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HIGHLIGHTS

e Within-lab R? in perovskite machine
learning can conceal cross-lab failure.

e Within-lab R? of 0.44 collapses to leave-
one-lab-out R? of —3.04 in 819 cells.

o The collapse is reproducible across five
model families and three laboratories.

e A diagnostic protocol with explicit
cross-lab threshold (LOLO R2? > 0) is
provided.

e Lab-aware evaluation must become the
default, not an optional addition.
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ABSTRACT

Machine learning (ML) models for perovskite solar cell power conversion efficiency are commonly evaluated
using within-laboratory cross-validated R?, with high values often interpreted as evidence that composi-
tion-efficiency relationships have been learned. Here, we show that this metric can diverge sharply from cross-
laboratory predictive performance on the same dataset. Using a controlled three-laboratory cohort of 819 p-i-n
perovskite solar cells and five model families spanning linear, regularized, and ensemble approaches, within-
laboratory R? values of up to 0.44 collapse to leave-one-laboratory-out (LOLO) R? values as low as —3.05.
Cross-laboratory prediction errors are several times larger than those obtained by predicting the mean, and the
collapse persists across all five model classes. Restricting the feature matrix to composition descriptors only
partially mitigates the failure (LOLO Random Forest (RF) R? improves from —3.05 to —2.10), indicating that the
problem is not a feature-engineering artifact but a structural property of multi-laboratory datasets in which
composition, device architecture, and laboratory identity are intrinsically confounded. To systematically expose
and evaluate this failure mode, we introduce a diagnostic framework combining within-laboratory, full-dataset,
and LOLO cross-validation with SHapley Additive exPlanations stability analysis and analysis-of-variance
decomposition. Under this framework, meaningful cross-laboratory generalization requires LOLO R? > 0; the
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composition-only LOLO RF R? of —2.10 reported here indicates that current methods fail to satisfy this criterion
in the present cohort. Similar dissociation is likely across materials ML studies trained on pooled multi-laboratory
datasets. Lab-aware evaluation should therefore be a standard component of ML reporting, not an optional

addition.

1. Introduction

Halide perovskite solar cells have achieved certified single-junction
power conversion efficiencies (PCEs) exceeding 27% [1,2], driven
largely by systematic composition engineering within the ABX3 lattice
[3]. The accessible chemistry, encompassing A-site (Cs, formamidinium
(FA), methylammonium (MA)), B-site (Pb, Sn), and X-site (I, Br, Cl)
substitutions, defines a vast compositional space that is increasingly
explored using machine learning (ML) as an alternative to
one-variable-at-a-time experimentation [4-9]. Reported
within-laboratory cross-validated performance in this literature is typi-
cally high. Gradient-boosted trees, random forests, and Gaussian process
regression frequently achieve R2 values that, under conventional eval-
uation protocols, appear to indicate that underlying composi-
tion—efficiency relationships have been successfully learned. Recent
studies have applied ML to simulation-derived datasets, for example
coupling first-principles or SCAPS-1D device simulations with ML to
predict efficiency and optimize compositions in lead-free and
double-perovskite absorbers [10-12], as well as the first-principles
design of related wide-bandgap and tandem photovoltaic materials
[13]. These efforts illustrate the growing role of ML in perovskite pho-
tovoltaics but rely on computationally generated data for individual
material systems, whereas whether models transfer across independent
experimental laboratories, the focus of the present work, remains
unaddressed.

The interpretation of these metrics, however, rests on an assumption
that has received limited empirical examination. In practice, research
groups differ systematically in their choice of hole transport layers
(HTLs), electron transport layers (ETLs), deposition equipment, pro-
cessing atmospheres, and aging protocols, and these experimental
choices covary with the compositional spaces explored by individual
laboratories [14-18]. If ML models encode laboratory-specific process
signatures rather than transferable composition—efficiency relation-
ships, they may appear highly predictive within the training environ-
ment while failing to generalize to new facilities. To our knowledge, the
extent to which this failure mode affects perovskite ML has not been
quantitatively benchmarked.

The distinction between composition and device architecture is
therefore central to framing this problem. In principle, perovskite
composition can be defined solely by ABX3 chemistry, and a composi-
tion—-PCE relationship that remains valid across laboratories would
represent a transferable physical relationship of practical utility. Device
architecture, by contrast, including hole and electron transport layers,
electrode materials, and their associated energy-level alignments, is
constrained by each laboratory’s equipment, processing workflow, and
material inventory, and therefore varies systematically across facilities.
Consequently, an ML model that depends strongly on architectural de-
scriptors must extrapolate to combinations absent from the training
data, whereas a model based solely on composition descriptors may, in
principle, generalize wherever the same composition can be realized.
Whether composition descriptors retain sufficient predictive informa-
tion once architectural variables are removed is the central empirical
question addressed in this work.

Related challenges have been recognized and addressed in adjacent
disciplines. In genomic and clinical ML, batch effects between studies
were shown in the mid-2000s to inflate within-study performance esti-
mates, leading to the adoption of leave-one-study-out evaluation and
explicit batch-correction procedures as community standards [19-21].
Materials informatics has similarly examined issues of cross-validation

leakage, distribution shift, and applicability domains [22-27]. Howev-
er, lab-aware evaluation has not yet become standard practice in
perovskite ML. The closest community-scale resource, the Perovskite
Database Project [28], aggregates devices from hundreds of laboratories
and provides the infrastructure necessary for laboratory-stratified
evaluation.  Nevertheless, the structural consequences of
cross-laboratory evaluation in perovskite ML remain insufficiently
quantified, and the field currently lacks a benchmark against which
transfer-learning or batch-correction approaches can be assessed.

To address this gap, we analyze a controlled three-laboratory
perovskite device cohort. The use of an internally curated cohort,
rather than a community-scale database, is intentional, as each device is
associated with complete experimental provenance, enabling rigorous
laboratory-stratified evaluation that is not feasible when laboratory
identity is incomplete or unreliable. Emerging autonomous experimen-
tation platforms and self-driving laboratories are increasingly producing
multi-campaign datasets with similarly documented provenance [29,
30], making the diagnostic framework developed here directly relevant
to those settings and, more broadly, to multi-laboratory materials ML
problems in which laboratory-specific processing covaries with the
prediction target. The framework integrates leave-one-laboratory-out
(LOLO) cross-validation, analysis-of-variance (ANOVA) decomposition,
and SHapley Additive exPlanations (SHAP) stability analysis.

Here, we present a three-laboratory diagnostic study of cross-
laboratory generalization in perovskite ML. We show quantitatively
that within-laboratory cross-validated R? does not constitute evidence of
cross-laboratory predictive utility in the present cohort. We further
identify the structural confounding among laboratory identity, pro-
cessing architecture, and composition that drives this dissociation, and
we propose a diagnostic framework with an explicit performance cri-
terion for evaluating cross-laboratory perovskite ML. Under this
framework, LOLO R? > 0 represents the minimum requirement for any
method claiming cross-laboratory generalization, as R? < 0 indicates
predictive performance no better than the mean PCE across laboratories.
The composition-only LOLO RF R? of —2.10 obtained here demonstrates
that current feature engineering and model-selection approaches do not
satisfy this criterion in the present cohort. More broadly, the proposed
framework is intended for direct application to other multi-laboratory
datasets to support comparable and reproducible reporting across the
field.

2. Results and discussion
2.1. Dataset overview

We assembled a cohort of 819 p-i-n perovskite solar cells from three
independent research groups (Lab A,n=177; LabB,n =496;LabC,n =
146). Fig. 1a shows the PCE distributions: Lab A has a mean PCE of
18.6% (standard deviation (SD) 1.6%), Lab B 17.8% (SD 4.4%), and Lab
C 22.2% (SD 1.4%). The higher mean and narrower distribution
observed for Lab C reflect its more homogeneous near-iodide composi-
tions and consistent HTL processing, whereas Lab B exhibits a broader
distribution containing a subpopulation of low-performing devices ab-
sent from the other laboratories. Fig. 1b demonstrates substantial
divergence in bandgap distributions across laboratories. Lab B occupies
a narrow range of 1.530-1.550 eV, whereas Lab A spans 1.530-1.720
eV, reflecting Br fractions up to 0.298. All Lab C devices in the present
cohort report a bandgap of 1.570 eV. Fig. 1c plots Br fraction against
PCE and reveals a clear laboratory—composition confound: Lab A



M. Kim et al.

occupies substantially higher Br content (mean x_br ~ 0.16), while Labs
B and C cluster near zero. Consequently, any model learning a negative
Br-PCE relationship from Lab A data would primarily capture a
laboratory-specific correlation rather than a transferable composition
law. Fig. 1d further shows that preferred top-electrode thicknesses differ
systematically between laboratories, introducing additional architec-
tural heterogeneity confounded with laboratory identity. Collectively,
the four panels in Fig. 1 demonstrate that the three laboratories
constitute compositionally and architecturally distinct subpopulations.

2.2. Within-lab versus cross-lab performance dissociation

Within-laboratory 20-fold cross-validation (CV) on the p-i-n training
set (n = 654 after holdout exclusion) reveals substantial heterogeneity
across laboratories (Table 1, Fig. 2a). Lab B achieves RF R2 = 0.443 +
0.195 and Ridge R2 = 0.433 + 0.192 (n = 394), substantially above
chance. In contrast, Lab A and Lab C yield near-zero or negative values:
Lab A RF R2 = —0.241 + 0.515 and Ridge R2 = —0.292 + 0.595 (n =
142), while Lab C RF R2 = —0.552 + 0.818 and Ridge R2 = —0.516 +
0.752 (n = 118). The negative within-laboratory R2 in Lab C likely re-
flects the combination of limited sample size and low PCE variance (SD
1.4%, range 16-25%), which restricts the discriminative signal available
to the models. Fig. 2b shows the fold-level R2 distributions underlying
these means, confirming that Lab B performance is consistently above
chance, whereas Lab A and Lab C exhibit large fold-to-fold variability
spanning positive and negative values. Fig. 2c provides a diagnostic
control for the Lab B result. Appending the target derived quality flag
covariate to the otherwise identical 45-feature matrix increases RF R2
from 0.443 to 0.728, demonstrating how a quality flag derived from the
regression target can artificially inflate within-laboratory performance.
This covariate is excluded from all primary analyses and is discussed

(a) PCE distribution per lab

Table 1
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Within-laboratory 20-fold cross-validated performance on the post-holdout
training set using the 45-feature derived block with target derived quality flag

excluded.
Lab Model N (train) CV R? Mean CV R? std
A RF 142 -0.241 0.515
A Ridge 142 -0.292 0.595
B RF 394 0.443 0.195
B Ridge 394 0.433 0.192
C RF 118 —0.552 0.818
C Ridge 118 —0.516 0.752
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separately in Section 2.3 as a target-leakage diagnostic.

Full-dataset 20-fold CV yields higher R? values than any single-
laboratory analysis (Table 2): RF achieves 0.54 + 0.11 and Ridge 0.50
+ 0.16 using the same 45-feature block. This apparent improvement
arises because Lab B contributes 60% of training devices (394 of 654),
ensuring that standard k-fold splitting includes substantial Lab B rep-
resentation in every fold. As a result, the models learn Lab B-specific
distributions without being required to generalize across laboratories.
Standard CV therefore treats confounded laboratory structure as though
it were a transferable composition—efficiency relationship.

LOLO cross-validation exposes this failure directly. After excluding
the locked 165-device holdout set, three-fold GroupKFold LOLO evalu-
ation was performed on the remaining 654 training devices and yielded
a mean RF R? of —3.05 (Lab B held out: —0.29; Lab A: —2.34; Lab C:
—6.51). Ridge regression produces a median R2 of —7.05 across the
same folds; the mean is dominated by an extreme Lab A fold (R2 =
—91.7) caused by linear extrapolation into a previously unseen archi-
tectural space, making the median a more robust summary statistic. Full
fold-level results are provided in Supplementary Information Table S1.

(b) Bandgap distribution
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Fig. 1. Dataset overview (n = 819 p-i-n devices). (a) PCE distribution by laboratory. (b) Bandgap distribution by laboratory. (¢) Br fraction versus PCE, colored by

laboratory. (d) Top-electrode thickness distribution by laboratory.
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(c) Target-derived quality-flag ablation
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Fig. 2. . Cross-laboratory generalization failure. (a) Mean R2 for RF and Ridge across within-laboratory, full-dataset, and leave-one-laboratory-out (LOLO) evaluation
regimes. The y-axis uses a signed-log scale to display positive within-laboratory/full-dataset performance and strongly negative LOLO performance on the same axis.
Negative values are shown after applying log(|R?| + 1) to the absolute magnitude while preserving the original sign. (b) Fold-level RF R2 for within-laboratory 20-
fold CV, with mean + 1 SD. (c) Diagnostic target derived quality flag ablation in Lab B, showing inflation in RF R2 when the target derived quality flag is added to the
primary 45-feature matrix. target derived quality flag is excluded from all primary analyses.

Table 2
Full-dataset 20-fold cross-validated performance on the post-holdout training set
using the 45-feature derived block with target derived_quality_flag excluded.

Model CV R? Mean CV R?std N (train)
RF 0.537 0.108 654
Ridge 0.495 0.165 654

Mean LOLO R? is strongly negative for every model class evaluated (RF
—3.05; Ridge —33.3, median —7.05; Lasso —4.49; XGBoost —3.51;
LightGBM —2.34), and the best single model-fold combination
(LightGBM with Lab B held out) reaches only R? = 0.07, confirming that
the failure is not specific to a single algorithm and ruling out model
misspecification as the primary cause. Under LOLO evaluation, models
must predict devices fabricated with previously unseen material and
architectural combinations, requiring systematic extrapolation in
energy-level alignment feature space. This behavior is consistent with
prior materials informatics studies identifying distributional shift as a
major source of generalization failure [22,23,25,26,31,32]. A
predicted-versus-observed analysis of the extreme Lab A Ridge fold
(Supplementary Figure S1) confirms that its large negative R? reflects
systematic extrapolation rather than a single anomalous device: 43% of
the held-out predictions fall outside the observed Lab A PCE range, and
removing the worst-predicted devices does not recover performance. A
Random Forest hyperparameter sensitivity analysis further shows the
negative LOLO result is robust to model tuning: across 18 hyper-
parameter configurations the mean LOLO R? remained negative, with
the best configuration still below zero (—2.26 versus baseline —3.05).
The order-of-magnitude gap between within-laboratory and LOLO
performance has important implications for interpreting perovskite ML
results. Within-laboratory R? values in the 0.4-0.8 range, which are
common in the literature, cannot be assumed to demonstrate cross-
laboratory predictive utility, since LOLO evaluation on the same data-
set and models can yield strongly negative values without altering either
the feature set or model class. This result indicates cross-laboratory
predictive failure: models trained on the available laboratories do not
reliably predict devices from an unseen laboratory. However, the source
of this predictive failure is an identifiability problem rather than model
choice alone. Because composition, device architecture, and laboratory
identity covary in the present cohort, the transferable

composition—efficiency relationship cannot be cleanly separated from
laboratory-specific process signatures. If within-laboratory performance
instead arises from encoding laboratory-specific process signatures, then
feature-importance rankings should diverge systematically across
laboratories.

2.3. SHAP feature importance: lab-specific signatures and target leakage

Fig. 3 shows the rank heatmap of the top SHapley Additive exPla-
nations (SHAP) features for each laboratory. No feature appears in the
top-10 rankings across all three laboratories, and pairwise top-10
overlap ranges from 1/10 to 5/10 features (Table S2), indicating that
the most influential predictors are not stable across the cohort. The most
recurrent high-ranking features are process- and architecture-related
parameters, including interlayer concentration and top-electrode
thickness, rather than composition descriptors. These features have
physically plausible links to photovoltaic performance: interlayer con-
centration can affect interfacial coverage, defect passivation, charge
extraction, and interfacial recombination, whereas top-electrode thick-
ness can influence series resistance, charge collection, optical losses, and
deposition-induced damage. Their prominence in individual labora-
tories is therefore consistent with known photovoltaic loss pathways.
However, because these descriptors also encode laboratory-specific
processing choices, their SHAP importance should be interpreted as
local process—performance correlations rather than universal transfer-
able design rules.

The A-X electronegativity difference (en_diff a minus_x) is the only
composition descriptor appearing in the top-10 SHAP rankings for more
than one laboratory: Lab A rank 3 (mean |SHAP| = 0.035) and Lab B
rank 7 (mean |SHAP| = 0.245), while ranking 31st in Lab C. We
therefore interpret it as a partial two-laboratory signal rather than a
confirmed cross-laboratory descriptor. The feature has a physically
plausible interpretation through A-X bond ionicity, which has been
linked to carrier mobility and defect tolerance in perovskites [33-35],
making it a candidate for validation in larger multi-laboratory cohorts.
Such effects may contribute to photovoltaic performance through
changes in carrier transport and non-radiative recombination, which
ultimately influence voltage, fill factor, and power conversion effi-
ciency. Its absence from the Lab C top-10 nevertheless indicates that the
signal is not transferable across all three laboratories in the present
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SHAP rank per lab (top-10 union, p-i-n cohort)

htl1_concentration_mg_ml
ie_diff_a_minus_b
delta_wf_tco_htl

Xx_en_avg

a_ie_avg

ie_diff_a_minus_x
ra_solvent1_antisolvent
en_diff_a_minus_x
top_electrode_thickness_nm

o
<C
I
28
k73
Q
ey
X_Cs k=)
-6 <
x_fa 1l
x_radius_avg 5 T
Xx_ma 8
X_i 4 c
i . £
buffer_layer_thickness_nm — 7 3 &
octahedral_factor_calc — 7 =
x_br - 8 2 &
a_en_avg - 8 8 1
x_ie_avg — 9
radius_ratio_a_over_x — 9
a_radius_var — 13 10
X_mixing_entropy - 10
T T T
Lab A LabB LabC

Fig. 3. SHAP feature importance is laboratory-specific. Rank heatmap showing the union of top-10 SHAP features across the three laboratories. Cell color indicates
within-laboratory rank, with darker shading representing higher importance; numbers indicate the corresponding rank. Gray cells indicate features outside the top-10
for that laboratory. The A-X electronegativity difference (en_diff a_minus x) appears in the top-10 for Labs A and B, but not Lab C, illustrating a partial two-laboratory

signal rather than a cohort-wide transferable descriptor.

dataset.

We next used the target derived_quality flag covariate as a diag-
nostic experiment to quantify how target-derived quality indicators can
inflate within-laboratory performance. This binary flag was constructed
by assigning target_derived_quality_flag = 1 to devices with fill factor
(FF) < 30% or PCE < 5%. In total, 24 Lab B devices were assigned
target_derived_quality flag = 1, corresponding to 4.8% of Lab B p-i-n
devices (Table S3). Because the flag is defined directly from PCE and FF,
it acts as a near-tautological predictor rather than an independent pro-
cessing or compositional descriptor. To quantify this effect, target_der-
ived_quality_flag was appended as a 46th feature to the Lab B matrix and
20-fold CV was repeated. RF R? increased from 0.443 + 0.195 to 0.728
+ 0.195 (AR? = +0.285; Table S4), demonstrating that a target-derived
quality covariate can inflate within-laboratory performance by a
magnitude comparable to the model’s entire signal. The target_der-
ived_quality flag covariate is excluded from all primary within-
laboratory, full-dataset, and LOLO analyses. We report this diagnostic
separately to illustrate the need for studies containing such covariates to
report performance both with and without them. Empirical batch-
correction methods such as ComBat, which uses empirical Bayes
modeling to remove systematic between-batch offsets [21,36], provide a
complementary strategy when batch identity cannot be eliminated
experimentally. Multi-batch SHAP stability analysis combined with
permutation-importance corrections [37] may provide an additional
safeguard.

The combination of laboratory-specific SHAP rankings and target-
derived covariate inflation has important implications. First, SHAP
importance derived from a single laboratory should not be interpreted as
evidence of generalizable feature significance, even when within-
laboratory performance is high. Second, studies including quality in-
dicators derived from the regression target should report results both
with and without those covariates, as the resulting inflation can
approach the magnitude of the model’s full predictive signal [21,36,37].

Although SHAP analysis identifies the dominant predictors within each
laboratory, it does not partition the underlying PCE variance into
compositional, architectural, and laboratory-specific components.
Determining whether cross-laboratory failure is driven primarily by
architecture, composition, or laboratory identity therefore requires a
separate variance-decomposition analysis.

2.4. Variance decomposition highlights architecture-associated
confounding

Fig. 4a presents the analysis of variance (ANOVA) Type II decom-
position of total PCE sum-of-squares across the three factor blocks. Ar-
chitecture accounts for 45.4% of total variance, compared with 1.5% for
composition and 0.7% for laboratory identity, leaving 52.4% residual
variance (Table 3). Fig. 4b shows the complementary RF permutation
group importance analysis, which assigns 81.5% importance to archi-
tecture, 16.6% to composition, and 1.9% to laboratory identity.
Although the two methods differ quantitatively, both produce the same
qualitative ordering: architecture > composition > laboratory. This
quantitative discrepancy reflects the different attribution strategies of
the two analyses rather than a contradiction between them. ANOVA
partial sum-of-squares partitions shared variance according to the
specified model structure and degrees of freedom. RF permutation
importance estimates the loss in predictive performance when each
feature group is withheld. Therefore, neither value should be interpreted
as uniquely correct. The key result is that both analyses independently
rank the architecture-associated feature block as the dominant statistical
contributor under the predefined grouping. This shared ordering sup-
ports the interpretation that composition—efficiency relationships are
under-identified in this cohort because architecture, composition, and
laboratory identity are not independently sampled. The substantial re-
sidual variance (52.4%) likely reflects within-laboratory process vari-
ability, including spin-coating conditions, annealing profiles, and
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(b) RF permutation group importance
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Fig. 4. Variance decomposition of the p-i-n cohort. (a) ANOVA Type II decomposition of total PCE sum-of-squares into architecture, composition, laboratory, and
residual components. (b) RF permutation group importance for the same factor blocks. Both analyses identify architecture as the dominant explainable source of

PCE variance.

Table 3

Variance decomposition of PCE using ANOVA Type II and RF permutation group
importance. Values are reported as percentages of total sum-of-squares for
ANOVA and relative group importance for RF permutation analysis. Full model
specification is provided in SI Section 4.

Factor % Total SS (ANOVA) % Group Imp. (RF perm.)
Architecture 45.4% 81.5%

Composition 1.5% 16.6%

Lab 0.7% 1.9%

Residual 52.4% -

substrate preparation, that is not captured by the 10-covariate ANOVA
model and is consistent with the within-laboratory heterogeneity
described in Section 2.2.

These feature blocks should therefore be interpreted as statistical
groupings rather than mutually independent causal categories. For
example, bandgap is grouped with composition but can also reflect
processing-dependent film properties, while HTL/ETL material codes
and electrode thickness are grouped with architecture but can also
encode laboratory-specific material choices and fabrication conven-
tions. The variance-decomposition results therefore identify the domi-
nant statistical source of explainable variation under the chosen
grouping, rather than assigning uniquely causal variance to isolated
physical factors.

Cross-lab generalization of a composition-centered ML model would
require either composition to dominate PCE variance or composition
effects to remain sign-consistent across laboratories. Neither condition is
satisfied in the present cohort. Architecture explains substantially more
variance than composition under both analyses, and the three labora-
tories occupy distinct regions of architecture space, with systematically
different feature combinations and no HTL or ETL material shared
uniformly across all laboratories. Under LOLO evaluation, the model
must therefore extrapolate into previously unseen energy-level align-
ment space, creating a structural barrier that cannot be resolved simply
by increasing single-laboratory dataset size. Whether composition de-
scriptors such as en diff a minus x (Section 2.3) can function as trans-
ferable cross-laboratory predictors remains an open question requiring
validation in larger community-scale datasets spanning broader
interface-engineering space.

Beyond variance attribution, these findings have direct methodo-
logical implications. When architecture accounts for the dominant share
of explainable variance and laboratories occupy disjoint regions of ar-
chitecture space, removing architecture features still leaves the model
operating within a composition space that remains laboratory-specific.
Consequently, modeling approaches that do not explicitly address
between-laboratory structure, including transfer learning, multi-task
learning, and domain adaptation [25,26], are likely to inherit this
confound regardless of feature selection. Variance decomposition alone,
however, does not determine how much architecture contributes to
LOLO failure, because variance attribution on the full 819-device cohort
and LOLO predictive performance measure different quantities. A direct
test therefore requires repeating LOLO evaluation after removing ar-
chitecture features and assessing whether composition-only models can
approach the mean-prediction threshold (R? = 0).

2.5. Composition-only LOLO performance and the cross-laboratory
threshold

Section 2.4 showed that architecture-associated descriptors capture
the largest share of explainable PCE variance under the predefined
feature grouping, whereas composition descriptors contribute substan-
tially less. We therefore asked whether the cross-laboratory generaliza-
tion failure documented in Section 2.2 arises primarily from
architecture-feature confounding or extends to composition de-
scriptors themselves. To test this, we restricted the feature matrix to
composition-only descriptors and compared LOLO performance against
the full-feature baseline.

The composition-only matrix comprised 34 features describing A-
site, B-site, and X-site elemental properties, including ionic radii, ioni-
zation energies, electronegativities, composition fractions (x_cs, x_fa,
x_ma, X_Pb, x_Sn, x_i, x_br, x_Cl), Goldschmidt tolerance and octahedral
factors, site-specific variance terms, pairwise elemental difference and
ratio descriptors, and A-site and X-site mixing entropies (Table S5). The
11 architecture and processing features present in the full 45-feature
block, including energy-level alignment, layer thickness, and solvent
parameters, were excluded (Table S6). LOLO evaluation was then
repeated on the same 654-device post-holdout training set using the
protocols described in Section 4.5.

Fig. 5a shows the fold-level RF LOLO R2 values for the full 45-feature
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(b) LOLO R? summary (RF: mean; Ridge: median)

10° -
& 0
o]
-l
(o]
=
-10"
-3.05
~10' 1 -7.05 9.02
T T T T
RF RF Ridge Ridge
Full Comp. Full Comp.
(d) Within-lab CV vs holdout (RF)
0.8
N Within-lab 20-fold CV
0.6 [ Holdout RF
0.4
0.2
r 00 - I
-0.2 '—.
-0.4
-0.6
-0.8 T T T
LabA LabB LabC

Fig. 5. Composition-only LOLO baseline and holdout validation. (a) Fold-level RF LOLO R2 comparing the full derived feature block with the composition-only
feature matrix. (b) LOLO R2 summary under full and composition-only feature conditions (mean for RF; median for Ridge, whose mean is dominated by the
extreme Lab A extrapolation fold, Table S1). (c) RF holdout R2 on the locked holdout set, shown overall and by laboratory for both feature sets. (d) Comparison
between within-laboratory 20-fold CV and holdout R2 by laboratory, showing reproduction of the within-laboratory heterogeneity pattern on unseen data.

block (mean —3.05; Lab B held out: —0.29, Lab A: —2.34, Lab C: —6.51)
and the composition-only matrix (mean —2.10; Lab B: —0.39, Lab A:
—1.35, Lab C: —4.54). Fig. 5b summarizes all four conditions (RF and
Ridge with full and composition-only feature sets). Restricting the model
to composition descriptors partially attenuates LOLO failure: RF LOLO
R2 improves from —3.05 to —2.10 (AR2 = 0.95), corresponding to a
23% reduction in residual sum-of-squares. However, performance re-
mains well below the mean-prediction baseline (R2 = 0), indicating that
composition-only modeling does not recover meaningful cross-
laboratory predictability. Architecture features therefore contribute to
the failure, but their removal is insufficient because the composition
space itself remains laboratory-specific and partially out of support. We
therefore report composition-only LOLO RF R2 = —2.10 as the principal
result for the present cohort under this protocol, remaining below the
threshold (R2 > 0) required for claims of cross-laboratory generaliza-
tion. Ridge regression remains unstable under both feature conditions.
With the full 45-feature block, the median LOLO R2 is —7.05, while the
mean is dominated by an extreme Lab A fold caused by linear extrapo-
lation into previously unseen architectural space. Complete fold-level
values are provided in Table S1. This behavior highlights the sensi-
tivity of linear models to systematic extrapolation under small-group
evaluation.

To test whether this residual failure reflects laboratory-specific
composition coverage, we quantified cross-laboratory overlap in
composition-descriptor space (Supplementary Figure S2). Principal
component analysis of the 34 composition descriptors (PC1 and PC2
capturing 90.5% of the variance) shows that Lab A and Lab B occupy

almost completely separated composition regions (k-nearest-neighbour
laboratory purity 1.00 and 0.99 versus a random-mixing baseline of
0.45), whereas Lab C overlaps substantially with Lab B (purity 0.33;
smallest inter-laboratory centroid distance). Despite this compositional
overlap, Lab C remains the least predictable laboratory under LOLO
(composition-only RF R?> = —4.54), and the failure is asymmetric:
holding out the largest, most heterogeneous laboratory (Lab B) yields
the least negative LOLO R? (—0.29), whereas holding out Lab C, which
spans the highest and narrowest PCE range and a distinct interface-
material region, yields the most negative (—6.51). Cross-laboratory
predictability therefore does not track composition-space proximity,
reinforcing that architecture- and processing-related confounding,
rather than composition coverage alone, governs transferability.

Fig. 5¢ presents holdout R2 values for both feature sets. RF trained on
all 654 training devices and evaluated on the locked 165-device holdout
achieved an overall R2 of 0.59 for both the full and composition-only
feature matrices, indicating moderate random-split generalization in-
dependent of feature condition. For the full feature block, Lab B ach-
ieved R2 = 0.55 (95% bootstrap confidence interval (CI): 0.47-0.61;n =
102), Lab A 0.15 (—0.08 to 0.37; n = 35), and Lab C — 0.06 (—0.62 to
+0.09; n = 28) using 1000 percentile bootstrap resamples (Table S7).
The composition-only model produced similar estimates for Labs B and
A (0.54 and 0.14), while Lab C shifted from —0.06 to +0.04. Because the
Lab C holdout contains only 28 devices, this apparent improvement
should be interpreted cautiously and not considered evidence that
composition-only features resolve Lab C predictability. A paired boot-
strap comparison confirmed this interpretation: the 95% CI for the Lab C
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R? difference included zero (AR? = +0.104, 95% CI: —0.062 to +0.353;
Table S8). Importantly, random-split holdout evaluation cannot validate
LOLO failure because training and test sets share laboratory membership
by design. Nevertheless, because the 165-device holdout set was locked
before analysis, it provides a partial check of within-laboratory repro-
ducibility under the available retrospective dataset. A stronger test of
within-laboratory temporal drift would require devices fabricated in the
same laboratory months apart, which was not available in the present
cohort.

Fig. 5d compares within-laboratory 20-fold CV R2 with per-
laboratory holdout R2. For Lab B, within-laboratory RF CV (0.44 using
the full feature block) tracks the holdout estimate (0.55) closely. In
contrast, Labs A and C remain weak under both evaluations. Lab A ex-
hibits a holdout CI spanning zero, whereas Lab C remains at or below
zero for the full feature block, with wide uncertainty reflecting the small
holdout size. These results confirm that the within-laboratory hetero-
geneity identified in Section 2.2 persists on unseen data.

The composition-only LOLO RF R2 of —2.10 reported here is specific
to the defined protocol conditions: p-i-n perovskite PCE regression, the
34 composition descriptors listed in Table S5, and three-fold GroupK-
Fold LOLO evaluation with laboratory identity as the grouping variable.
Other cohorts applying the same protocol will produce different values
depending on laboratory count, composition coverage, and feature
design. LOLO R* > 0 was used as a minimum requirement because R*
was computed separately within each LOLO test fold. Since each LOLO
test fold consists of one held-out laboratory, the mean-prediction base-
line corresponds to the held-out laboratory mean rather than the pooled
multi-laboratory mean. Thus, the threshold already tests whether the
model improves upon a laboratory-specific mean baseline, although it
remains a necessary rather than sufficient condition for practical utility.
Absolute error metrics corroborate this interpretation (Supplementary
Table S9): the mean LOLO RF error (MAE 3.07%, RMSE 4.01% PCE)
exceeds that of predicting the held-out laboratory mean, whereas the
random-split holdout error is far smaller (MAE 1.61% PCE), confirming
that LOLO R? > 0 is necessary but not sufficient for practical cross-
laboratory utility. In addition to R? we report mean absolute error
(MAE) and root-mean-square error (RMSE) for all validation regimes
(Supplementary Table S9). R*> measures variance explained relative to
the held-out mean baseline, whereas MAE and RMSE quantify absolute
prediction error in PCE percentage points; reporting both avoids over-
interpreting R values close to the threshold.

The diagnostic framework therefore provides two directly transfer-
able outputs. First, the protocol itself, which can be applied to any multi-
laboratory cohort to generate comparable evaluation results. Second,
the explicit threshold for cross-laboratory generalization under this
protocol, namely LOLO R? > 0, which distinguishes models that improve
upon the mean baseline from those that do not. In the present cohort, no
model or feature configuration reaches this threshold; the composition-
only LOLO RF R of —2.10 is the closest among the evaluated conditions.
Collectively, these findings point to a broader issue in multi-laboratory
materials ML: laboratory-specific processing covaries with composition
and jointly shapes the prediction target wherever datasets are aggre-
gated across laboratories.

2.6. Implications for multi-laboratory materials machine learning

The diagnostic protocol and performance threshold defined here
were demonstrated using a perovskite p-i-n cohort, but the structural
conditions underlying the observed cross-laboratory failure are not
unique to perovskites. In multi-laboratory materials ML datasets, three
characteristics commonly co-occur. First, each laboratory occupies a
distinct region of feature space determined by its equipment, material
inventory, and processing conventions. Second, the prediction target
depends on interactions between composition and processing rather
than on composition alone. Third, the per-laboratory data volume is
often insufficient to support reliable independent cross-validation.
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These conditions are likely to arise in other materials ML applications,
including catalyst screening, battery cathode optimization, and organic
semiconductor characterization, where laboratory-specific processing
similarly covaries with the target property. The diagnostic procedures
developed here, namely LOLO evaluation combined with SHAP stability
analysis and ANOVA variance decomposition, can therefore be applied
directly to these settings. Likewise, the proposed cross-laboratory
threshold (LOLO R? > 0) generalizes without recalibration.

The adequacy of the present 819-device cohort should be interpreted
in this diagnostic context. The dataset is sufficiently large to reveal a
reproducible gap between standard validation and laboratory-aware
validation across multiple model classes, but it should not be viewed
as sufficiently large or representative for training a deployment-ready
cross-laboratory predictor. The cohort includes only three labora-
tories, has imbalanced laboratory sizes, and occupies laboratory-specific
composition and architecture spaces. These properties increase the risk
that standard cross-validation overestimates model robustness by fitting
laboratory-specific correlations. The negative LOLO results therefore do
not imply that cross-laboratory prediction is impossible, but rather that
broader, more balanced, and more compositionally overlapping datasets
are required for robust transferable models.

Two developments are particularly relevant to extending this
framework. First, autonomous experimentation platforms and self-
driving laboratories increasingly generate multi-campaign datasets
with the documented provenance necessary for laboratory-stratified
analysis [29,30], providing a natural context in which these di-
agnostics can be incorporated into closed-loop experimentation work-
flows. Second, community-scale resources such as the Perovskite
Database Project [28], which aggregates >42,400 devices from hun-
dreds of laboratories, provide sufficient scale to evaluate how broadly
the present findings extend across the perovskite ML literature.
Laboratory-aware analysis of such datasets may clarify how closely
existing methods approach the LOLO R? > 0 threshold and identify
which composition descriptors, if any, remain transferable across
diverse laboratories.

From an engineering perspective, the proposed diagnostic protocol
functions as a validation gate for machine-learning models before they
are used for perovskite device design, process optimization, or scale-up
decisions. Models validated only by random or within-laboratory splits
may recommend composition, interface, or processing rules that reflect
laboratory-specific fabrication histories rather than transferable device
behavior. Therefore, achieving robust cross-laboratory generalization
will likely require methods that address the underlying structural
confound directly rather than relying solely on feature engineering.
Candidate approaches include transfer learning and domain adaptation
methods that explicitly model between-laboratory differences [25,26],
multi-task learning across laboratories, and batch-correction strategies
adapted from genomics [21,36]. Under the framework proposed here,
such methods should be evaluated against the LOLO R? > 0 criterion on
the same cohort they are designed to address. The composition-only
LOLO RF R? of —2.10 reported for the present cohort therefore pro-
vides a concrete baseline against which alternative methods can be
compared. More broadly, rigorous cross-laboratory validation will
require laboratory-stratified holdout datasets in addition to the
within-laboratory and LOLO evaluations performed here, which we
identify as an important direction for future work.

3. Conclusion

This work establishes a quantitative framework for diagnosing cross-
laboratory generalization failure in perovskite solar cell machine
learning and defines an explicit performance threshold against which
corrective methods can be evaluated. We show that the failure is sub-
stantial, reproducible, and structural. Within-laboratory R2 values of up
to 0.44 collapse to leave-one-laboratory-out (LOLO) R2 values as low as
—3.05 in a controlled three-laboratory cohort of 819 p-i-n devices, and
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the collapse persists across all five model families evaluated. The un-
derlying mechanism is structural confounding among laboratory iden-
tity, processing architecture, and composition. Architecture accounts for
45.4% of total PCE variance under ANOVA and 81.5% under RF per-
mutation importance, whereas composition accounts for only 1.5% and
16.6%, respectively. Removing architecture features only partially
mitigates the failure (LOLO RF R2 improving from —3.05 to —2.10; AR2
= 0.95, corresponding to a 23% reduction in residual sum-of-squares),
because composition distributions are themselves laboratory-disjoint
by design. This work provides two connected outputs for the perov-
skite ML community. First, it introduces a diagnostic framework
combining LOLO cross-validation, SHAP stability analysis, and ANOVA
variance decomposition, applicable to any multi-laboratory dataset in
which laboratory-specific processing covaries with the prediction target.
Second, it defines an explicit cross-laboratory performance criterion
(LOLO R2 > 0) that distinguishes predictions outperforming the mean
baseline from those that do not. In the present cohort, the composition-
only LOLO RF R2 of —2.10 is the closest result to this threshold among
the evaluated conditions and remains substantially below it. More
broadly, high within-laboratory cross-validated R2 values should not be
interpreted as evidence of cross-laboratory predictive utility unless
accompanied by laboratory-aware evaluation. Laboratory-stratified
validation in larger multi-laboratory cohorts will be necessary to
determine how closely existing methods approach the LOLO R2 >
0 threshold and to identify composition descriptors that remain trans-
ferable across the broader perovskite ML landscape.

4. Methodology
4.1. Dataset

The dataset comprised 819 Pb-based p-i-n perovskite solar cells
collected from three independent research groups (Lab A, n = 177; Lab
B, n =496; Lab C, n = 146). All devices shared the p-i-n carrier-transport
architecture, enabling direct cross-laboratory comparison within a
common device class.

The three laboratories differed simultaneously in composition, ar-
chitecture, and performance. Lab A focused on wide-bandgap, Br-rich
compositions (xBr = 0.045-0.298; mean bandgap 1.61 eV; mean PCE
18.6%). Lab B occupied near-pure iodide compositions (xbr =
0.000-0.049; mean bandgap 1.54 eV; mean PCE 17.8%) and exhibited a
broad, left-skewed PCE distribution (SD 4.4%) due to a subpopulation of
low-performing devices. Lab C also used near-pure iodide compositions
(bandgap 1.57 eV) but achieved the highest mean PCE (22.2%; SD
1.4%). Because these differences occurred simultaneously, cross-
laboratory performance divergence could not be attributed to any sin-
gle variable.

Device architectures were also non-overlapping at the material level.
Lab A used MeO-2PACz as the HTL and C60 as the ETL on FTO and ITO
substrates. Lab B used NiOx or self-assembled monolayers (SAMs) as
HTLs and C60 or PCBM as ETLs on ITO. Lab C used MeO-2PACz, Me-
4PACz, or NiOx as HTLs and C60 as the ETL. No HTL or ETL material was
shared uniformly across all three laboratories.

4.2. Feature engineering

Two feature blocks were constructed. The first was a 45-feature
derived descriptor block computed from documented perovskite
composition fractions, reference physical properties, and selected ar-
chitecture and processing descriptors. Of these, 34 were composition-
only descriptors, including A-site, B-site, and X-site weighted averages
of ionic radius, ionization energy, and Pauling electronegativity;
composition fractions (x_cs, xfa, xma, x Pb, x Sn, xi, xbr, x Cl);
Goldschmidt tolerance and octahedral factors; site-fractional variance
descriptors; pairwise elemental difference and ratio descriptors; and A-
site and X-site mixing entropies (Table S5). The remaining 11 features
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captured architecture and processing information, including energy-
level alignment descriptors, layer thicknesses, HTL precursor concen-
tration, and perovskite solvent ratios (Table S6). The composition-only
34-feature subset used in Section 2.5 was generated by retaining only
the composition descriptors from this derived block.

The second block was a 164-feature raw process matrix assembled
from fabrication records. This block included directly measured or
specified fabrication parameters, including electrode thicknesses, spin-
coating speeds, accelerations and durations, annealing temperatures
and times, layer concentrations, solvent codes, and material work
functions. Some raw process variables overlapped conceptually with
derived descriptors, for example where measured layer thicknesses were
also used to construct derived architecture descriptors. After concate-
nation of the raw and derived blocks, zero-variance columns and col-
umns containing >80% missing values were removed, yielding a final
201-feature combined matrix rather than the nominal total of 209 fea-
tures. The reduction of eight features resulted from post-concatenation
filtering.

The primary analyses reported in Sections 2.2-2.5 used the 45-
feature derived block. This choice enabled direct comparison between
within-laboratory, full-dataset, and LOLO results and the 34-feature
composition-only subset examined in Section 2.5. The 201-feature
combined matrix was not used for the primary analyses because inclu-
sion of raw process variables increased within-laboratory predictability
without resolving the cross-laboratory generalization failure that moti-
vated this study. Restricting the primary analysis to the derived block
therefore provided a more controlled comparison between architecture-
inclusive and composition-only descriptors.

A binary diagnostic covariate, target derived_quality flag, was con-
structed by flagging devices with FF < 30% or PCE < 5%. Of the 819 p-i-
n devices, 24 were assigned target derived quality flag =1, corresponding
to 2.9% of the full cohort and 4.8% of Lab B. All target derived_quality flag
= 1 devices originated from Lab B. Because this flag was constructed
directly from PCE and FF thresholds, it constituted a near-tautological
predictor and was excluded from the primary feature matrix used in
Sections 2.2, 2.4, and 2.5 and in Tables 1-3. Instead, Section 2.3 reports
a separate diagnostic experiment in which target derived_quality. flag was
appended to the Lab B feature matrix to quantify the extent to which a
target-derived covariate can inflate within-laboratory performance. This
separation ensured that the primary within-laboratory, full-dataset, and
LOLO analyses were based exclusively on composition and architecture
descriptors.

4.3. Data validation

Physical bounds checking was applied before modeling: PCE
0.1-35%, bandgap 1.1-3.2 eV, open-circuit voltage (Voc) 0.1-3.0 V,
short-circuit current density (Jsc) 1-40 mA cm™2, and FF 10-100%.
Zero-variance columns and columns containing >80% missing values
were removed. Remaining missing values were imputed using the me-
dian within a scikit-learn Pipeline consisting of SimpleImputer(strat-
egy='median') followed by the regression model. The imputation
statistic was computed separately for each training fold and applied to
the corresponding test fold, preventing test-set leakage during pre-
processing. Devices with PCE values between 0.1% and 5% passed the
physical bounds checks but were independently flagged by the target -
derived_quality flag covariate (PCE < 5% or FF < 30%); the two filters
were applied separately.

4.4. Models and hyperparameters

Five baseline models were evaluated. Hyperparameters were either
optimized through inner cross-validation or fixed at predefined baseline
settings. For Ridge regression, alpha was tuned over {0.01, 0.1, 1, 10,
100} using five-fold inner CV nested within each outer fold. Under the
LOLO protocol, inner CV used GroupKFold with laboratory identity as
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the grouping variable to prevent inner-fold laboratory leakage. Lasso
regression used a fixed alpha of 0.1 as a regularized linear baseline and
was not separately tuned. For Random Forest, the parameters were
n_estimators = 300 and max_features = 'sqrt', with all remaining pa-
rameters at scikit-learn defaults. XGBoost used n_estimators = 500,
learning rate = 0.05, and max_depth = 5, with remaining parameters at
library defaults. LightGBM used n_estimators = 500, learning rate =
0.05, and num_leaves = 31, with remaining parameters at library de-
faults. The tree-based ensemble models were not independently opti-
mized. Because the principal finding of this study is the dissociation
between within-laboratory and LOLO performance, models were
compared using standardized baseline settings to avoid conflating
hyperparameter optimization with cross-laboratory generalization. All
stochastic operations used seed = 42 throughout, including KFold,
GroupKFold, RandomForestRegressor, XGBoost, LightGBM, and numpy.
random within bootstrap confidence interval calculations. Seed
robustness was assessed by repeating within-laboratory 20-fold CV
across five seeds; all findings were directionally consistent (Table S10).
A Random Forest hyperparameter sensitivity analysis under the LOLO
protocol (n_estimators € {100, 300, 500}, max_depth € {None, 5, 10},
max_features € {sqrt, 0.5}; 18 configurations) was performed to assess
robustness to hyperparameter choice.

4.5. Cross-validation protocol

A PCE-stratified 20% holdout set (165 devices) was locked before
analysis and excluded from all full-dataset and LOLO cross-validation
procedures. The primary protocol used 20-fold KFold CV (shuffle =
True, seed = 42) on the remaining 654 training devices. A sensitivity
analysis comparing 5-fold and 20-fold KFold CV for RF on the full
training set showed a mean R2 difference of approximately 0.01
(Table S11). A separate LOLO robustness check varying Random Forest
hyperparameters was also performed to confirm that the negative LOLO
result was not driven by the baseline model setting; the full results are
reported in Supplementary Table S12. The 20-fold protocol was adopted
for consistency across within-laboratory and full-dataset evaluations
and because the smallest laboratory training subset (Lab C, n = 118)
yielded approximately six samples per fold, making fold-level variance
informative for assessing prediction instability. Within-laboratory
analysis applied 20-fold KFold CV independently to each laboratory
subset after holdout exclusion (Lab A, n = 142; LabB, n = 394; LabC, n
= 118). LOLO evaluation used three-fold GroupKFold on the 654
training devices, with laboratory identity specified as the grouping
variable. For LOLO evaluation, R*> was computed independently within
each held-out laboratory fold using the standard scikit-learn imple-
mentation. Therefore, the mean-prediction baseline for each LOLO R?
value corresponds to the mean PCE of the corresponding held-out lab-
oratory fold rather than the pooled multi-laboratory mean.

4.6. Variance decomposition

Type II ANOVA was performed on the full 819-device dataset using
Laboratory, Composition (x_cs, x_fa, x. ma, x_i, x br, bandgap ev), and
Architecture (tco_code, htll_code, etl_code) as factor blocks. These blocks
were predefined for statistical diagnosis and were not assumed to
represent mutually independent causal categories, because several de-
scriptors can encode both physical design choices and laboratory-
specific processing conventions. Partial sums-of-squares were reported
as percentages of total sum-of-squares. RF permutation group impor-
tance (n_repeats = 30, seed = 42) was computed using the same feature
groups as a complementary nonlinear measure.

4.7. SHAP analysis

For each laboratory, an RF model was trained on the corresponding
post-holdout training subset using the 45-feature derived block with
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target derived_quality flag excluded. SHAP values were then computed
using TreeExplainer [38,39] on min(200, n) randomly sampled devices
(seed = 42). Features were ranked within each laboratory by mean
absolute SHAP value (mean |SHAP|), and the top 10 features were
retained. Cross-laboratory stability was assessed by comparing rank
positions for all features appearing in the top-10 list of at least one
laboratory.

The 819-device experimental dataset analyzed in this study was
compiled from real perovskite solar cell data generated by three
collaborating Korean universities: Hanyang University, Chung-Ang
University, and Ajou University. The raw device-level data are not
publicly deposited because the data were provided by the contributing
research groups and are subject to institutional and data-provider re-
strictions. Requests for access to the dataset may be directed to the
corresponding author, and data sharing will be considered by the data
providers on a case-by-case basis, subject to their approval and any
applicable institutional requirements. These restrictions are legal and
institutional in nature, arising from an ongoing collaborative project; the
complete analysis code is nonetheless publicly available and, together
with the feature definitions, fold-level statistics, and validation pro-
tocols provided in the Supporting Information, enables full reproduction
of the diagnostic workflow on any comparably structured multi-
laboratory dataset.
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