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The extensive compositional landscape of double perovskite materials (A2BB’Xg) provides a promis-
ing basis for the design of tandem perovskite solar cells. However, the vast combinatorial space and
multiple phase spaces also pose significant challenges in the engineering of efficient and stable tandem
perovskite solar cells. In this work, machine learning is used to search for double perovskite materials
suitable for tandem perovskite solar cells in a wide dataset containing over 1569248 hypothetical double
perovskite materials. Finally, through first-principles calculations, it was found that double perovskite
materials with two different space groups (i.e., Fm3m-Rb2BiAgls and I4/m-K2CrErBrg) with stable
and suitable bandgaps could serve as promising absorbers for tandem perovskite solar cells. Utilizing
semiconductor device simulations, the tandem RboBiAgls solar cell and tandem KoCrErBrg solar cell
demonstrate power conversion efficiency of 24.00% and 42.78%, respectively. This research not only
provides valuable insights into the compositional engineering of double-perovskite materials but also
offers critical guidance for the development of high-efficiency tandem perovskite solar cells.
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1. Introduction

Perovskite solar cells have achieved unprece-
dented progress, with certified efficiencies exceeding
26% in single-junction configurations [1, 2|. How-
ever, their practical performance remains bounded
by the Shockley—Queisser limit (~ 33.7%), which
fundamentally restricts the photon harvesting ca-
pacity of any single-bandgap absorber [3, 4]. In con-
trast, tandem perovskite solar cells (TPSCs) have
demonstrated significant potential to surpass this
limit by combining multiple materials, achieving
power conversion efficiency (PCE) of up to 34.6%
and approaching the theoretical efficiency limit of
~ 43% for two-junction cells [5]. Perovskite mate-
rials, such as MAPb(I;_,Br,)s, have shown great
potential for TPSCs due to their tunable bandgaps
and high absorption coefficients. However, they also
bring a series of challenges, including the toxic-
ity of Pb2* ions and instability under operational
stresses, which seriously hinder their large-scale
commercialization [6].

Double perovskite (A2BB’X6) solves these two
challenges through a vast combinatorial space and
multiple phase spaces. Compared with common
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cubic perovskite materials, the preparation condi-
tions for tetragonal perovskite materials are more
relaxed. Additionally, due to their lower dissocia-
tion and formation energies, as well as lower phase
transition temperature, they are relatively stable
and possess considerable application potential [7].
For instance, researchers employed the ~-phase
CsPbls perovskite and successfully designed high-
performance solar cells with an efficiency of up to
21.15% and high stability by introducing carbonyl
and thiophene groups as passivators in the acy-
loin ligand (1,2-di(thiophen-2-yl)ethane-1,2-dione
(DED)) [8]- Double perovskite materials present
an immense opportunity for identifying suitable
tandem top-cell materials. However, experimen-
tal synthesis struggles with the rapid bandgap
characterization, and density functional theory
(DFT) becomes computationally prohibitive at this
scale [9, 10]. How to quickly filter out materials that
meet specific characteristics from a massive number
of candidates in a limited time has become a key is-
sue in current research.

With the rapid advancement of artificial intel-
ligence, machine learning has emerged as a cru-
cial tool for large-scale screening and optimized
design of new materials. For example, researchers
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established a database encompassing decomposition
energies through high-throughput DFT calculations
and trained a machine learning model to analyze the
formability of diverse perovskites [11]. A novel ma-
chine learning framework that integrates material-
related knowledge into the data preprocessing stage
was proposed, effectively enhancing the accuracy
of predicting formation enthalpies and bandgaps
of materials [12]. A recent study predicted the
bandgaps of 23314 unexplored double perovskites
in the periodic table and identified six new double
perovskites with appropriate bandgaps [13]. These
advancements highlight the transformative poten-
tial of machine learning in accelerating the discov-
ery and optimization of perovskite materials.

In this research, we use machine learning to in-
vestigate double perovskites with two space groups
(Fm3m and I4/m), aiming to identify promis-
ing candidates for TPSCs. Firstly, we generated a
database of 1569248 double perovskite candidates.
Subsequently, a dataset comprising 2400 materi-
als using DFT calculations was constructed, which
served as the foundation for training machine learn-
ing models to analyze and predict the properties
of double perovskite materials. After screening, we
identified 45 perovskite materials that exhibit ther-
modynamic stability and suitable bandgaps. Ulti-
mately, two double perovskite materials were vali-
dated through first-principles calculations and can
serve as absorbers in TPSCs. The simulation us-
ing COMSOL Multiphysics confirmed their poten-
tial for device applications.

2. Method

2.1. Structural stability

Goldschmidt [14] proposed the concept of tol-
erance factor Ty to evaluate the stability of
perovskite-type structures. It is defined as

R+ Rp
fm AR &
V2 (Rp + Rx)

where R represents the ionic radius of the ele-
ment at the A-site, Rp represents the ionic radius
of the element at the B-site, and Rx represents
the ionic radius of the element at the X-site. To
guarantee the stability of the crystal structure, we
control the tolerance factor T of the perovskite
within the range of 0.8 to 1.2, which, to a cer-
tain extent, ensures the feasibility of the structure
formation [15].

To describe the spatial adaptability of ions in the
octahedral position within the crystal [16], we use
the octahedral factor Oy = p. It is defined as

Rx
- @)

We selected the Of range to be between 0.4
and 0.8 [17]. Within this range, the X-site and B-site

Oy
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elements are expected to form a stable octahedral
structure. The corresponding data of the ionic radii
of the elements are taken from the literature [18].

2.2. DFT calculations

In this work, all DFT computations were con-
ducted within the Vienna Ab initio Simulation
Package (VASP) [19-21]. We utilized the Perdew—
Burke-Ernzerhof (PBE) form of the exchange-
correlation functional and the projector augmented
wave (PAW) approach, along with a plane-wave ba-
sis set with an energy cutoff of 500 eV for structural
optimization and static calculations. The integra-
tion of the Brillouin zone was accomplished using
a 4 x 4 x 4 I'-centered k-point grid scheme. During
the process of structural optimization, we employed
the conjugate gradient algorithm to optimize the
atomic positions, with the electronic step conver-
gence criterion set to 3 x 107* €V and the ionic re-
laxation convergence criterion to 3x 107 eV /A. To
enhance the accuracy of bandgap calculations, we
adopted the hybrid generalized HSE06 method; this
allowed us to improve the prediction of semiconduc-
tor bandgaps [22]. To verify the thermal stability
of the materials, we performed ab initio molecular
dynamics (AIMD) simulations [23, 24|, simulating
the evolution of the crystal at 500 K. We utilized a
2 x 2 x 2 supercell, with the AIMD simulation time
step being 1 fs and the total simulation duration
being 5 ps.

2.3. Optical properties

The complex refractive index n'(w) of a given
material constitutes a significant physical quantity
for delineating the optical properties of the mate-
rial. It is composed of a real part and an imaginary
part [25]

n' (W) =n(w)+ ik (W), (3)

where the real part n(w) and the imaginary part
k(w) can be represented, respectively, as

n(w):( s§+e§+el>1/2 @

2
and
Fw) = (@ —a )/ (5)

Herein, ;1 (w) and e3(w) originate from the real and
imaginary parts of the dielectric function e(w)

£ (w) =£1 (wl) + ieg (wg) .

(6)
The real and imaginary parts of this complex func-
tion are, respectively,

2P [
/ dw’
0

!/ /
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(7)
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where P denotes the principal value, 1 is the com-
plex shift parameter, (c|e-g|v) is the integrated op-
tical transitions from the valence states (v) to the
conduction states (c), e is the polarization direction
of the photon, and q is the electron momentum op-
erator.

2.4. Semiconductor properties

The effective density of states N./N, can be ex-
pressed with the use of the following formulae

(M T2

Ne = 2( 2mh?2 ) ’ 9)
i, kpT\ 3/

Ny = 2( 2mh? ) ’ (10)

where mJ,, is the effective mass of the state density
of the bottom electron in the conduction band, mg,
is the effective mass of the state density of the top
hole in the valence band, kg is the Boltzmann con-
stant (1.380649 x 10723 J/K), and T is the absolute
temperature in Kelvin. The quantities mj,, and mg,
can be further calculated using the following formu-

lae

*
dn

m* — ¢2/3 (mz m?)1/3,

(11)

miy = [m)? + (my) 3] (12)

where s is the number of symmetric states at the
bottom of the conduction band, m; is the effective
mass of electrons in the transverse direction (i.e.,
x and y direction), m; is the effective mass of elec-
trons in the longitudinal direction (i.e., z direction),
(myp); is the effective mass for light holes, (my,); is
the effective mass for heavy holes. According to the
formula for effective mass
1 1 0%E (k)

m*  h2  Ok2

The effective mass in different directions can be cal-
culated using the first-principles to compute the en-
ergy bands of materials.

(13)

2.5. Device simulation

In this paper, the device is simulated using the
Semiconductor Module and the Wave Optics Mod-
ule within the COMSOL Multiphysics package.
The internal quantum efficiency (IQE) is calcu-
lated in the Semiconductor Module by modeling
the carrier transport and recombination processes.
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Concurrently, the light extraction efficiency (LEE)
is computed in the Wave Optics Module by simulat-
ing the propagation and outcoupling of the gener-
ated light. The external quantum efficiency (EQE)
of the device is then determined as the product of
IQE and LEE (EQE = IQE x LEE). The compu-
tation methodology involving optical and electrical
equations is as follows. First, Maxwell’s equation

V x(VxE)—Fkic,E=0 (14)

is solved to obtain detailed spatial distributions of
electrical and magnetic fields to evaluate optical ab-
sorption. In (14), E is the electric field, kg is the
wave-vector of incident light, and ¢, is the relative
permittivity. The photo-generation rate can be cal-
culated by
1"

Gphoto (>\) = £ 2Lf|;

where h is Planck’s constant and ¢” is the imaginary
part of ¢,, which is a function of wavelength given
by the equation £.(\) = (n(\) — ik(\))2. There-
fore, the total photo-generation rate (Gt ) is calcu-
lated by integrating Gphoto(A) over the given wave-
length range from 300 to 1200 nm; this is shown as

Grot (A) = [ AX Gphoto(N)-

min

(15)

Further, the Poisson and continuity equations, re-
spectively,

V- (e0e, V) = —p, (16)
and

on 1

. = . ‘n —Un ny 1
a1 Vgn—U,+G (17)
dp 1 .

EZQZV'JP*U])‘FGP, (18)

are solved in the simulation to evaluate the current
density—voltage (J-V') characteristics of solar cells.
In (16)-(18), V¢ is the electrostatic potential, p is
the charge density, g is the electron charge, ¢g is
the vacuum permittivity, and both G,, and G, are
the total photo-generation rates in the optical sim-
ulation (G,, = Gp = Giot). In the continuity equa-
tions, the terms U, and U, denote the net recom-
bination rates for electrons and holes, respectively.
The definition of charge density can be written
as

p=q(n—p+Na—Np), (19)

where n and p are the electron and hole concen-
trations, respectively; N4 and Np are the acceptor
and donor density, respectively; j, and j, are the
current densities of electron and hole, respectively.
These quantities are described by the electron and
hole drift—diffusion process as follows

In=—qup,nVo+qD,Vn,

(20)

Jp = —qupn Vo +qDyVp, (21)
where p,, and g, represent the electron and hole
mobility, respectively, and D,, and D, are the elec-
tron and hole diffusion coefficients, respectively.
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Schematic crystal structure of A2BB'Xg-type double perovskite material (Fm3m and I4/m) and

chemical elements used in the design of each site. The red color indicates the element chosen for the A-site.
Green indicates the element chosen for both the A-site and B/B’-site. Yellow indicates the element chosen for
the B/B’-site. Purple indicates the element chosen for both the B-site and X-site. Blue indicates the element

chosen for the X-site.
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Moreover, Shockley-Read-Hall (SRH) recombi-
nation is considered a recombination model in our
simulations, because it has been proven to be the
dominant recombination mechanism in perovskite
solar cells (PSCs). In turn, the interfaces are treated
as an ideal ohmic contact in our simulations. SRH
recombination is calculated as follows
np—n?
Tp (0 11) + 7o (p+ 1)’

where n; is the intrinsic carrier concentration, 7,
and 7, represent the hole and electron SRH life-
times, respectively, p; is the hole trap level density,
and n; is the electron trap level density expressed.

Rsru = (22)
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Screening flowchart. The screening process and standards of double perovskite materials.

3. Results and discussion

To systematically identify A;BB’Xg-type double
perovskite materials suitable for TPSCs, we have
considered all potential elements in double per-
ovskite, as illustrated in Fig. 1. In this process, we
strictly adhered to the principle of valence conser-
vation. Specifically, we selected 44 elements for the
A-site, 65 elements for the B/B’-site, and 8 elements
from groups V and VI for the X-site. By employing
this combined approach, we generated 1569248 can-
didate double perovskite materials for each of the
two distinct space groups.
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Machine learning framework. The eXtreme Gradient Boosting (XGBoost) [26] model is primarily

employed for predicting the lattice constants of double perovskite materials, and the Atomistic Line Graph
Neural Network (ALIGNN [27] model further uses this information of lattice constants to predict various

properties of the double perovskite materials.
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Prediction performance of machine learning models. (a) Prediction of the lattice constant of the cubic

phase by the XGBoost model. (b) Prediction of the lattice constant of the tetragonal phase by the XGBoost
model. (c) Prediction of the total energy of the cubic phase by the ALIGNN model. (d) Prediction of the
total energy of the tetragonal phase by the ALIGNN model. (e) Prediction of the conduction band minimum
(CBM) by the ALIGNN model. (f) Prediction of the valence band maximum (VBM) by the ALIGNN model.

The screening flowchart is depicted in Fig. 2,
while the process of machine learning is illustrated
in Fig. 3. Initially, we screened 101036 geometri-
cally stable perovskites out of 1569248 perovskites
by applying the criteria of the tolerance factor (T’)
between 0.8 and 1.2 and octahedral factor (Oy) be-
tween 0.4 and 0.8.

Subsequently, a DFT dataset was established
via computation to facilitate the further screen-
ing of stable double perovskite candidates through
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a stacked learning approach. To construct this
dataset, 1200 double perovskites were randomly se-
lected from the 101036 geometrically stable dou-
ble perovskites for each of the two space groups,
and first-principles calculations were performed
on them. An ALIGNN model was trained using
this dataset to filter candidates based on forma-
tion energy (Fform) and energy above the con-
vex hull (En.). However, given the sensitivity of
the ALIGNN algorithm to input structures, three
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(a) Predicted values of bandgap and CBM for cubic phase double perovskite that were screened out

via machine learning, along with the PBE-calculated values. (b) Predicted values of bandgap and CBM for the
tetragonal phase double perovskite that were screened out via machine learning, along with the PBE-calculated

values.

XGBoost models were trained to predict the sta-
ble structures of candidates, thereby enhancing the
precision of the screening process.

First, we used the XGBoost model to predict the
lattice constants of double perovskite structures for
generating the structural files for all double per-
ovskite materials. We evaluated the performance
of the model using the root mean square error
(RMSE), mean absolute error (MAE), and the co-
efficient of determination (R?). In this study, three
XGBoost models were trained in total, one for pre-
dicting the lattice constants of the cubic phase and
two for predicting the lattice constants of the tetrag-
onal phase.

Figure 4a illustrates the performance of the
XGBoost model employed for predicting the cubic
phase lattice constants. Each point in this figure
panel corresponds to a datum from the test set.
The y axis denotes the machine learning-predicted
lattice constant values, whereas the x axis repre-
sents the lattice constant values derived from the
DFT-optimized structures. The model produces the
following results: R? of 0.94, RMSE of 0.33 eV,
and MAE of 0.25 eV. Figure 4b illustrates the com-
bined performance of the two XGBoost models for
predicting tetragonal phase lattice constants. Each
point in this figure panel represents a data point
from the test set. The machine learning-predicted
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lattice constant values are shown on the y axis,
while the DF T-optimized lattice constant values are
shown on the z axis. The model produces the fol-
lowing results: R? of 0.95, RMSE of 0.40 eV, and
MAE of 0.27 eV. Values of R? above 90% indicate
that the model performs well in the regression pre-
diction of the lattice constant.

Later, we used the ALIGNN model to predict
the energy of double perovskite materials for de-
termining thermodynamic stability. We conducted
a grid search, and the specific hyperparameter
ranges are detailed in the supplementary material in
Table SI [28]. Our energy predictions proved to be
highly accurate for both phase structures, as indi-
cated by R? close to 1. Figure 4c and d present the
performance of two ALIGNN models trained to pre-
dict the structural energies of cubic and tetragonal
phase materials. Each point in these figure panels
corresponds to a test set data point. The machine
learning-predicted structural energy values are on
the y axis, and the DFT-calculated ones are on the
r axis. The cubic phase model produces the fol-
lowing results: R? of 0.99, RMSE of 1.44 eV, and
MAE of 1.03 e€V. The tetragonal phase model, in
turn, gives: B2 of 0.99, RMSE of 1.28 eV, and MAE
of 0.85 eV. We employed the data package from the
Materials Project website [29] based on the Python
language environment to calculate the formation
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DFT verification and device simulation of the cubic phase material RboBiAgls. (a) Variations of

lattice structure and energy within 5 ps at a temperature of 500 K in the AIMD simulation. (b) Band structure
calculated using HSE06. (c) Calculated absorption spectra and the crystal structure. (d) Energy level diagram
of different transmission layers. (¢) EQE of the TPSCs device. (f) PCE and the architecture of the perovskite

device.

energy (Frorm) and the energy above the convex hull
(Epun) for each structure [30]. From the dataset of
101036 cubic double perovskites and 101036 tetrag-
onal double perovskites, those with Ffom and Eyay
exceeding 0 eV/atom were excluded. Ultimately,
3812 cubic phase double perovskites and 123 tetrag-
onal phase double perovskites were retained.
When considering the fabrication of TPSCs using
perovskite materials, the materials need to undergo
energy-level matching with the electron transport
layer (ETL) and the hole transport layer (HTL).
When CBM exceeds 2.5 €V, it can fulfill the energy-
level matching requirements of common materi-
als [31]. The bandgap is the energy disparity be-
tween CBM and VBM. Hence, the prediction of the
bandgap model can also be transformed into the dif-
ference between the predictions of CBM and VBM.
We used the ALIGNN models to predict CBM
and VBM of double perovskite materials. Figure 4e
displays the performance of the ALIGNN model
for predicting CBM of both cubic and tetragonal
phases. Figure 4f shows the performance of another
ALIGNN model for predicting VBM of both cubic
and tetragonal phases. Each point in the figure pan-
els (e) and (f) represents a data point from the test
set, with the y axis corresponding to the machine
learning-predicted values and the z axis correspond-
ing to the DFT-calculated values. The R? value for
the CBM model is 0.91, with an RMSE of 0.54 eV
and an MAE of 0.41 eV. The coefficient of deter-
mination (R?) for the VBM model is 0.93, with an
RMSE of 0.52 ¢V and an MAE of 0.39 eV. These

indicated an excellent fit between the model’s pre-
dictions and the actual CBM and VBM values of
the materials.

Regarding the bandgap of perovskite materials
suitable for solar cells, various literature presents
different standards, and currently, there is no uni-
fied criterion. Considering the computational effects
of the Perdew—Burke-Ernzerhof (PBE) functional,
which tend to underestimate the bandgap, we
selected materials with PBE-calculated bandgaps
ranging from 0.8 to 0.9 eV for cubic phase double
perovskites screening [32-34]. Due to the scarcity of
tetragonal phase double perovskites, we have broad-
ened the bandgap screening range for tetragonal
phase double perovskites. The screening bandgap
range of tetragonal phase double perovskite materi-
als was 0.4 to 0.9 eV [35]. A total of 26 cubic phase
double perovskites and 19 tetragonal phase double
perovskites were screened out.

Finally, we verified the results from the screen-
ing through DFT calculations and ultimately de-
termined the double perovskite materials that can
be used as the top layer in TPSCs. As de-
picted in Fig. 5, we carried out PBE calculations
for 26 cubic-phase materials and 19 tetragonal-
phase materials. It was discovered that RboBiAglg
and CsyBilnlg in the cubic phase, along with
K>CrErBrg and KyErGeBrg in the tetragonal
phase, satisfied both the required range of the PBE
bandgap and the conduction band minimum. To
further investigate the properties of these four can-
didate materials, we utilized the HSEQ06 functional

494



Ezploration of Double Perovskite Material Space via. . .

K,CrErBrg
200 (a) (b) — Spin-Up Spin-Down -,—l;.l004(c)
- s
-220f e = 8.0
3 % 500 K -
-2401 B 'S 6.0
& £
20260 \m ; g 40t
L ~ r | =
é‘ -280} ; 2 20t
=
1000 2000 3000 4000 5000 r N P X r 2 300 600 900 1200
Time [fs] Kpath < Wavelength [nm|
— () NO)
S s 1.0 _ 40
) £
— 0.8 2
S | . . % 42 42 - E 30p
> 2 —0.6 -
- 5 o 53 = » 2 20¢
gﬁ_é' B 6.6 ot K,CrErBr, =
= ) - = o < 10
S - 0.2 — CZTSSe =
-84 — -
= 0.0 . SESC R
300 600 900 1200 O 0.
Wavelength [nm] Voltage [V]

Fig. 7.

DFT verification and device simulation of the cubic phase material KoCrErBrs. (a) Variations of

lattice structure and energy within 5 ps at a temperature of 500 K in the AIMD simulation. (b) Band structure
calculated using HSE06. (c) Calculated absorption spectra and the crystal structure. (d) Energy level diagram
of different transmission layers. (e) EQE of the TPSCs device. (f) PCE and the architecture of the perovskite

device.

for the calculation of the bandgaps [36, 37]. The
bandgaps of RbsBiAgls, CsyBilnlg, KoCrErBrg,
and KoErGeBrg are 1.9, 1.1, 1.8, and 1.6 eV, re-
spectively. RboBiAglg and KoCrErBrg have suit-
able bandgaps to serve as promising absorbents for
TPSCs, as illustrated in Figs. 6 and 7.

To further explore the thermal stability of the two
materials, we employed ab initio molecular dynam-
ics (AIMD) simulations to depict the atomic states
of both materials at a high temperature of 500 K.
In Fig. 6a and Fig. 7a, the 5-ps AIMD simula-
tions of the cubic perovskite material RboBiAglg
and the tetragonal perovskite material KoCrErBrg
at 500 K, respectively, are presented. The total en-
ergy of the two candidate materials ultimately fluc-
tuates within a narrow range over time, suggesting
that these two materials possess superior thermal
stability at 500 K.

We systematically studied the optical properties
of these two materials using first-principles calcu-
lations. Figures 6¢c and 7c show that there exists a
strong absorption capacity in the solar spectral re-
gion. To more intuitively investigate the photoelec-
tric performance of the two materials, we utilized
COMSOL Multiphysics to conduct detailed simula-
tions of tandem solar cells. As depicted in Fig. 6Ge,
the RbyBiAgls layer exhibits primary absorption
in the range of 300 to 700 nm, while the CZTSSe
layer absorbs primarily between 700 and 1200 nm.
The external quantum efficiency (EQE) solar cell
absorption spectrum spans from 300 to 1200 nm,
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achieving near-full spectrum absorption. The spe-
cific stacked materials are detailed in the illustration
of Fig. 6f (the energy band diagrams can be seen
in Fig. 6d). The tandem RbyBiAgls solar cell ex-
hibits a PCE of 24.00%. The current—voltage (J-V)
characteristics of the RbyBiAgls top-cell and the
CZTSSe sub-cell are displayed in Fig. 6f. Similarly,
the simulation effect of TPSCs of Ky;CrErBrg is
shown in Fig. 7e and f, with a PCE of 42.78%. The
supporting information in Fig. S2 (see supplemen-
tary material [28]) is for the single-junction cells of
RboBiAglg and KoCrErBrg. The relevant details of
the simulation are shown in Table SII [28].

4. Conclusions

We employed machine learning to identify
double perovskite materials suitable for TPSCs.
Through the screening of 1569248 double per-
ovskite materials, we identified 45 perovskite ma-
terials that exhibit thermodynamic stability and
suitable bandgaps. The first-principles calculation
results indicate that the cubic phase double per-
ovskite RbyBiAgls and the tetragonal phase double
perovskite KoCrErBrg display thermodynamic sta-
bility, suitable bandgaps, and exceptional optical
absorption performance. Subsequently, we carried
out further simulation studies on the photoelectric
performance of these two materials. The tandem
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RbyBiAgls solar cell and the tandem KyCrErBrg
solar cell demonstrate the power conversion effi-
ciency of 24.00% and 42.78%, respectively. Their
remarkable properties are expected to play a cru-
cial role in advancing the field of TPSCs. In gen-
eral, our study presents an efficient approach for
the rapid discovery and application of solar cell ma-
terials, significantly reducing the research and de-
velopment cycle and making a significant contri-
bution to the development of next-generation solar
cells.

The data that support the findings of this study
are available from the corresponding author upon
reasonable request.
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