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Screening of large covalent organic frameworks
databases for urea removal from water using
molecular simulations and machine learning

Maryam Zarghami Dehaghani, *ad Thomas Fabiani,a Sotirios Tsaftaris,b

Simone Dimartino c and Maria Grazia De Angelis a

Efficient removal of urea from spent dialysate is a pivotal step toward the realization of wearable artificial

kidneys. Covalent organic frameworks (COFs), with their tunable porosity and chemical versatility,

represent a promising class of adsorbents for this purpose. In this work, high-throughput molecular

Widom insertions were used to rank 993 COFs from the CORE-COF database for their infinite dilution

urea binding strength and ideal urea/water selectivity, indicating COF–C6, EB-COF : Cl, COF–F6, and

OH-TPB-BPTA-COF as the best candidates. The analysis of CORE-COF descriptors revealed that

oxygen-to-carbon ratio (O/C), carbon fraction (Cfrac), and pore limiting diameter (PLD) are the dominant

predictors of urea adsorption. The simulated urea binding strength was used to train and benchmark

several ML models, using a nested cross validation. The Random Forest (RF) model was the one with the

best performance (Rtrain
2
= 0.92, Rtest

2
= 0.62), although its accuracy is less satisfactory for the

frameworks with high urea adsorption, that are underrepresented in the dataset. Improved performance

in this regime will likely require additional training data targeting these rare structures and/or more

informative interaction-sensitive features, which are still a challenge for COF structures. Using the best-

performing RF model, we rapidly screened a larger dataset of 69 840 hypothetical COFs (hCOFs), which

has limited feature-space overlap with CORE-COFs, thus representing a stringent test. Although the

model systematically overestimates the hCOFS urea binding strength calculated from simulations, it

allows to identify clear chemical patterns that most top hCOF candidates have, such as amide linkers and

dia/hcb topologies. The combined simulation–ML strategy here proposed offers a scalable workflow to

accelerate the discovery of optimal COFs for urea separation and dialysate regeneration in wearable

artificial kidneys.

1. Introduction

Worldwide, the hemodialysis (HD) population is rising quickly,
exceeding 2.5 million in 2020 and projected to reach 5.4 million
by 2030.1 HD sustains patients with kidney failure by removing
uremic toxins, balancing electrolytes, and controlling uid
volume.2,3 However, the conventional HD process consumes
vast amounts of water (280–500 L) and requires lengthy,
hospital-based treatment sessions, limiting patient mobility
and quality of life.4,5 Among the various toxins to be removed,

urea presents the greatest challenge: it is small, uncharged,
highly polar, and has chemical properties similar to water,
making its selective separation difficult.6 Efficient and selective
adsorption of urea from dialysate is therefore a pivotal step
toward compact, high-performance regeneration systems that
can support continuous dialysis to eliminate the need for direct
water, potentially revolutionizing renal replacement therapy.7

Dialysate regeneration units, which purify and recirculate
the spent dialysate, offer a transformative solution by dramat-
ically reducing water usage and enabling portable or wearable
articial kidney (WAK) systems.8 Emerging developments in
zeolites,9,10 MXenes,11 covalent organic frameworks (COFs),12

and metal organic frameworks (MOFs)13 have renewed
momentum for sorbent-mediated dialysate purication and are
promising to enable the next-generation WAK devices. COFs are
an emerging class of crystalline nanoporous materials distin-
guished by their tunable pore architecture and chemistry with
well-dened pore sizes (typically 0.5–4.7 nm), high surface area
and exceptional thermal stability.14 These characteristics make
COFs highly promising for adsorption and separation
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processes, offering favorable performance such as selectivity
and adsorption capacity.15 Unlike MOFs, COFs are constructed
exclusively from covalent bonds, enabling precise control over
functional properties, and imparting superior structural
robustness especially in working environment.16 The pioneering
synthesis of COF-1 and COF-5 by Cote et al.17 in 2005 showcased
the utility of boronate ester linkages in producing defect-free,
two-dimensional frameworks. Since then, advances in
dynamic covalent chemistry have expanded the COF toolbox to
include linkages such as imine, triazine, and b-ketoenamine,
facilitating the fabrication of both two- and three-dimensional
architectures.18 This structural diversity and chemical
tunability allow COFs to be tailored toward specic molecular
targets, enabling biomedical applications such as drug
delivery,19 biosensing and molecular imaging,20 enzyme
immobilization for biocatalysis,21 and biomedical separation
challenges such as urea removal from dialysate.22,23

To systematically explore the rapidly expanding COF design
space, several large-scale, computation-ready COF datasets have
been created. For experimentally reported frameworks, the
CORE-COF database (1242 structures) provides solvent-free,
disorder-free structures, enabling direct use in molecular
simulations.24 Complementarily, the CURATED-COFs collection
(871 structures) supplies experimentally reported COFs with
DFT-optimized geometries and DDEC partial charges, facili-
tating consistent simulation workows.25 Notably, these two
resources are not independent and contain substantial overlap
in the underlying COF structures. Beyond experimentally re-
ported materials, hypothetical COF libraries greatly expand
accessible chemical and topological diversity for computational
screening. For example, the Berkeley-COFs26 dataset contains
69 840 in silico-assembled COF structures generated for high-
throughput evaluation, whereas ReDD-COFFEE27 offers
a larger, ready-to-use collection of 268 687 COFs accompanied
by system-specic, ab initio-derived force elds, enabling scal-
able adsorption screening.

While experimental methods are essential for characterizing
adsorbents performance, they cannot feasibly capture the vast
chemical and structural diversity achievable through combi-
natorial design and large-scale material databases.28,29 More-
over, large-scale COF datasets make systematic materials
discovery feasible, as direct adsorption evaluation by molecular
simulation across hundreds of thousands of structures remains
computationally demanding, motivating high-throughput (HT)
simulation workows. Computational approaches, particularly
HT Monte Carlo (MC)-based techniques, enable rapid predic-
tion of adsorption properties and have become indispensable
for screening candidate porous materials.30–32 Within this
framework, Widom insertion simulations are commonly
employed to estimate excess chemical potentials and Henry's
constants at innite dilution, providing low-loading adsorption
metrics that inform the intrinsic urea uptake capacity.33 Grand
Canonical Monte Carlo (GCMC) simulations can then be used
to predict urea adsorption capacity and full adsorption
isotherms at nite-concentration conditions. Together, these
two computational methods have been applied to identify high-
performance organic frameworks for urea-separation

applications. For example, Yıldız et al.34 explored adsorption-
based separation in bio-MOFs, rst identifying hydrophobic
frameworks with low Henry's constants for water and then
quantifying the urea and water uptakes viaGCMC at 310 K and 1
bar. Their screening highlighted six promising bio-MOFs
including adenine-based structures, bio-MOF-11 (YUVSUE),
bio-MOF-12 (BEYSEF), and a dicyanamide-based MOF with the
highest urea/water selectivity. Complementarily, Palabıyık
et al.35 combined GCMC with equilibrium molecular dynamics
to investigate both adsorption- and membrane-based mecha-
nisms, further underscoring the potential of bio-MOFs for urea–
water separation. In our previous work we employed Widom
insertion simulations to evaluate the excess chemical potential
at innite dilution for 560 experimentally reported COFs form
the CORE-COFs database and MOFs with respect to water and
urea at 310 K.36 Their analysis revealed that urea uptake and
urea/water selectivity increased signicantly with uorine
content in COFs, whereas other compositional or structural
parameters showed little correlation with adsorption perfor-
mance. Two frameworks, COF-F6 and Tf-DHzDPr, were subse-
quently investigated using molecular dynamics simulations,
which elucidated the roles of electrostatic and van der Waals
interactions and identied the preferential binding sites gov-
erning urea–urea and urea–framework interactions.

The high computational cost of performing MC simulations
on large datasets remains a key challenge, limiting scalability to
explore large datasets for material discovery. In this context,
machine learning (ML) has emerged as a powerful and more
efficient predictive strategy capable of capturing complex
structure–property relationships and accelerating the identi-
cation of high-performance adsorbents.37 To date, ML has been
extensively applied to COFs in applications such as gas storage
and separation, demonstrating strong predictive capability.38,39

Yet, its application to urea adsorption in COFs remains largely
unexplored, highlighting the need for systematic benchmarking
to establish reliable data-driven frameworks for future
development.

In the present work, we rst probed the CORE-COF database
using Widom insertion simulations to calculate the urea
binding strength (mexurea), water solubility (mexwater) and an indi-
cator of energy-based urea/water selectivity (mexurea− m

ex
water) at 310

K. Next, an initial set of 59 structural and chemical descriptors
was considered, followed by feature selection using Pearson
correlation, which reduced the set to 23 key features. Several
regression machine-learning models were then developed using
the urea binding strength as the target variable. Finally, the
best-performing model was applied to rapidly screen the Ber-
keley COFs database.

2. Methodology
2.1. COFs datasets

COF data were sourced from both the latest experimental CORE-
COFs database comprising 1242 COFs,24,40 as well as the
computationally generated Berkeley-COFs database (hCOFs)
which includes 69 840 hypothetical COFs.26 Given that both
water and urea are present as adsorbates in urea separation, we
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focused on COFs with a pore limiting diameter (PLD) greater
than 3.8 Å and an available surface area (ASA) greater than 0,
ensuring that all target molecules can pass through the pores.
Structures containing boron-based linkages (e.g., boroxine,
borazine, and boronic esters) were excluded due to their
susceptibility to hydrolysis in aqueous environments and poor
stability under application conditions. Additionally, COFs con-
taining hazardous and toxin heavy metals were removed to
ensure material safety of the application. Aer applying these
criteria, 993 CORE-COFs were selected for molecular simulation
and follow up training of the machine learning models. Then,
the trained ML models were applied to the predictive screening
of the 69 840 hCOFs.

2.2. Molecular simulation

Both the COF crystal structures and the adsorbate molecules of
water and urea were treated as rigid entities, an assumption
justied by the limited conformational exibility of the
aromatic ring-based COF building blocks and the small, non-
rotatable adsorbate molecules. The rigidity of these frame-
works, which promotes stacking during synthesis, allows the
total energy to be effectively described by intermolecular inter-
actions. Alone non-bonded interactions weremodeled using the
Lennard-Jones 12–6 (LJ) potential in combination with Ewald
summation for electrostatics. A cutoff distance of 12 Å was
applied to both van der Waals (VdW) and electrostatic interac-
tions. The Lorentz–Berthelot mixing rules were employed for
cross-interactions. COF crystal structures were parameterized
using the DREIDING force eld,41 following the protocol adop-
ted in a previous work on COFs.42 In contrast to our previous
work,36 where partial charges for COFs were assigned using the
semi-empirical EQeq method,43 this work uses Partial charges
obtained from the more rigorous density-derived electrostatic
and chemical (DDEC) partitioning scheme.44 The values of
DDEC charges were predicted by PACMAN package (PACMAN-
charge 1.4.2), a machine-learning atomic-charge predictor for
nanoporous materials that uses crystal graph convolutional
neural networks. This model achieved a very low test-set mean
absolute error of 0.0055 e relative to reference charges and
demonstrated consistent performance across DDEC6, Bader,
and CM5 charge schemes for diverse nanoporous structures.
This benchmarking against DFT-derived charge calculations
supports the robustness of PACMAN as a reliable and compu-
tationally efficient alternative for assigning partial charges in
high-throughput molecular simulations. Nevertheless, as with
any machine-learned approximation, the use of PACMAN-
predicted charges may introduce a small additional uncer-
tainty compared with performing explicit structure-specic DFT
charge calculations for every COF.45

The ve-site Transferable Interaction Potential (TIP5P)
model was employed to represent water molecules.46 Periodic
boundary conditions were applied, and COFs were assumed as
rigid in all simulations. The urea molecule was modelled using
parameters developed by Weerasinghe and Smith to accurately
reproduce its behavior in aqueous solution.47

The Widom insertion method was applied to compute the
excess chemical potential at 310 K using the RASPA soware
(RASPA3 v3.0.30)48 according to:

m
ex
i = −kBT ln

Ð

hexp(−bDU)iNdsN+1 (1)

where index i denotes either water or urea, kB is the Boltzmann

constant, T is the absolute temperature, b ¼
1

kBT
0 ; and DU

denotes the energy variation upon inserting an adsorbate
molecule into the framework. The angular brackets denote an
ensemble average over congurations of the system with N+1
particles.

For each COF, 5 × 104 random insertions of an adsorbate
molecule in the empty framework were performed. This number
of Monte Carlo insertions is sufficient to thoroughly sample
adsorption sites and achieve convergence of the averaged loading
and energy; additional insertions did not produce statistically
signicant changes in the computed properties (i.e., the results
were equilibrated within the selected uncertainty, Table S1).49

The Henry's law constants K0
H,i at innite dilution can be

computed from m
ex
i as below:48

K0
H;i ¼

1

RTrf
ln

�

�mex
i

RT

�

(2)

where R and rf correspond to the universal gas constant and the
framework density, respectively. A more negative m

ex
i increases

the Boltzmann-weighted probability that a test molecule can be
inserted into the pore without incurring an unfavorable energy
penalty. In thermodynamic terms, mexi is the Gibbs free energy
change to transfer one molecule from an ideal state into an
empty adsorption site at the same T, therefore incorporates
both enthalpic and entropic contributions. As m

ex
i becomes

more negative, the zero-pressure isotherm becomes steeper and
the Henry constant KH,urea increases.

In the dialysate regeneration process through adsorption,
water acts as the primary competitor for the binding of water-
soluble toxins like urea. Therefore, in addition to evaluating
the intrinsic urea affinity, we dene an energy-based ideal urea/
water selectivity using the difference between the excess
chemical potentials of urea and water, which is equivalent to
the logarithmic ratio of their respective Henry's law constants:

mex
urea � mex

water ¼ RT ln

 

K0
H;urea

K0
H;water

!

(3)

A larger K0
H,urea (i.e. a more negative mexurea) indicates stronger

thermodynamic affinity of the framework for urea at innite
dilution. Likewise, a larger K0

H,water (i.e., a more negative
m
ex
water) indicates stronger framework–water affinity, corre-

sponding to greater innite dilution solubility of water in the
COF.

The term of mexurea − m
ex
water quantity was used as the energy-

based selectivity target in the machine-learning analysis. More
negative values of mexurea − m

ex
water indicate that urea insertion is

thermodynamically more favorable than water insertion and
interactions between the two molecules do not take place due to
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extreme dilution. This descriptor is directly related to the
dimensionless ideal Henry's-law selectivity:35

S0
urea=water ¼

K0
H;urea

K0
H;water

¼ exp

�

�
mex
urea � mex

water

RT

�

(4)

Thus, mexurea − m
ex
water has units of energy, whereas S0urea/water is

dimensionless.

2.3. Machine learning

The CORE-COFs dataset contained structural descriptors (void
fraction (Vf), porosity, accessible surface area (ASA), density,
dimensionality (2D or 3D), topology, largest cavity diameter
(LCD), and pore limiting diameter (PLD)) as well as chemical
descriptors in terms of elemental composition (carbon (C),
nitrogen (N), oxygen (O), sulfur (S), hydrogen (H), and chlorine
(Cl) fractions, Bromine (Br), sodium (Na), phosphor (P), Zinc
(Zn), silicon (Si), uoride (F), copper (Cu)). The average value of
the Lennard-Jones s parameter (AVG_SIG) and the average of
the square root of the Lennard-Jones 3 parameter (AVG_SQR-
T_EPS) were also included as descriptors,50 along a set of hybrid
descriptors obtained by combining chemical and structural
parameters. A complete list of 59 initial descriptors and their
denitions is provided in Table S2. The initial targets were

m
ex
urea (urea binding strength), m

ex
water (water solubility), and

m
ex
urea − m

ex
water (urea/water selectivity). For feature selection and

to reduce redundancy and target interdependence, we
computed Pearson correlation coefficients (r) for all pairs:
feature–target, feature–feature, and target–target (Fig. S1).51

Among the feature–feature pairs exhibiting high inter-
correlation (r > 0.8), the feature with the weaker correlation to
the target property was excluded to reduce redundancy. For
instance, LCD and PLD were strongly correlated (r = 0.95),
leading to the removal of LCD from the feature set. Although
both descriptors of Vf and porosity are derived from pore
volume, they use different denominators: Vf (cm3 g−1) is
normalized by framework mass, whereas porosity is normalized
by unit-cell volume. As a result, two COFs can have similar
porosity but different Vf if their framework densities differ, or
similar Vf but different porosity if their cell volumes differ. The
moderate correlation (Pearson r = 0.65) empirically conrms
that they encode complementary geometric information rather
than being redundant.

Moreover, the descriptors having almost zero correlation with
targets such as topology were removed. Fig. 1 presents the
Pearson r coefficients among the 23 selected features. Histogram
distribution of these 23 features are demonstrated in Fig. S2.

Fig. 1 Pearson correlation matrix of features. The definition of each feature is reported in Table S2.
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To assess possible descriptor-level leakage before model
training, we performed an additional feature-space audit using
only the selected input descriptors. The analysis, including
principal component analysis (PCA)52,53 visualization of the
train/test feature-space distribution and deterministic feature-
vector hashing,54 showed that exact descriptor-level duplica-
tion across the train/test split was negligible (Fig. S3). Therefore,
widespread leakage due to identical input-feature vectors was
not observed. Details of this analysis are provided in the SI.

ML models of Random Forests (RF), Gradient Boosting
Regression (GB), Support Vector regressor (SVR), Extra Trees
(ET), and HistGradientBoosting (HGB) were implemented using
the scikit-learn 1.8.0 (sklearn)55 library in Python 3.14.5. In
addition, a neural network (NN) model was developed using the
PyTorch framework.56 Hyperparameter tuning for the regres-
sion models was performed using Bayesian optimization,
implemented through BayesSearchCV from scikit-optimize
0.10.2 (skopt).57 For the neural-network model, Bayesian opti-
mization was also used to tune architecture and training
hyperparameters, including the number of layers, hidden
dimension, dropout rate, learning rate, weight decay, and batch
size. Model training was conducted using a feature set
comprising selected structural descriptors, chemical composi-
tion features, and their hybrids. To improve model gene-
ralisability and minimise overtting, we employed vefold
nested cross-validation during model development, using an
inner loop for hyperparameter optimisation and an outer loop
for unbiased performance evaluation.

Therefore, the dataset was rst divided into independent
training and test subsets using an 80 : 20 split with a xed
random seed of 43; the test set was kept separate from all model
training and hyperparameter optimization steps. Nested cross-
validation was then applied only to the training set. In each
outer fold, the outer validation fold was held out completely
using shuffled ve-fold cross-validation with a xed random
seed of 42, while Bayesian hyperparameter optimization was
performed only within the corresponding inner folds of the
outer-training subset. The inner cross-validation and Bayesian
optimization used xed random seeds of 1 and 0, respectively,
to ensure reproducibility. Therefore, the outer-fold validation
data were not used for hyperparameter selection. Aer model
selection, the nal model was retrained on the full training set
and evaluated once on the untouched hold-out test set.58

Numerical feature scaling was implemented inside a scikit-
learn pipeline together with the regression model. Therefore,
the scaler was tted only on the training portion of each fold
and then applied to the corresponding validation or test fold,
preventing information from the validation/test data from
entering the preprocessing step. The same leakage-free proce-
dure was used during the nal hold-out test evaluation. The
categorical variable dimensionality (2D vs. 3D) was encoded as
a binary dummy indicator with 2D = 0 and 3D = 1.59 Model
accuracy was evaluated using three performance metrics: the
coefficient of determination (R2), the mean absolute error
(MAE), and the root mean square error (RMSE).60

Regarding feature selection, we have claried that the nal
descriptor set was xed before model benchmarking and then

used consistently across all models. The selected descriptor set
was not re-optimized separately for individual models, ensuring
that differences in model performance were due to the learning
algorithms and hyperparameter settings rather than changes in
input features. Numerical scaling of (StandardScaler from
Scikit-learn) was implemented within themodel pipeline, so the
scaler was tted only on the training portion of each fold and
then applied to the corresponding validation fold, preventing
information leakage from validation or test data into the pre-
processing step. To make this point transparent, we explicitly
described the descriptor-selection step separately from the
nested model-selection procedure and R2, RMSE, and MAE
values corresponded to model training and hyperparameter
optimization performed using the xed selected descriptor set.
Therefore, the reported R2, RMSE, and MAE values correspond
to model training and hyperparameter optimization performed
using the same xed selected descriptor set.

The Uniform Manifold Approximation and Projection
(UMAP) dimensionality reduction method was applied to
project the high-dimensional features of CORE-COFS and
Berkeley-COFs onto a two-dimensional space. UMAP employs
exponential probability distribution to compute the similarity
between high dimensional data points:61

Pijj ¼ exp

�

�
d
�

xi; xj

�

� ri

si

�

(5)

where d(xi,xj) denotes the distance between the i-th and j-th data
points and r shows the distance between i-th data points and its
rst nearest neighbour, and si is the local smoothness or
scaling parameter for point i. In this work, the nal selected
descriptors were rst standardized using a StandardScaler tted
only on the CORE-COF descriptor matrix, and the same trans-
formation was then applied to the Berkeley-COF descriptors.

To further evaluate the proximity of the selected Berkeley-
COFs to the CORE-COF training domain, a nearest-neighbor
distance analysis was performed in the two-dimensional
UMAP space. For each selected Berkeley-COF, the Euclidean
distance to the nearest CORE-COF in UMAP space was calcu-
lated using a NearestNeighbors search from Scikit-learn:62

dUMAP
j ¼

min
i

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

�

UMAP1j �UMAP1i
�2

þ
�

UMAP2j �UMAP2i
�2

q

(6)

where (j) represents a selected Berkeley-COF and (i) represents
a CORE-COF. The Euclidean nearest-neighbor distance in the
standardized selected-descriptor space (with n_neighbors = 15,
metric = Euclidean, random_state = 42, min_dist = 0.1) was
used as the primary quantitative applicability-domain metric.

This procedure produced a distribution of nearest-neighbor
distances that describes the internal spread and coverage of the
CORE-COF training domain. The 95th percentile of this distri-
bution corresponds to the distance below which 95% of CORE-
COFs have another CORE-COF neighbor; therefore, it was used
as the boundary of the main applicability domain. The 99th
percentile provides a broader and more permissive boundary,
including nearly all CORE-COFs except the most isolated
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structures. The nearest-CORE distance was then calculated only
for the selected Berkeley-COFs validated by Widom insertion
simulations. Selected Berkeley-COFs with nearest-CORE
distances larger than the 95th percentile threshold were
considered outside the main CORE-COF applicability domain,
while those below the 99th percentile threshold were inter-
preted as lying within a broader, lower-condence region of the
training domain. Predictions for selected Berkeley-COFs beyond
these thresholds were therefore treated as increasingly
extrapolative.

3. Results and discussion
3.1. Molecular simulation

Fig. 2 shows urea selectivity (mexurea − m
ex
water) versus urea binding

strength (mexurea) of the CORE-COF dataset. It can be observed
that for moderate values of mexurea and m

ex
urea− m

ex
water are somewhat

linearly correlated. However, in the strongly binding regime
(very negative (mexurea) the data become more dispersed, and the
relationship deviates from linearity. In general, by decreasing
the values of m

ex
urea, the values of m

ex
urea − m

ex
water decreased.

According to this, we considered m
ex
urea as the primary target for

training the ML models, since it captures the dominant driving
force for urea uptake. The majority of CORE-COFs showed
m
ex
urea and m

ex
urea − m

ex
water less negative than −40 KJ mol−1

(93.59%) and −30 KJ mol−1 (96.79%), respectively.

3.2. Structure-properties relation

The feature importance on m
ex
urea of the whole CORE-COFs

dataset according to the RF model is illustrated in Fig. 3,
providing valuable insights into the key descriptors governing
urea binding strength.63 Before model training, highly corre-
lated descriptors were identied using Pearson correlation
analysis, and among strongly correlated feature pairs, the
descriptor with weaker relevance to the target was removed.

This preprocessing step reduced descriptor redundancy and
mitigated the inuence of correlated variables on RF feature
importance. However, descriptor-distribution effects cannot be
fully excluded; therefore, the RF feature-importance values
should be interpreted as model-derived descriptor associations
rather than direct causal measures of urea adsorption.
Accordingly, the trends discussed below are used to support
qualitative structure–property interpretation within the CORE-
COF dataset.

Among the 23 descriptors considered, the O/C ratio emerged
as the most inuential feature (∼20% of total importance) and
showed a negative Pearson correlation with m

ex
urea (r = −0.38).

Because lower m
ex
urea indicates more favorable urea insertion

(stronger adsorption), this trend implies that oxygen-rich COFs
enhance urea affinity. This strong dominance highlights the
critical role of framework oxygen content in dictating COF–urea
interactions: oxygen-containing groups provide hydrogen-bond
acceptor sites, increasing the likelihood of favorable interac-
tions with urea's polar functionalities (carbonyl and amine
groups). The second most relevant descriptor is the carbon
fraction (Cfrac, ∼18% relative importance), which is positively
correlated with m

ex
urea (r = 0.32). This indicates that increasingly

carbon-rich (and typically less polar) pore environments tend to
weaken urea–framework interactions, and thus reducing
adsorption favorability.

The most relevant structural feature is PLD (10% relative
importance), indicating that pore accessibility is a critical
geometric parameter. An optimum PLD is therefore expected so
that a very small PLD imposes strong excluded-volume
constraints and restricts urea's orientational freedom,
whereas very large PLD reduces connement-driven contact
with favorable COF interaction sites, leading to weaker binding
strength m

ex
urea.64

For Widom insertion (innite dilution), PLD is oen more
informative than void fraction and porosity because it captures
accessibility and the bottleneck constraint that governs where an
inserted molecule can physically t. PLD represents the
minimum restricting aperture along a connected diffusion
path.30 Thus, even in frameworks with large cavities and high
void fraction, if those cavities are connected through narrow
channel, PLD determines whether urea insertions are feasible
and how conned the accessible regions are. As a result, PLD
strongly inuences the m

ex
urea through excluded-volume restric-

tions and reduced congurational freedom in tight bottlenecks.
By contrast, void fraction is a global measure of empty volume
(oen probe-dependent) and is therefore more closely related to
how much urea molecules can be stored once access is already
guaranteed.65 In adsorption isotherms, higher accessible pore
volume typically correlates better with high-loading capacity.
However, at innite dilution, void fraction alone can be a weaker
structural predictor of affinity because mexurea is dominated by the
most favorable accessible regions and the ability of the molecule
to access them, rather than by the total amount of empty space.

In addition to O/C, other oxygen-related features such as
Ocount/ASA and Ocount showed moderate importance, empha-
sizing that besides the overall amount of oxygen, the accessi-
bility of oxygen atoms (as captured by Ocount/ASA) also is critical

Fig. 2 Selectivity (mexurea − m
ex
water) versus binding strength (mexurea) of

CORE-COFs. Bisect represents no interaction between COF and water

(hydrophobic COFs). Red line is linear trend of data points.
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for enhancing hydrogen-bonding interactions with urea
molecules.

Additional descriptors such as the Cl/C ratio (z6%), acces-
sible surface area (ASA, z5%), and the averaged Lennard-Jones
interaction parameter (AVG_SQRT_EPS,z4%) also contributed
to the prediction. The role of Cl/C suggests that the presence of
chlorine functionalities caused enhancement of urea-
framework interactions through noncovalent halogen bonding
arises from anisotropic electronic densities (the s-hole) on
a halogen atom interacting with a Lewis base (e.g., O or N in
urea), composed of electrostatics (interaction between the s-
hole and a lone pair), induction (polarization), and dispersion
contributions.66,67 The moderate impact of ASA indicates that
adsorption capacity is partially surface-area-driven, while the
contribution of AVG_SQRT_EPS highlights the relevance of
van der Waals interactions in stabilizing urea adsorption within
the pores.

Other compositional features such as H/C, Ncount, and N/C
contributed moderately to the model, which is consistent with
their established chemical roles in polarity and molecular
geometry. For instance, hydrogen contributes indirectly by
modulating framework polarity, while nitrogen (both within the
framework and in urea) enhances the hydrogen-bonding
network due to its electron-rich lone pairs. The contribution
of N/C therefore aligns with the fact that nitrogen in urea
participates actively in directional hydrogen bonding, thereby
inuencing the energetics of adsorption. Other chemical
features (F/C, S/C, Cucount, Znfrac, P, Nafrac and Sifrac) as well as
dimensionality did not signicantly affect mexurea.

The comparatively low RF importance of the uorine-based
descriptor (F/C) relative to Cl- and Br-based descriptors can be
rationalized by considering the fundamentally different inter-
action mechanisms governing halogen–urea interactions

through s-Hole bonding. Although uorine is the most elec-
tronegative halogen (Pauling electronegativity: cF = 3.98, cCl =
3.16, cBr = 2.96),68 it is signicantly less polarisable (static
dipole polarisability a in Å3: aF = 0.22, aCl = 2.16, aBr = 3.29).50

As a result, Cl and Br are approximately one to two orders of
magnitude more polarisable than F, which has important
consequences for adsorption energetics. In the absence of
solvent, urea adsorption in halogen-functionalized COFs is
dominated not by purely electrostatic interactions, but by
induction and dispersion contributions, both of which scale
directly with atomic polarisability. The induction energy scales
approximately as e.g., Eind z −1/2aE2,69 where E is the electric
eld generated by the permanent dipole of urea, while the
dispersion interaction follows Edisp z −C6/r

6,70 with the
dispersion coefficient C6 increasing strongly with polarizability
a. Consequently, the much larger a values of Cl and Br lead to
stronger and more variable attractive interactions with urea,
particularly through dispersion-dominated stabilization within
conned pore environments. Furthermore, higher polarisability
enables s-hole formation, allowing Cl and Br to participate
effectively in halogen bonding with urea's carbonyl oxygen.
These s-hole interactions introduce directional and
environment-sensitive binding motifs that vary with local
geometry, pore connement, and functional group orientation.
Such variability enhances the statistical importance of Cl/C and
Br-related features in the RF model. In contrast, uorine's
extremely low polarisability suppresses s-hole development,
making F a weak halogen-bond donor. As a result, F–urea
interactions are dominated by short-range electrostatics that
are relatively uniform across structures and less sensitive to
local framework geometry. Importantly, while the electronega-
tivity difference across the F–Cl–Br series spans only ∼1 unit,
the corresponding spread in polarisability spans nearly an order

Fig. 3 Feature importance of Random Forest (RF) model for prediction of mexurea.
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of magnitude (10–15× spread in polarisability). This disparity
explains why RF-based feature importance tracks polarisability
rather than electronegativity. Chlorine and bromine enhance
dispersion, induction, and halogen-bonding contributions in
a way that varies signicantly across different COFs, thereby
exerting a stronger inuence on m

ex
urea. Fluorine, despite its

strong electronegativity, contributes more uniformly and
weakly to urea binding, leading to its near-zero importance in
the model. This interpretation aligns with the established trend
that halogen-bond strength increases with the polarizability of
the s-hole donor halogen, following F < Cl < Br < I.71

Although O and S are both chalcogens and can serve as
interaction sites for urea adsorption, the relative contributions
to the hydrogen-bonding interaction energy differ substantially
between O- and S-centred sites. Hydrogen bonding is stabilized
by a balance of electrostatic, polarization/charge-transfer
(induction), and dispersion contributions (opposed at short
range by Pauli repulsion).72 Consequently, the higher feature
importance assigned by the RF model to O-related descriptors
can be rationalized by oxygen's higher electronegativity (Pauling
cO = 3.44 vs. cS = 2.58),68 larger permanent dipoles, and a more
localized negative electrostatic potential at the lone-pair region.
These properties amplify the electrostatic and induction/
charge-transfer components of N—Hurea/O contacts, making
them strongly directional and highly sensitive to distance and
angle, thereby increasing the variance and predictive value of O-
centred local descriptors for mexurea. In contrast, sulfur despite its
higher polarizability (aS z 2.99 Å3 vs. aO z 0.57 Å3),68 typically
exhibits weaker and less localized electrostatic stabilization
toward neutral donors and oen forms longer, less constrained
N—Hurea/S contacts. The net attraction therefore shis toward
relatively larger dispersion and “soer” polarization compo-
nents that vary more smoothly with local geometry, reducing
the distinctiveness (and thus RF-importance) of S-related
descriptors. This interpretation is consistent with comparative
analyses of O- and S-acceptor hydrogen bonds, which reported
weaker binding and different preferred approach geometries for
sulfur relative to oxygen, attributable to differences in the
underlying multipolar electrostatics of the acceptor atom.73 By

the same reasoning, P-containing descriptors are less infor-
mative than N-containing ones, because nitrogen offers
stronger permanent dipoles and hydrogen-bond donation/
acceptance than phosphorus.

The specic structural and chemical features endowing
CORE-COFs with high urea binding (mexurea lower than −55 KJ
mol−1) were examined. According to the most important feature
O/C, we initially focused on categorizing the COFs with O/C = 0
and O/C > 0. Therefore, rst, only CORE-COFs lacking oxygen
atoms were considered to highlight which other features are
essential for strong binding other than O content (Fig. 4a). Only
three CORE-COFs exhibited m

ex
urea values below −55 KJ mol−1,

with all three having Cl/C ratios higher than 0.05, di-
stinguishing them from the rest of the dataset. This is in good
agreement with the mentioned earlier feature importance of
Cl/C on determining m

ex
urea. Next, for the subset of oxygen-

containing COFs, we further divided them into two groups
based on the presence or absence of nitrogen (Fig. 4b). Inter-
estingly, the presence of N is a criterion for m

ex
urea lower than

−40 KJ mol−1, i.e. strong urea binding. Accordingly, COF with
no N were excluded from further analysis, showing the reason
for importance of N-related features.

For COFs containing N and O, we focused on nding the
pathway to promising COFs among the most important features
mentioned above based on RF-model. First, porosity was
plotted versus Cfrac as a second chemical important feature
(Fig. 5a). The resulting distribution) shows that the COFs
exhibit mexurea lower than −55 KJ mol−1 have 0.510< porosity <
0.685 and 0.360 < Cfrac < 0.551, dening the rectangular box in
Fig. 5a. To further rene this subset aiming for exclusion of
COFs above the line in rectangular box in Fig. 5a, COFs out of
this constrains were excluded and the relationship between the
composite feature Cfrac × porosity2 and Cfrac were examined
which revealed that the additional constraint Cfrac × porosity2 <
0.188 further discriminated the promising COFs (Fig. 5b). For
the COFs meeting this requirement, PLD as the most important
structural feature was then plotted against Ccount, yielding
a rened range of 6.00 Å < PLD < 17.800 Å (Fig. 5c). Building on
this, plotting Cfrac/PLD against O/C showed that two additional

Fig. 4 (a) Histogram distribution of mexurea for CORE-COFs without oxygen atoms. Cross markers indicate CORE-COFs with mexurea lower than −55

KJ mol−1, (b) histogram distribution of mexurea for CORE-COF dataset having O/C > 0, and N/C = 0 (red bars), O/C > 0, and N/C > 0 (green bars).
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lters, Cfract/PLD > 0.025, and 0.050 < O/C < 0.400 was necessary
to maintain favorable structural characteristics (Fig. 5d). Taken
together, these successive lters unraveled a pathway to prom-
ising CORE-COFs with enhanced performance so that oxygen
and nitrogen containing CORE-COFs satisfying feature
constrains of 0.510< porosity < 0.685, 0.360 < Cfrac < 0.551,
Cfrac× porosity2 < 0.188, 6.0 Å < PLD < 17.80 Å, Cfrac/PLD > 0.025,
0.050 < O/C < 0.400 were found to exhibit mexurea values lower than
−55 kJ mol−1.

The combined interpretation suggests that both framework
chemistry (O/C, N/C, and Cfrac ranges) and geometric
constraints (porosity, PLD, and atom-density relationships such
as Cfrac/PLD) must be balanced to achieve optimal urea
adsorption energetics. Oxygen- and nitrogen-containing
frameworks provide the necessary polarity and hydrogen-
bonding capacity, while the identied structural lters ensure
accessible yet conned pore environments that enhance host–
guest interactions. Moreover, it was observed that the dening
the new combination of structural and chemical features such

as Cfrac × porosity2, and Cfrac/PLD would be an extra useful
features. The list of promising CORE-COFs and their structural
features are tabulated in Table S3, with their unit cells struc-
tures listed in Table S4.

It should be emphasized that the constraints identied in
Fig. 5 are CORE-COF-specic enrichment patterns rather than
universal COF design rules. They were derived from the simu-
lated urea binding strengths and descriptor distributions of the
CORE-COF dataset and should therefore be used as screening
guidelines requiring further validation before being generalized
to hypothetical COFs or other COF databases with different
linker chemistries, topologies, pore-size distributions, and local
functional-group environments.

3.3. Machine learning analysis

3.3.1 Core-COFs. Based on the selected 23 features (shown
in Fig. 1), tree-based, SVR and NN models were developed to
predict mexurea for the urea adsorption on the whole dataset of
CORE-COFs. Fig. 6 illustrates the predicted values versus

Fig. 5 Structure–property correlations of mexurea for CORE-COFs having O and N > 0 under different structural and compositional constraints (a)

porosity versus Cfrac, (b) Cfrac × porosity2 versus Cfrac, (c) PLD versus Cfrac, (d) Ccount/PLD versus O/C. Cross markers indicate COFs with

m
ex
urea lower than −55 KJ mol−1. The numbers assigned to each CORE-COFs are ID point in Table S2.
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simulated values of m
ex
urea for the entire CORE-COFs dataset

using six different regression models: Extra Trees (ET), Random
Forest (RF), HistGradientBoosting (HG), Gradient Boosting
(GB), Support Vector Regression (SVR), and Neural
Network (NN).

To compare the different regression models, we employed
a nested cross-validation (CV) framework. Model selection was
based on the mean RMSE obtained from the outer CV loop,
which provides an unbiased estimate of generalization error
because the outer test folds are never used during hyper-
parameter tuning. This strategy minimizes data leakage and

Fig. 6 Predicted versus simulated value of mexurea for whole dataset of CORE-COFs and feature set from Fig. 1 from training regression models of

(a) Extra Trees, (b) Random Forest, (c) HistGradientBoosting, (d) Gradient Boosting, (e) SVR, (f) Neural Network.
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provides a robust estimate of generalization performance,
particularly important for relatively small and imbalanced
datasets.74 Aer training models and optimizing hyper-
parameters, we evaluated it on the full training set and an
independent hold-out test set. In Fig. 6, we report R2 and RMSE
for both the training and hold-out test sets to illustrate gener-
alization behavior. The obtained optimised hyperparameters,
and nested CV mean RMSE of the outer loop for each model are
reported in Table S5.

Across all models, a strong linear correlation between pre-
dicted and simulated m

ex
urea with moderate values is observed,

indicating that the selected feature set captures the dominant
structure–property relationships governing urea adsorption in
COFs. However, deviations from the parity line (red dashed line)
are more pronounced at the extreme negative m

ex
urea values,

which correspond to sparsely populated regions of the dataset,
containing the most promising COF structures. One reason for
this behavior would be consistent with the imbalanced distri-
bution of the target variable, where the majority of samples
cluster around moderate mexurea values (histogram distribution of
m
ex
urea across a dataset of COF structures shown in Fig. S4).

Consequently, all models tend to exhibit higher uncertainty and
occasional bias when predicting rare, strongly adsorbing COFs.

Another common observation across all regression models is
the systematic overprediction of the most strongly negative
m
ex
urea values. This trend is not model-specic, but instead

reects the combined effects of target imbalance, sparse
sampling of the extreme negative regime. Because most COF
structures in the dataset exhibit moderate m

ex
urea values (less

negative values), while the strongly negative region is repre-
sented by only a few and structurally heterogeneous samples,
models trained with squared-error-based objectives tend to
predict values closer to the average response of similar struc-
tures. Consequently, predictions in the negative tail are shied
toward less negative values, producing a consistent over-
prediction of adsorption strength rather than underprediction.

For the ensemble tree-based methods ET (Fig. 6a) and RF
(Fig. 6b), themodels achieved the lowest mean outer-loop RMSE
(z9.0 kJ mol−1), indicating the best overall performance under
nested CV. Consistent with this, they also showed the best
predictive capability, with Rtrain

2
z 0.9 and Rtest

2
z 0.6. The

observed train–test gap is therefore more reasonably attributed
to descriptor limitations and target imbalance, particularly the
sparsely sampled, strongly negative m

ex
urea regime rather than

data leakage, because hyperparameter optimization and model
evaluation are strictly separated within the nested CV
framework.

The boosting-based models HGB (Fig. 6c) and GB (Fig. 6d)
showed slightly lower performance than the tree-ensemble
bagging methods (ET and RF), with a mean outer-loop RMSE
of z9.4 kJ mol−1 and moderate predictive capability (Rtrain

2
z

0.8, Rtest
2
z 0.5). This reduced performance suggests that, for

the present dataset, boosting provided less robust generaliza-
tion than bagged tree ensembles. A consistent trend was di-
scussed by Dietterich75 in his comparative study of decision-tree
ensembles, where he emphasized that boosting-style methods
can become disproportionately inuenced by a small subset of

difficult or atypical samples, because they iteratively focus
learning on points that are repeatedly mispredicted, whereas
bagging stabilizes predictions through variance reduction by
averaging over multiple resampled training sets. In our case, the
sparsely populated, strongly negative m

ex
urea region represents

a hard-to-t portion of the response space, so the variance-
reduction effect of ET and RF is expected to yield more stable
performance than boosting under such data irregularities.

The SVR model (Fig. 6e) revealed the mean outer-loop RMSE
of z9.43 kJ mol−1 and relatively limited predictive accuracy
(Rtrain

2
z 0.63, Rtest

2
z 0.45). The parity plot also exhibits the

largest dispersion around the 1 : 1 line and a more pronounced
underprediction of strongly negative mexurea values. This behavior
is consistent with the sensitivity of kernel-based models to
a non-uniform target distribution, where model tting is
dominated by the densely sampled moderate-response region,
making it difficult to achieve comparable accuracy in sparsely
sampled extreme regimes.76

The trained NN model with early stopping (Fig. 6f) showed
the weakest overall performance, yielding the highest mean
outer-loop RMSE (z10.3 kJ mol−1) and the lowest predictive
accuracy on both the training and test sets (Rtrain

2
z 0.46,

Rtest
2
z 0.43). This would be attributed to the fact that the NN is

not only less data-efficient for tabular descriptor sets but also
more sensitive to uneven coverage of the response space; with
few samples in the strongly negative m

ex
urea regime compared

with tree-based ensemble and boosting-based methods.77

It is worth noting that imbalance-aware oversampling
methods such as SMOTER/SMOGN were not adopted in this
work because they generate synthetic feature–target pairs
through interpolation and noise injection in descriptor space,
without enforcing physical or chemical constraints. As also
noted by Al-Jubouri et al.,78 SMOGN produces non-unique
resampled distributions across runs and can lead models to
learn imprecise dependencies between molecular descriptors
and target properties, particularly in chemically heterogeneous
datasets. Such articial samples may not correspond to physi-
cally realizable structures, which is problematic for nanoporous
materials where adsorption properties are tightly coupled to
framework geometry and chemistry.

We also examined more conservative options of target-
binning stratication and loss reweighting to emphasize the
extreme negative m

ex
urea regime but these did not improve the

outer-loop (nested CV) RMSE and, in some cases, increased
variability across folds. This indicates that imbalance alone is
not the primary limitation; rather, the key challenge is the
sparse and insufficient sampling of the strongly negative
m
ex
urea, where the model has limited empirical support to learn

stable patterns. Recent work on imbalanced regression
supports this interpretation, showing that degraded tail
performance is oen driven by data insufficiency (few-shot
target regions) and that reweighting or distribution correction
strategies may provide limited benet or even increase variance
when rare regions contain very few samples.79 Accordingly, we
reported nested-CV results using only physically grounded data
and explicitly discussed the increased uncertainty in the
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sparsely sampled extreme negative m
ex
urea regime as a data-

coverage limitation rather than an algorithmic artifact.
Moreover, it should be claried that although the learned

feature constraints successfully enrich for strongly binding
COFs, the most negative m

ex
urea region remains few-shot and

intrinsically heterogeneous, providing limited statistical
support for learning a stable value-prediction mapping in that
regime. Moreover, even within the constrained subset of
promising adsorbents, mexurea can vary substantially due to ner
interaction motifs such as the local functional-group microen-
vironment, charge distribution, and adsorption-site geometry
that are not explicitly encoded by our 23 largely global
descriptors. In this sense, identifying constraints is a different
and easier task than predicting precise values of mexurea so that the
descriptors can be sufficient to separate promising structures
from the bulk population, yet insufficient to resolve the
remaining within-class variability of the extremes. Therefore,
the constraints should be viewed as necessary but not sufficient
conditions for accurate point predictions in the strongly nega-
tive tail, and improved performance in this regime will likely
require additional training data and/or more interaction-
sensitive, local descriptors.

Regarding the prediction of urea/water selectivity (mexurea −

m
ex
water) of CORE-COFs, we adopted RF model as the primary

model for downstream prediction because it provided the most
reliable generalization for mexurea in the nested-CV benchmarking,
using the same 23-descriptor feature set. However, m

ex
urea −

m
ex
water is inherently a more complex target than m

ex
urea alone, as it

reects the relative affinity of the framework for two competing
species and therefore depends on additional, potentially
distinct, structure–solvent interactions captured in m

ex
urea −

m
ex
water as well as the correlation between the two terms.

Accordingly, we retained the RF model family and retrained it
using the urea/water selectivity target while keeping the same
descriptors and leakage-free nested CV protocol, ensuring
a consistent model complexity and evaluation methodology
across both prediction tasks. We emphasize that the m

ex
urea RF

model is used only to motivate the choice of algorithm; it is not
transferred directly, and all selectivity results are obtained from
RF models trained specically on the selectivity target.

As observed in Fig. 7, the model shows lower predictability
for mexurea − m

ex
water than for mexurea. While the training set exhibits

strong agreement (Rtrain
2
= 0.91, RMSE= 1.79 kJ mol−1, the test

performance drops markedly (Rtest
2
= 0.45, RMSE =

4.12 kJ mol−1) indicating weaker generalization for selectivity.
This reduction is expected because selectivity is dened as
a difference between two correlated excess chemical potentials,
so prediction errors from each component can accumulate and
amplify the noise in the nal target. Moreover, as mentioned
earlier, a richer descriptor set is likely required to more
completely capture the urea–framework interactions underlying
accurate prediction of m

ex
urea. This need becomes even more

essential for mexurea − m
ex
water, because the model must represent

not only urea–framework interactions but also water–frame-
work interactions and, critically, the subtle structural features
that determine their relative balance.

3.3.2 Berkeley h-COFs. Because the RF model trained on
the full CORE-COFs dataset showed the best performance and
generalization for urea binding strength (Rtrain

2
= 0.92 and Rtest

2

= 0.62), we selected it for rapid, high-throughput screening of
the complete Berkeley-COFs dataset. To assess whether the
Berkeley structures occupy a similar descriptor space to the
training data, we applied UMAP dimensionality reduction80 to
project the high-dimensional set of structural and chemical
features into two dimensions. As shown in Fig. 8a, CORE-COFs
(blue) populate only a limited subset of the broader Berkeley-
COFs feature space (orange), indicating that screening the
Berkeley library inevitably involves distribution shi (i.e., many
Berkeley structures lie outside the densest region spanned by
the training data). This observation is important because tree-
based regressors such as RF generally interpolate well within
the training manifold but can become less reliable when asked
to extrapolate into sparsely covered regions. The RF-predicted
m
ex
urea values for Berkeley-COFs are visualized as a color map

over the UMAP projection in Fig. 8b, where darker colors
correspond to stronger predicted urea binding. The map reveals
that low m

ex
urea candidates are not uniformly distributed across

the Berkeley chemical space; instead, they appear in localized
regions, suggesting that the model is identifying specic
combinations of descriptors (e.g., pore environment, polarity,
and functional group chemistry) associated with stronger urea–
framework interactions.

From this screening, we selected the top ten Berkeley
candidates with the lowest predicted m

ex
urea (Table 1) and vali-

dated them using Widom insertion simulations. Importantly,
no Berkeley COFs were used during training, so this validation
represents a genuinely external test of the ML screening work-
ow. While the RF model predicts a narrow band of very
favorable values (z−46 to −48 kJ mol−1) for the top-ranked
candidates, the Widom simulations show that the simulated
m
ex
urea values are systematically less negative (z−16 to

−31 kJ mol−1).

Fig. 7 Predicted versus simulated value of m
ex
urea−m

ex
water for whole

dataset of CORE-COFs and feature set from Fig. 1 from training

regression models of RF.
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To assess whether this overestimation was related to
extrapolation beyond the CORE-COF training domain, an
applicability-domain analysis was performed. Table 1 reports
the RF-predicted and Widom-simulated m

ex
urea values together

with the Euclidean distance from each selected Berkeley-COF to
its nearest CORE-COF in the standardized selected-descriptor
space used for RF prediction. The 95th and 99th percentile
thresholds of leave-one-out nearest-neighbor distances within
the CORE-COF dataset were 2.9593 and 6.0923, respectively. All
selected Berkeley-COFs were outside the 95% CORE-COF
applicability-domain threshold, while 9 out of 10 remained
within the broader 99% threshold. These results indicate that
the selected Berkeley candidates lie near the edge of, or outside,
the main CORE-COF training domain, making their RF
predictions partly extrapolative. Therefore, the Berkeley-COF
screening should be interpreted primarily as a qualitative
prioritization and chemical-pattern discovery step rather than
as a quantitatively accurate ranking of Berkeley-COF adsorption
performance.

As discussed above, the RF model showed different system-
atic biases for the CORE-COF test set and the externally scre-
ened Berkeley-COFs. In the CORE-COF test set, the strongest
binders were generally predicted to have less negative
m
ex
urea values than those obtained from simulation, indicating

underprediction of binding strength and reecting the
tendency of RF regression to smooth extreme values toward the
mean in an in-domain setting. In contrast, the Berkeley-COFs
were generally assigned more negative m

ex
urea values than were

later conrmed by simulation, corresponding to an over-
prediction of binding strength. This apparent reversal likely
arises from the combined effects of distribution shi and
selection bias: the Berkeley-COFs occupy a broader and partially
out-of-distribution chemical space, and selecting only the most
favorable ML-ranked candidates enriches the screened subset
in false positives with articially favorable predictions.

Furthermore, although the Berkeley top hits were predicted to
lie near −48 kJ mol−1, their simulated values were mainly
between −16 and −31 kJ mol−1, indicating that they do not
belong to the same true extreme negative regime as the stron-
gest CORE-COFs. Therefore, the bias observed for the extreme
negative region of the CORE-COF test set may not be directly
transferable to the Berkeley set. Moreover, the Widom valida-
tion of Berkeley-COFs was limited to the top ten candidates
identied by the RF screening model and should therefore be
interpreted as a proof-of-concept candidate-prioritization test
rather than a comprehensive external benchmark of model
accuracy across the full Berkeley-COF feature space. Accord-
ingly, a larger subset of Berkeley-COFs including medium-
ranked, randomly selected, and uncertainty-selected Berkeley-
COFs would need to be validated by simulation to obtain
a more reliable assessment of the actual screening performance
of the RF model, although this is beyond the scope of the
present work.

Despite this bias in absolute values, the screened hits in
Table 1 showed that a clear chemical pattern: three top candi-
dates with simulated values for mexurea around −30 kJ mol−1 are
built from linkers containing–NH and –CO functionalities
(amide-type chemistry) and are frequently associated with dia or
hcb topologies. These motifs are physically meaningful for urea
adsorption because polar functional groups can promote
stronger local interactions (e.g., hydrogen bonding and dipole–
dipole contacts), while the network topology inuences the
distribution and accessibility of adsorption sites.

For dialysate-regeneration applications, adsorption perfor-
mance must be considered together with synthesis feasibility,
aqueous/hydrolytic stability, regeneration ability, and biocom-
patibility. This is particularly important for the Berkeley-COFs,
because they are hypothetical structures. Nevertheless, their
synthesizability and stability were considered at a theoretical
level in the original Berkeley-COF database construction.

Fig. 8 (a) UMAP projection of the feature space for Berkeley-COFs (orange) and core COFs (blue) with known m
ex
urea values. This visualization

emphasises the distribution of core COFs within the broader Berkeley dataset, illustrating the regions of chemical space where predictive

coverage is strongest, (b) UMAP projection of the Berkeley-COFs dataset coloured by the ML-predicted m
ex
urea. Lower values (shown in dark blue/

purple) correspond to COFs predicted to have stronger urea adsorption. The plot visually reveals regions of the chemical space with higher-

performing candidates, assisting in identifying promising materials for further screening.
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Specically, the structures were generated from rigid organic
linkers using synthetically motivated COF-forming chemistries,
including C–C, imine, amine, amide, and mixed linkages. In
addition, chemically unreasonable, unstable, poorly assembled,
or non-converged structures were removed during database
cleaning, supporting the structural plausibility of the nal
database. From a stability perspective, C–C-linked frameworks
are expected to be the most hydrolytically robust, whereas
imine-linked COFs are more synthetically accessible but may be
less suitable for long-term aqueous exposure due to the
reversibility of the C]N bond. Amine- and amide-linked COFs
are particularly relevant because they can combine improved
chemical stability with polar functional groups. From
a biocompatibility perspective, the Berkeley-COFs are also
favorable in that they are fully organic and do not contain metal
nodes, reducing concerns related to toxic metal leaching.26

However, theoretical synthesizability and structural stability do
not replace experimental validation. Therefore, the Berkeley
candidates identied here should be regarded as promising
computational leads rather than immediately deployable
wearable-articial-kidney sorbents. Future work should experi-
mentally assess their synthesis feasibility, stability in dialysate-
like aqueous media, adsorption/regeneration cycling, leachable
degradation products, and biocompatibility, including cytotox-
icity and hemocompatibility.

In addition to the studied descriptors for CORE-COFs, the
type and number of chemical bonds were also calculated. Their
Pearson correlation coefficients with m

ex
urea were on the order of

0.01, indicating a negligible relationship (Fig. 9). Therefore,
incorporating these descriptors into the feature set would not
contribute to improving the performance of the ML models.
Improving predictive performance specically for the rare high-
performing materials will therefore likely require alternative
featurization that better captures the local adsorption environ-
ment and interaction motifs responsible for strong urea
binding. We assume that understanding and quantifying
functional groups as features could potentially yield a stronger
correlation with the target compared to simple bond counts.
However, the identication of functional groups in CORE-COFs
is not included in the current dataset and cannot be readily
computed for such a large number of frameworks. Moreover,
the compromising linkers are not separately provided for CORE-
COFs dataset to expand the other types of featurization with
more accuracy. Future work incorporating automated chem-
informatics tools or curated datasets that explicitly encode
functional group informationmay enable more accurate feature
engineering and enhance the predictive performance of ML
models, particularly given that mexurea reects host–guest inter-
action strength and adsorption thermodynamics.

Future studies may further improve the quantitative accu-
racy of the screening workow by incorporating DFT-validated
force-eld renement, and ML-assisted parameterization of
COF–urea interaction parameters. Direct use of machine-
learning interatomic potentials would also be an attractive
long-term direction; however, such potentials are not presently
available as a standard input-level capability in the RASPA
workow used here and would require additionalT
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implementation or coupling to simulation engines that support
ML potentials.

Moreover, screening of Berkeley-COFs can be integrated with
active learning for incorporating additional training points
sampled from the Berkeley feature space.81

4. Conclusions

We performed a screening of real and hypothetical COFs using
a combined Molecular-Machine Learning approach for their
application in urea removal from water during dialysate
regeneration in a wearable hemodialysis process. The target
properties considered were urea/COF binding strength and
urea/water ideal selectivity of the COF structures at innite
dilution, with the rst property chosen as primary target, as
selectivity was shown to be correlated to it. Urea binding
strength at innite dilution simulated via Widom insertions on
993 COFs from the CORE-COF dataset was computed, allowing
to score the best performing COFs. However, the specic aim of
this paper was to use the simulated CORE-COF data to train
different ML models and select the one showing the best
predictive performance and use it to screen in a computation-
ally efficient way of the Berkeley dataset, containing 69 840
hypothetical COF structures. The analysis of feature importance
of the CORE-COF dataset via the Random Forest model revealed

that framework composition, particularly oxygen-to-carbon
ratio and carbon fraction together with pore limiting diameter
are the dominant descriptors governing urea adsorption ener-
getics and allowed to reduce the number of features from the
initial 50 to 23. Optimal feature ranges for the structural and
chemical features were identied to achieve the best COF
performance.

Six MLmodels including Random Forest, Gradient Boosting,
Extra Trees, HistGradientBoosting, Decision Trees, Sport Vector
regressor and Neural Networks were then trained on the CORE-
COFs dataset. All models predicted well the region of moderate
m
ex
urea values, conrming that the chosen descriptors capture key

structure–property trends in COFs; however, errors increase for
the sparsely sampled, highly negative m

ex
urea regime, indicating

the need for more data in this range and/or more interaction-
sensitive features. The RF model trained on CORE-COFs
provided the best balance of t and generalization (Rtrain

2
=

0.92, Rtest
2
= 0.62) and was therefore used for rapid screening of

the Berkeley-COFs dataset. UMAP analysis showed limited
feature-space overlap between CORE-COFs and Berkeley-COFs,
indicating a dataset shi that leads to systematic over-
estimation of mexurea compared with Widom simulations. Despite
biases in absolute values, the top-ranked candidates exhibit
clear chemical trends: they are predominantly built from
linkers containing –NH and/or –CO functionalities and oen

Fig. 9 Pearson correlation matrix of bonds of CORE-COFs and m
ex
urea.
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adopt dia or hcb topologies. These features are consistent with
effective urea adsorption, as polar groups enhance local inter-
actions while network topology governs site accessibility. Given
the limitations in explicitly dening functional groups and
linker compositions in CORE-COFs, further renement of fea-
turization is still required to achieve improved predictive
accuracy for m

ex
urea, particularly in the strongly negative region

that reects stronger host–guest interactions.
These ndings establish design rules for tuning COF

chemistry and geometry to enable efficient urea separation,
guiding the discovery of optimal materials for urea removal.
Moreover, the combined simulation–ML strategy offers a scal-
able workow to accelerate COF discovery and guide sorbent-
based dialysate regeneration for wearable articial kidneys.
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