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t computation and machine
learning screening of van der Waals
heterostructures for Z-scheme photocatalysis†
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Jun Zhou, d Jiadong Shen,a Miao Zhou*b and Lei Shen *a

Although van der Waals (vdW) heterostructures have shown significant photocatalytic applications, the

discovery of high-performance vdW heterostructure photocatalysts is limited by the computational cost

in the high-dimensional search space and the complexity of large-scale atomic models. Here, we utilize

big-data analysis, high-throughput screening, high-fidelity calculations, and machine learning to discover

Z-scheme heterostructure photocatalysts from 11 935 vdW heterostructures, constructed using 155 two-

dimensional (2D) semiconductors with diverse structures from our 2DMatPedia database. We first

perform high-throughput high-fidelity hybrid functional calculations on the 155 monolayer 2D

semiconductors to obtain their high-accuracy band information. Using the explainable descriptor and

deep reinforcement learning algorithm, we identify 1062 potential Z-scheme vdW heterostructures.

Finally, the best 33 Z-scheme heterostructure photocatalysts from the pool of 1062 candidates are

verified and validated through high-fidelity hybrid functional calculations. Among these Z-scheme

heterojunctions, our photocatalytic calculations indicate that SnO2/WSe2, Bi2Se3/VI2, Bi2Se3/Sb, and

Bi2Te2S/Sr(SnAs)2 have the best redox abilities. Using machine learning techniques, we further identified

29 new high-potential Z-scheme heterostructures from the pool, making a total of 62 candidates. The

combination of high-throughput, descriptor, and machine learning techniques helps to narrow down the

candidates of high-performance photocatalytic heterostructures in a very large material space and

accelerate the discovery process of Z-scheme photocatalysts in the experiment.
Introduction

Photocatalytic technology is one of the most promising
sustainable strategies to overcome the challenges of environ-
mental pollution and global fossil fuel depletion.1,2 Many
strategies have been developed to modify the existing photo-
catalysts or design new photocatalysts. Among these, con-
structing 2D heterostructures is the most effective way to
improve photocatalytic performance.3,4 Based on the band
structure relationship, only the staggered Type-II and its variant
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Z-scheme heterostructures are suitable for photocatalysis
because of their regulated charge transfer mechanism.4

Compared to Type-II heterostructures, the Z-scheme hetero-
structure represents a promising strategy for spontaneously
driven chemical reactions through solar energy due to its ability
to not only broaden the solar absorption spectrum, but also
effectively separate photogenerated electrons and holes on
either side of the heterostructure.5–7 Combining the narrow
bandgap semiconductors with the Z-scheme heterostructure
mode can also resolve the dilemma in single-material or Type-II
photocatalysts that the strong redox ability and a wide light
absorption range cannot be achieved simultaneously.8–11 Thus,
exploring a new strategy to discover Z-scheme heterostructures
with high efficiency in light utilization and electron–hole
separation is crucial.

Currently, the exploration of Z-scheme heterostructures
remains conned to traditional methods such as trial-and-error
and empirical approaches.12 Most research efforts are directed
towards the investigation of individual Z-scheme hetero-
structures, such as CdS/SnS2,13 MoSSe/WSeTe,14 g-C3N4/
Ti2CO2,15 W18O49/CeO2,16 MnO2/Mn3O4,17 and ZnIn2S4/BiVO4.18

Clearly, the efficiency of such approaches for identifying new Z-
scheme heterostructure photocatalysts is signicantly low.
J. Mater. Chem. A, 2025, 13, 5649–5660 | 5649
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Recently, researchers have embarked on the quest for and
validation of a couple of Z-scheme heterostructures for photo-
catalytic applications.19–21 However, only a few specic types of
2D materials, such as eighteen transitional metal dichalcoge-
nides (TMDs), are used to build vdW heterostructures.21 Note
that the latest 2D material databases now encompass over 10
000 2D materials,22,23 which can theoretically assemble into
approximately 50 million vdW heterostructures. Navigating
through this vast array to pinpoint high-performance hetero-
structure photocatalysts presents a substantial challenge. This
endeavor necessitates the deployment of advanced pre-
screening algorithms, effective descriptors, machine-learning
methodologies, and high-throughput and high-delity
calculations.

High-throughput computational design based on a data-
driven approach is becoming a novel paradigm in physics,
chemistry, and materials science.24–27 The main aim of the data-
driven approach is to maximize the utilization of existing data,
thus signicantly decreasing computational cost and acceler-
ating the discovery of materials.25,28 2D vdW functional hetero-
structures constitute a sub-application eld of high-throughput
design because of its huge geometric space.29–31 A series of
remarkable, unique characteristics have emerged in hetero-
interfaces constructed using two disparate 2D materials,
providing great potential in developing solar energy conversion
and optoelectronic devices.32–36 In contrast with the monolayer
2D materials database, a heterostructure database is still
unbuilt. This is because the large-scale calculation of hetero-
structures containing tens of hundreds of atoms using high-
level electronic structures methods, such as high-delity
hybrid functional density functional theory (DFT) or GW
many-body perturbation theory, is extremely expensive and
requires computational power beyond that which is currently
available.37,38 Fortunately, this obstacle can be partially
bypassed using physical models or descriptors that describe the
interface and predict the electronic properties of hetero-
structures based on information concerning 2D materials.21

Moreover, utilizing a variety of elemental and material features,
machine learning models have shown the capability to enable
predictions in the eld of materials.39–41 Therefore, the
advanced high-throughput computational design combined
with empirical knowledge and machine learning can be an
efficient way to narrow down the exploring space and accelerate
the discovery of Z-scheme vdW heterostructure photocatalysts
from the millions of candidates.

In this work, we performed high-throughput and high-
delity DFT calculations, explainable descriptors, and
machine learning to systematically investigate around 12 000
van der Waals heterostructures formed by 155 2D semi-
conducting materials and their band alignments. Firstly, we
used Hey–Scuderia–Ernzerhof hybrid functional calculations
(HSE06) to compute the band gap and band edge position of
these 155 2D semiconductors, which can build 11 935 vdW
heterostructures theoretically. Secondly, we applied two
descriptors, Allen material electronegativity (cm) and band
offset (DV) to screen out the Z-scheme from the 11 935 hetero-
structures. The descriptors qualitatively enable us to identify
5650 | J. Mater. Chem. A, 2025, 13, 5649–5660
1062 Z-scheme candidates, bypassing the need for expensive
HSE calculations on large supercells of heterostructures.
Among them, 33 excellent Z-scheme heterostructures with low
lattice mismatch ratios (<5%) were further conrmed by HSE
calculations as potential candidates for photocatalysis. We
further develop a machine learning model to quantitatively
explain the relationship between the descriptors (Dcm and DV)
and the interlayer charge transfer (DQ) in the heterostructure.
Finally, we employed machine learning techniques to screen
1028 previously uncalculated candidates for potential Z-scheme
heterojunctions, highlighting its potential in accelerating pho-
tocatalyst discovery.

Computational details

The DFT calculations were performed via the Vienna ab initio
simulation package (VASP).42 The core-electron interaction was
described by the frozen-core projector augmented wave (PAW)
method.43 The electronic exchange-correlation energy was
treated using the generalized gradient approximation in the
form of Perdew–Burke–Ernzerhof (GGA-PBE) formalism.44 The
HSE06 was used to obtain the accurate band gap and align-
ment.45,46 The optPBE exchange-correlation energy was
employed considering vdW interaction correction.47 The plane-
wave cutoff energy was 500 eV and the Brillouin zone was
integrated using Gamma center grids with a consistent spacing
density for all cell sizes (using KSPACING = 0.25 Å−1 for
geometric optimization). A vacuum layer of 15 Å in the z-direc-
tion was introduced to avoid spurious interactions between the
neighboring slabs. For geometry optimization, the convergence
criteria of energy and forces acting on each atom were 10−4 eV
and 0.01 eV Å−1. Here, we employed the Jarvis tool developed by
K. Choudhary48 to automate the construction of the hetero-
junction, setting the starting interlayer spacing to 3 Å. The atom
positions and charge density illustrations were obtained using
the VESTA soware.49 Further analysis was conducted using the
post-processing program VASPKIT.50 Partial atomic charges
were obtained using Bader charge analysis implemented by
Henkelman and co-workers.51–53 Beyond the DFT-based calcu-
lations, machine learning effectively establishes semi-
quantitative or quantitative relationships between physical
parameters describing various 2D materials. We also employed
the reinforcement learning-based Physio symbolic regression
package,54 which leverages physical unit constraints for the
analytical inference of physical laws. A simple analytical model
for the charge transfer and descriptors was rigorously derived
using input parameters.

Results and discussion

Fig. 1a depicts the selection process to identify candidate
materials suitable for heterojunction photocatalysts. The
process began by extracting 6351 materials from our 2Dmat-
Pedia.23 From this initial pool, 1913 semiconductors were
identied based on their PBE band gap, which fell within the
0.5–3 eV range. We applied a top-down stripping approach (2D
materials' parents are layered materials in the Inorganic Crystal
This journal is © The Royal Society of Chemistry 2025
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Fig. 1 (a) Illustration of the screening workflow to discover potential 2D candidates from the 2DMatPedia database for photocatalysis. (b) Polar
histogram of eight categories, showing their space group and the number of 2D materials involved. Each category presents one representative
material with its side view structures. Histograms of (c) HSE band gap and (d) VBM(CBM), respectively. (e) Calculated HSE band gaps and edges
respective to the vacuum level of 155 2D materials (see details in Data S1†). The valence band maximum (VBM) is shown in green, and the
conduction band minimum (CBM) is in orange. Dashed lines delineate different chemical reaction potentials.
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Structure Database (ICSD)) to ensure that the selected materials
could be experimentally synthesized, which reduced the
number of candidates to 1034. Further screening was con-
ducted using the criteria of Eexf < 0.26 eV and Edec < 0.6 eV,23

where Eexf denotes the exfoliation energy required to separate
layers from bulk crystals, and Edec refers to the decomposition
energy that assesses phase stability, identifying 781 materials
This journal is © The Royal Society of Chemistry 2025
suitable for easier synthesis in experiments. In the subsequent
step, we excluded rare earth and toxic elements to address their
limited availability, high costs, and fabrication challenges,
resulting in the removal of 172 materials. It is worth noting that
we excluded polar 2D materials, reducing the pool to 403
candidates, due to the difficulty in obtaining accurate band
edge information affected by shis in vacuum energy levels
J. Mater. Chem. A, 2025, 13, 5649–5660 | 5651
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caused by material polarity.55 Materials with more than ten
atoms per unit cell and those with poor structures were
excluded. Finally, 155 candidate materials were selected for
high-throughput calculations of high-precision HSE06 energy
bands and band edge positions (see Text S1 and more details in
Data S1†). This rigorous selection process ensures that the
identied materials have the necessary properties for efficient
heterojunction photocatalysts.

Different from studying a particular type of 2D materials and
their heterostructures, such as TMDs,21 the screened 155
materials in this work are diverse, including single-element
materials, metal oxides, transition metal nitrides, iodides,
chlorides, transition metal dichalcogenides, arsenides, as well
as structurally complex ternary compounds. These materials
can be categorized into nine groups based on their atomic
structure and space group, as illustrated in Fig. 1b. The gure
also presents the number of structures in each category. The
most common structure is P�3m1, which has 47 variations, and
HfS2 represents this structure. Among the structures investi-
gated, more than 10 materials share the same space group,
including P�6m2 (15), P4/nmm (14), C2/m (12), and Pmmn (10),
which represent the structures of GaN, CuI, MoN2, and SnSe,
respectively. Categories with 5 to 10 materials include P2221 (9),
P�31m (8) and Pmmm (5) represent the structures of AuO2F,
CrBr3, and WF5, respectively. Categories with fewer than 5
materials are grouped in the “other” category, which includes
18 space groups and 35 materials. As can be seen, these 155 2D
materials provide a diverse and universal set, which offers
sufficient assurance for verifying the reliability of our descrip-
tors and provides diverse datasets for trainingmachine learning
models.

Aer pre-screening 155 2D material candidates, we next
conducted high-throughput calculations on the HSE06 band
structures of these materials, and the HSE06 band gap
Fig. 2 (a) Scheme of Z-scheme mechanism and two key descriptors,
between interfacial charge transfer DQ and the two descriptors. Deep r
good agreement with DFT calculations. (c) Diagram illustrating the high
potentially suitable Z-scheme candidates. Note that of the 34 heterojunc
high-fidelity DFT calculations.

5652 | J. Mater. Chem. A, 2025, 13, 5649–5660
distribution is shown in Fig. 1c. As can be seen, the band gap of
the majority (126 over 155 materials, 81% of the total) falls
within 1.0 to 3.5 eV, an appropriate range for potential photo-
catalysts. It should be noted that the band gap values calculated
using the HSE06 functional are typically higher than those
estimated by PBE, as PBE tends to underestimate the band gap.
Conversely, calculations performed with HSE06 offer more
precise estimations of both the band gap and band edge posi-
tions. Fig. 1d illustrates the distribution of their VBM and CBM
positions relative to the vacuum level. The VBM positions
mainly concentrate in the range of −8 to −4 eV, while the CBM
positions are primarily distributed in the range of −6 to −3 eV.
From Fig. 1e, we can see that about 115 materials have an
oxygen evolution potential lower than −5.67 eV for H2O/O2, and
105 materials have a reduction potential higher than −4.44 eV
for H+/H2. This suggests that most analyzed 2D materials can
perform oxygen or hydrogen evolution reactions. We also
compare the VBM and CBM positions with various oxidation-
reduction potentials such as H2O and CO2, demonstrating
that most of them can undergo photocatalytic redox reactions
(see details in ESI†). This further conrms the accuracy of our
material selection criteria in Fig. 1a.

Although most of the single 2D materials within the 155
candidates show their photocatalytic applications, the single-
material photocatalysts suffer a severe problem on having
a strong redox ability and wide light absorption range simul-
taneously, which can be addressed by constructing hetero-
structures, especially Z-scheme ones. The mechanism of Z-
scheme heterostructures is shown in Fig. 2a. When photo-
generated electrons are excited to conduction bands (CB) in
both semiconducting building blocks of the Z-scheme hetero-
structure, the photogenerated electron with low CB of oxidation
photocatalyst (OP) will recombine with photogenerated holes
located in the high valence band (VB) of reduction photocatalyst
DV and Dcm. (b) Comparative quantitative analysis of the relationship
einforcement learning of 4-SO reveals DQ = cDcm × DV2, which is in
-throughput screening process to discover 2D heterostructures with
tions examined, 33 are confirmed as Z-scheme configurations through

This journal is © The Royal Society of Chemistry 2025
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(RP). Accordingly, the photogenerated electrons and holes
accompanied by large redox ability will be well preserved and
simultaneously expose good spatial separation in the Z-scheme
heterostructure.56–58

In accordance with the Z-scheme photocatalytic mechanism
(Fig. 2a), the establishment requires two essential characteris-
tics as descriptors. Firstly, a slight band offset is crucial to
enhance the migration efficiency of photogenerated electrons
from the acceptor and holes from the donor. Thus, a larger
value of band offset, DV, is an important descriptor for con-
structing Z-scheme heterostructures. This suggests that elec-
tron transfer from the CB of OP to the VB of RP is facilitated,
while electron transfer from the CB of RP to the CB of OP is
hindered, leading to a Z-scheme carrier-transfer pathway.
Additionally, we selected a value of 0.6 eV for DV to maximize
the inclusion of Z-scheme heterojunctions and minimize the
inclusion of non-Z-scheme heterojunctions (see the selection
method in ESI†).

Secondly, the presence of a directional interfacial electronic
eld is the most pivotal evidence for conrming the Z-scheme. A
higher magnitude of charge transfer, leading to a more robust
built-in electric eld, confers distinct advantages to the photo-
catalytic process.20 Therefore, the direction of charge transfer
and the precise band alignment within the heterostructure is
paramount in unequivocally identifying a Z-scheme hetero-
structure within Type-II alignment systems. For these different
types of materials, we use the Allen material electronegativity,
Dcm = c(OP) − c(RP), where c(OP) and c(RP) are the Allen
material electronegativity of the oxidation photocatalyst and
reduction photocatalyst, respectively (see details in ESI Text S2†),
as another descriptor for predicting charge transfer between
interfaces in TMD heterostructures.21 A larger value of Dcm is
expected to correspond to a more denite direction of charge
transfer from a material with lower cm to one with higher cm. If
Dcm is too small, it may be challenging to accurately determine
the electron transfer direction. Aer careful analysis, we deter-
mined that Dcm > 0.1 is the most suitable criterion for predicting
the charge transfer direction (see Table S1†).

To further elucidate the relationship of these two descriptors
in affecting interfacial charge transfer for predicting Z-scheme
heterostructure, we employed a physical symbolic optimiza-
tion algorithm termed 4-SO (see details in ESI Text S3†).54 It is
essential to emphasize that DQ, representing charge transfer
between two materials in a heterostructure, is crucial for char-
acterizing the Z-scheme in theoretical calculations. Typically,
DQ is determined through high-precision DFT calculations of
the complex heterostructures. In this study, we innovatively
predict DQ using machine learning based on two simpler
parameters, DV and Dcm, without needing to construct a heter-
ojunction, signicantly enhancing the screening efficiency. This
machine learning algorithm leverages deep reinforcement
learning to extract and analyze symbolic expressions from
physical data, aiming to elucidate the relationship between van
der Waals heterojunction interfacial charge transfer (DQ) and
the two descriptors (DV and Dcm) we introduced as shown in
Fig. 2b. Upon training via 4-SO, we discerned the equation DQ
= cDcm × DV2, where c is a constant of 0.29, and its Reward and
This journal is © The Royal Society of Chemistry 2025
RMSE metrics are 0.957 and 0.008, respectively. These remark-
able results signify that this equation offers a robust predictive
power for interfacial charge transfer in heterojunctions. It is
worth noting that DQ is directly proportional to the square of
DV, suggesting a more signicant impact of DV on charge
dynamics compared to Dcm. Hence, by integrating DV and Dcm
as Z-scheme descriptors, we present a concise framework that
not only validates their utility but also enables the prediction of
Z-scheme heterostructure only from the electronic structures of
two single components before their combination, signicantly
reducing computational cost.

As depicted in Fig. 2c, we have devised a four-step workow
to discriminate Z-scheme heterostructures from a pool of 11 935
candidates based on their band alignment of two components,
as indicated by two descriptors, DV and Dcm. In the initial step,
leveraging Anderson's rule,21 we predict that 62963 hetero-
junctions possess a Type-II band alignment. Proceeding to the
second step, we employ DV > 0.6 eV as a discriminating crite-
rion, excluding 4803 potential Z-scheme candidates. In the
third step, by comparing Dcm > 0.10 and assessing the relative
values of cm, we identify 21062 Z-scheme heterostructures with
a denite direction of electron transfer based on discussion
above and previous work.21 We consider heterojunctions with
a lattice mismatch ratio below 5% without cell expansion to
determine the most favorable Z-scheme. Ultimately, based on
their minimal lattice mismatch ratio, we identify 34 potential Z-
scheme heterostructures (see details in Table 1). Our DFT
calculations veried 33 out of the 34 analyzed heterojunctions
as Z-scheme congurations (see the exception in Table 1),
highlighting the robust predictive capability of DV and Dcm
descriptors employed.

To further validate the selected heterostructures for Z-
scheme characteristics using empirical descriptors, we per-
formed high-delity DFT calculations on all 34 vdW hetero-
structures. Previous research has demonstrated that stacking
congurations minimally inuence the electronic structure of
vdW heterostructures.59 Furthermore, stacking order does not
impact the optical response in these systems.60 Therefore, we
employ the lattice matching method for constructing hetero-
junctions.48,61 The 34 heterostructures are shown in Fig. 3,
demonstrating their structural diversity and the richness of
material types. Firstly, there is a diverse range of space groups,
including P�3m1, P�6m2, p4/nmm, P21/m, P2221, Pmmm, Pmmn,
Pmna, P2/m, and 10 other space groups. Secondly, the material
types are also highly varied, encompassing single-element
materials (Sb, As), metal oxides (TMOs) such as SnO2, PtO2,
ZnO, transition metal nitrides (TMNs) like GaN, iodides (AuI,
CuI, VI2), chlorides (PdCl2), transition metal dichalcogenides
(TMDs) including HfS2, Te2W, SnSe, SnS2, Te2Mo, SnSe2, NiS2,
MoSe2, WSe2, WS2, MoSe2, arsenides (Te3As2), as well as struc-
turally complex ternary compounds (TrRhCl, SbBrO, BiBrO,
BiIO, BiClO, GaGeTe, GaTe, Bi2Se3, AuClO2, AuBrO2, TaI2O,
Bi2Te2S, Sb2TeSe2, Bi2Te2Se, Sr(SnAs)2, Mn(BiTe2)2, AuO2F,
HfTeSe4, Bi2TeSe2), representing a diverse array of material
types. Fig. S35† displays the quantities and categories of mate-
rials in two distinct sets of heterostructures. These 1062 Z-
scheme heterostructures cover 2124 single components from
J. Mater. Chem. A, 2025, 13, 5649–5660 | 5653
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Table 1 Heterostructure characteristics, including lattice mismatch (d), binding energy (Eb) in meV per atom, difference of Allen material
electronegativity (Dcm), band offset (DV) in eV, charge transfer by Bader analysis (DQ) in e, and DFT validation for the 34 Z-scheme hetero-
structure candidates. See detailed DFT calculations on the exception one Bi2Te2S/AuI (No. 22) in ESI

Acceptor/donor d Eb Dcm DV DQ Validated Ref.

1 SnO2/GaN 0.61% −44.70 0.622 1.949 0.105 Y —
2 SbBrO/CuI 4.60% −18.39 0.646 1.604 0.050 Y —
3 CuClO2/TeRhCl 2.28% −32.11 0.775 1.557 0.241 Y —
4 HfS2/Te2W 3.07% −37.57 0.416 1.386 0.059 Y —
5 AuClO2/TaI2O 0.20% −23.28 0.311 1.281 0.159 Y —
6 PdCl2/SnSe 0.13% −54.28 0.132 1.085 0.288 Y —
7 SnS2/Te2Mo 4.33% −37.82 0.533 0.972 0.055 Y 19
8 Bi2Te2Se/Sr(SnAs)2 3.48% −38.88 0.194 0.929 0.141 Y —
9 SnSe2/Te3As2 4.58% −37.44 0.144 0.789 0.115 Y —
10 AuO2F/HfTeSe4 0.56% −31.62 0.899 0.767 0.128 Y —
11 Bi2TeSe2/Sb 2.64% −38.93 0.259 2.082 0.081 Y —
12 NiS2/MoSe2 0.83% −33.67 0.200 1.821 0.024 Y 62
13 SnO2/WSe2 2.14% −34.43 1.231 0.767 0.066 Y —
14 SnO2/ZnO 1.96% −52.49 0.367 1.949 0.091 Y 63
15 PtO2/MoSe2 4.54% −36.35 0.200 1.604 0.069 Y 64
16 AuBrO2/TaI2O 0.92% −36.76 0.266 1.367 0.077 Y —
17 AuO2F/TeRhCl 4.12% −32.81 1.022 0.841 0.206 Y —
18 Bi2Se3/GaGeTe 1.27% −24.56 0.462 0.793 0.056 Y —
19 Bi2Se3/GaTe 0.86% −29.54 0.147 0.637 0.043 Y 65
20 Bi2Se3/Mn(BiTe2)2 3.64% −17.69 0.242 0.873 0.055 Y —
21 Bi2Se3/VI2 1.49% −31.09 0.135 1.345 0.038 Y —
22 Bi2Te2S/AuI 0.48% −34.78 0.105 1.126 −0.02 N —
23 BiBrO/CuI 1.62% −17.27 0.654 1.662 0.036 Y 66
24 BiIO/CuI 0.48% −27.66 0.518 1.557 0.012 Y —
25 BiClO/CuI 2.78% −17.25 0.735 1.288 0.044 Y —
26 SnO2/MoSe2 2.14% −34.70 1.228 1.452 0.063 Y —
27 NiS2/WSe2 0.83% −34.34 0.203 1.397 0.031 Y —
28 Bi2Se3/Sb 0.68% −38.67 0.323 1.306 0.081 Y —
29 Sb2TeSe2/Sb 0.12% −40.27 0.245 0.609 0.085 Y —
30 SnS2/As 2.08% −43.06 0.261 0.646 0.050 Y —
31 Bi2Te2S/Sr(SnAs)2 2.55% −30.66 0.236 1.056 0.099 Y —
32 HfS2/Te2Mo 3.20% −38.71 0.411 1.123 0.055 Y 67
33 Bi2Se3/Te3As2 2.83% −29.48 0.130 0.699 0.043 Y —
34 SnO2/WS2 1.60% −32.92 1.106 1.098 0.037 Y —
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153 different monolayer 2D materials. The nally selected 34
heterostructure candidates in Fig. 3 are made of 41 different 2D
materials. These ndings affirm the reliability and universality
of the descriptors applied to 2D materials.

Fig. 4a displays the HSE band gaps for the 34 selected het-
erostructures, with corresponding electronic structures pre-
sented in Fig. S1–S34.† The band gaps range from 0.05 to
1.38 eV. Among the heterostructures, seven have band gaps
equal to or less than 0.2 eV: SnO2/GaN (0.06 eV), HfS2/Te2W
(0.11 eV), Bi2Te2Se/Sr(SnAs)2 (0.2 eV), SnSe2/Te3As2 (0.13 eV),
SnO2/WSe2 (0.19 eV), SnO2/ZnO (0.07 eV), and Bi2Se3/
Mn(BiTe2)2 (0.06 eV). Additionally, there are ten hetero-
structures with band gaps greater than 0.2 eV but less than
0.5 eV: SbBrO/CuI (0.25 eV), AuClO2/TaI2O (0.29 eV), SnS2/
Te2Mo (0.28 eV), AuO2F/HfTeSe4 (0.38 eV), PtO2/MoSe2 (0.49 eV),
AuBrO2/TaI2O (0.34 eV), Bi2Se3/GaGeTe (0.42 eV), SnO2/MoSe2
(0.35 eV), Bi2Te2S/Sr(SnAs)2 (0.32 eV), and HfS2/Te2Mo (0.33 eV).
Such small band gaps facilitate the transfer of photogenerated
carriers between different materials. Notably, 33 hetero-
structures exhibit similar electronic structures and demonstrate
unidirectional charge transfer, showcasing the characteristic
features of Z-scheme heterostructures (see Fig. S1, S21, S23 and
5654 | J. Mater. Chem. A, 2025, 13, 5649–5660
S34†). Taking SnO2/WSe2 as an example, we show its HSE06
band structures, charge transfer difference, plane-integrated
electron density difference along the vertical direction, and
band alignment in Fig. 4b–e. As can be seen, the VBM and CBM
primarily comprise WSe2 and SnO2, respectively. The band
structure of this heterostructure displays a staggered band gap.
Analysis of charge transfer, plane-integrated electron density
difference, and differential charge distribution reveals that
electrons accumulate on the SnO2 side, which has a lower CBM
and VBM position compared to WSe2. Conversely, WSe2 expe-
riences electron loss. Consequently, charge transfer occurs from
WSe2 to SnO2, resulting in a transfer of 0.066 e per uc. Addi-
tionally, a built-in electric eld forms from WSe2 to SnO2,
indicating a typical Z-scheme behavior. We also examine the
rest of the heterostructures which exhibit similar band align-
ments and built-in eld directions, further supporting the
screening results of Z-scheme heterostructures. It is noteworthy
that over the 34 predicted Z-scheme heterostructures, there is
only one exception from our DFT validation, Bi2Te2S/AuI (see
Table 1 and Fig. S22†). In Bi2Te2S/AuI heterostructure, the DFT-
based Bader analysis indicates that AuI receives the electron;
however, the two simple descriptors suggest that Bi2Te2S is the
This journal is © The Royal Society of Chemistry 2025
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Fig. 3 Structures of 34 heterostructures with <5% lattice mismatch between twomaterials within a heterostructure. On the left, the space group
corresponding to each single material is displayed.

Paper Journal of Materials Chemistry A

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

1 
Ja

nu
ar

 2
02

5.
 D

ow
nl

oa
de

d 
on

 0
7.

01
.2

6 
16

:4
9:

55
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online
electron recipient. Overall, the 97% prediction accuracy (33 over
34) conrms the high efficiency of the two simple descriptors
used in our screening process.
This journal is © The Royal Society of Chemistry 2025
Finally, to deeply evaluate the photocatalytic ability of these
Z-scheme heterojunctions, we took the redox capability of
photocatalytic water splitting as an example and
J. Mater. Chem. A, 2025, 13, 5649–5660 | 5655
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Fig. 4 (a) Calculated band gap of 34 heterostructures by HSE06. Electronic structures of MoSe2/PtO2, including (b) HSE06 band structures, (c)
differential charge density, (d) plane-integrated charge density difference along the vertical direction, and (e) band alignment. The red and blue
regions indicate electron accumulation and depletion, respectively. The isosurface value is set to 0.0002 e Å−3. The number labeled in blue is the
amount of charge transfer calculated by the Bader approach. The vacuum energy levels on both sides become uneven after contact, leading to
distortion in the depicted levels.
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comprehensively considered the band gaps, photogenerated
potentials of hydrogen, c(H2), (potential difference between
CBM and potential of H+/H2) and photogenerated potentials of
oxygen, c(O2) (the difference between VBM and potential of
H2O/O2) and the light absorption capacity of 34 Z-scheme het-
erojunctions, as shown in Table S4.†
5656 | J. Mater. Chem. A, 2025, 13, 5649–5660
It is worth noting that these four heterojunctions all have
small band gaps, which are 0.19 eV (SnO2/WSe2), 1.38 eV
(Bi2Se3/VI2), 0.53 eV (Bi2Se3/Sb), and 0.32 eV (Bi2Te2S/Sr(SnAs)2),
indicating that the two materials in each heterojunction exhibit
efficient charge transfer. Finally, we identied four Z-scheme
heterojunctions with powerful redox abilities and strong light
This journal is © The Royal Society of Chemistry 2025
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Fig. 5 (a) Calculated band alignment and light absorbance of (a) SnO2/WSe2, (b) Bi2Se3/VI2, (c) Bi2Se3/Sb, and (d) Bi2Te2S/Sr(SnAs)2, respectively.
The vacuum energy levels on both sides become uneven after contact, leading to distortion in the depicted levels.

Paper Journal of Materials Chemistry A

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

1 
Ja

nu
ar

 2
02

5.
 D

ow
nl

oa
de

d 
on

 0
7.

01
.2

6 
16

:4
9:

55
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online
absorption capacity, namely SnO2/WSe2, Bi2Se3/VI2, Bi2Se3/Sb,
and Bi2Te2S/Sr(SnAs)2, as shown in Fig. 5. Clearly, we can see
that the CBM of WSe2 (Fig. 5a), VI2 (Fig. 5b), Sb (Fig. 5c) and
Sr(SnAs)2 (Fig. 5d) is higher than the reduction potential of H+/
H2, suggesting that hydrogen evolution reaction (HER) can
This journal is © The Royal Society of Chemistry 2025
readily occur on the surface. Specically, the c(H2) for these
heterostructures SnO2/WSe2, Bi2Se3/VI2, Bi2Se3/Sb, and Bi2Te2S/
Sr(SnAs)2 are relatively large, i.e., around larger than 0.5 eV.
Meanwhile, the VBM of SnO2 (Fig. 5a), Bi2Se3 (Fig. 5b and c),
Bi2Te2S (Fig. 5d), is lower than the oxidation potential of H2O/
J. Mater. Chem. A, 2025, 13, 5649–5660 | 5657
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Fig. 6 Machine learning screening of high-performance Z-scheme photocatalysts.
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O2, suggesting that oxygen evolution reaction (OER) can occur
on the surface. The c(O2) for SnO2/WSe2, Bi2Se3/VI2, Bi2Se3/Sb,
and Bi2Te2S/Sr(SnAs)2 are relatively large, i.e. 3.913, 1.130,
1.117, and 0.477 eV, respectively. Larger values of c(H2) and
c(O2) indicate stronger redox abilities towards HER and OER,
which benet hydrogen generation from water splitting.

In addition, we analyzed the light absorption capabilities of
2D materials by calculating the light absorption spectrum of all
34 heterostructure candidates (see details in ESI Text S4†).
SnO2/WSe2 (Fig. 5a) is characterized by pronounced absorption
within the visible spectrum, further enhanced by a distinctive
peak at 580 nm. Bi2Se3/VI2 (Fig. 5b) exhibits a primary absorp-
tion peak at 400 nm, augmented by a secondary peak at 550 nm,
demonstrating robust light absorption capabilities. Bi2Se3/Sb
(Fig. 5c) and Bi2Te2S/Sr(SnAs)2 (Fig. 5d) display signicant
absorption edges near 600 nm, achieving an absorption inten-
sity of 40%, indicative of strong visible light absorption prop-
erties. Upon integrating band gap, photogenerated potentials,
and absorbance, we ascertain that these four heterojunctions
exhibit superior photocatalytic properties and are thus exem-
plary candidates for photocatalytic applications. Additionally,
the remaining 29 Z-scheme heterojunctions demonstrate
substantial photocatalytic potential (Fig. S1–S34†).

Further, to advance the discovery of efficient Z-scheme het-
erojunctions, we implemented an End-to-End Feed-Forward
Network (E2E FFN) machine learning framework, combining
both classication and regression models, to systematically
screen potential Z-scheme heterojunctions (see details in ESI
Text S4†) as shown in Fig. 6. Initially, we processed 11 935
candidate heterojunction combinations through the classica-
tion model, successfully identifying 734 heterojunctions that
passed the descriptor-based evaluations (Fig. 2c and 6).
Following this, the regression model was employed to predict
the band edge alignments of these 734 heterojunctions. Using
a rigorous selection criterion including the single semi-
conductor band gap, the heterostructure band gap, the photo-
generated potentials of HER (c(H2)) and OER (c(O2)), and the
charge transfer between the heterostructure interface (see Text
S4†), we further identied 29 new promising Z-scheme hetero-
junctions (Table S5†) that were not been captured by the high-
throughput DFT calculations in Fig. 2c. These heterojunctions
exhibit exceptional properties, including strong light absorp-
tion, a Z-scheme charge transfer mechanism, and robust
5658 | J. Mater. Chem. A, 2025, 13, 5649–5660
photogenerated potentials for efficient water splitting. This
machine learning-driven methodology has greatly accelerated
the screening process within a large material space, enabling
the discovery of high-performance Z-scheme heterojunctions
with minimal computational cost.
Conclusion

In summary, by combining high-throughput screening, high-
delity calculations, and machine learning on 11 935 vertical
vdW heterostructures, we developed an effective and efficient
approach to identify the Z-scheme heterostructures before
contact. To ascertain precise band structures, the high-
precision HSE06 method was employed to compute the band
gaps and edge positions of these 155 2D materials, ensuring
data reliability and dataset diversity. Our screening results
suggest 1062 Z-scheme heterostructure candidates using the
Allen material electronegativity and band offset descriptors.
Our machine-learning approach in establishing a quantitative
relationship between such two descriptors and interfacial
charge transfer further strengthens our understanding of the
underlying mechanism in the data-driven discovery of Z-
scheme heterojunction photocatalysts. Finally, we identied
34 top candidates for Z-scheme heterostructures with lattice
mismatch ratios of below 5%, with 33 of them (97%) conrmed
by high-delity HSE06 calculations as potential photocatalysts.
Among these Z-scheme heterojunctions, our photocatalytic
calculations indicate that SnO2/WSe2, Bi2Se3/VI2, Bi2Se3/Sb,
and Bi2Te2S/Sr(SnAs)2 exhibit powerful redox abilities for
further photocatalytic applications. Finally, leveraging
machine learning, we identied 29 new Z-scheme hetero-
junctions from 1028 previously uncalculated candidates,
demonstrating the power of machine learning in accelerating
photocatalyst discovery. Our ndings not only provide a deeper
theoretical insight into Z-scheme photocatalysts but also
provide a valuable foundation for subsequent experimental
validation and practical applications in photocatalytic water
splitting.
Data availability
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