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rstanding of photoluminescence
in lead-free Cs2AgxNa1−xBiyIn1−yCl6 double
perovskites by machine learning prediction from
density functional theory ground state properties

Marina S. Günthert, *ab Larry Lüer, a Oleksandr Stroyuk, c

Oleksandra Raievska, c Christian Kupfer, ac Andres Osvet, a Bernd Meyer b

and Christoph J. Brabec acd

Halide double perovskites are an emerging class of lead-free materials for optoelectronic and photovoltaic

applications. Their properties can be tuned by changing ion ratios on different sublattices. An example is

Cs2AgxNa1−xBiyIn1−yCl6 (CANBIC), which shows impressive photoluminescence for a small range of

compositions. In this work, we combine perfect experimental composition control in high-throughput

synthesis with density functional theory (DFT) calculations and machine learning to identify the subspace

of optimal ion ratios. For the example of CANBIC, we demonstrate that important excited state

parameters determining photoluminescence can be successfully predicted by using only high-

throughput DFT ground state data in a two-step machine learning algorithm. This approach reveals the

relevant ground state features for the observed photoluminescence and is in accordance with the self-

trapped exciton mechanism.
1 Introduction

Lead-halide perovskites have undergone extraordinary develop-
ment over recent years in the eld of optoelectronics and
particularly photovoltaics (PV), with champion PV cells demon-
strating power conversion efficiencies above 25%.1,2 Nonetheless,
they face two major problems: toxicity and stability. Therefore,
the need to investigate lead-free alternatives has arisen, for
example, through the substitution of Pb2+ in CsPbX3 with two
heterovalent ions: one monovalent and one trivalent in an alter-
nating manner. This leads to a class of lead-free halide double
perovskites with the general formula A2B(I)B(III)X6. The most
popular representatives of this material class are Cs2AgBiX6,3–6

Cs2NaBiX6,7 Cs2AgInX6,8–10 and Cs2NaInX6,11 with X = Cl, Br, I.
Double perovskites have revealed unprecedented composi-

tional exibility due to the feasibility of independent variation
of all four components as well as of alloying of two (and more)
components on the B(I), B(III), and X sites.12–14 The latter
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the Royal Society of Chemistry
approach appeared to be especially fruitful for the design of new
optoelectronic materials because alloying on B(I) and B(III) sites
breaks the symmetry of the perovskite lattice, resulting in
drastic changes in the absorption and emission of light as well
as in the dynamics of photo-physical processes.15

A particular example of such compositional design is
Cs2AgxNa1−xBiyIn1−yCl6 (abbreviated as CANBIC by the rst
letters of constituent elements). Previous experiments have
shown that the variation of the cation ratio at both the B(I) and
B(III) sites in CANBIC results in a large variety of double perov-
skite compositions showing solid solution behavior rather than
phase separation.13,14 The most interesting feature of these
materials is the existence of very strong photoluminescence
under UV irradiation as reported previously.13,16–18 The photo-
luminescence in CANBIC stems from a self-trapped exciton
(STE). A STE is generally attributed to a strongly localized
exciton (=trapped) in a lattice distortion. Therefore, it occurs in
materials with a so lattice.19

In the quest for high-performance, nontoxic PVmaterials, we
need to maximize both energy efficiency (electrical output Wout

per optical inputWin), which requires minimizing non-radiative
losses, and external quantum efficiency (electrons out per
photons in), which balances photon utilization and contributes
to integral power efficiency. Achieving high external quantum
efficiency requires a high absorption coefficient and efficient
separation of primary photo-excited electron–hole pairs into
mobile charge carriers.
Digital Discovery, 2026, 5, 1215–1227 | 1215
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To do justice to the broad range of possible compositions,
a high-throughput screening approach is needed for nding the
best ion ratios in the two B-sublattices. Given the quasi-innite
compositional and processing space, computational pre-
screening is mandatory to identify subspaces of high chance
to encounter materials with the desired properties. However,
the quantum-chemical prediction of the required excited-state
properties, such as charge separation and recombination
rates, is extremely resource consuming and therefore not apt for
high-throughput screening.

For this reason, we explore in this work whether this gap can
be bridged using a machine learning model, trained solely on
easily accessible ground state data, which we collect from high-
throughput density functional theory (DFT) calculations, to
predict the excited-state properties of interest measured exper-
imentally (see Fig. 1 for the overall workow). We choose three
target properties that are guaranteed to correlate with PV
performance but can be obtained without actually building the
devices, thereby strongly accelerating experimental screening of
the subspaces identied by computational pre-screening: (i) the
radiative recombination rate kr is linked to the absorption
coefficient via the Strickler/Berg relation and can be obtained by
combining steady-state photoluminescence (PL) and transient
photoluminescence (TRPL) measurements; (ii) from the same
experiments, the non-radiative recombination rate knr is also
available, controlling energy losses; (iii) from comparing steady-
state PL and UV-Vis measurements, the Stokes shi Es can be
obtained.

These three target properties, for which high quality exper-
imental data are available, are predicted by applying Gaussian
Process Regression (GPR) as a machine learning method on
a large set of ground state DFT data, spanning various struc-
tural, mechanical, electronic, and dynamical properties. To
avoid overtting, only such properties are included in the
predictive model, which provide additional explanation of
variance (mRMR – minimum Redundancy Maximum
Fig. 1 Schematic workflow: parameters from various sources (gray:
synthesis process parameters, green: high-throughput (HTP) experi-
mental data, and turquoise: high-throughput DFT data) are fed into
a two-step machine learning (ML) algorithm. The first step uses mRMR
to choose the relevant DFT parameters for the experimental photo-
luminescence data (predictors: HTP DFT data and targets: HTP
experimental PL data). Finally, the correlations between predictors and
targets are evaluated by GPR.

1216 | Digital Discovery, 2026, 5, 1215–1227
Relevance).20 The combination of GPR and mRMR has been
used successfully to identify the minimum feature set carrying
the essential information to predict degradation in organic
photovoltaics.21 Combining the data driven machine learning
(ML) approach with data sets based on experiments and DFT
provides a holistic picture of the combinatorial possibilities in
a material like CANBIC. We expect this algorithm to be of
a general nature for STE-emissive materials and applicable to
different compositions and classes of lead-free perovskites.
2 Methodology
2.1 Experimental

2.1.1 Synthesis. The synthesis was performed using the
procedure developed by Stroyuk et al.22 For a high-throughput
synthesis, the routine was adjusted to a pipetting robot for
automation. The synthesis is based on seven solutions: the rst
three (1–3) make up the rst precursor and four more (4–7)
make up the second precursor:

� Sol 1: 1 M InCl3 in 4 M HCl.
� Sol 2: 1 M BiCl3 in 4 M HCl.
� Sol 3: 5 : 1 2-propanol : 12 M HCl.
� Sol 4: 20 : 1 2-propanol : 13.4 M HCl.
� Sol 5: 1 M AgNO3 in water.
� Sol 6: water.
� Sol 7: 7.5 : 2.5 : 6 water : 4 M NaAc : 4 M CsAc.
The 6 × 8 well plate geometry gave rise to the idea of the

nominal x and y ratios described in Table 1. In the rst step, two
separate well plates were synthesized, one with varying x ratios
for columns 1–8 and one with varying y ratios for rows A–F. The
corresponding volumes of the individual solutions present in
precursors I and II are shown in Table 1 as well.

In the second step, the two plates are mixed well by well
under constant shaking and le overnight for crystallization.
Aer crystallization, the residual solvent was decanted and the
Table 1 Synthesis amounts of individual solutions (in ml) and exchange
ratios x and y on the experimental well plate produced via automated
robotic synthesis

Amounts and ratios

1 2 3 4 5 6 7 8

Sol 1 100 95 90 75 50 25 10 0
Sol 2 0 5 10 25 50 75 90 100
Sol 3 600 600 600 600 600 600 600 600
y 0.00 0.05 0.10 0.25 0.50 0.75 0.90 1.00

Amounts and ratios

A B C D E F

Sol 4 500 500 500 500 500 500
Sol 5 0 10 30 50 80 100
Sol 6 100 90 70 50 20 0
Sol 7 160 160 160 160 160 160
x 0.00 0.10 0.30 0.50 0.80 1.00

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Double perovskite structure (shown for the specific example of
CAIC). (a) Primitive 10 atom fcc unit cell. (b) Conventional 40 atom
cubic unit cell. (c) (2 × 2 × 2) 80 atom fcc supercell used for repre-

Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

6 
Ja

nu
ar

y 
20

26
. D

ow
nl

oa
de

d 
on

 6
/1

9/
20

26
 3

:4
5:

35
 A

M
. 

 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
particles were resuspended in 1 ml of 2-propanol and centri-
fuged for 2 min at room temperature and 1000 rpm using
a Hermle Z 32 HK. Aerwards, the residual solvent was removed
again and the procedure was repeated another time.

The synthesis relies mainly on sodium salts, which results
in an overall minimum percentage of sodium in all
double perovskites of 15% even aer purication (visible
from EDX data; see Table S1 in the SI). Aer the synthesis,
the samples for optical and structural analysis were
produced by drop-casting of the fresh precipitates suspended in
0.20 ml of 2-propanol on glass (or adhesive carbon tape,
respectively). Aer drying for 2–5 min, a dense and homoge-
neous layer forms.

2.1.2 Analysis. The EDX analysis was performed using
a JEOL JSM-7610F Schottky eld emission scanning electron
microscope operating under 15–20 kV acceleration voltage
equipped with a Deben Centaurus detector (for CL measure-
ments) and an X-Max 80 mm2 silicon dri detector (Oxford
Instruments and AZtec Nanoanalysis soware, for EDX
measurements). The samples were prepared by drop-casting
a suspension in 2-propanol on adhesive carbon tape placed
on top of a single silicon crystal and dried under ambient
conditions.

The XRD patterns were registered using a Panalytical X'Pert
powder diffractometer with ltered Cu Ka radiation (l= 1.54178
Å) and with an X'Celerator solid-state stripe detector in the
Bragg–Brentano geometry with an angular range of 2q = 5–100°
and a step rate of 0.05° per min. Analysis was performed with
MAUD soware to carry out Rietveld renement. The samples
were drop-cast as suspensions in 2-propanol on glass substrates
and dried under ambient conditions.

Aer excitation with a 75 W xenon lamp from Thorlabs, the
reectance spectra were recorded using a Lack Comet spec-
trometer from StellarNet Inc. An optical Y-ber probe with an
identical geometry for the sample and the ultra-pure BaSO4

reference from Alfa-Aesar was used for the registration of the
spectra. Absorption spectra were then obtained by the division
of the reectance spectra of the sample and the reference, fol-
lowed by subtracting the baseline.

The same spectrometer used for the reectance spectra was
used for the photoluminescence spectra in the range of 190–
1000 nm with a UV LED from Thorlabs (360–370 nm) as the
excitation source. For the kinetic curves of PL decay, a custom-
designed setup based on a FluoTime300 luminescence spec-
trometer from PicoQuant GmbH was used. The setup is
equipped with a 402 nm LDH-P-C-405B laser, which was used to
excite the samples via an optical ber. The PL signal was
collected in the range of 420–800 nm with excitation and
emission slits set to 4 nm.

By combining stationary measurements of the photo-
luminescence quantum yield (PLQY) from Stroyuk et al.16 with
the kinetic data on PL lifetime s, the values of the rate constants
of the radiative recombination kr and the non-radiative recom-
bination knr can be calculated using the following
relationships:16
© 2026 The Author(s). Published by the Royal Society of Chemistry
s ¼ 1

kr þ knr
PLQY ¼ kr

kr þ knr
kr ¼ PLQY

s
: (1)
2.2 Density functional theory

DFT calculations were performed using the periodic plane-wave
code PWscf of the Quantum Espresso soware package (version
7.0).23,24 The gradient-corrected exchange–correlation func-
tional of Perdew, Burke and Ernzerhof revised for solids (PBE-
sol),25 Vanderbilt ultraso pseudopotentials,26 and a plane-wave
basis set with an energy cutoff of 30 Ry were used. In the
calculations of optical properties, the ultraso pseudo-
potentials were replaced with SG15 optimized norm-conserving
Vanderbilt (ONCV) pseudopotentials and the plane-wave energy
cutoff was increased to 60 Ry.27,28 The RPA frequency-dependent
complex dielectric function is calculated using the PBEsol
eigenvalues and eigenstates.23,24

All parent compounds of CANBIC, i.e., Cs2AgBiCl6 (CABC),
Cs2NaBiCl6 (CNBC), Cs2AgInCl6 (CAIC), and Cs2NaInCl6 (CNIC),
have a face-centered cubic (fcc) crystal structure belonging to
the space group Fm�3m (225).29 The primitive and conventional
double perovskite unit cells are shown in Fig. 2. For the calcu-
lations of various ground-state properties of CANBIC with
different ion ratios x and y, we doubled the primitive fcc unit
cell in all crystallographic directions to get an 80 atom (2 × 2 ×

2) fcc supercell (see Fig. 2). This supercell has eight B(I) and
eight B(III) sites, thus allowing us to sample altogether 81
different CANBIC compositions. Structure optimization was
done by relaxing all atomic positions and the cubic lattice
constant using a (2, 2, 2) Monkhorst–Pack k-point mesh for the
supercell, i.e., the crystal structure was constrained to the fcc
Bravais lattice, but no constraints were imposed on the atomic
positions. The atoms were allowed to locally break the cubic
symmetry by, for example, random off-centering or octahedra
tilts and rotations. The density of the k-point mesh was
increased to (4, 4, 4) in the calculations of elastic and optical
properties and to (6, 6, 6) in density-of-states (DOS) calculations.
2.3 Machine learning

The minimum Redundancy Maximum Relevance (mRMR)
embedded Gaussian Process Regression (GPR) used in this
senting different ion ratios on the B(I) and B(III) sites. Cs: violet, Ag: gray,
In: brown, and Cl: green.

Digital Discovery, 2026, 5, 1215–1227 | 1217
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work has previously been introduced by Liu et al.21 It is capable
of nding the essential predictors for a target quantity from
a large number of features. For the evaluation of best predictors,
the hierarchical mRMR algorithm was given the following
ground state DFT properties to choose from as features:

� Structural features: lattice constant a [Å], unit cell volume V
[Å3], unit cell mass M [u], and density r [u Å−3].

� Elastic constants: c11 [GPa], c12 [GPa], and c44 [GPa].
� Derived elastic properties: bulk modulus B [GPa], shear

modulus G [GPa], Young's modulus Y [GPa], and Poisson ratio n.
� Electronic properties: bandgap Eg [eV] and valence band

shi VBshi [eV].
� Dynamical properties: Debye temperature QD [K].
The evaluated target properties are the three crucial param-

eters: Stokes shi Es and radiative and non-radiative recombi-
nation rates kr and knr, respectively.

The optimization is performed on the basis of knownmRMR
implementations,30–32 but it does not use a dedicated redun-
dancy measure but instead aims for the improvement of the
root mean square error. This limits the number of possible
predictors to a few hundred due to computational cost, which is
still sufficient for the present study.

In addition to predictive uncertainty, model robustness is
assessed using a bootstrap-like resampling procedure. For each
GPR conguration, 50 random train/test splits (75/25) are
Fig. 3 Structural optimization of CANBIC compounds. (a) DFT total ene
Cs2AgBiCl6 (CABC). (b) XRD patterns for different Ag ratios; right: zoom
zoomed-in region of 23–25°. (d) 2D map of DFT-computed lattice para

1218 | Digital Discovery, 2026, 5, 1215–1227
performed, and only surrogate models with RMSE within 0.8–
1.2 times the mean RMSE are retained, thereby excluding failed
or degenerate ts. Hyperparameters are optimized using auto-
matic relevance determination (ARD), with a lower bound
imposed on standardized length scales to favor monotonic
trends.
3 Results and discussion

For a good prediction of the experimentally measured photo-
luminescence properties by ML from the DFT ground state
features, two criteria have to be fullled: rst, the DFT results
have to be in good accordance with experimental results, and
second, data have to be continuous functions.

For the prediction of the photoluminescence criteria, the
DFT calculations were performed to evaluate different ground-
state properties of CANBIC perovskites, including structural
properties, in particular the lattice parameter, elastic parame-
ters (elastic constants, bulk, shear, and Young's moduli, and
Poisson ratio), optical properties (dielectric function, reectiv-
ity, energy loss function, absorption coefficient, refractive index,
optical conductivity, and extinction coefficient), electronic
properties (band structure and density-of-states), and dynam-
ical properties (Debye temperature).
rgy as a function of the cubic lattice parameter a for the example of
ed-in region of 23–25°. (c) XRD patterns for different Bi ratios; right:
meters a. (e) 2D map of measured lattice parameters from XRD.

© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5dd00152h


Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

6 
Ja

nu
ar

y 
20

26
. D

ow
nl

oa
de

d 
on

 6
/1

9/
20

26
 3

:4
5:

35
 A

M
. 

 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
3.1 Density functional theory

The high-throughput DFT calculations were done with the 80
atom fcc supercell. This allows for eight B(I) and eight B(III)
exchange positions and a total of 81 different compositions. For
all compositions, the ground-state properties listed above were
calculated and the results are presented in 2D colormaps with
the B(I) ratio on one and the B(III) ratio on the other axes. Each
dot in the map represents one distinct evaluated composition
(the same goes for the presentation of the experimental data).

3.1.1 Structural properties. The lattice parameter is opti-
mized by minimizing the total energy of the supercell, as shown
in Fig. 3a for one particular composition. The four corners of
the compositional space will be referred to as “parent
compounds” due to those being pure double perovskites
without interchangeable ion ratios. The 2D map in Fig. 3d
shows a decline in lattice parameters going from Cs2NaBiCl6
(CNBC) to Cs2AgInCl6 (CAIC) with a slope of 0.14 Å for x and
0.28 Å for y. Both this trend and the absolute values are in
accordance with experimental values obtained from XRD
measurements (Fig. 3b and c) and corresponding Rietveld
renement. From the diffractograms, it is clear that all
compositions with both varying Ag (Fig. 3b) and Bi (Fig. 3c)
contents display the same pattern with only slight shis in peak
positions, as can be seen from the enlarged insets on the right
side. This conrms the solid-solution behavior with changing
lattice parameter for the varying compositions. The resulting
lattice parameters displayed in the 2D map (Fig. 3e) overall
Fig. 4 2D maps of the DFT calculated elastic properties of CANBIC and
shear modulus G, (c) Young's modulus Y, and (d) Debye temperature QD

© 2026 The Author(s). Published by the Royal Society of Chemistry
fulll the accordance and continuity criterion, the same as for
the DFT counterpart in Fig. 3d.

3.1.2 Elastic and dynamical properties. Elastic properties
describe the response of a material to mechanical stress. This is
of particular interest for CANBIC considering the STE nature of
the photoluminescence. STE is attributed to lattice distortions
and therefore is expected to correlate with the elasticity of the
material. Due to the cubic symmetry, the relevant elastic
constants are c11, c12, and c44. They were calculated by applying
small strains to the equilibrium lattice, determining the
resulting change in the total energy as described by Mehl et al.33

From these three elastic constants, the derived parameters bulk
modulus B, shear modulus G, Young's modulus Y, and Poisson
ratio n are calculated according to34

B ¼ c11 þ 2c12

3
(2a)

G ¼ c11 � c12 þ 3c44

5
(2b)

Y ¼ 9BG

3Bþ G
(2c)

n ¼ 3B� 2G

2ð3Bþ GÞ (2d)

The bulk and shear moduli together with the density r of the
material determine the transversal and longitudinal velocities
schematic representation of the deformation. (a) Bulk modulus B, (b)
.

Digital Discovery, 2026, 5, 1215–1227 | 1219
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of sound vt and vl, respectively, which can be used to derive the
Debye temperature QD using a simple Debye model:34,35

vt ¼
ffiffiffiffi
G

r

s
vl ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Bþ 4

3
G

r

vuut
vm ¼

�
1

3

�
1

vl3
þ 2

vt3

���1
3

(3a)

QD ¼ h

k

�
3Nat

4p

� r

M

��13
vm: (3b)

Nat is the number of atoms in the unit cell and M is their
mass.

Fig. 4 depicts both the 2D colormaps for the bulk, shear, and
Young's modulus with the corresponding distortion schemes
Fig. 5 Dielectric functions and derived properties of CANBIC parent com
the dielectric function 32, (c) auxiliary factor K, (d) absorption coefficient a
L, (h) extinction coefficient k, and (i) reflectivity R.

1220 | Digital Discovery, 2026, 5, 1215–1227
and the 2D colormap for the Debye temperature. The derived
elastic and dynamic constants (Fig. 4) show similarly smooth
trends like the lattice parameter. The values obtained for the
four parent compounds match with literature values using the
same technique.36–38 Both the bulk and shear moduli in Fig. 4a
and b are almost invariant in terms of the Ag fraction. The
opposite is visible for the Debye temperature, which is almost
invariant to the Bi fraction (Fig. 4d). Interestingly, the Young's
modulus displays a diagonal shi decreasing with almost the
same slope on the x- and y-axes (Fig. 4c). Values for the indi-
vidual elastic constants and the Poisson ratio can be found in
Fig. S1 of the SI. All calculated elastic properties, both the elastic
constants and the derived moduli, fulll the continuity
criterion.
pounds. (a) Real part of the dielectric function 31, (b) imaginary part of
, (e) refractive index n, (f) optical conductivity s, (g) energy loss function

© 2026 The Author(s). Published by the Royal Society of Chemistry
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3.1.3 Optical properties. For the evaluation of an opto-
electronic material, optical properties are crucial. The optical
properties of CANBIC are obtained by rst calculating the
frequency-dependent complex dielectric function 3(u) = 31(u) +
i32(u). From the real and imaginary parts of 3(u), the following
optical functions are derived: the absorption coefficient a(u),
the refractive index n(u), the optical conductivity s(u), the
energy loss function L(u), the extinction coefficient k(u), and the
reectivity R(u):

KðuÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
312ðuÞ þ 322ðuÞ

p
(4a)

aðuÞ ¼
ffiffiffiffiffiffi
2u

p

c

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
K � 31ðuÞ

p
(4b)

nðuÞ ¼ 1ffiffiffi
2

p
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
K þ 31ðuÞ

p
(4c)

sðuÞ ¼ 32ðuÞ
4p

(4d)

LðuÞ ¼ 32ðuÞ
K2

(4e)

kðuÞ ¼ 1ffiffiffi
2

p
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
K � 31ðuÞ

p
(4f)

RðuÞ ¼ ðn� 1Þ2 þ k2

ðnþ 1Þ2 þ k2
: (4g)

A full set of the derived optical functions for the CANBIC
parent compounds is given in Fig. 5. Only the Ag-containing
compounds CABC and CAIC show non-zero 32 values in the
visible range (1.5–3.1 eV). Clearly 31(0) increases from 2.33 to
3.74 eV for CNIC < CNBC < CAIC < CABC. For energies higher
than 7.5 eV, all parent compounds show almost the same course
for 31 and 32. The refractive index in the visible range is between
1.5 and 2.0 for all materials. The absorption coefficient shows
a steep decrease at z10.0 eV for all compositions. Each of the
compounds has at least two more absorption peaks (Table 2).
From the absorption spectra, the bandgap can also be estimated
by evaluating the absorption onset (Fig. 6c).

3.1.4 Electronic properties. The onset of the absorption
spectra can be directly compared to the bandgap values ob-
tained from the band structure calculations (Fig. 6d) and the
experimental bandgap (Fig. 6e). The experimental bandgap was
obtained using the measured absorption spectra and applying
the indirect Tauc plot shown in Fig. 6f for varying Bi content at
x(Ag) = 0.5, revealing a slight decrease in the bandgap with
increasing Bi content. On the other hand, both DFT and
Table 2 Position of the main absorption peaks (in eV)

CNIC CABC CAIC CNBC

Peak 1 4.69 3.91 3.55 5.83
Peak 2 8.60 8.60 9.02 8.24
Peak 3 13.59 13.53 13.65 13.47

© 2026 The Author(s). Published by the Royal Society of Chemistry
experimental results show a strong decrease in the bandgap for
increasing Ag fraction. Overall, DFT and experiment show the
same trends. The main difference is the sample row with y(Bi)=
0, where the experimental values are higher than for y(Bi) > 0,
which is not visible in the DFT results, neither from absorption
nor from band structure calculations.

Along with the bandgap, additional information can be
derived from the electronic structure calculations. To demon-
strate the whole variance of the compositional space, two parent
compounds with opposing compositions are shown in Fig. 6a
and b: CAIC and CNBC. In particular, the data presented here
show that the exchange of the B-site ions leads to a signicant
change in the valence bandwidth from almost 5.0 eV for CAIC to
2.5 eV for CNBC (Fig. 7a). This can be explained by analyzing the
atom-resolved projected density-of-states (DOS) diagrams. For
CAIC, the valence band is almost entirely composed of Ag- and
Cl-related states. For CNBC, this Ag contribution obviously
vanishes but a small Bi contribution very close to the valence
band edge emerges. Another but less prominent feature is the
composition of the conduction band. In both cases, the
conduction band is made up of B(III) states, but for Bi there are
signicantly more unoccupied states than for In. More details
on the elemental fractions of the conduction and valence bands
over the whole material composition range can be found in
Fig. S2 and S3 of the SI.

The position of the Cs-related peak was found to shi from
z6.8 eV for CAIC toz6.2 eV for CNBCwith respect to the valence
band edge (Fig. 6a and b). The Cs peak originates from deep,
almost core-like states, which are not affected by the composi-
tion. The observed shi can therefore directly be attributed to the
change in the valence band edge due to the compositional vari-
ation. This gives us the opportunity to evaluate the valence band
position in correlation to x and y (Fig. 7b). The calculated shis of
the valence band edge can be compared with experimental
results from XPS measurements (Fig. 7c).16 In the experiments,
only a small number of compositions were evaluated, allowing
a comparison only for a subset of the whole compositional space.
However, this comparison shows a perfect alignment of the
experimental (black) and theoretical (red) results. Therefore, the
graph in Fig. 7c can be used as a calibration to determine the VB
position with respect to the vacuum level from the calculated VB
edge shis for the missing experimental data points.
3.2 Photoluminescence data

The experimental photoluminescence data are summarized in
Fig. 8. The luminescence is visible for compositions with non-
zero Ag and Bi contents. Its bright luminescence under UV
illumination is probably the most investigated feature of CAN-
BIC in previous work.12,16 The photoluminescence spectra
(Fig. 8a) show a single broad emission peak that shis to lower
energies for increasing Bi content but is almost invariant for
changing Ag content. The width of the emission peak is almost
constant (Fig. 8b and c).

For a potential application of CANBIC, it is essential to
understand how the luminescence features change with the
composition. Therefore, three features, the Stokes shi Es, the
Digital Discovery, 2026, 5, 1215–1227 | 1221
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Fig. 6 Band structures of (a) CAIC and (b) CNBC with total and atom-resolved projected DOSs (calculated with the primitive 10 atom fcc unit
cell). 2D maps of the electronic properties of CANBIC: (c) absorption onset from Fig. 5d, (d) bandgap from DFT band structure calculations, (e)
experimental bandgap from the indirect Tauc plot. (f) Absorbance data of samples with varying Bi content at x(Ag)= 0.5 adapted for indirect Tauc
plot analysis.
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radiative recombination rate kr and the non-radiative recombi-
nation rate knr, are investigated.

In Fig. 8g, the kinetic luminescence decay curves of different
compositions with varying Bi content are shown. With
increasing Bi content, the luminescence lifetime decreases
from z1300 ns to z150 ns. The luminescence lifetime s was
evaluated by using a stretched exponential with exponent b to t
the time t dependent decay curves:22,39,40
Fig. 7 (a) 2Dmap of the valence bandwidth. (b) 2Dmap of the valence ba
vacuum from XPS and DFT-calculated VB shift for varying Bi content at

1222 | Digital Discovery, 2026, 5, 1215–1227
f(t; s, b) = e−(t/s)1/b. (5)

The results are shown in Fig. 8e. The radiative and non-
radiative recombination rate constants kr and knr are then
determined by using eqn (1) (Fig. 8h and i).

Fig. 8d shows the combined PL and absorption spectra of
samples with varying Bi content. All display a Stokes shi
between 0.6 eV and 1.1 eV, which is quite stable for the
nd edge shift VBshift. (c) Comparison between valence band shift against
x(Ag) = 0.4 (experimental data from Stroyuk et al.16).

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 8 (a) PL spectra of samples with varying Bi content at x(Ag) = 0.5 and with varying Ag content at y(Bi) = 0.5. (b) 2D map of the photo-
luminescence intensity. (c) 2D map of the photoluminescence maximum position. (d) Combined photoluminescence and absorption data of
samples with varying Bi content at x(Ag)= 0.5 displaying the Stokes shift. (e) 2Dmap of the photoluminescence lifetime s. (f) 2Dmap of the Stokes
shift Es. (g) Transient photoluminescence data of samples with varying Bi content at x(Ag)= 0.5. (h) 2Dmap of the radiative recombination rate kr.
(i) 2D map of the non-radiative recombination rate knr.
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compositional exchange. Both the PL peak and the absorption
edge move to lower energies for increasing Bi content, but the
PL movement is more dominant.

CANBIC's highest luminescence intensity is found for x= 0.4
and y = 0.05 (Fig. 8b). The same composition also possesses the
highest luminescence lifetime and radiative recombination rate
(Fig. 8e and h). CANBIC is known to be a self-trapped exciton
material, which is in accordance with the high PLQY and life-
time observed and explains the prominent Stokes shi.

In CANBIC, the ideal recombination rates (low non-radiative,
high radiative) are found for compositions with high Ag (85%)
and low (but nonzero!) Bi (10%) content. Unfortunately, at this
composition, the Stokes shi is rather high, making exciton
dissociation into mobile carriers an inefficient process. As
shown in Fig. 8f, minimization of the Stokes shi would require
maximizing the Bi content, which however has adverse effects
on non-radiative recombination (see Fig. 8i). This means that
there exists no composition at which CANBIC will be a good PV
material. Using ML, we hope to identify orthogonal DFT
© 2026 The Author(s). Published by the Royal Society of Chemistry
predictors for the Stokes shi and the recombination proper-
ties, respectively; these would allow us to identify new double
perovskites with promising excited state properties as PV
materials by computational pre-screening.
3.3 Machine learning: mRMR and GPR

For the prediction of this multi-objective target, multiple steps
are necessary. Primarily, the suitable and most relevant DFT-
calculated identiers for the photoluminescence parameters
have to be found using a minimum redundancy maximum
relevance (mRMR) algorithm. Aerwards, the predictors iden-
tied in this way are used to generate a predictive model via
a regression algorithm, specically Gaussian Process Regres-
sion (GPR).20 The outcome of this predictive model is a possible
indicator of the physics behind the photoluminescence.

To enhance the probability for generalization beyond the
available dataset, we restricted the shape of the machine
learned surrogate function to monotonous trends. A simple
Digital Discovery, 2026, 5, 1215–1227 | 1223
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Table 3 List of the best predictors from mRMR

Target Best predictors

Stokes shi Es Density r
Elastic constant c12

Radiative rate kr Debye temperature QD

Valence band shi VBshi

Non-radiative rate knr Mass M
Debye temperature QD
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example is displayed schematically in Fig. 8b: in our experi-
mental dataset, PLQY shows a local maximum for a certain Ag/
Na ratio. If we allow local maxima in the surrogate function
along any given predictor, then mRMR will “happily” select the
experimental Ag/Na ratio itself as a good predictor for PLQY.
Even if we exclude experimental parameters from the predictor
list, mRMR will still look for DFT properties that are strictly
Fig. 9 2D maps of photoluminescence targets predicted from ground st
of the radiative recombination rate kr (in a.u.), (c) decadic logarithm of t
represent the dataset; the color contour plot displays the prediction. Pre
elastic constant c12 and density r. (d) Single objective functions of indiv
evaluation.

1224 | Digital Discovery, 2026, 5, 1215–1227
proportional to the Ag/Na ratio. Although this single predictor
will correctly predict the Ag/Na ratio of maximum PLQY, it is
improbable that it will generalize beyond the CANBIC class.
However, if we disallow local extrema, then we force mRMR to
identify the individual counter-players causing the local PLQY
maximum, namely a single predictor that increases PLQY and
another one that decreases it. These predictors have a higher
chance to generalize beyond a specic material class.

Feature selection is performed by sequential addition of
predictors to the GPR by a greedy algorithm, thereby allowing
mRMR to be extended to non-linear correlations: rst, GPR is
run on all single predictors, and the one with the highest R2

value is retained. Out of the remaining predictors, the one
bringing the strongest increase in R2 is added. The procedure
ends when no further predictor increases R2 signicantly. To
test the stability of the resulting surrogate function, each GPR is
run 50 times in a bootstrap scheme.
ate DFT best predictors: (a) Stokes shift Es (in eV), (b) decadic logarithm
he non-radiative recombination rate knr (in a.u.). The individual points
dictive model output for the prediction of the Stokes shift Es from the
idual predictors and targets. (e) Result plot with training and test data

© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5dd00152h


Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

6 
Ja

nu
ar

y 
20

26
. D

ow
nl

oa
de

d 
on

 6
/1

9/
20

26
 3

:4
5:

35
 A

M
. 

 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
The list of best predictors for each target is given in Table 3.
These predictors can now be used in a regression algorithm to
predict the target properties. Fig. 9a–c show the corresponding
surrogate models (colored isocontour) together with the exper-
imental values (symbols). Color matching between symbols and
isosurfaces shows the high quality of the prediction, as well as
the absence of hidden parameters.

It is apparent that the dataset is not fully independent and
isotropically distributed; specically, there is some correlation
between the elastic constant c12 and the density r in Fig. 9a and
between the valence band shi VBshi and the Debye tempera-
ture QD in Fig. 9b. However, the spreading of the datapoints
across the two-dimensional space is sufficient to quantify
individual trends along both dimensions. This can be shown
more clearly in one-dimensional intersections through the
surrogate function. An example is displayed in Fig. 9d for the
Stokes shi Es; the corresponding plots for kr and knr can be
found in Fig. S5 of the SI. In Fig. 9d, the surrogate model is
shown by a blue line. Light blue regions indicate the 95%
condence interval of a single prediction, as reported by GPR,
while dark blue regions identify the 95% condence interval for
the trend. Fig. 9d shows that despite the correlation between c12
and r, the trends along both dimensions can be assessed with
low uncertainty.

The set of decisive and sufficient features in Table 3 exhibits
the desired orthogonality, allowing the optimization of one
target without penalizing the other. However, with the current
dataset, we cannot demonstrate the generalization of these
predictors beyond CANBIC. For this reason, we apply domain
knowledge to assess their potential for generalization.
3.4 Evaluation of the model

To gain physical insight from a numerical model, a closer look
at the chosen best predictors is necessary.

For the Stokes shi in Fig. 9a, the most relevant predictors
are the density and one of the elastic constants. Both correla-
tions are monotonic with the elastic constant having a far
stronger inuence on the target variable. With CANBIC being
a self-trapped exciton material and self-trapping being strongly
correlated with localized lattice distortions, this correlation is
expected but nevertheless gratifying.

The non-radiative recombination rate is almost purely
dependent on the molecular mass of the system with a slight
deviation depending on the Debye temperature. A smaller
molecular mass in this prediction indicates a lower non-
radiative recombination rate. On the other hand, the
compounds with the smallest molecular weight of the synthesis
procedure could not be evaluated in this prediction, as they are
not luminescent. Therefore, no rate constants could be deter-
mined in this work.

The nal target property (the radiative recombination rate) is
described again by the Debye temperature and additionally the
VB edge shi. This is of special interest, as for none of the
targets the PBEsol calculated bandgap was chosen as a predictor
by the algorithm, but instead another characteristic of the
calculated electronic structure. The accuracy of this parameter
© 2026 The Author(s). Published by the Royal Society of Chemistry
has already been shown by the XPS data comparison (Fig. 7c).
Again, similar to the non-radiative recombination rate, the
Debye temperature is a weaker predictor.

A high radiative and low non-radiative recombination rate
originates either from a low number of trap states or a high
defect tolerance of the material, mostly attributed to shallow
trap states. CANBIC is known to have PLQY $ 90%, which
already indicates a high defect tolerance or shallow traps. This
observation is in accordance with CANBIC being a self-trapped
exciton material, which is in general highly defect tolerant.
4 Conclusions

Overall, we demonstrated the possibility to investigate lead-free
halide double perovskites with interchangeable cation ratios by
high-throughput DFT calculations of a broad range of struc-
tural, elastic, optical, electronic and dynamical ground state
properties. The DFT results are in very good accordance with the
available experimental results and at the same time broaden the
knowledge with data that could not be obtained experimentally
due to the synthesis procedure or the amount of material
consumption.

For identifying subspaces of compositions with optimized
ion ratios we developed a rapid pre-screening method of
potential photovoltaic candidates for double perovskites. By
using a GPR with embedded feature selection, we selected the
relevant, non-redundant ground state DFT properties for the
prediction of uorescent properties. The model yields high-
quality values for the Stokes shi and the radiative and non-
radiative recombination rate without the use of sophisticated
computational methods, which would be needed to determine
excited-state properties.

Finally, we conclude that the Stokes shi is related to the
lattice stiffness as expected for a self-trapped exciton material
and therefore with a less stiff lattice the charge carrier mobility
could be increased. Combining this information and the
correlations for the recombination rates, a full set of proxies for
the portfolio of requirements for a photovoltaic material is
dened.
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Data availability

TheML code as well as the corresponding dataset is available on
GitHub at https://github.com/larryluer/mrmr-gpr (building
predictive models in a materials science context) and on
Zenodo at https://doi.org/10.5281/zenodo.18301315. The
experimental data are archived on Zenodo at https://doi.org/
10.5281/zenodo.6992560 and the DFT data are published on
Zenodo at https://doi.org/10.5281/zenodo.17800198.

Supplementary information (SI): further characterization
data of CANBIC, the ML training data, the mRMR training data,
and the list of GPR predictions. See DOI: https://doi.org/
10.1039/d5dd00152h.
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