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Bayesian optimization and prediction of the
durability of triple-halide perovskite thin films
under light and heat stressors†

Deniz N. Cakan, a Eric Oberholtz,a Ken Kaushal,ab Sean P. Dunfield a and
David P. Fenning *ab

Perovskite thin films are leading candidates for the wide bandgap active layer in tandem solar cells;

however, they are plagued by instability at elevated temperature, and under illumination. The large

compositional design space of perovskites offers hope to engineer stability but is difficult to search

effectively due to the generally low reproducibility in processing perovskite thin films. Here, we employ

Bayesian optimization (BO) in conjunction with precision automation of perovskite thin film processing

to improve the stability of perovskite films with a bandgap of E1.65 eV. The BO framework results in a

2.5� increase in the learning rate compared to traditional grid search. Additionally, we present a

regression model that provides the first robust prediction of perovskite stability under light and heat

based on readily-measured photoluminescence properties. This regression model achieves reasonable

predictive power (coefficient of variation of the root mean square error = 27%) for the task of correlating

fast and simple optical metrology with resource-intensive standardized light and heat tests that run for

hundreds of hours. Feature importance ranking confirms Br content and photoluminescence emission

stability under intense light as key indicators of durability.

1 Introduction

Halide perovskites have shown extraordinary promise in photo-
voltaic cells, achieving efficiencies of up to 26.1% in standalone
devices and 34.6% in tandem devices with silicon.1,2 These
breakthroughs are primarily attributed to the high optoelec-
tronic quality of solution-processed perovskite films3 and
advances in interface passivation, which mitigates issues such
as high defect densities/ion diffusion.4

Despite these advancements, achieving long-term stability under
both illumination and thermal stress continues to pose significant
challenges. 1-sun illumination testing is essential for evaluating and
demonstrating the durability of perovskite materials, as perovskites
are known to undergo halide segregation under non-equilibrium
conditions induced by light or heat.5–8 Additionally, hybrid perovs-
kites suffer from chemical degradation pathways. For example,
the commonly used A-site cation methylammonium9 and the
passivation molecule phenethylammonium, used in forming 2D

perovskites,10,11 have both been shown to undergo deprotonation
reactions that exhibit Arrhenius behavior.

Historical data show that few perovskite solar cells maintain
operational stability beyond 5000 h under these conditions.12,13

The urgency to improve perovskite durability has led the com-
munity to leverage accelerated aging tests such as ISOS-L-2
testing recommendations5 (1-sun illumination and 65 1C/
85 1C). Generally, the elevated temperature within the ISOS-L-2
testing provides some acceleration factor of perovskite degrada-
tion with respect to 25 1C testing, e.g. 40�,14 but the acceleration
will be dependent on the specific architecture of the cell and
module and the bill of materials as well as process conditions.

Testing at much higher temperatures to achieve faster
acceleration rates is generally not feasible as this would risk
activating unrealistic degradation pathways, especially with the
organic cations typically used in these perovskites.15 Conse-
quently, there is a practical limit to how much the aging factor
can be increased, which in turn limits the learning rate of ISOS-
L-2 or similar tests. The prolonged and resource-intensive
feedback loop in the durability assessment of today’s perovskite
materials and perovskite solar cells motivates the integration of
active learning and machine learning (ML) techniques to more
efficiently sample and correlate early-term (e.g., r1 h post-
fabrication) tests with the outcomes of standardized tests such
as ISOS-L-2.
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Machine learning regression techniques, such as random
forest regression (RFR) and Gaussian process regression (GPR),
have demonstrated some limited ability to predict the durabil-
ity of perovskite materials.16,17 For example, Hartono et al.
showed that an RFR prediction of the time-to-degradation of
methylammonium lead iodide (MAPbI3) films passivated with
different capping layers could help predict a degradation onset
over 700 min of ISOS-L-3 testing that includes humidity, light,
and heat.18

Unfortunately, the time-dependence in the measurement of
samples and their post-fabrication handling are often under-
estimated as variables in the process. Perovskite thin films are
known to exhibit variation in optoelectronic performance fol-
lowing exposure to light,19 humidity,20 and oxygen,21 as defect
concentrations can shift or new phases can form.4,22 This
process-induced and path-dependent variance, often unrec-
orded, could diminish the capacity of data-driven models to
discern underlying patterns in datasets with relatively small
sample sizes. Additionally, perovskites are notably sensitive to
process variables, such as the anti-solvent application timing23

and rate.24 The pioneering work toward machine learning of
perovskite durability16–18 has thus likely been limited in part by
the high variance inherent in operator-driven fabrication and
measurement processes, as noted by the authors themselves.18

We can conclude that inconsistency from fabrication to char-
acterization reduces experimental power.

On the other hand, there is significant opportunity for
process automation in reducing variance in perovskites25 – a
practice that is becoming increasingly prevalent26–32 due to its
enhancement of experimental throughput and process preci-
sion, while benefiting from the low-temperature processing of
perovskite thin films, in particular.

Here, we combine the use of perovskite automated spin coat
assembly line33 (PASCAL) and ML to investigate composition
engineering for durable wide bandgap perovskite thin films.
PASCAL automates the production and characterization of
perovskite thin films, significantly reducing the variance in
the optoelectronic properties of resulting films (with a coeffi-
cient of variation as low as 0.08% for photoluminescence peak
energy).33 This reduction in variance facilitates a systematic
and effective exploration of perovskite composition space.

Specifically, we focused the search on the double-cation,
triple-halide space (FA0.78Cs0.22Pb(I0.8�x�yBrxCly)3 x = 0–0.20
and y = 0–0.10), chosen for its existing proofs of relative
durability34 and suitable band gaps (Z1.6–1.7 eV) for two-
terminal tandem applications with a silicon bottom cell. We
investigate alloying the I-rich perovskite with Br and Cl to
widen the bandgap, where Cl is also known to enhance film
morphology,35,36 durability,37 and luminescence.38 We deliber-
ately avoid methylammonium (MA) precursors because of the
relative instability at elevated temperatures of films containing
remnant MA after annealing.12,39

We first benchmark the ability of readily available Bayesian
optimization (BO) models40 to explore and optimize over the
compositional space relative to traditional grid-search techni-
ques. The results indicate that BO can expedite the learning of

durable compositions by 2.5� via more efficient sampling than
traditional grid-search methods. Next, we used a random forest
regression (RFR) model41, a model which predicts outcomes via
a series of decision tree regressors, to link film level optoelec-
tronic characterization in PASCAL with lengthy 1-sun and 85 1C
degradation tests (specifically, film level ISOS-L-2).5,42 The
produced RFR model achieves a modal R2 correlation over
500 different samplings of the dataset of 67.8% and a coeffi-
cient of variation of the root mean square error (CVRMSE) of
27.5%. This result evidenced a mild but robust correlation and
predictive power of perovskite composition and PL spectro-
scopy with the film color change measured in the durability test
conducted under 1-sun and 85 1C conditions. This study high-
lights the successful application of simple ML models to
predict the degradation test performance of perovskite thin
films across diverse compositions, demonstrating the potential
to merge high-precision experimental automation with ML to
enhance the prediction of functional properties that are
resource-intensive to determine, specifically the durability of
halide perovskite thin films.

2 Experimental methods
2.1 Sample fabrication

Glass/(2-(3,6-dimethoxy-9H-carbazol-9-yl)ethyl)phosphonic acid
(MeO-2PACz)/perovskite sub-cells were fabricated using a
custom-built high-throughput experimentation platform, the
perovskite automated spin coat assembly line (PASCAL).33 Four
1.4 M endpoint solutions (Table S1, ESI†) for the double-cation
triple-halide space (FA0.78Cs0.22Pb(I0.8�x�yBrxCly)3 (x = 0–0.20,
y = 0–0.10 and 1% excess PbI2) were manually prepared and
mixed using PASCAL to prepare interpolated compositions.43

Thin films were deposited using PASCAL via spin coating inside
a glovebox with a constant N2 purge. Precisely, 40 mL of the
absorber solution was dispensed 5 s before spinning, followed
by spinning at 5000 rpm with 2000 rpm acceleration for 50 s.
With 30 s remaining in the step, 200 mL of methyl acetate was
dispensed at 2000 mL s�1 from 2 mm above the center of the
spinning substrate. Once the spin was complete, the sample
was immediately transferred to a hotplate at 100 1C for 30 min
using PASCAL. Finally, the sample was moved to an aluminum-
floored storage tray to cool to room temperature. Further
details regarding PASCAL as a platform, the cleaning procedure
of the substrates, and details of MeO-2PACz deposition are
provided elsewhere.33 Prototype cells from the initial grid
search were fabricated using a glass/ITO/MeO-2PACz/perovs-
kite/C60/BCP/Ag architecture. C60 (30 nm), BCP (5 nm), and Ag
(80 nm) were deposited using a glovebox-attached physical
vapor deposition system.

2.2 Scanning electron microscopy

SEM imaging (FEI) of select samples was performed using an
in-lens detector with an accelerating current of 0.1 nA and a
voltage of 5 kV.
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2.3 X-Ray-diffraction

XRD (Rigaku) measurements of select samples were performed
using an 8.04 keV Cu Ka focused beam light source with a Kb filter.

2.4 Photoluminescence

All PL measurements were conducted at least 3 min after the
annealed sample was allowed to cool to room temperature on
an aluminum tray (Fig. 1a). A 0.9 W 635 nm laser (ThorLabs)
was used as the excitation source within PASCAL for a single-
point initial PL spectra with approximately 0.1-sun’s power
density at the sample. The spectra were collected using a
200 mm slit grating spectrometer (StellarNet) with an 8 nm
spectral resolution and were analyzed by fitting a single Gaus-
sian to determine the PL peak intensity, peak emission energy,
and full-width half-max. PL stability measurements were then
taken using a 0.9 W 405 nm laser (ThorLabs) focused to
approximately 4-sun’s power density at the sample as an excita-
tion source for a 60 s duration, and each spectrum over time was
analyzed similarly to the initial PL spectral analysis. The initial
and final measurements were used to calculate the relative PL
intensity change and the PL peak shift. Photoluminesence

quantum yield (PLQY) measurements were carried out on a
home-built setup, and the details can be found elsewhere.33

2.5 Durability testing

After PL characterization within PASCAL, the sub-cells (glass/
MeO-2PACz/perovskite) were then immediately manually trans-
ferred to a custom 1-sun illumination and 85 1C testing plat-
form where an inert N2 environment is maintained, mirroring
the ISOS-L-2 recommendations (Fig. 1b). The testing platform
is equipped with white light LEDs (ViparSpectra) calibrated
to 1-Sun equivalent photon flux for the perovskite bandgap
(Fig. S1, ESI†). The sealed chamber is equipped with a custom
hot plate (temperature controlled to �1%) and a quartz window
and maintains a constant N2 gas purge. The sub-cells were
subjected to these heat and light conditions for 800 h.

2.6 Colormetrics

Following the colormetric method of Hartono et al.,18 optical
images (GoPro) of the perovskite films were taken in 20 min
intervals as they degraded under 1-sun illumination and 85 1C
test conditions. The RGB pixel values of each image were
converted to a CMYK color scale. The K grayscale component
of this CMYK color scale was then used as a proxy of film phase
stability, where the desired black phase (high K value) trans-
forms into a yellow PbI2 and/or yellow hexagonal FAPbI3 poly-
morph (low K value). The change in grayscale (DK) was
calculated between the final and initial images. Use of this
imaging technique was chosen for its compatibility with the
batch characterization of films under light and heat.18,44

2.7 Active learning framework

An active learning framework based on BO40 was tested as a means
to search more efficiently for more durable compositions within
the double-cation triple-halide perovskite composition space. The
active learning approach used a Gaussian process regression (GPR)
to make an initial fitting of a sample feature (composition) to a
desired predicted feature (light and heat stability). An objective
function, typically expected improvement45–47 (EI), then operated
on the GPR model predicted mean and uncertainty to suggest the
composition at which the optimal durability under light and heat
may be acquired.48

Halide perovskites at E1.65 eV are visible as dark brown
films when in their photo-active phase and yellow when
degraded to their photo-inactive phase. This visible color
change was used as a proxy of the perovskite phase by analyzing
the change in grayscale brightness (change in the K value from
the CMYK color scale) of still images under the start and end of
1-sun illumination and 85 1C test conditions.

The change in grayscale was defined as a figure of merit (DK)
to track phase stability under 1-sun illumination and 85 1C test
conditions. A Gaussian process regression was fit over the
triple-halide composition space to the figure of merit DK to
produce a model of durability as a function of composition
(Fig. 1c). The model utilized a single objective Gaussian process
from BoTorch.40 To implement active learning, expected
improvement (EI) was used as the acquisition function and

Fig. 1 (a) Schematic of automated sample fabrication via PASCAL. (b)
ISOS-L-2 (1-sun and 85 1C) testing and images in the CMYK color scale. (c)
Example schematic of a Gaussian process regression (above) fit on the
change in grayscale (DK) in combination with the expected improvement
(EI) acquisition function (below) together enabling Bayesian optimization
(BO). Compositions suggested by EI are then fabricated by PASCAL to
create an active learning loop.
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the batch integrated negative posterior variance function was
utilized to facilitate exploration (bottom subplot of Fig. 1c).48–50

See the data availability statement for further details.

2.8 Random forest regression

Using the scikit-learn library in Python,41,51 a random forest
regression52 was fit on the composition, PL intensity, PL peak
energy, PL intensity change, and PL peak shift under illumina-
tion (details in Section 2.4) to predict DK. The model was 5-fold
cross-validated using a 80 : 20 train-test split. The samples
chosen to train and test the model were taken at random. To
evaluate model robustness, the model was re-fitted 500 times
using 5-fold cross-validation, generating a distribution of per-
formance to inspect the variance in model results given the
limited sample size. A SHAP table, which provides importance
values to each feature in the RFR model, was then constructed
for a model with modal R2 and again for the highest R2 model,
where R2 is predicted DK degradation vs. actual DK. See the data
availability statement for further details.

2.9 Results and discussion

2.9.1 Comparing BO to grid search. To prepare a ‘‘ground
truth’’ dataset using traditional search methods for comparison
against the active learning approach, a fine grid mesh of
80 unique compositions was generated and the films were
tested under 1-sun illumination and 85 1C conditions
(Fig. 2a). A Gaussian process regression (GPR) was used to
regress the change in grayscale (DK) on the composition, and
the result is shown in Fig. 2b.

On inspection of the fitted DK values produced by the GPR
model from the grid search dataset (Fig. 2b), three regions of
relatively higher durability were observed at E5% Br, E11% Br,
E17% Br, and r2% Cl (red circles in Fig. 2b). Compositions at
E5% Cl and r5% Br were found to degrade relatively quickly
under illumination and thermal stress, similar to results shown
in the literature.53 While the variation of durability across the
full compositional space was relatively smooth, a high DK
contrast was co-located with higher (E5%) Cl loadings, likely
due to the limited solubility of Cl in the I-rich Br-poor
perovskite.34,54 For the BO experiment, the search space was
re-initialized by selecting 15 unique compositions considering
a coarser grid search (black points in Fig. 2c). An expected
improvement (EI) acquisition function was used with the GPR
model of the space to suggest the next batch of 15 compositions
to sample (red crosses in Fig. 2c). First to conduct BO, an EI
acquisition function with a hyperparameter at 100% exploita-
tion (BO-exploit) was used to ensure rapid honing in on a local
optimum based on the information already gained. This batch
of compositions suggested by EI was prepared using PASCAL,
films were tested under 1-sun and 85 1C conditions, and the
new measured DK values were then used to update the active
learning model. The resultant GPR is shown in Fig. 2d. In
testing points suggested in BO-exploit, the model identified the
same 3 regions (E5%, 11%, and 17% Br, at r2% Cl) of
relatively heightened durability as those found by the model
produced via grid search. In comparing the two GPR models

produced from grid search and BO-exploit (Fig. S2, ESI†), there
is minimal difference observed in these areas of relatively
higher durability (r5% absolute error relative to the full
changes in grayscale). Thus, we conclude that these regions
of relatively enhanced durability can be found within a fraction
(60% less) of the grid search sample budget.

From these 3 regions (red circles in Fig. 2b and composition
in Table 1), the most durable compositions from the GPR
model were fabricated as glass/MeO-2PACz/perovskite sub-
cells, followed by the basic characterization of the crystallo-
graphic phase via XRD, film morphology via SEM, and quasi-
Fermi level splitting via photoluminescence quantum yield.
Details of the basic characterization techniques are in the
Experimental methods section.

XRD revealed the perovskite to be in the cubic phase
for all three compositions with a slightly smaller lattice with

Fig. 2 (a) Grid search points in black with measured DK values depicted by a
color bar. (b) GPR model produced by fitting grid search points. The color bar
depicts predicted DK values. Red circles indicate regions of relatively high
performance. (c) Initialization round composition points in black with BO-EI
100% exploit hyperparameter suggested points denoted by red crosses. The
color bar depicts predicted DK values. (d) Updated model after testing the
batch of points suggested by BO-EI with the 100% exploit hyperparameter.
The color bar depicts predicted DK values. Red circles indicate regions of
relatively high performance. (e) Initialization round points in black with BO-EI
with 50% exploit:50% explore hyperparameter suggested points denoted by
red crosses. The color bar depicts predicted DK values. (f) Updated model
after testing the batch of points suggested by BO-EI with 50% exploit:50%
explore hyperparameters. The color bar depicts predicted DK values.
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increasing Br, revealed by a shift in all peaks to a higher scattering
angle (Fig. S3a, ESI†). SEM images of all 3 compositions revealed
apparent grain domains on the order of 500 nm, with no obvious
distinctions between compositions (Fig. S3a–c, ESI†).

In Cl-free films, unpassivated PLQY revealed a decrease from
about 0.08% to 0.03% with increasing Br fractions, equivalent
to an increase in the implied voltage deficit from E110 mV to
E160 mV to Fig. S4, ESI†). This implied voltage deficit was
substantially decreased in the Cl-containing film with even
greater Br (Br0.174, Fig. S5, ESI†). This decrease in the implied
voltage deficit is perhaps due to the improved passivation of
non-radiative defects by Cl in the film.

Prototype cells from the initial grid compositions were
fabricated using a p–i–n architecture (glass/ITO/MeO-2PACz/
perovskite/C60/BCP/Ag architecture). Fig. S6a (ESI†) shows the
device results, and an image of the devices under test in the
automated JV testing apparatus is shown in Fig. S6b (ESI†). The
measured champion efficiency was an 18.5% PCE (Fig. S6c,
ESI†), while the median PCE of all compositions was around
16.2% with an interquartile range of about 2% absolute. The
full distribution of the PCE is shown in Fig. S6d (ESI†). The
Z18% PCE achieved is comparable to the state-of-the-art for
wider bandgap perovskite devices when no targeted interface
passivation is used.55 Pearson’s correlations between half-cell
PL metrics and finalized devices show limited correlations
between the PL metrics and device performance (Fig. S7, ESI†),
indicating that the performance of the pristine devices is not
limited by the optoelectronic quality of the absorber.

2.9.2 Exploitation vs. exploration: was information about the
broader composition space lost when using the active learning
focused on exploitation? Within Bayesian optimization, the
exploitation:exploration hyperparameter in the acquisition func-
tion tunes the balance between honing in on a local optimum
based on the information already gained (exploitation) vs. search-
ing out new information toward a global optimum (exploration).
Typically, experiments have a budget constraint that dictates the
number of samples that can reasonably be generated and tested.
Here, fifteen samples per batch were allocated as a budget for
iterative model development.

The effect of the exploitation:exploration hyperparameter on
the model performance was investigated by increasing explora-
tion from 0% to 50%. In doing so, the model recommended
mid-points between previously tested compositions. Interest-
ingly, in testing these more exploratory compositions (red
crosses in Fig. 2e) under 1-sun illumination and 85 1C test
conditions, several compositions with a halide fraction of 5%
Cl showed relatively heightened durability. Thus, this model
(BO with exploration) uniquely predicts that some Cl may be

alloyed while maintaining film durability (Fig. 2f), which is in
relative agreement with the GPR model from the 80 sample grid
(Fig. 2b). Limited Cl solubility has also been experimentally
confirmed by Xu et al. in triple-cation (Cs, FA, and MA) and
triple-halide (I, Br, and Cl) compositions.56 Furthermore, the
exploration parameter effectively prevented maxima trapping at
low Cl loadings that occurred when the exploitation parameter
was set to 100%. Thus, we conclude that maintaining some
exploration, even in relatively well understood composition spaces
like the triple-halide perovskite, enables a more robust composi-
tional search that avoids getting trapped at local minima.

Overall, the GPR produced in each of these BO campaigns and
grid search of the compositional space provided insight into the
possible presence of islands of durability in the perovskite com-
position space. Interestingly, all results indicated 3 regions of
relatively increased durability at E5% Br, E11% Br, and E17%
Br at predominately Cl-poor fractions. The most durable composi-
tion was identified as FA0.78Cs0.22Pb(I0.95Br0.05)3. Conversely, all
investigations of the double-cation, triple-halide space revealed
that Cl largely hindered durability in I-rich and Br-poor alloys,
with the least durable composition of FA0.78Cs0.22Pb(I0.95Cl0.05)3.
This may be due to the large mismatch in the ionic radius
between I and Cl, which leads to microscopic phase heterogeneity
due to limited solubility and subsequent degradation under
illumination.34,57 Additionally, the poor durability in films with
Cl may be exacerbated due to the lack of volatile MACl-containing
precursors where the MA deprotonates, enabling MA0 and HCl to
leave the film.58

2.9.3 Predicting perovskite degradation after light and
heat accelerated stress tests. Toward increasing the learning
rate of durability testing, a random-forest-regression (RFR)
model was constructed in an attempt to correlate perovskite
composition, fast optical characterization, and ISOS-L-2 film
level durability. An RFR is chosen for its superior performance
in higher dimensionality over GPRs. GPRs also assume that the
response surface is smooth, which may not always be the case
in perovskites, such as at phase boundaries like those arising
due to the limited solubility of Cl in I-rich perovskites.56

However, RFRs built on a small sample size (r200) typically
suffer from high variance in model performance due to the nature
of initializing train and test splits. To reduce this variance, cross-
validation was utilized, which uses pre-allocation of randomly
sampled parts of the dataset for training and a separate subset
for testing. However, even with a typical 5-fold cross-validation, at
low N, RFR is still quite susceptible to high variance. Thus, to
better understand the distribution of possible model outcomes, a
5-fold cross-validation RFR model was built from the 80 unique
compositions and redrawn 500 times to produce a distribution.

The RFR models were constructed using normalized
features representing composition data, PL spectra data, and
DK data of the grid search samples (Fig. 3a, with raw feature
values in Fig. S8a–e and the half-cell reverse scan PCE in
Fig. S8f, ESI†). All produced models are available online at
github.com/fenning-research-group/BODP4T.

A modal model achieved a predicted DK vs. observed R2 of
67.8%, an example of which is plotted in Fig. 3a. As can be

Table 1 Compositions of predicted most durable films,
FA0.78Cs0.22Pb(IxBryClz)3

Ix Bry Clz

0.95 0.05 0
0.884 0.116 0
0.823 0.174 0.003
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clearly seen, a modal model provides some measure of explana-
tory power. The best model had an R2 of 80.8% (Fig. S10a, ESI†)
with a 22.3% CVRMSE, where the RMSE is normalized by the
mean value of the actual (DK). The 22.3% CVRMSE indicates
reasonable power in the prediction of yellowing during degrada-
tion. A box plot of the R2 goodness-of-fit metric for all 500
iterations of the model prediction of DK is shown in Fig. 3b.
The data exhibit a single mode, with a characteristic R2 of 67.8%
and the exemplary modal model of Fig. 3a had a coefficient of
variation of the RMSE of 27.5%. Of all 500 models, the modal
coefficient of variation of the RMSE was 26.6% (Fig. S9, ESI†).

2.9.4 Features that predict perovskite film durability. To
examine the importance of the chemical and material property
features underlying the model prediction, a SHAP table59 was
constructed for the RFR model with R2 modal performance
(Fig. 3c). In this SHAP table, Br content was assigned as having
the greatest impact on the model’s fit and was calculated to be
negatively correlated with the predicted DK. However, since there
is no clear division of the Br fraction (feature value) with the
model DK prediction (durable vs. fragile), a direct correlation is
not suggested. This assignment agrees with the 3 distinct Br
regions of relatively heightened durability found in the prior
GPR models. The high impact of Br on the model is explained by
the well-characterized sensitivity of Br in perovskites. For exam-
ple, too high a Br content (Z20%) has been shown to lead to
halide segregation and degradation under illumination, bias,
and thermal stress.6–8

Interestingly, the PL peak shift and PL intensity change
under photo-exposure were the next highest importance
features to the model’s prediction of durability. Intuitively, a
stable PL emission correlates with an optoelectronically invar-
iant film under stressors, which should directly relate to dur-
ability. Similarly, the PL FWHM was calculated to negatively
correlate with durability, which makes sense as perovskites not
properly mixed at the A- and X- sites have been shown to phase
separate into photo-inactive phases.6,55,60 The Cl fraction was
ranked just below the PL FWHM with a clear division in the
SHAP table, indicating that the model predicts a more durable
composition with a lower Cl fraction. This trend with the Cl
fraction generally agrees with the prior GPR models.

Notably, the most predictive model from the 500 iterations,
with an R2 of 80.8% and a CVRMSE of 22.3% (Fig. S10a, ESI†),
shared the same top 5 ranked features in its corresponding
SHAP table (Fig. S11b, ESI†).

The SHAP table shows that the Br fraction and material
properties as measured by PL (intensity, FWHM, and peak
emission energy stability over high-intensity uniform light for
60 s) significantly influence model predictions. While few
studies56 have linked high-intensity PL to durability under light
and heat, this work introduces the first robust and quantitative
evaluation of using rapid optical characterization to predict
1-sun illumination and 85 1C film durability across multiple
perovskite compositions, establishes a correlation, and pro-
vides a predictive model. While the SHAP table indicates the
PL peak shift and intensity change as being impactful to the
model’s prediction, it does not explain a direct correlation.
However, the table does show more instances of PL blueshift
and increasing PL intensity under illumination as being pre-
dictive of a durable composition. Moreover, the SHAP table
shows a clear relationship between the PL FWHM, Cl fraction,
and durability within the model.

RFR models are inherently different from linear regression
models in that they do not require regression on independent
features. The decision tree-based structure of RFR allows it to
capture complex, non-linear relationships and interactions
between features, even without explicitly defined interaction terms.

To elucidate the direct correlations between individual input
variables and DK, the full Pearson correlation matrix is pro-
vided in Fig. S11 (ESI†). There are negligible direct correlations
between the PL peak shift and DK, indicating complex interac-
tions with other features rather than a dominant standalone
effect. For example, there is a mild positive correlation between
the I and PL peak shift (r = 0.54) and a modest negative
correlation between the Br and PL peak shift (r = �0.48).
Additionally, there is a weak positive (negative) correlation
between the I (Br) and PL intensity.

These correlations indicate that while there may be inter-
actions between these variables, their predictive value within
the RFR model arises from complex, non-linear relationships
rather than direct, linear correlations. Additionally, the RFR

Fig. 3 (a) Parity plot of an RFR model yielding a modal R2 goodness-of-fit metric. (b) Box plot of the 500 iterations of the 5-fold cross-validated model.
Mode shaded in red. (c) SHAP table for the mode R2 model produced in this study.
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model’s ability to handle features with some degree of colli-
nearity supports the inclusion of all PL metrics.

3 Outlook and future work

Learning curves of the RFR trained on increasing fractions of
the data show that the model performance has not yet satu-
rated as the number of training examples was increased in full
(Fig. S12, ESI†). While the training score is relatively high, there
are positive trend lines of R2 and the mean-squared error (MSE)
with increasing data fraction. This trend with an increasing
training set size suggests that the model could be further
improved with an increase in the overall training data size.
Similarly in the cross-validation scores, there is a monotonic
improvement that appears yet to have reached an asymptote.
Together these trend lines indicate that the model may see a
modest improvement with a larger dataset. Additionally, future
exploration of other regression models such as ridge
regressions,61 physics-informed Bayesian models,16,62,63 or fully
Bayesian neural networks64 may further guide better prediction
of perovskite film degradation.

While this investigation focuses on the advancement of the
durability of glass/MeO-2PACz/perovskite sub-cells, the stability
of the perovskite is a necessary condition for the stability of
optoelectronic devices built around perovskite absorbers. The
transferability of models built on sub-cell characterization to
completed devices will be investigated in future work.

3.1 Conclusion

In this work, reproducible, automated perovskite thin film
deposition is integrated with machine learning (ML) to enable
the successful prediction of perovskite durability under light
and elevated temperatures across the triple-halide composition
space. The Bayesian optimization of durability within the triple-
halide composition space effectively identified compositions
with improved durability with E60% less samples tested than
in a traditional grid search. This represents a roughly 2.5�
increase in the rate of exploration within the high-dimensional
halide space for the optimization of elevated light and heat
durability. Overall, three islands of distinct Br loadings
emerged within the triple-halide search space that showed
enhanced durability, where xBr E 5%, 11%, and 17%. Gener-
ally, compositions had poor durability when the Cl-loading
fraction was Z2% of the halide fraction. Further investigation
of compositions in or near these ‘‘durable’’ Br levels is
warranted.

From the rich characterization and durability dataset, a
random forest regression (RFR) model was built that predicted
the durability of films fabricated under 1-sun illumination and
85 1C conditions with moderate predictive power, leveraging
inputs on the composition and PL emission variation collected
over 60 s from the automated characterization within PASCAL.
This model provides a first step toward faster and less resource-
intensive alternatives to accelerated testing using standardized
1-sun and 85 1C test conditions. SHAP feature importance

ranking from the RFR revealed that changes to the PL spectra
from the rapid characterization of newly-synthesized films are
critical features in the durability prediction. Through these
models, the study provides a framework toward accelerating
the durability screening of novel perovskite compositions.
Together, these results highlight the potential of combining
precision automation with ML to improve the durability of
halide perovskite thin films.
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