View Article Online

View Journal

M) Cneck tor updates

Journal of

Materials Chemistry A

Materials for energy and sustainability

Accepted Manuscript

This article can be cited before page numbers have been issued, to do this please use: M. Anselmi, G.
Slabaugh, R. Crespo-Otero and D. Di Tommaso, J. Mater. Chem. A, 2026, DOI: 10.1039/D5TA08107F.

This is an Accepted Manuscript, which has been through the
Royal Society of Chemistry peer review process and has been
Journal of accepted for publication.

Materials Chemistry A

Accepted Manuscripts are published online shortly after acceptance,
before technical editing, formatting and proof reading. Using this free
service, authors can make their results available to the community, in
citable form, before we publish the edited article. We will replace this
Accepted Manuscript with the edited and formatted Advance Article as
soon asitis available.

You can find more information about Accepted Manuscripts in the
Information for Authors.

Please note that technical editing may introduce minor changes to the
text and/or graphics, which may alter content. The journal’s standard
Terms & Conditions and the Ethical guidelines still apply. In no event
shall the Royal Society of Chemistry be held responsible for any errors
or omissions in this Accepted Manuscript or any consequences arising
from the use of any information it contains.

o
-

ROYAL SOCIETY
OF CHEMISTRY

ROYAL SOCIETY rsc.li/materials-a
OF CHEMISTRY

(3


http://rsc.li/materials-a
http://www.rsc.org/Publishing/Journals/guidelines/AuthorGuidelines/JournalPolicy/accepted_manuscripts.asp
http://www.rsc.org/help/termsconditions.asp
http://www.rsc.org/publishing/journals/guidelines/
https://doi.org/10.1039/d5ta08107f
https://pubs.rsc.org/en/journals/journal/TA
http://crossmark.crossref.org/dialog/?doi=10.1039/D5TA08107F&domain=pdf&date_stamp=2026-01-02

Page 1 of 14 Journal of Materials Chemistry A

Open Access Article. Published on 02 January 2026. Downloaded on 1/3/2026 7:05:02 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

View Article Online
DOI: 10.1039/D5TA08107F

Journal Name

Accelerating Discovery Through Integration: A DFT validated Machine
Learning Framework for Screening MOF Photocatalysts.

C*

Marco Anselmi,® Gregory Slabaugh,”* Rachel Crespo-Otero,* and Devis Di Tommaso®*

The discovery of Metal-Organic Framework (MOF) photocatalysts for CO, reduction is hindered by the computational cost
of quantum chemical screenings. To overcome this barrier, we introduce a Machine Learning (ML) accelerated workflow that
integrates the speed of ML with the accuracy of Density Functional Theory (DFT). While a DFT-based screening of over 20,000
MOFs identified 105 promising candidates in nearly a month, a ML-driven approach using the Molecular Graph Transformer
(MGT) required only 4.5 hours. Here we present a quantitative assessment of ML performance compared with hybrid DFT for
MOF electronic screening, showing that prediction errors are related to the chemistry of the MOFs. We therefore derive an
error-aware ML candidate selection strategy that raises DFT candidate recovery from 20% to 70% while keeping a sensible
selection set. Building on this, we propose a practical ML to DFT screening workflow in which ML serves as a fast pre-filter to
define a small subset for hybrid DFT evaluation, enabling efficient discovery of promising MOFs.

1 Introduction

Since the industrial revolution, atmospheric carbon dioxide (CO,) levels have been rising consistently due to the burning of fossil fuels,
deforestation, the production of cement and many other practices. The rising concentration of atmospheric CO2 and its impact on
Earth’s climate have prompted researchers to take action to reduce emissions. Carbon capture and utilization (CCU) techniques are
important for bridging the gap between our high-carbon industries and a sustainable, low-carbon future. In CCU processes, CO; is
upgraded into value added chemicals and materials?"Z, rather than accumulating in the atmosphere, thereby enabling a circular econ-
omy.® Photochemical CO, reduction (PCO,R) is a promising technique within CCU.21Y The process mimics natural photosynthesis,
where sunlight is used to drive chemical reactions. In PCO,R, photocatalysts absorb sunlight and use this energy to power the thermo-
dynamically uphill CO, reduction reaction (CO,RR) into valuable chemicals such as formic acid (HCOOH), methanol (CH30H), and
methane (CH,).2"2142 Given that in one hour the sun provides earth with the same amount of energy that humanity consumes in one
year, it makes the sun one of the best sources of clean energy.1>

A photocatalytic reaction such as PCO,R generally occurs in three steps. 1418 (i) Photon Absorption: In the first step, photons with
energy equal to or greater than the optical gap energy are absorbed by the photocatalyst. This absorption excites electrons from the
occupied orbitals to the unoccupied orbitals, creating holes in the Highest Occupied Molecular Orbital. (ii) Electron-Hole Dynamics:
In the second step, the excited electrons and the created holes can either recombine within the catalyst or migrate to the surface. (iii)
Surface Reactions: In the third step, the electrons and holes that reach the surface participate in oxidation and reduction reactions.

The electronic structure of a photocatalyst is a key factor in determining its suitability for PCO,R, particularly the positions of the
Highest Occupied Molecular Orbital (HOMO) and Lowest Unoccupied Molecular Orbital (LUMO), as well as the bandgap between
them. To enable direct comparison with the redox potentials of the Oxygen Evolution Reaction (OER) and the CO, Reduction Reaction
(CO,RR) for a specific product, the HOMO and LUMO energy levels are converted to Ionization Potential (IP) and Electron Affinity
(EA), respectively, by alignment with the vacuum energy level. This comparison assesses whether the photocatalyst has the necessary
energetic properties for CO,RR to take placelZ18,

Metal-organic frameworks (MOFs) are a class of crystalline porous materials constructed from organic linkers and metal ions/clusters,
known as secondary building units (SBUs). The various combinations of these components can lead to an almost infinite number of
structures with diverse functionalities. Through fine-tuning, it is possible to create and screen materials with easily accessible catalytic
sites and desirable electronic structures.1272l Dye to their unique structural properties, such as high surface area, high porosity, tuneable
morphology, and adjustable chemical composition, MOFs are highly suitable for various CCU applications, %% including photocatalytic
CO, reduction.>r723124
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Nevertheless, the practical deployment of MOF photocat-
alysts is currently hindered by significant experimental chal-
lenges. Foremost among these are the poor stability of many
frameworks in the aqueous environments required for CO, re-
duction and the complexity of synthesis, which limits scalabil-
ity22 From an electronic perspective, efficiency is often stifled
by rapid electron-hole recombination and light absorption spec-
tra that are typically confined to the ultraviolet range, a lim-

Vacuum Level -

E‘goo(i'H itation shared with traditional photocatalysts like TiO,.2° To
¥ address these limitations, this study utilizes a computational

screening approach centred on band-edge engineering. Unlike
previous screenings that utilize broad energetic windows, we
OER use a visible-light based bandgap window of 1.9-2.5 €V. By pri-
oritizing this range, we aim to identify candidates that maxi-
mize solar energy utilization efficiency while maintaining the
energy requirements to drive the thermodynamically challeng-
ing CO2; reduction.

N Quantum chemical methods, typically within the frame-
0 work of Density Functional Theory (DFT), can be used to de-
Fig. 1 Schematic showing the steps of the Photocatalytic CO, Reduction terr.ni.ne the electronic structure of MOFs, includi.ng. the energy
on a single catalyst. Red and Blue dotted lines show the redox potentials positions of the HOMO, LUMO, and band gap. This information
for the CO; reduction and water oxidation respectively. Black dotted lines is crucial for assessing their potential as PCO;R catalysts. How-
show the possible paths that the excited electrons and holes can take, and ever, DFT calculations of band gaps generally require the use of
the circle represents the surface of the catalyst hybrid DFT functionals such as HSE062Z and B3LYP328/ rather
than standard GGA functionals like PBE22, which tend to un-
derestimate band gaps.2? The large unit cells required to model MOFs mean that a significant number of atoms must be considered,
making the application of DFT, especially hybrid DFT methods, computationally very demanding. These calculations can take weeks to
months to complete when applied to large datasets with tens or hundreds of thousands of structures, and because of its complexity, the

explicit calculation of the excited states in MOFs hasn’t been extensively explored in the literature.?1

Recently, Machine Learning (ML) models have been gaining popularity as a methodology to accelerate the discovery of new ma-
terials. ML models can be used to predict properties of structures, such as formation energy, potential energy surfaces and electronic
properties, like the bandgap, of various materials.®2"3¢/ Nevertheless, MOFs have seen less attention in the literature due to the lack of
substantial electronic structure-property datasets, with only three contributions found for this paper.22#41,

In a major contribution to the field of ML prediction of MOF bandgaps, Rosen et al.4? introduced a new dataset called the Quantum
MOF (QMOF) database and an analysis of the performance of five different ML representations on this dataset, namely the Sine
Coulomb matrix#2, the Stoichiometric, the Orbital field matrix, the Smooth Overlap of Atomic Positions#3 (SOAP) and the Crystal
Graph Convolutional Neural Networks®2 (CGCNN) representations. The QMOF database introduced in Rosen et al.4Y contains the
computed properties for 15,713 MOFs after structure relaxation via DFT, which they collected from the Cambridge Structural Database
MOF subset™ and the 2019 Computationally Ready MOF database“®, with the aim of creating a database for the development of
novel ML algorithms for MOFs. The properties reported included but were not limited to relaxed geometries, bandgaps, HOMO, LUMO,
charge densities, density of states, partial charges, spin densities and bond orders. Since its inception, the database has been expanded
to contain the properties for 20,375 MOFs.

Unlike earlier MOF ML models such as CGCNN32, which primarily capture local atomic connectivity, our approach employs the
Molecular Graph Transformer4® (MGT) architecture to address the unique challenges posed by MOFs. MGT uses a multi-graph repre-
sentation that encodes local bonded interactions, many-body effects, and long-range electrostatic interactions through a global graph
derived from Coulomb matrix features. This design is particularly suited to MOFs with large unit cells and extended pore networks,
where non-bonded interactions strongly influence band edges and band gaps. By combining local attention with message passing across
these graphs, MGT achieves improved accuracy (average error 0.34 eV for bandgap, EA, and IP) and enables an error-aware ML to DFT
workflow that accelerates screening while maintaining chemical interpretability.

This study involves a high-throughput screening of the QMOF database to identify potential photocatalysts for CO, reduction
using vacuum-aligned HOMO and LUMO (band edges) together with the bandgap, and employs both hybrid DFT and ML techniques
throughout. Initially, 105 promising photocatalyst candidates were identified via hybrid DFT calculations. The electronic-structure data
resulting from these calculations was then used to construct a training dataset for the ML model. A subsequent ML based screening was
then performed to predict vacuum-aligned band edges, yielding a set of 45 candidates. The outcomes of DFT and ML high-throughput
screening were then compared to assess the feasibility of ML as a stand-alone approach. In doing so, the work provides a systematic
evaluation of ML screening versus DFT for MOF electronic structure prediction, including an analysis of prediction error with respect to
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the chemistry of MOFs. Using these insights we propose an error-informed ML to DFT workflow, in which ML serves as a fast pre-filter
for the selection of a small subset of candidates for hybrid-DFT evaluation, substantially improving screening speeds for the discovery
of MOF photocatalyst candidates.

2  Method

2.1 High-throughput DFT calculations

Fig. |2| shows the process of the screening methodology presented in this paper. For this paper, the QMOF database was used as the
candidate dataset, and the properties reported in it for the following steps. The results of the DFT calculations recorded in the QMOF
database had been obtained using the GGA PBE functional for DFT and computed using VASP. Further DFT calculations, which, have
been conducted for this paper, were done using the VASP code (version 6.4.3) with the Perdew-Burke-Ernzerhof2? (PBE) functional
or the Heyd-Scuseria-Ernzerhof27 (HSE) exchange-correlation functionals and the Projector-Augmented-Wave 47l (PAW) method. The
kinetic energy cutoff was 520 eV, and the k-point mesh used to sample the Brillouin zone of the simulation supercell was determined
using the vaspkit4® package for each structure.

The VASP calculations were run on a mixture of GPU and

CPU nodes on the High Performance Computing (HPC) Hub in o oo

Materials and Molecular Modelling Young (MMM Hub Young), (0. Canddate Dataset |

on the Queen Mary’s Apocrita HPC facilities, supported by ) External Database |
QMUL Research-IT, and on the Sulis Tier 2 HPC platform. The
alignment calculations, on the other hand, were run using 8 ( 1. Bandgap Screening

CPU cores and 16GB memory on the Apocrita HPC nodes.

2.1.1 Candidate Dataset

[(Optional) Higher Level DFT ]

The first step in the process consists in generating a dataset (orrrmareen )
of structurally optimized MOFs. This can be either achieved
by compiling structures from external databases, such as the (2. Band Alignment
QMOF,49 the CoreMOF,42 or the CSD MOF Collection4, or it
can also be created by generating new structures.
In this step, the collection of DFT computed bandgaps is es- (2. Band Eage sereening
Sentlal. TO accelerate the process’ utlllZlng the generallzed gra_ [ Selection Criteria: IP below H,0/O, Redox Potential and EA above CO; RR Redox Potential
dient approximation (GGA) PBE functional is recommended. A
Although the PBE functional is less accurate than hybrid func- Mﬁ)

tionals like HSE, its computational efficiency makes it prefer-
able for large datasets. Notably, since the only property needed
for this step is the bandgap, and a linear relationship exists be-
tween the bandgaps obtained using GGA PBE functional and
those obtained using the HSE06 Hybrid functional. 42 This relationship can be expressed as:

Fig. 2 Screening Approach for MOF CO,RR Photocatalysts

Eg,HSE = 1-09Eg,PBE + 1.04eV (@D)]

Similar linear equations can also be derived for other hybrid functionals, reinforcing the preference for using the PBE functional in
this step.

2.1.2 Bandgap Screening

In the context of single semiconductor photocatalysis, the materials must exhibit specific characteristics that enable efficient light
absorption while satisfying the energy requirements for the desired reaction. Specifically, for PCO,R to occur, as shown in Fig. [1} the
bandgap of the catalyst must exceed the difference between the redox potentials for the OER and the CO;R to specific products.

In this regard, a techno-economic evaluation of PCO,R revealed that the production of C1 products is more economically competitive
compared to the production of C2 products, which, entails higher energy requirements, longer reaction times, and more complex
processes, which contribute to increased production costs.*? Consequently, this paper focuses on three key C1 products: methane
(CHy4), methanol (CH30H) and formic acid (HCOOH). Among these, the smallest energy gap between the redox potentials for the
OER and the reduction to a specific product is 1.88 ¢V, while the largest gap is 2.25 e¢V. However, practical considerations necessitate
adjusting the required bandgap values. Overpotentials and losses in current efficiencies must be accounted for, leading to higher
bandgap requirements for catalyst selection.”

Furthermore, the ability of a material to absorb light depends on the energy of incident photons, which should match or be higher
than the bandgap of the material. For instance, TiO,, one of the most studied photocatalysts, has a bandgap of 3.2 ¢V, limiting its light
absorption to the ultraviolet range, which, constitutes less than 5% of the solar spectrum.>! Thus, to maximize light absorption, it is
essential to tune the bandgap.
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Considering all these criteria, an ideal bandgap for efficient photocatalysis would fall within the range of 1.9 ¢V and 2.5 eV. To
account for bandgap underestimation errors caused by the PBE functional used in the calculation of bandgaps in the QMOF database,
we adjust the bandgap selection criteria to 0.8 eV and 1.34 eV using equation I}

Higher Level DFT

In the subsequent Band Alignment step, precise HOMO and LUMO values play a crucial role. If the functional employed in generating the
candidate dataset for bandgap computation operates at the GGA level of theory, it is highly advisable to proceed with this step. Although
GGA functionals offer computational efficiency and reasonable accuracy, they tend to underestimate experimental bandgaps,1? leading
to inaccuracies in the derived HOMO and LUMO levels.

To enhance accuracy, a hybrid functional can be created by incorporating a percentage of exact exchange computed using the
Hartree-Fock (HF) exchange functional.”? In the study, single-point calculations were performed for bandgap, band edges, and local
potential using the HSE06 functional. The input structures were obtained from the QMOF database, and the HSE06 setup involved a
25% addition of HF exchange and an inter-electronic range of 0.2 A for applying the HF exchange.

2.1.3 Band Alignment

For the selection of suitable structures for PCO,R, it is crucial to consider the alignment of electronic energy levels. Specifically, the
HOMO and LUMO values must straddle the redox potentials associated with both the OER and the CO2 reduction processes (Fig. [1).
However, the use of pseudopotentials in DFT plane wave calculations causes the HOMO, LUMO, and redox potentials to be defined on
different energy scales, necessitating alignment for meaningful comparison.

The methodology outlined in this study addresses this issue by adjusting the bandgap and band edges to the energy level of the
vacuum. Traditionally, band alignment involves referencing the energy of the vacuum above the surface of the material. However,
for MOFs, direct calculations of surface electronic structure can be computationally demanding due to their large unit cells containing
hundreds of atoms. To overcome this challenge, the approach proposed by Butler et al.>3 uses the electrostatic potential at the centre
of MOF pores as an approximation for the vacuum level. By using this reference point, electronic energy levels of MOFs can be placed
on a common energy scale.

To determine the pore centre required for the vacuum energy approximation, the Pore Size Distribution (PSD) method introduced
by Trepte and Schwalbe% is employed. This approach utilizes a Monte Carlo procedure, generating random points within the MOF
unit cell. At each step, these points are adjusted to maximize their distance from the atoms in the MOF, ultimately identifying the pore
center and diameter.

The combination of these two techniques allows consistent alignment of electronic energy levels across MOF structures, facilitating
informed material selection for efficient CO,RR.

2.1.4 Band Edge Screening

Once the band alignment has been done, the last step is to select the MOF catalysts. The selection is done by comparison of the aligned
HOMO and LUMO values with respect to the reduction potentials for the reactions of interest. For example, for water splitting, the
conduction and valence band edges (the electron affinity (EA) and the ionization potential (IP)) must straddle the redox potentials of
the two reactions involved: the OER and the hydrogen evolution reaction (HER). Specifically, the valence band must be below the OER
(E = -5.67 eV) and the conduction band above the HER (E = -4.44 eV).17118

HyO —2H" + 1/205+2¢~ E =-5.67¢V
2H" + 2¢ — H, E = —4.44eV

In the case of water splitting photocatalytic CO,RR, as the redox potentials for the conversion of CO, into added value chemicals
are higher than that of both the OER and HER, the required bandgap of the MOF will need to be bigger than that required for water
splitting, but not too wide, in order to allow for the adsorption of photons. The bandgap edges will then need to straddle the OER and
the redox potential for the CO,RR to the desired product, with the valence band below the OER and the conduction band above the
CO,RR redox potential.

CO, + 8H" + 8¢~ — CHy + 2H,0 E = —3.19¢V
COy + 6H™ + 6¢~ — CH3;0H + H,0  E =—3.65¢V

CO, + 2H" + 2¢- — HCOOH E = —3.42¢V

4 Journal Name, [year], [vol.], 1


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5ta08107f

Page 5 of 14 Journal of Materials Chemistry A

Open Access Article. Published on 02 January 2026. Downloaded on 1/3/2026 7:05:02 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

View Article Online
DOI: 10.1039/D5TA08107F

2.2 Machine Learning

The Molecular Graph Transformer (MGT)“® is a recent Graph Neural Network (GNN) architecture designed to enhance material prop-
erty prediction by incorporating long-range interactions alongside local atomic interactions. The model relies on a Molecular Graph
Representation (MGR) that encodes the periodic MOF structure into three distinct graphs: the Local Graph (Gy,.,) which captures
pairwise bond interactions by representing atoms as nodes, and edges are formed between atoms within a cutoff radius of 8 A; the Line
Graph (Gy;,.) which captures many-body interactions (bond angles) by using the edges of the local graph as nodes, and representing
the angles between connected bonds as edges; the Global Graph (Gyjep4) Which captures non-bonded, long-range electrostatic inter-
actions, this is a fully connected graph where edges contain features derived from the Coulomb Matrix, representing the interaction
between atom pairs regardless of distance. The architecture of the model involves encoding nodes and edges from the MGR into feature
vectors through encoding layers, followed by passing them through multiple MGT Encoder layers to capture structural information
effectively. Each MGT Encoder combines local attention mechanisms with message passing on bond graphs, their line graphs and long
range electrostatic graphs, allowing it to explicitly capture long-range electrostatic forces that conventional GNN models often neglect.

2.2.1 Training Details

To evaluate the performance of the MGT, the results obtained through the DFT methodology described in section [2.1] were used. Data
preprocessing was minimal: fewer than 50 structures were excluded solely due to failed DFT convergence. Statistical outliers were
explicitly retained in the dataset to rigorously assess the model’s robustness across chemically complex environments. The resulting
dataset, contains the structures and bandgap, HOMO, LUMO, EA and IP values for the 2,169 structures on which Hybrid DFT calculations
and band alignments were performed. The model was trained for 200 epochs using the Adam optimizer with a learning rate of 1074,
due to the memory intensity of the global graph attention, a batch size of 2 was employed with gradient accumulation steps of 8. The
network architecture adopts the optimized configuration described by Anselmi et al. ¢ comprising a single MGT Encoder layer with
three angle convolution layers, three bond convolution layers, and one electrostatic convolution layer. Full training details are provided
in Supporting Information Section 1.2. All of the ML training and testing were run on Queen Mary’s Apocrita HPC facilities. The training
was performed on 2 A100 40GB GPUs, while the testing and inference were performed using 1 A100 40GB GPU.

Training and Testing

In this work, the model is trained to predict the Bandgap, HOMO, LUMO, EA and IP of a MOF. This is achieved by training the MGT
using the labelled data from the screening process described in section[2-1] From the 2,169 structures, on which hybrid DFT calculations
and band alignments were performed, 1,518 have been used for training while the remaining 651 have been used for testing. This
70%-30% training-test split was performed randomly to ensure an unbiased evaluation of the model’s performance. Furthermore, the
1,518 structures for training were further split with a 80%-20% ratio for training and validation respectively. Moreover, to be able to
compare the ML screening to the DFT screening, the structures identified as potential CO, reduction catalysts have been incorporated
into the dataset used to evaluate the model.

3 Results and Discussion

3.1 DFT

Following the initial bandgap screening detailed in Section 2.1, 2,169 potential MOF structures were selected from the 20,375 data
points in the QMOF database. Hybrid DFT calculations were then performed on these structures to obtain more accurate bandgaps and
band-edges (Table S3). Subsequently, the band alignment step was carried out. The DFT calculations for all 2,169 structures required
a total of 24 days of CPU time, as determined from the VASP output files.

From these 2,169 MOFs, 1,132 structures exhibited an EA higher than the CO,R redox potential (for the CO,R with the highest gap
requirement) and an IP lower than the water OER. However, by applying the ideal bandgap range of 1.9 €V to 2.5 €V (refer to Section
[2.1.2), the screening was further refined to identify 105 structures that meet the criteria to be suitable as catalysts for at least one of
the CO;R reactions, producing either CHy, CH3OH or HCOOH.

Out of these 105 structures, 61 have been synthesised, with their structures available on the CSD dataset. Among these, qmof-
10055022 presented a experimentally calculated bandgap of 2.23 eV, qmof-d6d83732% has a reported bandgap of 3.1 €V, lastly for
qmof-306fb3e>Z its bandgap has been measured at 2.49 eV. Meanwhile, qmof-3eec122°8 doesn’t have a reported bandgap, it has, how-
ever, been tested for electrocatalytic oxygen reduction reaction and for CO, trapping. The remaining 44 structures are computationally
theorized compounds sourced from various databases.22/60

Fig. [3|shows the bandgaps and band edges positions for the structures that are suitable for all three CO,R reactions. Among these
MOFs, gmof-e581c0e exhibits the lowest bandgaps of approximately 1.97 eV, allowing for greater light absorption. Among these 13 are
suitable for the reduction to formic acids, 42 structures are suitable for the reduction to methanol, while the remaining 43 are suitable
for the reduction to methane.
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Fig. 3 Band-edges and bandgaps, obtained using the HSE06 functional. HOMO levels are indicated by the blue lines, and LUMO levels by the red lines.
The dashed horizontal lines denote the redox potentials for water splitting (O2/H20) and CO; reduction to formic acid (CO,/HCOOH), methanol
(CO,/CH30H), and methane (CO,/CH4). The displayed MOFs are illustrative examples randomly selected for meeting selection criteria for specific
CO; reduction reactions: gmof-4d203e9, gqmof-49b3901, and gmof-9fa0d98 are suitable for HCOOH production; qmof-06d8373, qmof-529911c¢, and
qmof-9174c13 for CH30H production; and gmof-22084e3, gmof-a51b2a6, and gmof-e581c0e for CH4 production.

3.2 ML

The training and testing took around 4.5 hours. Evaluated on a test set of 651 structures, as shown in Fig.[4and Table S1, the predictions
of the model are in general agreement with the DFT-calculated values, demonstrating a general high accuracy of the ML approach, with
an average error of 0.34 eV across all three properties. Nevertheless, despite the low average error, a visual analysis of its performance
(see Fig. [4) reveals significant outliers. This indicates that the model can be substantially inaccurate for certain structures, which can
introduce the risk of both false positives and false negatives in a high-throughput screening workflow.

(2) (b)
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Fig. 4 Parity plots showing the performance of the MGT model on the test set. The plots compare the DFT-calculated ground truth values against
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By further analysing the chemical nature of the structures that exhibit high-error predictions, it is revealed that the cases in which
the model fails are not random but related to chemical complexity. This analysis identifies three specific structural features in MOFs
that consistently lead to large prediction errors for key electronic properties like IP, EA, and Bandgap: (i) the presence of multi-metal
centres (e.g. qmof-6e89a67 with CuNa, gmof-cfee5a8 with Cu,Yb,, qmof-8281b85 with Cd;Ni,); (ii) the inclusion of heavy d-block
and f-block elements; and (iii) the incorporation of halides in the ligands.

Error Distribution by Metal Type
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Fig. 5 Distribution of average overall prediction error (€V) by metal type. The boxplots compare the model's performance on metals present in
the training set (green) versus those present only in the test set (orange). Alkali metals show better performance on unseen data, suggesting high
generalisability of simple ionic interactions. In contrast, Lanthanides exhibit overfitting behaviour, achieving the lowest error in training (0.18 €V) but
the highest error on unseen species (1.09 €V), indicating the model memorises specific coordination geometries rather than learning f-orbital physics.

A detailed breakdown of error distribution by metal type (Fig. [5|and Table S2) further demonstrates the correlation between the
model’s inaccuracies and the chemical environment. Alkali metals show a trend where the average error on unseen data (0.33 €V) is
lower than on seen data (0.41 eV). This is likely due to the fact that these metals are very similar to each other and all show stable
oxidation states of either 0 or +1. Meanwhile, transition metals, which comprise the majority of the dataset, consistently show a
mediocre performance ( 0.42 eV) for both seen and unseen data, suggesting that the model struggles to capture the variable oxidation
states and diverse coordination geometries of d-block metals.
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Fig. 6 Band-edges and bandgaps, obtained using the MGT model, for representative MOFs meeting selection criteria for specific CO, reduction
reactions. HOMO levels are indicated by the blue lines, and LUMO levels by the red lines. The dashed horizontal lines denote the redox potentials
for water splitting (O2/H,0) and CO; reduction to formic acid (CO,/HCOOH), methanol (CO,/CH30H), and methane (CO,/CHy4). The displayed
MOFs are illustrative examples: gmof-1b6c849, qmof-23d6bfc, and qmof-17a47b2 are suitable for HCOOH production; qmof-22f1463, qmof-529911c,
and gmof-e34c36e for CH3OH production; and gqmof-4b9332b, gmof-bdc796a, and gmof-5ed2725 for CH4 production.

Post-Transition metals are similar in performance to transition metals, but, they also show a clear trend of being more reliable for

lighter metals (e.g. Al with 0.28 eV error) than for heavy ones (e.g. Ga with 0.74 eV error). Lastly, Lanthanides display the most
biggest disparity, they have the lowest error of any group during training (0.176 eV) but the highest error when unseen (1.09 eV). This
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is likely due to the fact that Lanthanides complexes have a wide range of coordination geometries, which, indicates that the model
is likely overfitting to the specific coordination environments of seen Lanthanide clusters. Thus, the model is effectively memorizing
the geometry rather than learning the underlying physics of f-orbitals, leading to significant failures when encountering new elements
like Ytterbium. Therefore, the significant outliers in the parity plots (Fig. |4) are primarily associated with these complex electronic
phenomena, ranging from the challenge of d-orbital directionality to the poor generalisation of f-electron correlation.

From the results obtained using the MGT model on the test set for this paper, 43 MOFs were identified as suitable catalysts for the
CO;R reactions producing either CHy, CH30H, or HCOOH. Out of the 43 selected structures, 20 have been synthesized and studied
in experimental papers. The remaining 23 are computationally theorized compounds. For all 43 structures, their bandgaps and band-
edges have been plotted in relation to the redox potentials for the OER and CO,R reactions (Fig.[6). Among these MOFs, gqmof-8b03127
exhibits the lowest bandgaps of approximately 2.06 eV, allowing for greater light absorption. Among all the structures 5 are suitable
for the reduction to formic acids, 22 are suitable for the reduction to methanol, while the remaining 16 are suitable for the reduction to
methane.

3.3 Comparison of Methodologies

Table 1 Comparison of screening strategies, highlighting the trade-off between the number of selected candidates and the recovery rate ("Hit
Percentage") of structures selected using the DFT-based screening. Using a wider error margin significantly increases the likelihood of finding
promising candidates at the cost of a larger initial pool for follow-up calculations.

Screening Selection Candidates Selected DFT Candidate Recovery
Strategy Criteria (% of Test Set) ("Hit Percentage")
Raw ML Predictions  Use unchanged selection criteria 43 (7%) 21 (20%)
ML Error Margin Widen window by the error of the model 204 (31%) 73 (69%)
Conservative Margin ~ Widen window by 0.5 eV 293 (45%) 94 (89%)
High-Recall Margin Widen window by 1.0 eV 470 (72%) 103 (98%)

When performing a screening with a ML model, however, it is important to note that any machine learning model will have a certain
amount of error with respect to the results obtained using DFT. From the results reported in the paper of the MGT, and the testing
results obtained in this study, the average error for bandgap, EA and IP predictions of the MGT is 0.34 eV. Given the prediction errors,
a practical workflow must account for them to avoid discarding viable candidates. We find that using the raw ML predictions is a poor
strategy, as it recovers only 20% of the promising MOFs identified by DFT. A more effective approach is to apply an error margin (§)
around the selection criteria, creating a widened window for candidate selection. For the bandgap (Eg) screening, where with DFT
results the bandgap should satisfy E, jnin < E; < Eg max, the ML screening would accept candidates satisfying:

Eg,pred > Eg.,min —& and Eg,pred < Eg,max +06 (2)

Similarly, for the band edges, where the IP must be lower than the water OER (Vpgg) and the EA higher than the CO;R redox
potential (Vco,r), the ML screening criteria can be expanded to accept candidates satisfying:

IPyreq < VoEr + 6 and EApreq > Veo,r — o 3

By accounting for the model’s uncertainty in this manner, the screening becomes more in line with the DFT-based screening. As
shown in Table [I]adjusting the selection criteria by the error of the model (8 = 0.34 eV), successfully recovers 69% of the DFT-selected
structures. This highlights a clear trade-off between computational cost and scientific accuracy. Regarding the types of DFT hits missed
by ML, we find that DFT selected candidates are most often missed by ML in two regimes: (i) near threshold band edge cases, where
vacuum aligned IP/EA lie within the model’s MAE of the redox or band gap limits, leading to classification flips unless thresholds are
widened by 0 ~ 0.34 eV (see Eq. (2)-(3) and Table 1); and (ii) chemically complex secondary building units (SBUs), notably transition
metals with partially filled d shells, lanthanides/actinides, multi metal centres, and halide bearing ligands, where pDOS indicates metal
dominated edges and error diagnostics show poor generalisation. Accordingly, ML only screening is generally reliable for alkali/light
post transition SBUs, single metal frameworks, and candidates whose predicted edges sit well inside the selection window, whereas
hybrid DFT validation is advisable for f block/actinide systems, multi metal nodes, TM dominated edges, and borderline alignment
cases.

Beyond the selection of structures, a more fundamental methodological difference lies in the accuracy and internal consistency of
the electronic property values obtained from DFT versus ML. In DFT calculations, for instance, the bandgap is derived directly from
the computed HOMO and LUMO levels, and the alignment to the vacuum level, also utilizes these HOMO and LUMO values. This
interconnectedness ensures that all calculated electronic properties are consistent; a shift in the HOMO or LUMO energy propagates
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Fig. 7 Projected Density of States (pDOS) for selected MOFs incorporating different metal centers: (a) Alkali Metal Lithium (Li), (b) Post-Transition
Metal Thallium (TI), (c) Lanthanide Metal Praseodymium (Pr), (d) Group 12 Metal Zinc (Zn), (e) Transition Metal Copper (Cu), (f) Actinide Metal
Uranium (U) and lastly (g) Double Transition Metals Copper (Cu) and Molybdenum (Mo). In MOFs with non-transition metals such as (a), (b), and
(c) the DOS at the band edges is mostly composed of orbitals from the organic linkers (carbon, nitrogen, oxygen). Whereas, in MOFs containing a
transition metals (d), (e), (g) or actinides (f) a significant contribution from metal-derived orbitals to the DOS at or near the band edges is observed.

through to the bandgap, IP, and EA. In contrast, the machine learning approach predicts each property (HOMO, LUMO, bandgap, IP,
EA) independently. As a result, each prediction has its own distinct error relative to the reference DFT values. This independence can
lead to discrepancies: the bandgap predicted directly by the ML model may differ from a bandgap calculated as the difference between
the predicted HOMO and LUMO levels. Similarly, these values might also diverge from a bandgap inferred from the predicted EA and
IP. Due to the nature of machine learning algorithms, these inconsistencies cannot be entirely eliminated, although, they can be reduced
by developing more accurate models.

These inconsistencies, however, lead to another problem. When evaluating candidate photocatalysts, it is often necessary to consider
more than just the bandgap, HOMO, and LUMO levels. For instance, our current study reveals that the Density of States (DOS) at
the HOMO and LUMO levels is predominantly localized on the organic linkers when the metals are Alkali (Fig. [7a)), Post-Transition
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(Fig. , Lanthanides (Fig. , or Group 12 metals (Fig. . Conversely, in MOFs with transition metals featuring partially filled d-
shells (Fig.[7€), the DOS at the HOMO can shift significantly onto the metal center (Fig.[7). MOFs with Actinide metal centers (Fig.
appear to localize the LUMO DOS onto the metal. Notably, when multiple transition metals with partially filled d-shells are present
(Fig. , the DOS at both the HOMO and LUMO levels shifts onto the metal centers.
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Fig. 8 Comparison of the bandgap, HOMO, and LUMO levels of the MOFs versus their isolated linkers. The lack of a strong linear correlation
highlights that the final electronic structure is not dictated solely by the linker. The type of metal cation causes distinct deviations from the baseline
linker properties, with transition metals, actinides, and lanthanides showing the most significant influence.

This observation highlights the critical role of the organic linker in defining the foundational electronic structure of a MOF, a concept
explored by Grau-Crespo et al. for zeolitic imidazolate frameworks (ZIFs)®L. Our findings align with their conclusion that the position
of the band edges are largely determined by the linkers. However, while Grau-Crespo et al. also reported a direct correlation between
the bandgaps of the isolated linkers and the energy difference between the Highest Occupied Crystal Orbital (HOCO) and the Lowest
Unoccupied Crystal Orbital (LUCO) of the corresponding ZIFs, this specific relationship is not apparent in our broader dataset (Fig. [8).
Nevertheless, the principle that metals modify these linker-defined band edges to achieve a desired electronic structure holds true. The
comparison plots (Fig.[8) clearly show that transition metals and multi-metal systems cause the largest deviations from the linker-only
properties, affecting the bandgap, HOMO, and LUMO. Actinides and lanthanides also show a strong influence, particularly on the LUMO
energy, while having less effect on the HOMO. In contrast, MOFs with alkali and post-transition metals stick closest to the electronic
properties of their linkers, generally showing the smallest influence. As also suggested by Grau-Crespo et al., transition metals can play
a crucial role by providing alternative sites for excited electrons or holes, thereby promoting electron-hole separation and increasing
the lifetime of the excited state by reducing recombination rates. Grau-Crespo et al. also discussed that charge separation, and thus
potentially slower recombination, can also be achieved in ZIFs by using multiple linker types, where one type primarily contributes to
the HOMO and another to the LUMO.

Doing a comparable detailed analysis of linker contributions and metal-ligand interactions using machine learning presents signifi-
cant challenges. It would require the prediction of additional properties, each introducing its own error margin. Furthermore, obtaining
detailed electronic data for isolated ligands would likely require a separate ML model trained specifically for that purpose. The accu-
mulation of errors from these multiple steps could render the overall comparison too uncertain to yield any meaningful conclusions.

Design trends across the 105 DFT selected and 43 ML selected MOFs reveal qualitatively a linker first, metal tune paradigm:
organic linkers broadly set the baseline band edge positions, while the choice of metal centre (especially d and f block elements and
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multi metal nodes) introduces controllable deviations that tune the HOMO/LUMO alignment and the band gap within the visible light
window. Alkali and light post transition metals preserve linker dominated edges and simplify alignment to OER/CO2RR potentials,
whereas transition metals and actinides shift edge densities onto the metal, enabling band edge tuning and charge separation at the
cost of greater variability that requires hybrid DFT validation. Halide bearing ligands and multi metal centres correlate with higher ML
uncertainty, so error aware selection windows are essential when ML is used as a pre filter

4 Conclusions

Given the promise of MOFs as tuneable materials for photocatalytic CO2 reduction, it is essential to develop efficient screening strategies
to identify candidates suitable for CCU technologies. This study critically compared high-throughput DFT calculations with ML tech-
niques for identifying novel MOF photocatalysts. A crucial aspect for both methodologies is the accurate alignment of electronic energy
levels (HOMO, LUMO, IP, EA) to a common vacuum reference, essential for comparing against the OER and CO, redox potentials. The
DFT screening, starting from the QMOF database and followed by more accurate hybrid HSE06Z calculations for 2,169 candidates,
identified 105 promising MOFs. However, while providing high confidence and consistency, this DFT approach was resource-intensive,
taking 24 days of computation time using 3 to 8 GPUs per node. On the other hand, the ML approach, using the Molecular Graph
Transformer?® (MGT) model trained with data from 1,518 DFT-calculated structures, identified 43 distinct MOF candidates in approx-
imately 4.5 hours. However, this study reveals that the speed of ML comes with critical trade-offs. The largest errors of the model are
not random but systematic, concentrating in MOFs with complex chemistries, such as those containing multiple metal centers or heavy
elements. Furthermore, because the ML model predicts each property independently of the other, potential internal inconsistencies can
arise. (e.g., Predicted bandgap not matching the difference between predicted LUMO and HOMO).

Therefore, directly replacing DFT with ML is not yet feasible. Instead, an integrated workflow is essential. ML should serve as a
high-speed engine for initial screening, the effectiveness of which hinges on the screening strategy. We demonstrate that applying a
margin, based on the error of the model, to the selection criteria is crucial for creating a candidate pool that is both computationally
feasible and can include significant percentage of candidates that would be selected with a DFT screening. To build more confidence
into the candidate screening process, ML models could also be enhanced with uncertainty quantification. Methods like Monte Carlo
dropout and model ensembling can show how certain a prediction is, allowing to select potential candidates with greater certainty. DFT
calculation can then be done on these ML-identified candidates for validation, accurate electronic structure determination, and detailed
analysis. This workflow can leverage speed of MGT and accuracy of hybrid DFT calculations.

Looking forward, the full potential of ML in materials science will be unlocked by developing models capable of preserving physical
interdependencies between properties. For instance, using a consistency loss that enforces a relationship between the predictions
could potentially reduce inconsistencies and provide better bandgap predictions. Until then, an integrated workflow, which leverages
the speed of ML and the accuracy of DFT, offers the most powerful and pragmatic strategy to accelerate the design and discovery of
next-generation photocatalysts for a sustainable future.
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