties, primarily focusing on thermodynamic parameters, which
consist of isotherm descriptors and the heat of adsorption, alongside
adsorption kinetics. Due to the high dimensionality of the cooperative
isotherm model, a preliminary screening was conducted to categorise
the variables based on their influence on specific isotherm regions: the
low-pressure (initial uptake), transition (step-wise), and high-pressure
(saturation) regions. For each category, the most representative
parameter was selected to reduce the input space for the surrogate
model.

The low-pressure region, corresponding to the initial portion of the
isotherm prior to the step-change, is characterised by CO5 molecules not
yet overcoming the energy barrier for cooperative insertion. This region
is mainly governed by the isotherm parameters such as ng, AHy, AHp,
bro, Pstepo, AHstep and qy, as summarised in Table 2. The pronounced low-
pressure region is disadvantageous in practical application because it
leads to lower bed utilisation and COx loss. Fig. 3a and h illustrated ngy
(the cooperative adsorption at low coverage) and Pgpo (the character-
istic step pressure) exert the largest impact on the low-pressure region.
Therefore, they are considered representative descriptors of this part of
the isotherm.

The parameters byg, A1, AHgigh, and AHgeep, Pstepo primarily govern
the transition region of the isotherm (Table 2). A sharper breakthrough
corresponds to a narrower transition region, indicating more efficient
bed utilisation, while a broader transition region results in more gradual
uptake, early COz breakthrough, and reduced utilisation of the adsor-
bent [34]. To investigate how variations in the transition region influ-
ence breakthrough behaviour and process performance, the adsorption
enthalpy at high loading (AHg;gn) and the cooperative adsorption step
(AHgeep) were selected for detailed sensitivity analysis, as these param-
eters most directly control the steepness of the adsorption step (Fig. 3e
and g).

The final part of the isotherm, known as the high-pressure (satura-
tion) region, is characterised by the parameters qu, quo, and AH,
(Table 2). The parameter qy defines the maximum adsorption capacity
in the high-loading regime, representing the plateau that follows the
sharp uptake step in the cooperative isotherm model. Physically, qy
corresponds to the total density of available adsorption sites activated
through the cooperative interactions. Unlike q,0 and AH,, which mainly
affect the upper end of the plateau, Fig. 31 shows, qy, uniformly shifts the
entire saturation region upward or downward. This parameter has a
direct effect on the working capacity and bed utilisation, independent of
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Fig. 2. The isotherm equation, fitted parameters, and temperature-dependent relationships of the Sips isotherm model developed by [34].

Table 2

Classification of isotherm parameters according to their influence on different
regions of the adsorption isotherm.

Low-pressure region

Transition region

High Pressure (Saturation) Region

no buo qu
qu M quo
bro AH pigh AHy
Pstepo AHgtep

A Hstep PstepO

AHpow

AH,

step position or low-pressure region. The incorporation of qy in the
sensitivity analysis consequently allows a systematic consideration of
the effect of variation in the ultimate adsorption capacity on the process
performance.

To understand the role of the heat of adsorption, the enthalpy of COy
adsorption (AHcog) is also included in the sensitivity analysis. This
parameter governs the thermal effects associated with adsorption and
desorption, directly impacting regeneration energy requirements and
separation performance. Additionally, as demonstrated by Siegelman
et al. [16], the position of the cooperative adsorption step is influenced
by the CO2 adsorption enthalpy through its contribution to the adsorp-
tion free energy, which in turn affects the overall effectiveness of
cooperative adsorbents. Incorporation of AHcgo, thus enables a detailed
investigation into how changes in heat of adsorption impact both the
thermal efficiency and operational limits of the DAC process.

In addition to thermodynamic parameters one further parameter
was considered in the sensitivity analysis, the Avrami exponent (na),
which characterises the adsorption kinetics. The adsorption rate is
described using the differential form of the Avrami model (Eq. (1)) [34]:

ow;

= )

(€8]

where kp is the Avrami rate constant, na is the Avrami fractional
exponent, t is time, and w*; is the equilibrium loading. The constant

parameters (Ka) and (np) were fitted to experimental data, with repre-
sentative values of ka = 4.36e-5 (1/s) and np = 1.5 for 0.4 mbar CO,
partial pressure and 23 °C, consistent with established literature values
for cooperative chemisorption systems [34].

Physically, the overall rate of nucleation and growth process is
controlled by ku, while the mechanistic pathway and effective dimen-
sionality of growth are characterised by na, which significantly influ-
ence the duration of the induction period [35]. In such materials, np
governs how rapidly adsorption accelerates once nucleation occurs,
thereby influencing the duration of the initial low-uptake regime before
the step transition. Unlike the isotherm parameters, which determine
equilibrium capacity and step position, ns primarily affects the shape
and progression of the adsorption curve rather than simply scaling the
overall rate. Consequently, np was selected as the kinetic parameter in
the sensitivity analysis, as variations in this parameter can meaningfully
influence breakthrough, bed utilisation, and other key process perfor-
mance indicators under the investigated operating conditions. Ulti-
mately, seven representative parameters, na, AHcoz, qu, AHpigh, AHgtep,
Pgiepo, and ng were selected as the model input vector. This selection
enables a systematic investigation into the relationships between
fundamental material property variations and the resulting process
performance outputs.

2.3. Definition of parameter ranges and boundary justification

A model-driven, single-variable sensitivity analysis approach was
used to define the acceptable ranges for four isotherm parameters:
AHgigh, AHstep, qn, and ng. The preliminary analysis ensured that vari-
ation in these parameters induced meaningful modifications in the
adsorption behaviour while maintaining physically realistic isotherm
shapes. The outcome of this analysis is illustrated in Fig. 4, and the
corresponding parameter ranges are summarised in Table 3. The
remaining properties, the na, AHcoz, and Pgepo, were assigned bounds
based on literature data. These selected intervals show representative
tunable ranges for diamine-appended Mgy(dobpdc) variants, spanning
the broad chemical tunability reported in experimental studies. For
instance, a slight structural modification of the diamine ligands can shift
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Fig. 3. Effect of isotherm parameters on the shape of the COz adsorption isotherm for mmen-Mgz(dobpdc); symbols represent experimental data at 25 °C [34].

the adsorption step pressure by more than four orders of magnitude at a fixed temperature [16,36]. This remarkable tunability highlights the
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Fig. 3. (continued).

strong dependence of step location on molecular-level interactions and
justifies the exploration of the specified range for Psepo (4€-4 —0.12 bar).
By investigating this interval, the sensitivity analysis accounts for the
high sensitivity of the step position to the chemical functionality of the
adsorbent, ensuring that the process simulations capture the impact of
varying step locations on performance indicators.

The parameter ng characterises the density of adsorption sites active
in the low-coverage regime prior to the onset of cooperative adsorption.
Physically, it controls the initial slope of the isotherm and determines
the amount of CO: uptake achievable before propagation of the coop-
erative step. In step-shaped isotherms, this regime corresponds to

chemisorption sites or amine functional groups that interact with CO-
before full chain formation [34]. Increasing ny broadens the isotherm
transition and produces a smoother uptake profile by activating a larger
population of pre-step sites, while decreasing ng sharpens the step and
confines adsorption to a narrower pressure interval. Fig. 3(a) shows that
when ny exceeds ~0.5, the isotherm shape becomes nearly invariant,
indicating saturation of pre-step adsorption sites; in the present para-
metrisation, the practical upper limit is ~0.58, beyond which further
increases in ng have a negligible impact. In contrast, decreasing ng from
0.3 to 0.2 leads to reduced productivity and CO: recovery and increased
SEC. Although the step pressure shifts slightly to lower values, the
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Table 3
Selected adsorbent parameters and their corresponding ranges used in the global
sensitivity analysis.

Adsorbent Parameters Unit Lower Bond Upper bound
ny - 0.435 0.58

AHgeep kJ kmol* ~68,736 ~56,242
AHgign kJ kmol 60,948 74,490

qu kmol/kg 0.00259 0.00432
AHcoo kJ mol-1 -80 —40

np - 1.2 1.8

Pgtepo bar 4 e-4 0.12

performance loss arises from a reduced density of nucleation sites rather
than stronger CO:z binding. A low ny weakens cooperative propagation,
broadens the isotherm transition, and extends the induction period,
thereby limiting working capacity and overall process efficiency. Similar
behaviour has been reported experimentally by Darunte et al. [34] and
in simulation studies [32], confirming that insufficient pre-step site
density hinders efficient DAC operation.

Regarding adsorption kinetics, experimental data for mmen-Mgs(-
dobpdc) shows that na decreases from approximately 1.7 at 95 °C to 1.0
at 55 °C, corresponding to longer induction periods near the step tem-
perature and shorter periods at lower temperatures [37]. Based on this
behaviour, the interval for ny was set between 1.2 and 1.8 to capture the
kinetic response across the relevant temperature range. Similarly, the
AHgop range was set between 40 and 80 kJ mol™, reflecting the typical
spectrum of chemisorption enthalpies for functionalised MOFs. In
diamine-appended Mgy(dobpdc) frameworks, adsorption enthalpies are
typically in the range of 70 to 90 kJ mol, while general COy chemi-
sorption enthalpies for various chemical functionalities range from 60 to
100 kJ mol'l, depending on the chemical functionality [38,39]. By
selecting the 40-80 kJ mollinterval, the sensitivity analysis evaluates
both existing high-affinity materials and the next generation of
lower-enthalpy adsorbents designed to reduce the specific energy con-
sumption (SEC) of the regeneration step. By aligning these boundaries
with established experimental limits, the resulting global sensitivity
analysis captures the process response across the most relevant material
design space. The conclusions of this study are expected to be robust
against modest expansions of these ranges; further widening of the
bounds would likely lead to physically unrealistic isotherm profiles or
process conditions that exceed the operational limits of DAC. This sys-
tematic approach ensures that the evaluation of key performance in-
dicators remains both process-relevant and consistent with the
cooperative adsorption mechanism of diamine-appended Mgs(dobpdc)
materials.

2.4. Surrogate model development

2.4.1. Dataset generation and pre-processing

To generate the dataset required for the following sensitivity anal-
ysis, the Latin Hypercube Sampling (LHS) method was used. This
methodological strategy systematically explores the variability of the
selected input parameters within their predefined boundaries and thus
produces randomised but stratified parameter vectors that guarantee
uniform input space coverage [40].

An interface was developed in MATLAB to connect the LHS sampling
routine with Aspen Adsorption. Specifically, the LHS algorithm creates
sets of input variables, which were transferred automatically to Aspen
Adsorption. For each generated case, Aspen performed a full cyclic
adsorption simulation and calculated the process performance in-
dicators, namely CO purity, recovery, productivity, and SEC. Subse-
quently, the simulation results were exported and saved into an Excel
workbook, providing a carefully organised dataset of 2866 individual
cases, thereby enabling further analytical procedures. Fig. 18 illustrates
the frequency distribution of each decision variable alongside normal
probability density functions, confirming uniform distributions
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consistent with the LHS sampling method. On the other hand, the per-
formance indicators (Fig. 2S) show that they deviate strongly from
normality, as the SEC shows a right-skewed distribution, while the CO,
purity displays a strong left tail, indicating substantial variability in the
simulation results for these parameters. Logarithmic transformations
were applied to skewed outputs (SEC and CO: purity) to improve sym-
metry and numerical stability. As illustrated in Fig. 5, the transformed
variables exhibit distributions that more closely approximate normality.

The generated dataset was divided into training, validation, and test
subsets. The partitioning strategy aimed to ensure that each subset
retained the overall dataset's distribution, enabling reliable model
development and unbiased performance assessment. The test set was
chosen first, with roughly 10% of the entire dataset allocated for testing.
To minimise random bias, multiple candidate splits (500 trials) were
generated, and the test set with statistical properties, such as range,
mean, and standard deviation, that most closely matched those of the
full dataset was selected. This approach guaranteed that the test set
would reflect the overall variability of process outputs and remain in-
dependent of model training. The remaining 90% of the data was then
split into training (80%) and validation (20%) subsets. To enhance
representativeness, stratified sampling based on k-means clustering of
output variables was used. This ensured that both the training and
validation datasets contained proportional samples from different re-
gions of the output space, reducing the risk of the model merely learning
dominant patterns and neglecting less common ones, which could
compromise predictive accuracy. Due to significant differences in the
magnitude of input and output variables, all variables were subse-
quently normalised using min-max scaling, as described in Eqgs. (2) and
3, where x and y denote the original input and output values, respec-
tively. To avoid information leakage, normalisation was performed after
data partitioning, with each variable scaled to the [0, 1] range. This
procedure ensured consistent transformation across all subsets while
maintaining the independence of the test data.

Xi — Xmin

Xnormalised = (2)
Xmax — Xmin

Ynormalised = % (3)

2.4.2. ANN surrogate model configuration

A feed-forward ANN was used as a surrogate model to approximate
the relationship between input parameters (Psepo, AHmigh, AHstep,
AHcog, na, ng, and qy) and process performance indicators (CO purity,
recovery, productivity and SEC). The ANN was implemented and trained
using the Neural Network Toolbox of the latest version (R2024a) of the
MATLAB program. The toolbox provides a comprehensive set of inte-
grated functions that allow the definition and training of networks, and
evaluating them afterwards. In the development of data-driven models
such as ANN, the choice of relevant hyperparameters, i.e. the number of
hidden layers, the number of neurons per layer, and activation func-
tions, is a crucial element in the model accuracy and its generalisability.
Before adopting the ANN framework, several conventional regression
methods, including Linear Regression, Decision Trees, Random Forest,
Support Vector Regression (SVR), and AutoML-based approaches, were
systematically evaluated. The results of this comparative analysis are
summarised in Tables S2-S5 of the Supplementary Information.
Although these models provide useful baseline predictions, their per-
formance remains limited, particularly in capturing certain key output
variables. In particular, significant deviations were observed in the
prediction of purity, highlighting the inability of these methods to fully
represent the complex and highly non-linear relationships inherent in
the TVSA process. These limitations motivate the adoption of the ANN
model, which offers greater flexibility and modelling capacity to accu-
rately describe such nonlinear behaviour.

In this study, to determine the optimal network architecture, a
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Fig. 5. Probability density distributions of process performance indicators (SEC, CO, purity, recovery, and productivity) after applying the logarithmic

transformation.

Genetic Algorithm (GA) was employed to optimise the number of hidden
layers, the neurons per layer and the activation function. The search
space was constrained to a maximum of three hidden layers with a
decreasing funnel neuron configuration to prevent excessive model
complexity. Each candidate architecture was trained using the
Levenberg-Marquardt backpropagation algorithm (trainlm) using the
training dataset and then testing the performance using the validation
subset. To ensure robust generalisation and prevent overfitting, a multi-
objective fitness function was defined based exclusively on the model's
performance on a separate validation subset. This fitness function bal-
ances three critical metrics: the mean coefficient of determination (Rz),
which is a measure of the agreement between the predicted and actual
values for overall correlation, mean squared error (MSE), which repre-
sents the average magnitude of the prediction error for systematic error
detection, and average absolute relative deviation (AARD) for
percentage-based accuracy. The performance metrics defined in Eqs. (4)
to 6 are determined using the following variables: yactual, the actual
target value obtained from process simulation; ypredicted, the value cor-
responding to the empirical target value predicted by the ANN; yactual,
ave, the mean of all actual target values; i, the index of the individual data
points; and n, the total number of samples. Additionally, an early
stopping criterion was implemented during training, where weight up-
dates were terminated after nine consecutive validation failures. This
integrated approach ensures that the resulting surrogate model main-
tains high physical fidelity and predictive reliability across the entire
multi-dimensional design space.

The final architecture of the ANN comprised two hidden layers with
13 neurons in the first layer and 6 neurons in the second layer, both
using the logistic sigmoid activation function. The output layer consisted
of four neurons, which corresponded to the four different process per-
formance indicators, and was set to a linear activation function (pure-

10

lin). The network received seven input variables and mapped them to
four outputs, providing a computationally efficient surrogate model,
which can be used for further sensitivity and optimisation purposes.

2
n
Zi:l ()’ actuali — Y predicted,i)

R =1- p )
Z;lzl (yactual,i - yactual,ﬂve)
1¢ 2
MSE = H ; (yactual,i _ypredicted,i> (5)
1 = ac i = Jpredicted,i
AARD = ﬂ Zabs Yactuali — Ypredicted, ®)
n i=1 Yactuali

2.5. Global sensitivity analysis

Sensitivity analysis provides valuable information on the propaga-
tion of input uncertainties through the system and their effects on sys-
tem performance [41]. Its main purposes include: (i) elucidating the
relationships between model inputs and outputs, (ii) quantifying the
extent to which uncertainties in structural parameters contribute to
overall output variability, (iii) identifying the most influential parame-
ters governing model behaviour and output magnitudes, and (iv)
providing guidance for future experimental design and model refine-
ment. In global sensitivity analysis (GSA), all parameters are varied
simultaneously throughout the parameter space, which allows the
evaluation of single and higher-order interaction effects on the model
outputs' variability [40,42].

This study used a variance-based Sobol sensitivity analysis to
determine the relative contributions of the individual input parameters,
namely (Pstepo, AHgigh, AHstep, AHcoz2, 9n, o, and ny), to the variance of
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the four major performance indicators: CO5 purity, recovery, produc-
tivity, and SEC. The Sobol method is one of the most powerful and
widely used variance-based methods for the analysis of highly nonlinear
processes, such as adsorption [40]. The total variance of model outputs
is separated into those arising from a particular input parameter and
those arising from interactions among these parameters. First-order
Sobol indices S; are used to measure the contribution of a single input
parameter to variance, whereas the second-order index S, measures the
variance of the combination of two input parameters. The total order
Sobol indices (St) measure the total effect of each input variable,
including the impact of all higher- order interaction effects. Conse-
quently, the difference between total and first-order indices (St-S1) can
be used as an indicator of the non-linear interactions. Fundamentally,
the Sobol method follows the same variance decomposition technique
used for ANOVA for factorial designs, but it enhances the method by
providing a measure of the contributions of each input variable and the
interactions of the variables to the total uncertainty of the model output
[43,44].

In practice, the input samples were generated by Sobol quasi-random
sequences and scaled to the specified ranges of the parameters. Sample
matrices (A, B, and (AiB)J.) were constructed following the standard

quasi-Monte Carlo sampling strategy to estimate variance contributions
and compute sensitivity indices [43]. The first-order and total-order
Sobol indices were calculated according to Egs. (7) and 8, where N de-
notes the number of Monte Carlo samples, f(A); and f(B); are the model
outputs corresponding to the jy samples of matrices A and B, and
f(AL )jrepresents the model output obtained by replacing the iy, column

of B with that of A [45]. This sampling methodology ensures a uniform
coverage of the input domain; furthermore, it provides the possibility to
decompose variance for all performance indicators accurately. All Sobol
sensitivity analyses were performed by the UQLab framework imple-
mented in the MATLAB software environment, where the framework
was integrated with the ANN surrogate model to efficiently evaluate
system responses over the multi-dimensional parameter space.

5 WSSSA (AL), ~ £(B)
T Var(Y)

)

A0 (Fla), - £(ay),)°
Var(Y)

(8

Ti =

3. Results and discussion
3.1. Surrogate model performance

A single multi-output ANN surrogate model was developed to
simultaneously predict CO, purity, recovery, productivity, and specific
energy consumption. Table 4 summarises the performance of the sur-
rogate model in terms of R%, MSE, and AARD. Fig. 6 presents the pre-
dicted versus actual values for the four performance indicators for the
validation and test datasets, while the corresponding results for the
training dataset are shown in Figure S3. Recovery, productivity, and SEC
are predicted with very high accuracy, achieving R? values above 0.98
across training, validation, and test datasets, with low MSE and AARD

Table 4
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values. The points in the scatter plots closely align with the 45° line,
indicating minimal deviation from the true values and confirming that
the surrogate model generalises well beyond the training data. In
contrast to recovery and productivity, which are the simplest perfor-
mance indicators as they only involve the amount of CO; recovered, the
mass or volume of the adsorbent, and the cycle time (in the case of
productivity), CO, purity is more challenging to predict. The R? values
for CO4 purity are slightly lower than other indicators but remain above
0.90. This is primarily attributed to the left-skewed distribution of purity
in the dataset (skewness is —2.28), where most values cluster at high
purities, and only 110 out of 2866 samples (~ 4%) fall below a purity of
85%. To evaluate the impact of this skewness on model reliability, a
targeted uncertainty analysis was performed for two regimes: purities
below 85% and purities above 85% (Table S6 and Figure S4).

The results demonstrate that while prediction uncertainty increases
in the data-sparse, low-purity region, the model remains exceptionally
certain and accurate for values exceeding 85%. Crucially, for practical
Carbon Capture and Utilisation/Storage (CCUS) applications, purities
exceeding 94-95% are typically required. Since the surrogate model
demonstrates its highest precision in this high-purity regime, its pre-
dictive utility remains robust despite the overall statistical skewness.

Fig. 7 shows the residuals of the surrogate model predictions for the
test dataset, plotted as the difference between predicted and actual
values versus the actual values for each performance indicator. While
the residuals generally scatter around the horizontal zero line, indi-
cating minimal overall bias, a specific deviation is observed at high re-
covery (>70%) and high productivity (>1.2e-3 kmol/kg.s) values. To
evaluate the reliability of the model in these critical high-performance
regimes, a targeted uncertainty analysis was conducted (Table S2).
The results indicate that despite the slight visual deviation in the parity
plots, the model remains highly certain and reliable and is appropriate
for subsequent global sensitivity analysis.

3.2. Global sensitivity analysis (GSA)

3.2.1. First-order and total-effect Sobol index (main effects)

The rankings of input parameters' importance and the consistency of
these rankings across different performance indicators are illustrated in
Fig. 8. In this figure, the highest rank is represented by 1 (blue) and the
lowest by 7 (red). Among all investigated variables, the step pressure
(Pstepo), the adsorption enthalpy at high loading (AHg;gn), and the
enthalpy change associated with the cooperative adsorption step
(AHgtep) consistently emerge as the most influential parameters. Pa-
rameters associated with adsorption kinetics (na) exhibit a moderate
rank, while cooperative adsorption at low coverage (ng) and AHcoo
consistency have the lowest rankings, confirming their negligible direct
impact on the total variance of system outputs. From a thermodynamic
perspective, while np modulates the kinetics toward the equilibrium, the
actual cyclic working capacity is dominated by the isotherm parameters
Pstepo, AHstep, and AHpign. However, this conclusion is conditional on
the operating regime. In scenarios involving significantly shorter cycle
times or lower desorption temperatures, kinetic limitations could
become critical. In such high-frequency operations, increased kinetics
rates (characterised by higher ka and lower effective ny) would be
required to prevent restrictions on productivity and an increase in SEC.

Values of error metrics (R%, MSE, and AARD) of the ANN model for four process performance indicators (SEC, CO, purity, recovery, and productivity) across training,

validation, and test datasets.

Process parameters Unit Training Validation Test

R? MSE AARD R? MSE AARD R? MSE AARD
SEC MJ/Kg coz 0.979 0.0239 1.22% 0.973 0.0297 1.29% 0.983 0.0204 1.13%
CO,, purity % 0.94 1.0197 0.36% 0.826 2.9061 0.48% 0.916 1.3913 0.36%
Recovery % 0.999 1.3327 0.59% 0.984 2.2146 1.94% 0.993 1.3785 1.62%
Productivity kmol/kg.s 0.992 0 1.54% 0.985 0 1.9% 0.993 0 1.59%
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four performance indicators: CO, purity, recovery, SEC, and productivity.

Therefore, while na didn’t have the highest rank in the current baseline
configuration, they may play a vital role in a cycle designed for rapid
switching.

Fig. 9 shows the Sobol variance decomposition, which further sup-
ports these results by partitioning the total variance into the main effect
(S1, which is shown as the blue bars) and the interaction effect (St-Sq,
which is shown as the orange bars). The variability found in SEC, CO,
purity, recovery and productivity is attributed mainly to three param-
eters: Pgepo, AHgigh, and AHgep, which all exhibit high total order
indices, usually greater than 0.40, for the majority of response variables.
Conversely, the total-order indices of AH¢og, ng, and np are very low for
most of the indicators, with two notable exceptions. First, ns exhibits an
St value greater than 0.15 for CO, purity, while S; remains near zero.
This observation confirms that the influence of ny on CO; purity is
mainly through its interaction with other parameters rather than a direct
effect. Second, AHgpo shows a total-order index close to 0.1 for SEC,
with the majority of this contribution arising from the first-order effect
(S1), indicating that its impact on SEC is largely independent of other
parameters. The decomposition of St demonstrates that the interaction
contribution (St-S1) is especially important for Pgsepo, AHpign, and
AHgtep. This is pronounced for AHgtep and Pggepo in the case of CO, Purity,
where interaction contributions account for more than half of the total
variance, defining the selectivity-regeneration trade-off. Thermody-
namically, this reflects the Van ’t Hoff dependence, where AHg dic-
tates the temperature-induced shift of the step position (Psepo) required
for effective regeneration. A mismatch between these parameters results
in high residual CO5 loading or a dispersive (rather than self-sharpening)
breakthrough front. Both phenomena increase gas-phase mixing with
inert species, significantly degrading the molar purity of the captured
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CO, stream

These results show that process performance is not determined by
independent parameter effects, but by synergistic coupling, such that the
optimisation of Pgepo has to be considered in conjunction with the
variation of AHgep in order to achieve meaningful improvement.
Furthermore, it reveals that recovery (%) and productivity (kmol/kg-h)
share nearly identical sensitivity profiles.

The near equivalence of the S; and St indices indicates a high degree
of collinearity between these performance indicators, suggesting they
are governed by the same dominant parameters within the defined
design space. This alignment confirms that improvements in recovery
inherently translate to corresponding gains in productivity. Conse-
quently, productivity is utilised as the primary representative metric in
the subsequent discussion, as the observed parameter dependencies and
trends are equally applicable to recovery.

3.2.2. Second-order Sobol index (pairwise interaction effects)

The analysis of the second-order interaction index (S3), shown in
Fig. 10 provides additional quantitative evidence of parameter in-
teractions. Among all pairwise interactions, the interaction between
AHgtep and Pgepo is consistently the most significant, with a pronounced
effect on CO: purity. In particular, the S, index for the AHgiep-Pstepo pair
reaches its maximum value in this output, suggesting that the predom-
inant portion of the interaction-driven variance (St-S1) can be attributed
to this synergistic association. This dominance stems from the fact that
these parameters collectively define the sharpness of the phase transi-
tion; a more vertical step allows for higher CO5 capture at lower partial
pressures, which effectively narrows the mass transfer zone and mini-
mises the co-adsorption or entrapment of impurities, thereby
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maximising purity. The results highlight the need for design and opti-
misation of adsorbent properties to strictly incorporate the coupled,
non-additive interactions of isotherm parameters to represent and
enhance DAC performance. The second-order Sobol indices highlight
significant interactions between gy and the parameters governing the
position and steepness of the cooperative step. For SEC, the strongest
interactions occur with ns, AHco2, AHpigh, and Pgepo, reflecting a
coupled dependence of energy consumption on both total capacity and
adsorption energetics. For purity, relevant interactions involve ng,
AHgigh, and Pgiepo, Which together influence selectivity and desorption
completeness. For productivity, qy interacts notably with ng, AHgjgh,
AHgiep, and Pgepo as these combinations govern the effective cyclic
working capacity and overall throughput. While the first-order indices
confirm that ng exerts a negligible direct effect, these second-order re-
sults reveal that its modest influence arises indirectly through coupling
with the thermodynamic parameters governing the onset and sharpness
of the cooperative transition. Specifically, the interaction between ng
and Pgepo reflects their shared role in defining the isotherm shape just
before the step, which determines how the cooperative uptake develops.

In the current global Sobol sensitivity analysis, ng was varied within
a narrower range (0.4-0.6), consistent with literature reports by Miller
et al. [46] and Siegleman et al. [16], which indicate that ny remains
largely invariant for mmen-Mgs(dobpdc) when modifying the diamine
structure. In these materials, structural functionalisation primarily af-
fects the cooperative adsorption onset (Psepo) and the CO2 adsorption
enthalpy, whereas the pre-step region, represented by ng, is dominated
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by weak, non-specific CO, interactions, resulting in similar low-pressure
isobars across different variants. As expected, the first-order Sobol
indices indicate that ny exerts a negligible direct effect within this
limited range, suggesting that other parameters, particularly Pgepo,
AHgep, and AHpyign, dominate the process variability. However,
second-order Sobol indices reveal small but measurable interaction ef-
fects, specifically between ng and Pgepo, and to a lesser extent with
AHgtep, AHpigh, and qu. These interactions suggest that the modest in-
fluence of ng arises indirectly through its coupling with thermodynamic
parameters that govern the isotherm shape and step position. The pro-
nounced interaction with Pgepo reflects their shared role in determining
the sharpness and position of the cooperative step, which directly im-
pacts working capacity and energy efficiency. Regarding SEC, ny exhibit
only negligible effects, consistent with the dominance of
enthalpy-driven energy requirements. Conversely, both productivity
and purity are more sensitive to the evolution of the cooperative tran-
sition, and explain the observed connectivity between ng and the rest of
the adsorption characteristics.

3.3. Influence of adsorbent parameters on DAC performance

Fig. 11 presents mmen-Mga(dobpdc) DAC performance in terms of
productivity and specific energy consumption, where each point repre-
sents a single simulated adsorbent design satisfying COy purity above
95%, Pgtepo (panel a), AHgep (panel b), AHpigh (panel c), qu (panel d),
AHCO; (panel e), np (panel f), and ng (panel g) for cases with CO5 purity
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above 95%, where SEC is represented by the colour scale and the scatter
of points reflects the feasible design space explored. A strong synergistic
relationship exists between productivity and SEC, indicating that higher
productivity generally corresponds to lower energy consumption. Given
a constant cycle time and adsorbent weight, productivity is proportional
to working capacity; therefore, minimisation of SEC is equivalent to
maximisation of thermodynamic efficiency.

The step pressure Pgepo defines a narrow design window for
achieving low specific energy consumption. As shown in Fig. 11(a), the
optimal region is concentrated in designs with Pgep0 below approxi-
mately 5 x 10™* bar, where SEC predominantly lies in the range of
~2.5-3.5 MJ/kgCO,. Designs with higher Pgepo are associated with
progressively higher SEC, with most cases exceeding 5 MJ/kgCO,,
indicating inefficient capture under dilute DAC conditions. Conversely,
designs with extremely low Pgepo strengthen adsorption beyond the
optimal range, which includes a high-SEC branch corresponding to
negligible working capacity. By exploring an extensive range of Pgepo
values, this study moves beyond the simplistic assumption that a
reduction in step pressure monotonically improves performance. While
the high step pressure prevents adsorption under dilute DAC conditions,
as the chemical potential of CO, in the air is insufficient to trigger the
step, an excessively low step pressure shifts the equilibrium so far to-
ward adsorption that it causes CO, to bind too strongly, leading to
premature saturation, wasted working capacity, and inefficient regen-
eration [16]. This investigation effectively captures the thermodynamic
trade-offs of the step position, identifying a narrow operational window
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where adsorption affinity and desorption propensity reach an optimal
equilibrium.

As shown in Fig. 11(b), the optimal region is associated with designs
having AHgep, values below approximately —6.4 kJ mol, where SEC lies
within the optimal window. Designs with more exothermic AHgep
values are increasingly associated with higher SEC, with many cases
exceeding 5 MJ/kgCOy, indicating inefficient regeneration. At a strongly
exothermic AHgep, a distinct high-SEC branch appears, corresponding to
designs in which COs release is strongly suppressed. These results show
that AHge, must be sufficiently weak to access the optimal regime,
particularly when combined with low step pressure. The AHy;gy, defines
a clear range associated with low specific energy consumption. As
shown in Fig. 11(c), the optimal region is dominated by designs with
AHpjign above approximately 6.7 x 10* kJ kmol !, whereas designs with
lower AHgjgn values (=~ 6.2-6.6 x 10* kJ kmol ™) are predominantly
associated with higher SEC outside the optimal window. Designs with
high AHg;gh also appear in a separate high-SEC branch, showing that
elevated AHp;gh alone is not sufficient to guarantee low energy con-
sumption. These results indicate that high AHp;g, enables access to the
optimal regime only when combined with a low step pressure and AHgep
values lower than moderate. The synergistic coupling between AHg;gn
and AHgep governs more than just capacity; it dictates the steepness and
width of the cooperative transition zone. From a mass-transfer
perspective, a steeper transition zone produces a sharper breakthrough
front. This minimises the length of the mass transfer zone (MTZ), max-
imising bed utilisation and preventing early CO; leakage—thereby



M. Nasiri Ghiri et al.

Productivity (kmol/kg-h) Productivity (kmol/kg-h)

Productivity (kmol/kg-h)

Chemical Engineering Journal Advances 27 (2026) 101283

14 x10%
6
12
5.5
Z0 5
£
E
£
8
6
3.5
3
4 3
2s
2 25
4 5 6 7 8 9 10 11 12 i
Pyepo (bar) x10% -7 68 66 64 62 -6 58 56
AH,, (kJ/mol) x10*
a b
4 4
14 X10 14 X10
6
12 12 1
55
10 Zo s
= =
g 2 §
s 2 £ as g
8 g Z 8 3
© = 4 g
2 £ Z
Z 6
6 15 £ 35
4 3 4 1 3
25 25
2 " 2
” 5 7 25 25 3 35 45
AHpign (kJ/mol) w16t au (kmol/kg) 103
c d
-4 4
14 X10 14 210
6 6
5.5
K 5
=
E)
£
3‘
4=
<
6 g 6
35 £ 35
4 3 4 3
25 25
2 2
80 75 70 65 60 55 50 45 40 12 13 14 15 16 17 18
AHco, (kJ/mol) na
e f
14 2107
6
12
55
10 s
=
g
£
s
36
£ 35
4 3
25
2
042 044 046 048 05 052 054 056 058
o

Fig. 11. Presents Mgo(dobpdc) DAC performance in terms of productivity and specific energy consumption, where each point represents a single simulated adsorbent
design satisfying CO, purity above 95%, Pgiepo (panel a), AHyep (panel b), AHpign (panel c), qu (panel d), AHCO:z (panel e), na (panel f), and nq (panel g) for cases with
CO:2 purity above 95%, where SEC is represented by the colour scale and the scatter of points reflects the feasible design space explored.

17



M. Nasiri Ghiri et al.

explaining why specific combinations of these enthalpies are required to
access the high-productivity/low-SEC regime [34].

As shown in Fig. 11(d), the optimal region for high productivity is
predominantly characterised by qy values above approximately 4 mol/
kg, consistent with the increased working capacity required per cycle.
Physically, qg represents the total number of available adsorption sites
once all cooperative interactions are fully activated. Therefore, designs
with lower qy (= 2.5-3.0 mol/kg) are more frequently associated with
lower productivity and higher SEC, often exceeding 5 MJ/kgCO,,
because the insufficient working capacity fails to offset the fixed thermal
energy required to regenerate the bed.

The CO: adsorption enthalpy (AHcp,) exerts a secondary but
measurable influence on specific energy consumption, providing a
process-level quantification of the enthalpy-entropy trade-off charac-
teristic of cooperative adsorbents. As shown in Fig. 11(e), designs in the
optimal region are predominantly associated with lower AH¢o, magni-
tudes (40 - 55 kJ mol’l), whereas higher AHco, values (~60-80 kJ mol™H)
are more frequently linked to elevated SEC, reflecting increased regen-
eration energy requirements. However, low AHcg, alone is not sufficient
to ensure access to the optimal regime, as favourable performance is
achieved only when combined with appropriate step pressure and step
energetics. This compensatory relationship reflects the inherent physics
of cooperative adsorption: stronger binding (more negative AHco, shifts
the step pressure to lower values, facilitating capture at ultra-dilute
concentrations but increasing the thermal penalty for desorption.
Conversely, weaker adsorption raises Pseepo while improving regener-
ability [16]. Consequently, tuning AHco, within the 40-80 kJ mol!
range provides an effective molecular design strategy for expanding the
operational window of cooperative adsorbents without incurring a sig-
nificant energy penalty.

Fig. 11(f) shows that designs spanning the full np range (1.2-1.8)
exhibit no systematic influence on specific energy consumption or pro-
ductivity within the explored design space, with no distinct clustering
observed. This observation further supports the fact that energy effi-
ciency is mainly governed by the thermodynamic properties of the
adsorbent (Pgepo, AHstep, and AHp;gp) rather than kinetic parameters
(na) under the defined process conditions. This behaviour is attributed
to the fact that the TVSA cycle durations are sufficiently long to allow
the bed to reach equilibrium during both adsorption and desorption. As
noted by Martell et al. [35], the time required to reach equilibrium
within the experimentally relevant n range is modest relative to typical
process timescales. Because the induction period, where np dictates the
nucleation and growth pathway, is significantly shorter than the total
step duration, the internal mechanistic pathway does not limit the final
working capacity. Furthermore, the overall capture rate is likely gov-
erned by external mass transfer or the global rate constant (kp), rather
than the internal growth dimensionality represented by na. Conse-
quently, the system operates in a regime where the final state of the bed
and the overall mass of CO, exchanged are determined by thermody-
namic equilibrium rather than the specific kinetic pathway of the
cooperative transition. Similarly, the desorption step is sufficiently long
to ensure complete bed regeneration, placing the regeneration half-cycle
equally within an equilibrium-controlled regime. As a result, kinetics
exert negligible influence over both half-cycles, and overall process
performance remains governed by thermodynamic properties
throughout. In Fig. 11(g), a similar weak and diffuse dependence is
observed across the full ng range (0.44-0.58), which indicates
low-loading isotherm curvature has a limited impact on process per-
formance under the cycle conditions considered. This is consistent with
literature reports [16,46] suggesting that structural functionalization in
these materials primarily affects the cooperative adsorption onset Pgtepo,
and the CO; adsorption enthalpy. In contrast, the pre-step region rep-
resented by ng is dominated by weak, non-specific CO; interactions,
resulting in nearly identical low-pressure isobars across different ma-
terial variants.

Overall, the results in Fig. 11 indicate that the optimal region is
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achieved when lower Pgepo (< 0.7 mbar), moderately exothermic AHgtep
(< —6.6 kJ mol™), strongly exothermic AHgyjgn (> 7.2 kJ mol™), higher
gqH (>4 mol/kg), and DHcpy between 40 - 55 kJ mol!. These values
correspond closely to high-performance analogues such as dmpn-
Mg, (dobpdc), which strikes a balance between high affinity and modest
temperature swing requirements [46]. These results quantitatively
delineate the adsorbent property ranges required for efficient DAC
operation and provide direct guidance for cooperative isotherm design.

4. Optimal isotherm design

A representative candidate from the high-performance region iden-
tified through the Global Sensitivity Analysis (GSA) in Fig. 12 was
selected to demonstrate the potential for performance enhancement
under identical process conditions. This tailored case, derived from the
GSA-informed design space, illustrates the specific shifts in adsorbent
descriptors required to maximise DAC efficiency. The corresponding
parameters and their percentage deviations from the base case are
summarised in Table 5. The most noticeable change from the original is
a decrease in Pgepo by about half, followed by the moderate changes in
qu and AHcoz. In contrast, parameters ng and AHp;g show the smallest
deviations. These variations modify the adsorption step and the high-
loading capacity, therefore, affecting SEC, productivity and COy pu-
rity. Although the Sobol sensitivity analysis identifies AHpjgh and AHggep
as influential parameters, their variation between the base and opti-
mised cases is relatively small. The outcomes reflect that the base-case
values are in the thermodynamically favourable range: the value of
AHp;ign was found to be around 7e4 - 7.5e4 kJ kmol ™, whereas AHgep is
in the range from —6.5e4 to —7e4 kJ kmol™. Both parameters (AHgep
and AHgy;g) have an impact on the position and slope of the cooperative
step. AHgep mainly shifts the step position without substantially altering
the slope, whereas AHp;gn modifies both the slope and the high-loading
region of the isotherm. In contrast, the direct adjustment of Pgepo is the
most effective approach, which can be used, as it perfectly aligns the
cooperative step with the process operating pressures. Consequently, the
most significant performance improvement in the selected case is due to
the reduction of Pgepo. Additionally, small adjustments in AHgep and
AHpjgn are used to refine the isotherm configuration, and therefore
enhance the working capacity and reduce the SEC.

This combination effectively mitigates the traditional trade-off be-
tween energy efficiency and capture rate that is usually present in
physisorbents or noncooperative chemisorbents. The physical basis for
this synergy lies in the cooperative mechanism of adsorption: a steep
step at low pressure allows reaching large working capacities per cycle,
while a careful balance between the enthalpic interactions (AHgp and
AHpjign) permits achieving an efficient regeneration without excessive
heat duty. The minimal change in ny between the baseline and optimised
conditions is another indication of its low impact on process results.
Experimental investigations on diamine-appended Mgs(dobpdc) indi-
cate that even though diamine substitution causes a significant change
in the cooperative step pressure (Psepo) and the adsorption enthalpy, the
low-pressure regime, represented by ng, remains largely unchanged
once pre-step sites are saturated [16,46]. The observed invariance ac-
counts for the negligible first- order sensitivity of ny measured in the
global Sobol analysis in the 0.4-0.6 range. Nevertheless, local sensitivity
analysis demonstrates that reducing ny below about 0.3 broadens the
step transition, lowers the working capacity and diminishes the overall
process performance. The values used in this investigation are within the
optimum range for the given parameter, thus indicating that further
modification of the value of ng is unnecessary to achieve efficient DAC
performance.

Fig. 13 presents the comparison between the experimental isotherm
of mmen-Mg»(dobpdc) and the optimised ones obtained through the
isotherm design framework developed in this study. The temperature-
dependent variation of the step-shaped adsorption isotherms for the
selected framework is illustrated in Fig. 5S. The process simulation
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Table 5
Optimised case parameters and their percentage differences relative to the base
case.

Parameter Unit Initial Values Selected Values Changes (%)
P stepo bar 0.0008 0.000419 —47.3
AH gign kJ kmol 67,720 67,925 +0.3
AH geep kJ kmol* —62,490 —67,149 -7.4
AH oz MJ Kmol™? -71 —-59 +16.9
ng - 0.518 0.5218 +0.7
np - 1.5 1.27 —15.3
an kmol/kg 0.00346 0.004301 +24.2
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Fig. 13. Comparison of c: the blue curve represents the experimental isotherm
of mmen-Mg,(dobpdc), while the red curve corresponds to the optimised
isotherm obtained from the selected parameters; Symbols represent experi-
mental data at 25 °C [34].

results obtained using the optimised parameters are evaluated against
the base case in this study. Compared with the base case, the optimised
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isotherm improves all major performance indicators. CO5 recovery in-
creases from 53.3% to 76.0%, representing a 42.7% improvement, while
productivity rises from 8.69e-4 to 1.2e-3 kmol/kg.h, an increase of
approximately 1.4 times. Simultaneously, the SEC decreases from 3.85
to 2.9 MJ/kgCOs, corresponding to a 25% reduction, with CO4 purity
remaining nearly constant at around 98%. These results demonstrate
that optimising the isotherm thermodynamics, primarily by lowering
Pgepo and adjusting AHco2 and qy within their effective ranges, can
substantially improve both SEC and productivity without compromising
product purity. Moreover, a comparison with the literature data relating
to adsorbents with conventional isotherms shows that the optimised
mmen-Mgy(dobpdc) achieves a comparable CO, purity and recovery,
but at a much lower SEC. The results in this article highlight the
advantage of adjusting the cooperative adsorption thermodynamics to
improve energy efficiency while also maintaining product quality. As all
process operating conditions have been kept constant during this anal-
ysis, the observed improvement can be attributed to the modified
isotherm properties. It should be noted that the SEC reported in this
work is lower than the Climeworks benchmark, which is attributable to
several modelling simplifications inherent to this study: pressure drop
across the contactor is assumed negligible, excluding blower energy
consumption; vacuum equipment is modelled at idealised efficiency; the
feed stream is assumed dry, excluding the energy penalty associated
with water—-CO: separation; and structured contactor flow resistance is
not considered. These factors collectively result in an underestimation of
the true energy demand, and their inclusion would be expected to bring
the reported SEC closer to the Climeworks reference value (Table 6).

5. Conclusion

This work provides a process-level understanding of how both
thermodynamic and kinetic parameters of cooperative, step-shaped
adsorption systems influence the performance of direct air capture
(DACQ) processes. By utilising a variance-based Sobol global sensitivity
analysis on an ANN surrogate model, which was developed from a
comprehensive packed-bed TVSA model, this study enables an efficient
exploration of the relationship between material properties and process
performance. This approach successfully quantifies the relative
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Table 6

Performance comparison between the optimised case (designed isotherm) and the base case, alongside benchmark sorbents reported for DAC applications.
Case Adsorbent Process Purity (%) Recovery (%) SEC (MJ/kgCO3) Productivity (kmol/kg.h) Reference
Base case® mmen-Mg,(dobpdc) TVSA 98.13 53.26 3.85 8.69e-4 This work
Optimal designed isotherm case® mmen-Mg,(dobpdc) TVSA 98.5 76 2.9 1.2e-3 This work
Climeworks
(Benchmark)® Amine-functionalised TVSA >95 85.4 10.8 - [47-50]
Sinha et al. 2016 mmen-Mg,(dobpdc) s-TVSA 95 60 3.52 - [51]
Balasubramaniam et al. 2024¢ NbOFFIVE-Ni s-TVSA >95 20 - 40 30.78 - 50 - [52]
Sabatino et al. 2021°¢ Various solid sorbents TVSA 49-133 - [53]

(a) Dry inlet air (400 ppm CO,); packed bed contactor; no blower required; vacuum pump for desorption; indirect heating via single-phase jacket (no steam gener-

ation), no CO, compression.

(b) Wet inlet air (400 ppm CO,); structured monolith contactor (Climeworks Mammoth); blower for adsorption; vacuum pump for desorption; direct low-grade
geothermal waste heat for regeneration (~80-100°C, no steam generation), no CO, compression.
(c) Wet inlet air (400 ppm CO,, 25% RH); coated monolith contactor; blower for adsorption; vacuum pump for desorption; direct steam used for desorption, no CO,

compression.

(d) Wet inlet air (400 ppm CO,, 50% RH); fixed bed contactor; blower for adsorption; vacuum pump for desorption; direct steam heating for regeneration; no CO,

compression.

(e) Wet inlet air (400 ppm CO,, 43% RH); structured monolith contactor (Climeworks Mammoth); blower for adsorption; vacuum pump for desorption; indirect

heating for regeneration (no steam); CO, compression considered.

importance of individual parameters and their complex interactions,
providing a robust framework for identifying the key drivers of capture
efficiency and energy consumption.

The results show that DAC performance is primarily controlled by
the thermodynamic positioning and strength of the adsorption step. In
particular, step pressure and adsorption enthalpies govern the trade-off
between energy consumption, productivity, recovery, and CO; purity,
while kinetic effects play a secondary role under the studied conditions.
The strong interaction between step position and adsorption strength
highlights the importance of aligning the adsorption step with the pro-
cess operating window. These findings demonstrate that optimal DAC
performance is not achieved by maximising adsorption strength alone,
but by carefully balancing adsorption capacity, regeneration energy,
and kinetic effects. This provides clear design guidance for cooperative
sorbents, emphasising the need to tune these parameters to match pro-
cess conditions.

Overall, this work establishes a framework for linking material
design to process performance, offering practical guidelines for the
development of next-generation cooperative sorbents for DAC applica-
tions. However, several limitations remain to be addressed in future
research. The model currently assumes ideal, dry conditions. Future
work must evaluate performance under realistic humidity and long-term
sorbent degradation. Additionally, while lab-scale phenomena are
captured, moving to industrial-scale units will require accounting for
larger heat-transfer limitations and flow non-uniformities. While this
study identifies optimal isotherm targets, the chemical feasibility of
synthesising materials with these exact cooperative parameters remains
a vital area for experimental validation. Furthermore, a key future di-
rection is the simultaneous optimisation of material properties and
process parameters (cycle times, temperatures, and flow rates). Pairings
of adsorbents with tailored cycles are necessary to move from individual
material selection to a global superstructure-based optimisation.
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