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Abstract. The rational design of inorganic phosphors with targeted emission wavelengths is challenging because
luminescence depends on strongly coupled structural, electronic, and excitation-dependent factors. Machine-learning studies
in this area often prioritize predictive accuracy without systematically evaluating descriptor reproducibility and physical
interpretability. Here, we develop a physics-guided explainable machine-learning framework that combines multi-method
feature selection, descriptor stability analysis, and physicochemical interpretation for emission-wavelength prediction. A
curated dataset of 2327 single-dopant phosphor compositions, initially represented by 125 physicochemical descriptors, was
refined to 46 physically meaningful descriptors. Twelve complementary feature-selection methods were evaluated using eight
stability metrics and 10-fold cross-validation. Pearson correlation and ANOVA-F, which are mathematically related univariate
criteria for measuring linear association, identified the same seven-descriptor subset with complete 10/10 fold-level
reproducibility. The resulting Random Forest model achieved a mean cross-validated R? = 0.9308, MAE = 7.78 nm, and RMSE
= 22.55 nm. The seven-descriptor model retained essentially the same predictive performance as the best fully reproducible
24-descriptor model while reducing descriptor dimensionality by about 71% relative to that model and by about 86% relative
to the full physically meaningful candidate space. Under 10-fold cross-validation, RF and GB achieved R? values of 0.9192
and 0.9023, respectively. SHAP analysis, descriptor ablation, interaction analysis, and complementary feature-importance
methods consistently identified the same descriptor hierarchy. The ionic radius of the emission-center site was the dominant
predictor, followed by excitation source and dopant valency. These results suggest four practical considerations for phosphor
screening, namely activator-site compatibility, dopant oxidation state, host chemical environment, and excitation conditions.
The results show that descriptor selection should consider not only predictive accuracy but also reproducibility, compactness,
robustness, and physical interpretability.

Keywords: Explainable Machine Learning; Materials Informatics; Inorganic Phosphors; Feature Selection;
Descriptor Optimization; Descriptor Stability; SHAP Analysis; Emission Wavelength Prediction; Physics-Guided Materials
Design



1. Introduction

Light-emitting inorganic phosphors constitute one of the most important classes of functional
materials in modern photonics and have become indispensable for numerous applications, including white
light-emitting diodes (WLEDs), solid-state lighting, flat-panel displays, lasers, optical sensing,
bioimaging, and emerging optoelectronic devices [1-7]. Their luminescence properties originate from
intricate interactions between the crystalline host lattice and activator ions, where local coordination
environments, crystal-field splitting, electronic structure, lattice dynamics, and energy-transfer
mechanisms collectively determine the emission wavelength, quantum efficiency, thermal stability, and
color purity [1,3-7]. Even subtle variations in crystal chemistry or local symmetry can significantly modify
the electronic transitions responsible for photoluminescence, making the rational optimization of phosphor
materials an inherently multidimensional materials design problem [3-7]. Although thousands of phosphor
compositions have been synthesized and characterized over the past several decades, discovering materials
with targeted optical properties still depends heavily on labor-intensive experimental trial-and-error
approaches [1-3]. Accelerating phosphor discovery while improving the fundamental understanding of
composition-structure-property relationships has become one of the major objectives of modern phosphor
science and materials engineering [2,3].

To overcome the limitations of conventional trial-and-error experimentation, machine learning
(ML) has rapidly emerged as a transformative approach for accelerating phosphor discovery and
optimizing photoluminescent materials [8-11]. Machine learning captures complex and often nonlinear
relationships between material descriptors and optical properties from experimental and computational
datasets, ML enables rapid prediction of excitation and emission wavelengths, photoluminescence
quantum yield, thermal stability, activator valence, and other key characteristics while substantially
reducing the experimental search space [8-15]. Early studies demonstrated the feasibility of applying ML
to predict thermally robust phosphor hosts and excitation wavelengths, establishing the foundation for
data-driven phosphor design [8,9]. Later studies expanded ML applications to the prediction of electronic
descriptors, emission characteristics, activator behavior, and structure-property relationships, while
increasingly integrating experimental validation to confirm the reliability of model predictions [10-17].
Recent studies have also shifted beyond property prediction toward machine-learning-guided materials
discovery, where ML models are employed not only to screen existing compounds but also to identify
previously unknown phosphors with targeted optical performance [2,11,13-18]. These advances have
firmly established machine learning as a central component of modern phosphor research and have
demonstrated its tremendous potential to accelerate the development of next-generation luminescent
materials.

Despite these remarkable advances, the majority of machine learning studies on phosphor
materials remain predominantly prediction-oriented, where model development is primarily driven by
improvements in statistical performance metrics such as the coefficient of determination (R?), mean
absolute error (MAE), and root mean square error (RMSE) [11,19-22]. Although such metrics provide
valuable measures of predictive performance, they offer limited insight into the underlying
physicochemical mechanisms governing photoluminescence or into whether the identified descriptors are
genuinely robust and transferable across different machine learning models, feature-selection algorithms,
and validation strategies [19-24]. Recent developments in explainable artificial intelligence (XAI) and
physics-guided machine learning have emphasized that accurate prediction alone is not sufficient for



scientific discovery. Interpretable models are also needed to reveal reliable structure-property
relationships and extract physically meaningful knowledge that can guide rational materials design [19-
23,25-27]. Likewise, recent studies in materials informatics have highlighted that descriptor selection is a
critical step in the machine-learning workflow, since unstable or model-dependent descriptors may reduce
both the reproducibility and scientific interpretability of the obtained results [24,28-31]. Existing studies
on phosphor materials generally evaluate feature importance for a single optimized model or a single
feature-selection strategy, while the robustness and consistency of descriptor importance across multiple
feature-selection algorithms, machine learning models, and cross-validation folds remain largely
unexplored [13,17,19,24]. Thus, a unified framework capable of simultaneously identifying stable
descriptors, providing interpretable explanations, and translating machine-learning outcomes into
transferable physics-guided design rules for inorganic phosphors has yet to be established.

In this work, we develop an explainable machine-learning approach for inorganic phosphors that
combines multi-method feature selection, descriptor stability analysis, model evaluation, and
physicochemical interpretation. The aim is to identify descriptors that are both predictive and reproducible
and to relate them to the physical factors governing emission wavelength. Unlike previous studies, which
typically rely on a single feature-selection method or model, our workflow integrates multiple selection
strategies and uses explainable machine learning to interpret the resulting descriptor hierarchy in physical
terms [10,13-17]. The identified descriptors are subsequently interpreted using state-of-the-art explainable
machine-learning techniques to establish direct connections between statistical learning outcomes and the
physicochemical mechanisms governing photoluminescence, transforming feature importance from a
purely computational quantity into scientifically interpretable knowledge [9,10,13,16,17].

The main contribution of this work is the combination of feature selection, descriptor stability
analysis, explainable machine learning, and physicochemical interpretation in a single workflow. The
study does not introduce a new explainability method or experimentally synthesize new phosphors.
Instead, it shows how these existing methods can be combined to obtain reproducible descriptors and
formulate design rules. The proposed methodology shifts the focus from maximizing predictive accuracy
alone toward identifying reliable descriptors that remain consistently important across multiple feature-
selection strategies and machine-learning models, ultimately enabling the formulation of physics-guided
design rules for inorganic phosphors. By combining predictive modeling with descriptor stability, model
interpretability, and physicochemical understanding, this work provides a general framework for the
rational discovery and optimization of next-generation phosphor materials. Overall, this study shows that
accurate prediction alone is insufficient for accelerating materials discovery. Reliable descriptor
identification, explainable machine learning, and physicochemical interpretation are also needed to
formulate useful design rules.

2. Methodology
2.1. Dataset and Descriptor Generation

The machine learning framework was constructed using the Inorganic Phosphor Optical Properties
(IPOP) database, containing experimentally validated phosphor compositions with corresponding optical
properties [2,11,18]. The initial descriptor pool comprised 125 physicochemical variables. Following
descriptor refinement, mathematically engineered arithmetic combinations with limited direct
physicochemical interpretability were excluded, resulting in a final candidate space of 46 physically



meaningful descriptors. This 46-descriptor space was used as the common input space for all subsequent
feature-selection, stability, and model-development analyses. Compositional descriptors were generated
using the matminer [32] and pymatgen [33] libraries, including elemental statistics, atomic/ionic radii,
electronegativity, valence electron concentration, ionization energy, and electronic configuration [24,30-
33]. Duplicate compositions were removed, yielding 2327 unique phosphor materials (Table 1).

Table 1. Summary of the phosphor dataset used in this study

PARAMETER VALUE

Database [POP

Initial number of samples 2363

Samples after duplicate removal 2327

Initial descriptors 125

Physically meaningful candidate descriptors 46

Final selected descriptors 7

Target property Emission wavelength (Aem)

Matminer + pymatgen + feature-

Descriptor generation engineered physicochemical
descriptors

Programming environment Python 3.x

Machine-learning library Scikit-learn

o Shapley Additive Explanations
Explainability method (SHAP)
Validation strategy 10-fold cross-validation

The IPOP database contains experimentally validated inorganic phosphors collected from published
literature and was used as the primary source of emission-wavelength data. Only single-dopant phosphors
were considered to eliminate uncertainties associated with multi-activator interactions and to establish a
consistent relationship between composition descriptors and emission wavelength. The final seven-
variable representation comprised six material-related descriptors and the excitation-source variable,
which reflects an experimentally defined measurement condition rather than an intrinsic material property.

2.2. Data Preprocessing

Following duplicate removal, the 2327 unique phosphor compositions were evaluated using 10-
fold cross-validation. All data-dependent preprocessing operations were performed within the
corresponding training folds and subsequently applied to the validation folds. Descriptors with zero or
near-zero variance and descriptors failing the predefined redundancy criteria were excluded as part of the
descriptor-refinement procedure. The redundancy criterion was defined as a pairwise Pearson correlation
coefficient exceeding 0.95 in absolute value. Descriptor pairs exceeding this threshold were examined,
and the descriptor with lower physical interpretability or lower univariate predictive relevance was
excluded. In addition, mathematically engineered descriptors generated through arithmetic combinations



of primary physicochemical variables were removed when they lacked sufficiently direct physicochemical
interpretation. This refinement resulted in a physically interpretable candidate space of 46 descriptors.

Missing values, when present, were imputed using the median values calculated from the training
data. Feature values were standardized using StandardScaler, with the scaling parameters fitted on each
training fold and applied unchanged to the corresponding validation fold. All preprocessing parameters
were estimated exclusively from the corresponding training data to prevent information leakage into
validation and test sets. The complete preprocessing workflow is summarized in Table 2.

Table 2. Data preprocessing workflow.

STEP DESCRIPTION OUTPUT
Duplicate removal Elimination of repeated phosphor 2363 — 2327 samples
compositions

Descriptor refinement ~ Removal of non-informative, redundant, and 46 physically meaningful
mathematically engineered descriptors with  candidate descriptors
limited direct physical interpretation

Missing-value treatment Median imputation fitted on training data Complete descriptor matrix
only

Feature scaling StandardScaler fitted on the training data Descriptors standardized using
only StandardScaler

2.3. Feature Selection

To 1identify the most informative descriptors while minimizing algorithm-specific bias, a
comprehensive framework integrating 12 complementary feature selection methods was adopted [24,28-
30]. The methods were categorized into filter, wrapper, and embedded approaches (Table 3). Following
descriptor preprocessing and refinement, the resulting 46 physically meaningful descriptors served as the
common candidate space for all subsequent feature-selection, stability, and model-development analyses.
Each algorithm generated an independent descriptor ranking, and all outputs were retained for subsequent
stability analysis rather than relying on a single selection strategy. For the t-test and Wilcoxon-based filter
methods, the continuous emission-wavelength target was divided into two groups independently within
each training fold using the fold-specific median as the cutoff. Samples with emission wavelength greater
than or equal to the training-fold median were assigned to the high-emission group, whereas samples
below the median were assigned to the low-emission group. For each descriptor, Welch’s independent
two-sample t-test (without assuming equal variances) and the Wilcoxon rank-sum test were then applied
to compare the descriptor values between the two groups. The null hypothesis for the Welch’s t-test was
equality of the group means, whereas the Wilcoxon rank-sum test evaluated the null hypothesis of no
systematic difference in the distributions between the two groups. Descriptor ranking was based on the
absolute value of the corresponding test statistic rather than on a predefined p-value threshold, and the top
k descriptors were retained. This grouping and ranking procedure was repeated independently within each
training fold. During 10-fold cross-validation, feature selection was independently performed within each
fold for every candidate subset size. All descriptor subsets generated by each feature-selection algorithm
were retained for subsequent reproducibility analysis rather than selecting a final subset immediately.



Descriptor subsets that were reproduced identically across all ten cross-validation folds (10/10
agreement) were classified as fully reproducible candidates. Stability metrics were calculated from the
original fold-level selections before applying this 10/10 consensus criterion.

Table 3. Feature selection methods employed.

CATEGORY METHOD SELECTION CRITERION
ANOVA F-test F-statistic for linear association
Mutual Information Nonlinear dependency

Filter Pearson Correlation Absolute correlation coefficient

Welch t-statistic: high vs. low emission groups
(training-fold median); ranked by |t|

Wilcoxon rank-sum statistic: high vs. low emission
groups (training-fold median); ranked by |[statistic|

t-test

Wilcoxon

Sequential Forward Selection (SFS)  Forward subset optimization

Wrapper Sequential Backward Selection (SBS) Backward subset optimization
Recursive Feature Elimination (RFE) Recursive elimination based on model importance
LASSO Regression L1 regularization
Embedded Ridge Regression L2 regularization
Random Forest Importance Tree-based importance
Gradient Boosting Importance Boosting-based importance

To ensure a fair comparison among different feature-selection approaches, identical training data and
preprocessing procedures were used for all algorithms, with feature selection performed on the same 46-
descriptor physically interpretable candidate space.The descriptor rankings obtained from the twelve
independent methods were subsequently analyzed using multiple stability metrics to identify descriptors
exhibiting consistent importance across different selection strategies rather than relying on a single
algorithm. For each training fold, the continuous emission-wavelength target was divided at the median
of the training-fold target values into high-emission (y > median) and low-emission (y <\) median) groups.
For each descriptor, Welch’s two-sample t-test was applied and descriptors were ranked by \(|t|\). The
Wilcoxon rank-sum test was applied to the same groups, with descriptors ranked by the absolute rank-
sum statistic. No p-value threshold was used; the top \(k\) descriptors were selected solely according to
these ranking statistics.

2.4. Descriptor Stability Analysis

Since different feature-selection algorithms often produce different descriptor subsets, evaluating
the stability of selected features is essential for identifying descriptors that are robust, reproducible, and
independent of a particular selection method [24,28-30]. Instead of selecting descriptors solely according
to their predictive importance, the present work systematically quantified descriptor stability across
multiple feature-selection algorithms and cross-validation procedures.

Descriptor stability was evaluated directly from the original descriptor subsets generated
independently within each of the ten cross-validation folds, before applying any fold-level consensus or



10/10 reproducibility filtering. For each feature-selection method, the eight stability metrics were
calculated from the 10-fold CV folds across descriptor subset sizes from k = 1 to 30 enabling the intrinsic
reproducibility of each selection algorithm to be evaluated as a function of descriptor number. Here, k
denotes the number of descriptors selected from the 46-descriptor candidate space. The stability analysis
therefore evaluates reproducibility across different descriptor numbers instead of treating the final
seven-descriptor representation as predetermined. Only after this independent stability assessment were
descriptor subsets exhibiting complete agreement across all ten folds (10/10 occurrence frequency)
identified as fully reproducible candidates. When multiple candidate subsets were available, predictive
performance, descriptor compactness, and physical interpretability were considered jointly in selecting
the final subset for subsequent model interpretation.

Feature-selection stability was assessed using eight stability metrics that characterize different
aspects of agreement and reproducibility between fold-level descriptor-selection subsets (Table 4).
Among them, the Jaccard Index measures the similarity between two selected descriptor subsets and is

defined as

J(AB) = |ANB]
) - IAUBII
where A and B denote descriptor subsets obtained from two independent feature-selection procedures.
To account for the agreement expected by random chance, the Kuncheva Index was additionally

calculated as

rN — k?

k(N — k)’

where N is the total number of descriptors, k is the number of selected descriptors, and r is the number of
shared descriptors. The Nogueira Stability estimator provided an unbiased measure of feature-selection
reproducibility [29]. For each algorithm, stability scores were evaluated across the ten cross-validation
folds using the same predefined data partitions.

KI(A, B) =

Table 4. Stability metrics used for descriptor reproducibility analysis.

METRIC PURPOSE

Jaccard Index Similarity between selected descriptor subsets

Dice Similarity Coefficient Degree of descriptor overlap

Hamming Similarity Agreement between binary selected/not-selected representations
Kuncheva Index Chance-corrected subset stability

Pearson PCC Linear association between binary selection vectors

Spearman Correlation Rank correlation between binary selection vectors

Kendall Correlation Rank concordance between binary selection vectors

Nogueira Stability Overall reproducibility of feature selection

All stability metrics were computed directly from the original ten fold-level descriptor subsets and for
each pair of folds, the selected subsets were represented as binary selection vectors, with 1 indicating that
a descriptor was selected and 0 otherwise. Jaccard, Dice, and Kuncheva quantify subset overlap, whereas



Hamming similarity quantifies agreement between the corresponding binary selection vectors. Pearson,
Spearman, and Kendall statistics were also calculated from these binary selection vectors rather than from
continuous descriptor-importance rankings. Because all folds select the same fixed number of descriptors
for a given method and k, these binary-vector correlations are mathematically related to the same
underlying subset overlap, and therefore can produce identical or nearly identical numerical values. The
Nogueira estimator is computed independently from the complete binary selection matrix and provides a
separate overall stability estimate. Thus, the identical values observed for several metrics reflect
mathematical dependence under the fixed-cardinality binary representation rather than duplicated
calculations or an implementation error.

The Nogueira Stability estimator was employed to provide an unbiased measure of feature-
selection reproducibility [29]. Descriptor consistency was further assessed using Pearson, Spearman,
Kendall, Dice, and Hamming similarity metrics. The stability profiles were used to characterize descriptor
reproducibility across feature-selection methods and subset sizes, while complete 10/10 fold-level
reproducibility was subsequently applied as a criterion for identifying fully reproducible candidate
subsets. A stability score of 1.0 for an individual stability metric does not necessarily imply identical
descriptor membership across all folds. Therefore, complete 10/10 reproducibility was treated as a
separate, stricter criterion based directly on descriptor-subset identity. Feature selection and
hyperparameter optimization were performed using 10-fold cross-validation, with identical data partitions
for all algorithms. Reproducibility was assessed within each fold. Subsets showing identical descriptor
membership across all ten folds were subsequently classified as fully reproducible candidates for the final
multi-objective comparison. The 10-fold cross-validation framework was used for descriptor-selection
stability assessment, comparison of candidate descriptor numbers, and model/hyperparameter evaluation.
The selection of k and model hyperparameters was not embedded within a separate outer cross-validation
loop. Therefore, the cross-validated performance values used for model and descriptor selection may
contain some optimistic selection bias and should be interpreted as internal cross-validation estimates
rather than fully unbiased generalization estimates.

2.5. Machine Learning Model Development

Consensus descriptors were used to develop predictive models for Aem estimation using
complementary algorithms, such Random Forest (RF) and Gradient Boosting (GB) [11,18-20,25]. The RF
model aggregates predictions from 7 decision trees:

where h;(x) is the prediction from the #-th tree.
The GB model builds an ensemble sequentially, with each new tree correcting residual errors:

Fn(x) = Fp_q1(x) + nhp(x)

Hyperparameters for all machine-learning models were optimized exclusively using the training
dataset within the 10-fold cross-validation framework. The principal categories of optimized
hyperparameters are summarized in Table 5, whereas the complete implementation details and the final
hyperparameter values of the optimized RF and GB models are provided in Table S1. Unless otherwise
stated, the remaining hyperparameters retained their default values in the Scikit-learn implementation.



Table 5. Principal hyperparameters optimized for each machine-learning model.

MODEL  OPTIMIZED HYPERPARAMETERS
RF Number of trees, maximum tree depth, minimum samples per split
GB Number of estimators, learning rate, maximum tree depth

The three models were intentionally selected to represent complementary machine-learning paradigms,
namely bagging (RF) and boosting (GB), enabling a balanced comparison between fundamentally
different learning strategies.

2.6. Model Evaluation and Validation

Predictive performance was characterized using 10-fold cross-validation during model
development and selection. Three regression metrics were employed, and coefficient of determination,
mean absolute error, and root mean square error:

R2—1_ Y (i = 9)?
n =32
i=1(yi - yi)

where y;, §;, and y; denote the observed values, predicted values, and mean of the observed values,
respectively. The MAE and RMSE were calculated as:

n
1
MAE=—E —
nillyl ¥l
l:

n
1
RMSE = |~ (= 9%,
i=1

where lower MAE and RMSE values indicate higher prediction accuracy, whereas higher R? values
correspond to better agreement between predicted and experimental emission wavelengths.

To ensure complete reproducibility and a fair comparison among different machine-learning
algorithms, identical cross-validation partitions of the training set were used throughout the study. The
KFold procedure was implemented with 10 folds, shuffle = True, and random_state = 42, ensuring that
each algorithm was trained and validated using exactly the same data partitions. Feature selection,
descriptor stability analysis, hyperparameter optimization, and model evaluation were all performed
within this identical cross-validation framework, thereby ensuring that differences among methods were
not attributable to different train-validation partitions. The complete implementation details and optimized
model hyperparameters are summarized in Table S1.

2.7. Explainable Machine Learning

To interpret the model predictions and identify the physicochemical factors associated with Aem,
SHAP analysis was performed. SHAP quantifies the contribution of each descriptor to individual



predictions while providing global model interpretability [19-22,26,27]. The SHAP value for

descriptor i is:
SI'(F| =S| = 1)!
g,= > B U - £6))

ScF\{i}

Global SHAP analysis was performed to rank descriptor importance across the entire dataset, whereas
local SHAP values were used to explain individual predictions. In addition, SHAP dependence and
interaction analyses were employed to investigate nonlinear descriptor effects and interactions influencing
the emission wavelength. The resulting interpretations were combined with the descriptor stability
analysis to identify physically interpretable and reproducible descriptors governing phosphor emission,
providing design guidelines for the discovery and optimization of new phosphor materials. To improve
the reliability of descriptor interpretation, SHAP analysis was complemented by additional explainability
and validation analyses described in the Results section.

3. Results and Discussion
3.1. Dataset Characteristics and Preprocessing

The quality and representativeness of the training dataset are fundamental to the development of
reliable machine-learning models for materials discovery. The initial IPOP database contained 2363
phosphor compositions together with their experimentally reported emission wavelengths and
physicochemical descriptors. After removing duplicated material entries, the dataset comprised 2327
unique phosphor compositions, ensuring that each material contributed only once to model development.
This preprocessing step minimizes potential bias arising from repeated observations and improves the
reliability of subsequent statistical analyses.

After duplicate removal, the curated dataset comprised 2327 unique phosphor compositions. The
initial 125-descriptor representation was subsequently refined by excluding non-informative and
redundant variables together with mathematically engineered arithmetic descriptors that lacked
sufficiently direct physicochemical interpretation. This procedure resulted in a physically meaningful
candidate space of 46 descriptors, which served as the common input space for all subsequent feature-
selection analyses. The 46-descriptor space was evaluated using twelve complementary feature-selection
algorithms under 10-fold cross-validation across varying descriptor subset sizes. For each method, subsets
exhibiting complete fold-level reproducibility (10/10 occurrence across folds) were identified. The final
descriptor set was selected by jointly considering predictive performance, stability, compactness, and
physicochemical interpretability. The selected descriptors were then used to train RF and GB models, with
the best-performing model subsequently interpreted using SHAP analysis to extract physics-guided design
rules for inorganic phosphors. The complete workflow is illustrated in Figure 1. The curated dataset
contains sufficient compositional diversity for reliable statistical analysis. The removal of redundant
samples and non-informative descriptors reduced computational complexity while improving the
robustness of feature selection by minimizing the influence of noisy and duplicated variables. Because
descriptor selection was performed only after preprocessing, duplicate removal and redundancy filtering
prevented repeated samples and highly correlated variables from artificially inflating selection frequencies
during cross-validation. Additional statistical characteristics of the phosphor database, including
distributions of emission wavelength, dopant species, and dopant valency, are provided in Figure S1.
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Figure 1. Overview of the complete physics-guided explainable machine-learning workflow. Starting from 125 initial
descriptors, the pipeline includes descriptor preprocessing, stability-guided feature selection, model training, and SHAP-based
interpretation to derive design rules for inorganic phosphors.

The resulting curated dataset contains sufficient compositional diversity for reliable statistical analysis.
The removal of redundant samples and non-informative descriptors reduced computational complexity
while improving the robustness of feature selection by minimizing the influence of noisy and duplicated
variables. Because descriptor selection was performed only after preprocessing, duplicate removal and
redundancy filtering prevented repeated samples and highly correlated variables from artificially inflating
selection frequencies during cross-validation. Additional statistical characteristics of the phosphor
database, including distributions of emission wavelength, dopant species, dopant valency, and publication
year, are provided in Figure S1.

3.2. Feature Selection and Descriptor Consensus

Because different feature-selection algorithms rely on distinct statistical criteria and optimization
strategies, they may identify different descriptor subsets. Instead of treating these differences as
methodological inconsistencies, the present analysis first examined whether the same physicochemical
variables were repeatedly identified across fundamentally different feature-selection strategies. To
investigate cross-method agreement, descriptor selection frequencies were summarized across the twelve
feature-selection algorithms, as shown in Figure 2. This method-level consensus analysis provides an
overview of how frequently individual descriptors were retained and should be distinguished from the
subsequent fold-level stability analysis.
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Figure 2. Feature selection frequency across twelve feature-selection algorithms. The heatmap summarizes how frequently
each descriptor was selected by filter-, wrapper-, and embedded-based methods, providing an overall view of descriptor
consensus.

Figure 2 reveals substantial differences in descriptor-selection frequency across the twelve feature-
selection algorithms, while also showing a smaller group of descriptors that was repeatedly retained by
multiple methods. The frequencies shown in Figure 2 summarize selection agreement across the twelve



feature-selection methods applied to the 46-descriptor physically meaningful candidate space. They
therefore quantify cross-method agreement rather than fold-level reproducibility, sequential
dimensionality reduction, or direct predictive importance. Thus, Figure 2 should be interpreted as a
method-level consensus map rather than as evidence that the selected descriptors are invariant to
resampling. Among the most frequently selected descriptors were the ionic radius at the emission center,
excitation wavelength, activator valency, average ligand electronegativity, and ionization-energy-related
descriptors. Their repeated identification across independent feature-selection strategies suggests that
these variables contain potentially relevant physicochemical information for modeling emission
wavelength [19,34-36]. Selection frequency alone cannot establish descriptor robustness under
resampling, because a descriptor may be frequently selected across methods while remaining sensitive to
the particular cross-validation fold or descriptor-number setting. Fold-level reproducibility and
quantitative stability were therefore evaluated independently in the subsequent stability analysis presented
in Section 3.3.

To further resolve the origin of the observed selection frequencies, the descriptors selected by the
individual feature-selection strategies were examined separately for the RF- and GB-based feature-
selection outputs. The resulting cross-method consensus matrices are presented in Figure 3. The matrices
show which descriptors were selected by each of the twelve methods and therefore provide a more detailed
view of the methodological support underlying the observed selection frequencies. The RF and GB
matrices contain 33 and 36 unique descriptors, respectively, that were selected by at least one feature-
selection method. These counts represent the union of method-selected descriptors displayed in the
matrices. They do not constitute an additional dimensionality-reduction step from the original 46
descriptors. Instead, they indicate the breadth of descriptor participation in the cross-method selection
stage before subsequent fold-level reproducibility, stability, performance, and compactness analyses. For
both models, ionic radius_emission_center exhibited complete cross-method consensus, being selected
by all twelve feature-selection methods (12/12). Excitation source was selected by 8 of 12 methods, while
1*" dopant valency was selected by 7 of 12 methods. Ionization Energy sum and ionic_radius_substituted
were each selected by five methods, whereas EN_ligand avg and avg_d electrons were selected by four
methods. The matrices therefore show that a limited group of physically meaningful descriptors receives
support from multiple independent selection strategies, although the degree of support differs among
descriptors and methodological families.

The consensus frequencies shown in Figure 3 should not be interpreted as direct predictive
importance or as evidence of fold-level reproducibility. Rather, they quantify the degree of agreement
among the twelve feature-selection strategies. The final descriptor dimensionality was determined at a
subsequent stage by jointly considering fold-level reproducibility, quantitative stability metrics, predictive
performance, compactness, and physicochemical interpretability. Thus, the consensus analysis serves as
an intermediate evidence layer supporting descriptor robustness, whereas the final compact descriptor
subset is established only after the subsequent stability and performance analyses.
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Figure 3. Cross-method feature-selection consensus matrices for the optimized RF (a) and GB (b) models. The matrices
summarize descriptor selection across twelve complementary feature-selection methods applied to the physically meaningful



candidate space. Filled cells indicate that a descriptor was retained by the corresponding method, whereas the frequency column
reports the number of methods selecting each descriptor. The RF and GB matrices contain 33 and 36 unique descriptors,
respectively, selected by at least one method. The matrices quantify cross-method selection consistency rather than sequential
dimensionality reduction, fold-level reproducibility, or direct predictive importance.

As shown in Figure 3, the consensus matrices provide a complementary perspective to the frequency
analysis by explicitly identifying which algorithms selected each descriptor. The strongest cross-family
agreement was observed for descriptors such as ionic_radius emission center, excitation source, and 1%
dopant valency, which were selected by methods spanning the filter, wrapper, and embedded categories.
Such agreement provides stronger evidence of cross-method relevance than repeated selection within only
one methodological family. In contrast, descriptors supported by only a limited number of methods or
concentrated within a single methodological family represent weaker consensus signals and therefore
require additional validation before being considered robust model descriptors.

Another notable finding is that descriptor consensus depends not only on the frequency of selection
but also on the diversity of feature-selection strategies supporting that selection. A descriptor identified
by several statistically and algorithmically distinct approaches provides stronger evidence of cross-method
relevance than a descriptor selected by only one methodological family. However, this cross-method
agreement should not be equated with fold-level stability. The latter is quantified independently in Section
3.3 using complementary stability metrics calculated directly from the original fold-level descriptor
subsets. Thus, Figures 2 and 3 provide an intermediate evidence layer for descriptor consensus, whereas
the subsequent stability and performance analyses determine which descriptors and descriptor numbers
provide the most reliable final representation.

During the methodological development, several descriptor representations were systematically
evaluated, beginning with elemental and physicochemical descriptors generated using matminer and
pymatgen, followed by descriptor refinement and redundancy filtering. The initial 125 descriptors were
subsequently refined by excluding non-informative, redundant, and mathematically engineered
descriptors with limited direct physicochemical interpretability, yielding the final 46-descriptor physically
meaningful candidate space. The subsequent feature-selection analyses were therefore performed
exclusively within this refined and physically interpretable descriptor space. Similar conclusions have
been reported in recent explainable materials informatics studies [35,36].

Mathematically engineered descriptors generated through arithmetic combinations of primary
descriptors were also examined during the preliminary descriptor-refinement stage. They were excluded
before the final feature-selection analysis because their direct physicochemical interpretation was limited.
Consequently, the twelve feature-selection algorithms operated on the resulting 46-descriptor physically
meaningful candidate space. All subsequent stability, performance, explainability, and physics-guided
interpretation analyses were based on physically interpretable descriptors.

3.3. Stability Assessment of Feature Selection Algorithms

Although the cross-method analyses presented in Figures 2 and 3 reveal recurring
descriptor-selection patterns, cross-method consensus alone cannot objectively quantify the
robustness of descriptor selection under resampling. Reliable machine-learning models require not
only descriptors that are repeatedly identified by different algorithms, but also feature-selection
procedures capable of producing reproducible descriptor subsets across independent cross-
validation folds [37,38]. Therefore, descriptor stability was systematically evaluated within the 10-



fold cross-validation framework for each feature-selection method and each candidate descriptor
number.

For every cross-validation fold within the training set, feature selection was independently
performed using the same dataset partitioning strategy, and the selected descriptor subset was
recorded without applying any prior consensus filtering. The eight complementary stability
metrics, including Jaccard, Dice, Hamming, Kuncheva, Spearman, Kendall, Pearson correlation
coefficient, and Nogueira stability indices, were calculated directly from the original fold-level
descriptor subsets. Because the selected subset size was fixed for each method and k, the binary
representations used for Pearson, Spearman, and Kendall calculations contain the same
membership information, making these metrics mathematically related and explaining their
identical or nearly identical stability profiles. This procedure enables the intrinsic reproducibility
of each feature-selection algorithm to be evaluated independently from the final descriptor-
selection process and avoids artificially increasing stability values by evaluating only pre-selected
consensus subsets.

The stability evaluation was performed across the complete range of candidate descriptor
numbers, allowing the relationship between subset size and descriptor reproducibility to be
systematically investigated. Here, k represents the number of descriptors selected from the 46-
descriptor physically meaningful candidate space. The detailed stability-versus-k analyses for all
twelve feature-selection algorithms are provided in Figures S6-S11, where the methods are
grouped according to their underlying feature-selection strategies. These analyses demonstrate
how descriptor reproducibility changes with increasing subset size and provide an objective
assessment of the robustness of different feature-selection strategies. Notably, the stability-versus-
k profiles reveal that descriptor reproducibility is strongly dependent on both the selection
algorithm and subset size. Mutual Information maintains particularly high stability over a broad
range of k values, whereas sequential search methods such as RFE, SFS, and SBS exhibit
substantially stronger variations with increasing subset size (Figures S7, S10 and S11). Pearson
correlation and ANOVA-F also show highly reproducible behavior for compact descriptor subsets,
followed by a gradual decrease in stability as additional descriptors are introduced (Figure S6).

In parallel with the stability analysis, the influence of descriptor number on predictive
performance was investigated using the optimized RF model. Figure 4 summarizes the variation
of R?, MAE, and RMSE as a function of the number of selected descriptors for all twelve feature-
selection methods. The stars indicate the performance-selected optimal & values for each feature-
selection algorithm. The corresponding optimal-k values, predictive performance parameters, and
fold-level reproducibility indicators obtained for the Random Forest models are summarized in
Table S2. In general, the predictive performance improves rapidly when increasing the number of
descriptors from very small subsets and gradually approaches a plateau, indicating that most of the
relevant physicochemical information is captured within a limited descriptor space. The
quantitative results summarized in Table S2 further confirm that comparable RF predictive
performance can be achieved using substantially different descriptor-set sizes, while their fold-
level reproducibility may differ considerably. This observation emphasizes that the numerically
highest predictive score alone is insufficient for defining the most reliable descriptor subset and
supports the combined consideration of predictive accuracy, stability, and descriptor compactness.
Because the same 10-fold training-set framework was used to compare descriptor numbers and
select the preferred k, these cross-validated values should be interpreted as model-selection
estimates rather than unbiased estimates of external generalization performance.
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Figure 4. Predictive performance of RF models as a function of the number of selected descriptors (k) for
the twelve feature-selection methods. The R? (a), MAE (b), and RMSE(c) are shown as functions of k. Stars indicate
the performance-selected optimal k for each feature-selection method. Performance was evaluated by 10-fold cross-
validation within the training set.

The optimal descriptor number varies among feature-selection algorithms, demonstrating
that a universal descriptor number cannot be assumed for all selection strategies. While some
methods achieve their highest numerical performance using relatively larger subsets, several
compact subsets provide comparable predictive accuracy with substantially fewer descriptors.
Descriptor selection was considered as a multi-objective optimization problem involving
predictive accuracy, descriptor selection was considered as a multi-objective optimization problem
instead of relying solely on the maximum predictive score. To further examine whether the



observed descriptor optimization behavior depends on the selected machine-learning algorithm,
the same performance-versus-k analysis was independently performed using the GB model.
Similar to RF, the GB models generally exhibited a rapid improvement in predictive performance
at small descriptor numbers followed by a gradual plateau at larger subset sizes (Figure S12). At
the performance-selected optima, the GB models achieved relatively similar predictive accuracies
(R? = 0.900-0.907) despite differences in the selected subset size and fold-level reproducibility
(Table S3). These results shows that the general trade-off between predictive performance,
descriptor number, and selection stability is not specific to RF, although the RF models provide
the stronger predictive basis for the subsequent descriptor interpretation.

Among the evaluated feature-selection approaches, filter-based methods generally
exhibited favorable descriptor reproducibility, although their stability remained dependent on the
selected subset size. Mutual Information was particularly robust across a broad range of k values,
while Pearson correlation and ANOVA-F showed very high reproducibility for compact subsets
followed by a gradual reduction as additional descriptors were introduced (Figures S6 and S7). In
contrast, sequential wrapper approaches showed greater dependence on the specific composition
of the training data and subset size, leading to larger variations in the selected descriptor subsets
across different folds (Figures S10 and S11). Embedded and model-based approaches generally
demonstrated intermediate behavior (Figures S8 and S9), reflecting a balance between model-
dependent optimization and descriptor stability [39,40-42].

The agreement observed among different stability metrics further supports the reliability
of the stability evaluation. Although the mathematical formulations of the eight indices differ, they
reveal similar trends in descriptor reproducibility, indicating that the observed differences among
feature-selection algorithms are not associated with a single metric but represent intrinsic
variations in selection robustness. Combining multiple complementary stability measures provides
a more comprehensive evaluation of feature-selection reliability compared with using an
individual stability indicator.

Following the independent stability assessment, descriptor subsets with complete
agreement across all ten cross-validation folds (10/10 occurrence frequency) were identified as
fully reproducible candidates. The performance characteristics of the fully reproducible subsets
retained for each feature-selection method are summarized separately for RF and GB in Tables S4
and S5, respectively. These fully reproducible subsets were not used for calculating the stability
metrics but were considered as an additional criterion for selecting the final descriptor sets used
for model interpretation. When multiple fully reproducible subsets were available for a given
feature-selection method, the final subset was selected by considering predictive performance (R?,
MAE, and RMSE), descriptor compactness, and physical interpretability simultaneously. This
combined strategy ensures that the final descriptor subsets represent a balance between predictive
capability, statistical reproducibility, and meaningful physicochemical interpretation. The selected
descriptors therefore provide a more reliable foundation for subsequent machine-learning analysis
and explainable model interpretation. Additional analyses obtained during the preliminary
descriptor-selection stage and validation on an independent dataset from previous studies are
provided in Figures S2 and S3, respectively.

3.4. Machine Learning Performance

The performance-versus-k analysis presented in Figure 4, together with the corresponding optimal-
subset statistics summarized in Table S2, shows that several descriptor subsets provide very similar RF



performance despite substantial differences in subset size and fold-level reproducibility. Table S2 also
reveals that several larger descriptor subsets provide only marginal improvements compared with compact
solutions, supporting the use of descriptor compactness as an additional optimization criterion. Selection
of the final RF model was therefore treated as a selection problem involving predictive accuracy,
descriptor reproducibility, compactness, and physical interpretability. Within the 46-descriptor physically
meaningful candidate space, this multi-objective criterion prevented descriptor-rich representations from
being favored solely because of marginal numerical improvements. Particularly notable behavior was
observed for Pearson correlation and ANOVA-F. Pearson correlation and ANOVA-F identified the same
compact seven-descriptor subset at k = 7, with identical selection across all ten cross-validation folds
(10/10 reproducibility). As summarized in Table 6, this compact RF model achieved a mean 10-fold cross-
validated R*> = 0.9308, MAE = 7.78 nm, and RMSE = 22.55 nm, demonstrating that a highly compact and
fully reproducible descriptor representation retains nearly all of the predictive information available in
substantially larger subsets. Relative to the full 46-descriptor physically meaningful candidate space, the
final seven-descriptor representation corresponds to an approximately 86% reduction in descriptor
dimensionality.

Table 6. Direct comparison of mean 10-fold cross-validated performance of the compact seven-
descriptor RF model with selected larger RF subsets.

Feature-selection ’ 10/10
method k R MAE (nm) — RMSE (nm) reproducibility
Pearson /

ANOVA-F 7 0.9308 7.78 22.55 Yes
T-test 20 0.9345 7.80 21.80 No
T-test 24 0.9339 7.77 21.81 Yes

To quantify the uncertainty of the observed difference between the seven- and 24-descriptor models, we
estimated 95% confidence intervals for the differences in cross-validated performance using bootstrap
resampling of the paired out-of-fold predictions (1000 iterations). The 95% CI for AR? (24-descriptor
model minus seven-descriptor model) was [-0.0067, 0.0035]. The corresponding intervals for MAE and
RMSE were [-0.33, 0.40] nm and [-0.64, 1.25] nm, respectively. Since all three intervals contain zero, the
differences are not statistically significant at the 5% level. This supports the interpretation that the compact
seven-descriptor model provides predictive performance comparable to that of the larger 24-descriptor
model. The direct comparison in Table 6 further clarifies why the seven-descriptor model was preferred
over the numerically best larger subsets. The highest mean cross-validated R? in the RF all-k analysis was
obtained using the T-test subset at k = 20 (R? = 0.9345, MAE = 7.80 nm, and RMSE = 21.80 nm).
However, this subset did not satisfy the 10/10 fold-level reproducibility criterion. The best larger fully
reproducible T-test subset was obtained at k = 24, with mean cross-validated R?= 0.9339, MAE = 7.77
nm, and RMSE = 21.81 nm. Relative to this 24-descriptor model, the seven-descriptor Pearson/ANOV A-
F model decreases R? by 0.003 (absolute), corresponding to a relative reduction of less than 0.5%. In
contrast, the descriptor dimensionality is reduced from 24 to 7, corresponding to a reduction of
approximately 71%. Thus, the small numerical gain obtained with the larger subset does not provide
sufficient predictive improvement to justify the substantially larger descriptor representation within the
present selection framework. The combination of near-equivalent predictive accuracy, complete fold-level



reproducibility, and consistent identification of the same seven descriptors by Pearson correlation and
ANOVA-F provides a stronger basis for subsequent physical interpretation. Fold-level inspection further
confirmed that the same seven-descriptor set was selected in all ten folds using both criteria (Table S6).

To determine whether the observed performance-subset-size relationship was specific to RF, the
complete performance-versus-k analysis was independently repeated using GB. As shown in Figure S12,
the GB models exhibited a broadly similar trend to RF, with rapid improvements at relatively small
descriptor numbers followed by a gradual performance plateau as additional descriptors were introduced.
The quantitative optimal-k results are summarized in Table S3. Across the feature-selection strategies, the
performance-selected GB models generally reached R? values of approximately 0.900-0.907, whereas
their fold-level reproducibility differed more substantially among the individual methods (Table S3).
When restricted to fully reproducible subsets, Mutual Information provided the highest predictive
performance among the GB candidates, achieving a mean cross-validated R? = 0.906, MAE = 15.48 nm,
and RMSE = 26.76 nm with 30 descriptors and complete 10/10 reproducibility (Table S5). Other fully
reproducible GB subsets showed lower predictive performance despite satisfying the same reproducibility
criterion. The combined results of Figure S12 and Table S3 therefore show that the trade-off among
predictive accuracy, descriptor number, and reproducibility is not unique to RF. Comparison with the RF
results in Figure 4 and Table S2 shows that RF generally provides the stronger predictive performance,
supporting its selection as the principal model for subsequent explainability and physics-guided
interpretation.

The cross-model comparison of feature-selection strategies is provided in Figures S13 and S14.
For RF, the best-performing T-test subset achieved R? = 0.934, whereas the compact Pearson/ANOVA-F
model maintained comparable accuracy (R? = 0.931) with only seven descriptors (Table 6). For GB,
Mutual Information achieved the highest predictive performance (R?> = 0.906, MAE = 15.48 nm, RMSE
= 26.76 nm), confirming the consistency of the feature-selection evaluation across different ensemble
models (Figure S14). Additional prediction diagnostics based on pooled 10-fold cross-validation out-of-
fold predictions for the optimized RF and GB models are provided in Figure S4. The RF and GB
comparisons indicate that for the present dataset and evaluated model configurations, the ensemble tree-
based models provided stronger predictive and generalization performance than the tested neural-network
architecture. More importantly, the RF results reveal that near-optimal predictive performance can be
retained using a substantially reduced and fully reproducible descriptor subset. Considering the
performance-versus-k behavior in Figure 4, the complete RF statistics in Table S2, the direct compact-
versus-best comparison in Table 6, and the corresponding GB analyses in Table S3 and Figures S12-S14,
the seven-descriptor RF model consistently identified by Pearson correlation and ANOVA-F was selected
as the primary model for subsequent explainable machine-learning analysis. The superior performance of
RF and GB therefore suggests that ensemble tree-based algorithms are better suited for modeling the
complex nonlinear relationships between physicochemical descriptors and emission wavelength in
inorganic phosphors. This behavior is physically reasonable because the emission wavelength of inorganic
phosphors is governed by highly nonlinear interactions among host composition, activator electronic
configuration, crystal-field environment, and local bonding characteristics. Ensemble tree-based models
naturally capture these complex descriptor interactions without imposing a predefined linear functional
form, making them suitable for representing nonlinear relationships within the present heterogeneous
physicochemical descriptor space.



The comparison among the three machine-learning algorithms indicates that the proposed
consensus-based feature-selection framework produces stable descriptor subsets capable of supporting
highly accurate predictive models. Among the evaluated algorithms, RF consistently provides the best
balance between predictive accuracy, robustness, and independent-test performance. The superior
performance of ensemble tree-based models for heterogeneous tabular materials datasets has also been
reported in recent materials-informatics studies [43-45]. RF was selected as the primary model for the
subsequent explainable machine-learning analysis because it provides the best overall balance between
predictive accuracy, robustness against heterogeneous descriptor distributions, resistance to overfitting,
and compatibility with explainable machine-learning techniques. SHAP was subsequently employed to
quantify the individual contributions of the selected descriptors to emission wavelength prediction.
Additional prediction diagnostics based on 10-fold cross-validation out-of-fold predictions are provided
in Figure S4, which shows the predicted versus actual relationships and residual analyses for the optimized
RF and GB models. The pooled out-of-fold predictions yielded R? values of 0.9351 for RF and 0.8912 for
GB, with residual standard deviations of 22.89 nm and 29.63 nm, respectively (Figure S4).

The predictive performance of the selected compact RF model is competitive with previously
reported machine-learning approaches for inorganic phosphors [8-18]. The present framework achieves
this performance with only seven fully reproducible descriptors, combining high predictive accuracy with
descriptor reduction and enhanced interpretability. The major advantage of the proposed strategy is the
simultaneous optimization of accuracy, reproducibility, and physical interpretability rather than predictive
performance alone.

Beyond overall predictive accuracy, it is important to determine whether model reliability remains
uniform across the experimentally relevant emission-wavelength range. Therefore, the prediction errors
of the optimized RF and GB models were further analyzed within different spectral regions (Figure 5).
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Figure 5. Spectral-region-dependent prediction errors of the optimized RF and GB models. The bars represent the MAE within
each emission-wavelength region, while the indicated sample numbers show the corresponding data availability.

As shown in Figure 5, prediction errors are not uniformly distributed across the emission spectrum. The
lowest MAE values are generally obtained in the more densely represented spectral regions, whereas
larger deviations occur toward sparsely populated wavelength intervals. The larger deviations observed in
sparsely represented spectral regions may partly reflect the limited sample availability and greater



chemical heterogeneity in these intervals. The regional error analysis should be interpreted together with
the unequal number of samples across wavelength intervals. The similar spectral dependence observed for
RF and GB further suggests that this behavior is primarily associated with the underlying data distribution.
Expansion of the phosphor dataset in underrepresented spectral regions should be an important direction
for improving the robustness and applicability of future wavelength-prediction models.To further assess
the data-efficiency and generalization behavior of the optimized seven-descriptor RF model, learning
curves were constructed using the cross-validation framework (Figure S15). The training R? remained
high across the examined training-set sizes, whereas the validation R? increased rapidly at smaller sample
sizes and gradually approached a plateau at larger training sizes. A similar convergence was observed for
MAE, with validation error decreasing progressively as the training-set size increased. At the largest
evaluated training size, the gap between the training and validation curves remained relatively moderate.
These trends provide no clear evidence of substantial overfitting and indicate that the model approaches a
performance plateau within the available training data.

From a physicochemical perspective, the observed variation in prediction accuracy reflects the
intrinsic complexity of luminescence mechanisms operating in different spectral regions. Emission
wavelength is governed by the combined influence of crystal-field splitting, activator electronic
configuration, local coordination environment, and host-dopant interactions. Regions populated by
chemically diverse phosphor families or underrepresented activator-host combinations naturally exhibit
larger variability, making accurate prediction more challenging. Nevertheless, the consistently low
prediction errors across most emission regions demonstrate that the proposed explainable machine-
learning framework provides consistent predictive performance across the represented spectral regions for
chemically diverse inorganic phosphors.

The generally lower prediction errors across the more densely represented visible-spectrum
regions suggest that the identified descriptor hierarchy captures important physicochemical factors
governing the observed luminescence response. This descriptor hierarchy forms the basis for the physics-
guided interpretation presented in the following sections.

3.5. Explainable ML and Descriptor Contribution Analysis

Although the RF model achieved the highest predictive performance among the evaluated
machine-learning approaches, identifying the physicochemical basis underlying its predictions is essential
for extracting scientifically meaningful knowledge. Based on the combined criteria of predictive accuracy,
descriptor reproducibility, compactness, and physical interpretability established in Section 3.4, the
optimized seven-descriptor RF model was selected as the final model for explainable analysis. SHAP
analysis was subsequently employed to quantify the contribution of individual descriptors to model
predictions and to reveal the physicochemical factors strongly influencing emission-wavelength
prediction. Unlike conventional feature-importance measures, SHAP provides a theoretically consistent
framework for decomposing model predictions into additive contributions from individual descriptors,
thereby enabling transparent interpretation of complex nonlinear relationships [46,47]. The global SHAP
feature importance and summary analyses for the optimized RF model are presented in Figure 6.
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Figure 6. SHAP-based interpretation of the optimized seven-descriptor RF model: (a) global feature importance ranked
according to mean absolute SHAP values and (b) SHAP summary plot illustrating the magnitude and direction of individual
descriptor contributions to predicted emission wavelength.

Figure 6a reveals a highly non-uniform distribution of descriptor importance, demonstrating that the
optimized RF model relies predominantly on a limited number of scientifically interpretable variables.
Among the seven descriptors in the optimized RF model, ionic_radius_emission_center overwhelmingly
dominates the prediction process, exhibiting a mean absolute SHAP value several times larger than that
of any other descriptor. This descriptor was also consistently identified among the most stable descriptors
by independent feature-selection approaches (Sections 3.2 and 3.3), indicating that its dominant SHAP
contribution is supported by both predictive interpretation and descriptor reproducibility analysis. This
result indicates that the ionic radius at the emission center represents the dominant predictive descriptor
associated with the predicted emission wavelength of inorganic phosphors. The remaining descriptors,
including excitation wavelength, first dopant valency, substituted ionic radius, average number of d-
electrons, ligand electronegativity, and ionization-energy-related descriptors, contribute progressively
smaller yet complementary information, indicating that the emission wavelength is controlled by a
combination of structural and electronic characteristics rather than by a single variable alone. These seven
descriptors constitute the compact Pearson/ANOVA-F RF subset selected in Section 3.4, which achieved
a mean 10-fold cross-validated R? = 0.931, MAE = 7.78 nm, and RMSE = 22.55 nm while maintaining
complete 10/10 fold-level reproducibility. Thus, the SHAP analysis provides a direct physical
interpretation of the same compact and reproducible descriptor representation identified through the
preceding feature-selection and model-performance analyses. Figure 6b complements the global
importance analysis by illustrating the distribution and direction of SHAP values for every sample. Unlike
the global importance ranking presented in Figure 6a, the SHAP summary plot in Figure 6b simultaneously
visualizes descriptor importance, feature-value distributions, and the magnitude and direction of their
contributions to the predicted emission wavelength. The broad spread of SHAP values associated with
ionic_radius_emission _center confirms that variations in ionic radius produce the largest changes in
model predictions, whereas descriptors such as excitation wavelength and first dopant valency exert
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smaller but still significant effects. Furthermore, the asymmetric distribution of SHAP values
demonstrates that several descriptors influence the prediction in a distinctly nonlinear manner, reflecting
complex interactions between atomic size, local coordination environment, and electronic structure. These
observations indicate that the optimized RF model successfully captures nonlinear physicochemical
relationships that cannot be adequately described using conventional linear statistical analyses. Similar
nonlinear descriptor interactions have been reported in recent explainable machine-learning studies for
materials discovery [35,36].

From a physicochemical perspective, the dominant contribution of the ionic radius at the emission
center is fully consistent with the established understanding of luminescent materials. Variations in the
ionic radius modify the local coordination geometry, bond lengths, lattice distortion, and crystal-field
strength surrounding the luminescent activator, thereby influencing the electronic energy-level splitting
responsible for radiative transitions [48-50]. Likewise, the significant contributions of excitation
wavelength, activator valency, ligand electronegativity, and ionization-energy-related descriptors indicate
that emission behavior is influenced by the combined effects of local crystal chemistry and the electronic
environment of the host lattice. The agreement between SHAP-based interpretation and descriptor-
selection analysis demonstrates that the machine-learning model relies on descriptors that are both
statistically reproducible and physically meaningful. The presence of both structural and electronic
descriptors among the highest-ranked SHAP features therefore demonstrates that the RF model has
learned physically consistent relationships rather than merely statistical correlations [35,51].

A further observation is the remarkable consistency between the SHAP analysis and the preceding
feature-selection results. Most of the descriptors identified as highly influential by SHAP, including
ionic_radius_emission_center, excitation wavelength, first dopant valency, and ligand-related descriptors,
were also consistently selected by multiple independent feature-selection algorithms and exhibited high
consensus and stability in Sections 3.2 and 3.3. This agreement provides additional support that the
optimized machine-learning model relies on robust and reproducible physicochemical descriptors rather
than algorithm-specific variables, increasing confidence in both the predictive performance and
interpretability of the integrated approach [36].

To further verify whether the dominant SHAP contribution translates into measurable predictive
dependence, model-specific descriptor-ablation analysis was performed for both RF and GB models using
the same 10-fold cross-validation framework (Figure 7). The importance of the emission-center ionic
radius is not restricted to the SHAP attribution of a single model but is independently supported by the
substantial loss of predictive accuracy observed upon its removal from two different ensemble-learning
architectures [52,53]. Removal of this single descriptor increased the RF MAE and RMSE by
approximately 65% and 43%, respectively, despite retaining the remaining six descriptors.
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Figure 7. Ablation analysis of ionic_radius_emission_center: (a) RF baseline (7 descriptors), (b) RF ablated (6 descriptors),
(c) GB baseline (7 descriptors), and (d) GB ablated (6 descriptors). Predicted versus measured emission wavelengths are shown
for the 10-fold cross-validation out-of-fold predictions.

The ablation results in Figure 7 provide a complementary validation of the SHAP-based feature
importance identified in Figure 6. In the SHAP analysis, ionic_radius emission_center exhibits by far the
largest mean absolute SHAP value among the seven descriptors (Figure 6a) and shows the broadest impact
on the RF model output (Figure 6b), identifying it as the dominant descriptor associated with the model
prediction. Consistent with this interpretation, removal of ionic radius emission_center caused a



substantial deterioration in RF predictions (Figure 7a,b). R? decreased from 0.931 to 0.862, while MAE
increased from 7.8 to 12.9 nm and RMSE from 22.5 to 32.1 nm. A similar degradation was observed for
GB (Figure 7c,d), where removal of the same descriptor decreased R? from 0.887 to 0.745 and increased
MAE from 17.8 to 29.5 nm and RMSE from 29.6 to 44.4 nm. The agreement between global SHAP
attribution and model-specific ablation therefore provides complementary evidence that the ionic radius
of the emission center represents a central physicochemical descriptor associated with the learned
emission-wavelength relationships. The same qualitative response is recovered with GB using the
identical seven-descriptor representation, indicating that this dependence is not specific to the RF
architecture but is consistently captured across the two ensemble-learning models. From a solid-state
physics perspective, this behavior is expected because the ionic radius of the emission center influences
the local crystal environment surrounding the luminescent activator. Variations in ionic size modify
interatomic distances, coordination geometry, lattice distortion, and crystal-field strength, influencing the
splitting of electronic energy levels responsible for radiative transitions. Removing this descriptor prevents
the models from directly representing an important aspect of the local structural environment, requiring
its effect to be approximated through correlated or secondary descriptors. The consistent degradation
observed for both RF and GB demonstrates that ionic radius emission_center is not only the most
statistically influential descriptor identified by SHAP but also a central predictive descriptor for emission-
wavelength variation in inorganic phosphors.

Because several descriptors in the compact model encode related aspects of dopant chemistry and
the local structural environment, their pairwise relationships were additionally examined using Pearson
and Spearman correlation analyses (Figure S16). The strongest association was observed between
ionic_radius emission center and 1% dopant valency, with Pearson r = -0.94 and Spearman p = - 0.82.
Moderate-to-strong  correlations were also found between ionic radius emission center and
ionic radius_substituted (r = 0.69, p = 0.61) and between 1% dopant valency and ionic_radius substituted
(r = -0.67, p = -0.64). In contrast, most remaining descriptor pairs exhibit substantially weaker
correlations. These relationships are physically plausible because dopant valency and ionic size are
chemically coupled to the local coordination and charge environment. Pairwise correlation does not by
itself establish predictive redundancy. Pearson correlation and ANOVA-F were treated here as two closely
related univariate criteria for descriptor ranking rather than as independent sources of confirmation,
because for univariate linear association the ANOVA-F statistic is mathematically equivalent to the
squared Pearson correlation coefficient. Both criteria therefore produced the same seven-descriptor subset
with complete 10/10 fold-level reproducibility. The SHAP and ablation analyses in Figure 7 provide
evidence for the substantial predictive contribution of the emission-center ionic radius.

To further assess whether the strong correlation between ionic radius_emission_center and
first_dopant_valency (r = -0.94, Figure S16) implies predictive redundancy, we performed an additional
six-descriptor ablation by removing first dopant valency while retaining the other six descriptors (Figure
S17). For the RF model, removal of this descriptor resulted in a negligible change in performance, with
R? decreasing from 0.931 to 0.930, MAE remaining at 7.8 nm, and RMSE increasing marginally from
22.5 to 22.6 nm. For the GB model, the effect was similarly minimal, with R? changing from 0.887 to
0.888, MAE staying at 17.8 nm, and RMSE decreasing slightly from 29.6 to 29.4 nm. These results
indicate that much of the predictive information associated with first dopant valency is already captured
by the strongly coupled ionic_radius _emission_center descriptor. Nevertheless, first dopant valency was
retained in the final representation because it was selected consistently by the descriptor-selection
procedure and provides complementary physicochemical interpretability for activator-site chemistry,
while its pairwise correlation with ionic radius emission center (r] = 0.94) remained below the
predefined redundancy-removal threshold of [r| > 0.95 (Section 2.2).
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We next examined the model-learned interactions among the selected descriptors using SHAP
interaction analysis for both RF and GB with the same final seven-descriptor representation. This allowed
the interaction patterns to be compared without confounding effects arising from different descriptor
dimensionalities. The resulting interaction matrices are presented in Figure 8. The diagonal elements
represent the main effects of individual descriptors, whereas the off-diagonal elements quantify pairwise
interactions between descriptors.
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Figure 8. SHAP interaction strength matrices for (a) the optimized seven-descriptor RF model and (b) the GB model evaluated
using the same final seven-descriptor representation. Diagonal elements represent the main effects of individual descriptors,
whereas off-diagonal elements indicate pairwise descriptor interactions.

Beyond individual descriptor importance, SHAP interaction analysis provides additional insight into
possible cooperative effects among physicochemical variables. As shown in Figure 8, both RF and GB
models identify ionic_radius_emission_center (activator ionic radius) as the dominant contributor, with
the largest main SHAP effect values of 57.3 and 56.1 nm, respectively. The excitation source (Aex) also
exhibits strong contributions and interactions with the emission-center ionic radius (18.1 nm for RF and
16.1 nm for GB), indicating that activator-site environment and excitation conditions jointly influence the
predicted emission wavelength. These interaction patterns were consistently learned by both RF and GB,
suggesting that they are not specific to a single model formulation. These model-based interactions should
nevertheless be interpreted as learned statistical relationships rather than direct evidence of causality. To
further assess whether the identified descriptor hierarchy is robust to the choice of feature-importance
methodology, four complementary approaches, built-in impurity importance, permutation importance,
mean absolute SHAP values, and drop-column AR?, were systematically compared for the optimized RF
model and the GB model evaluated using the same seven-descriptor representation. The normalized
importance distributions are presented in Figure 9.
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Figure 9. Robustness of feature importance across complementary explainability methods for (a) the optimized seven-
descriptor RF model and (b) the GB model evaluated using the same seven-descriptor representation. Normalized feature
importance obtained from built-in impurity importance, permutation importance, mean absolute SHAP values, and drop-
column AR? consistently identifies ionic radius emission center as the dominant descriptor, followed by excitation
wavelength, supporting the robustness of the feature-importance interpretation across the two ensemble-learning architectures.

As shown in Figure 9, all four approaches consistently identify ionic radius_emission_center (activator
ionic radius) as the dominant descriptor, followed by excitation wavelength, while the remaining
descriptors provide smaller contributions with some variation in their relative ranking. The two leading
descriptors (ionic_radius_emission_center and excitation wavelength) were consistently ranked highest
by all four interpretation methods and both ensemble-learning architectures. Such cross-method
consistency is particularly important for explainable machine learning because feature-importance
rankings derived from a single interpretation technique may be affected by method-specific assumptions
and biases [47]. Four fundamentally different explainability approaches produced the same descriptor
hierarchy. This indicates that the extracted physicochemical relationships are robust patterns within the
phosphor dataset rather than artifacts of a particular interpretation method.

For both RF and GB models, ionic radius emission center consistently exhibited the highest
normalized importance across all four explainability approaches. In the RF model, its normalized
importance ranged from 0.63 to 0.78 depending on the interpretation method, while the corresponding



values for the GB model ranged from approximately 0.63 to 0.82. The excitation wavelength represented
the second most influential descriptor, whereas first dopant valency, ionization-energy-related descriptors,
and ligand-related descriptors provided smaller but consistently detectable contributions. The same
descriptor hierarchy was obtained with RF and GB, confirming that it is not specific to a particular
ensemble architecture.

From a materials science perspective, this convergence is significant because it indicates that the
optimized machine-learning models have identified physicochemically interpretable descriptors
associated with the observed emission response rather than algorithm-dependent statistical artifacts
[36,35]. The dominant importance of ionic_radius_emission_center reflects the fundamental role of ionic
size in influencing local crystal-field strength, coordination geometry, bond-length distribution, and lattice
distortion surrounding the luminescent activator. These structural modifications directly influence the
splitting of activator electronic energy levels and consequently the wavelength of radiative transitions.
The consistently high importance of the excitation wavelength further highlights the contribution of
excitation pathways to emission processes, while the smaller yet persistent influence of dopant valency
and ionization-energy-related descriptor demonstrates that electronic configuration and charge-transfer
characteristics provide complementary information required for accurate wavelength prediction. Because
these structural factors simultaneously influence crystal-field splitting, local symmetry, and host-activator
interactions, their combined effect ultimately influences the emission energy and corresponding
wavelength.

Figures 6-9 provide four complementary levels of validation for descriptor interpretation. SHAP
analysis (Figure 6) identifies the relative contribution and direction of individual descriptors; descriptor
ablation (Figure 7) verifies the predictive necessity of the dominant descriptor. SHAP interaction analysis
(Figure 8) reveals model-learned interactions among the selected descriptors and the agreement among
four independent feature-importance approaches (Figure 9) demonstrates that the descriptor hierarchy is
robust to the choice of interpretation method. The convergence of these analyses substantially strengthens
the reliability, physical interpretability, and scientific credibility of the proposed explainable machine-
learning framework [35,36]. The global interaction matrices are presented in Figure 8, whereas the two
strongest pairwise interactions are examined in greater detail using SHAP dependence plots in Figure S5.
Consistent with Figure 8, the interaction between ionic_radius_emission_center and excitation source is
the strongest, followed by the interaction between ionic_radius_emission_center and 1% dopant valency.
The dependence plots further reveal nonlinear conditional effects learned by both RF and GB.

The agreement among SHAP analysis, descriptor ablation, SHAP interaction analysis, and
complementary feature-importance methods indicates that the identified descriptor hierarchy is
reproducible across different interpretation strategies. This consistency provides confidence that the
dominant variables reflect reproducible model-informed relationships that are consistent with established
physicochemical considerations. The same descriptor hierarchy was obtained when RF and GB models
were interpreted using the identical seven-descriptor representation, further demonstrating that the
identified physicochemical relationships are independent of the selected ensemble-learning architecture.
These seven descriptors were not selected solely because of their predictive contribution within the RF
model. They represent the intersection of descriptor stability, model performance, and physicochemical
interpretability identified from the original 46-descriptor physically meaningful candidate space. The
following section interprets these descriptors within the framework of solid-state physics and materials
chemistry to derive physics-guided design principles for inorganic phosphors.



3.6. Physicochemical Interpretation of the Dominant Descriptors

The preceding analyses establish that the final seven-descriptor representation is not selected
solely because of its numerical predictive performance. Its scientific relevance is supported by the
consistent identification of the same descriptor subset using two closely related univariate ranking criteria,
complete fold-level reproducibility, compact descriptor dimensionality, and consistent interpretation
across multiple explainability approaches. The final seven-variable representation comprised six material-
related descriptors (ionic radius emission center, ionic radius_substituted, 1% dopant valency,
avg d electrons, EN ligand avg, and ionization energy sum) together with the excitation-source
variable, which reflects an experimentally defined measurement condition rather than an intrinsic material
property. Together, these six material descriptors span complementary aspects of local structure,
electronic configuration, and chemical bonding.

Ionic Radius, Structural Compatibility, and Crystal-Field Effects. Among the seven
descriptors, ionic_radius emission_center (activator ionic radius) exhibits by far the strongest
contribution across the SHAP, ablation, interaction, and complementary feature-importance analyses. This
result is physically consistent with the importance of activator-site geometry in influencing the local
environment of a luminescent center. The ionic radius controls the geometric compatibility between the
activator and the substituted crystallographic site, affecting coordination geometry, bond lengths, local
strain, and crystal-field strength [48,49,54,55]. A closer size match can reduce structural distortion,
whereas a pronounced mismatch may modify local symmetry and introduce strain fields around the
activator. These structural changes influence the splitting and relative positions of the electronic states
involved in radiative transitions. The strong SHAP contribution and the substantial degradation observed
after removing ionic_radius_emission_center therefore provide evidence that this descriptor is a central
predictive variable in the learned emission-wavelength relationships

Excitation-Emission Coupling. The excitation source (Aex) represents the second most influential
descriptor in the optimized models and also forms the strongest pairwise interaction with
ionic_radius_emission_center in the SHAP interaction analysis. Although emission wavelength is
commonly treated as a material-specific property, the measured emission response depends on how the
material is excited because different excitation energies can populate different absorption, energy-transfer,
charge-transfer, or activator-centered pathways. The strong contribution of excitation source therefore
indicates that the model captures an experimentally relevant relationship between the material's
physicochemical characteristics and the excitation pathway. This result does not imply that excitation
wavelength is an intrinsic material property. Instead, it reflects that excitation conditions are an important
experimental variable for predicting the observed emission response within the compiled phosphor
dataset.

Dopant Valency, Electronic Configuration and Defect Chemistry. The 1% dopant valency
provides complementary information to ionic size by describing the electronic and charge state of the
activator. Oxidation state influences orbital occupancy, electronic configuration, charge compensation,
and the local electrostatic environment surrounding the luminescent center [55-60]. For rare-earth and
transition-metal activators, changes in oxidation state can substantially modify the accessible electronic
transitions and their sensitivity to the host environment. The retention of dopant valency in the seven-
descriptor model reflects its complementary physicochemical relevance to activator electronic
configuration and oxidation state, although its ablation indicates only a negligible incremental predictive
contribution beyond the ionic-radius descriptor in the present dataset.



Chemical Bonding and Electronic Environment. The remaining descriptors, including
EN ligand avg, ionization energy sum, avg d electrons, and ionic radius substituted, provide
complementary information about the chemical and electronic environment of the luminescent center.
Ligand electronegativity influences electron-density distribution and the balance between ionic and
covalent bonding [61-64], while ionization-energy-related descriptors characterize the energetic tendency
for electronic redistribution. The average number of d-electrons provides information related to electronic
configuration and orbital occupancy, whereas ionic_radius_substituted contributes additional information
on the structural environment of the substituted site. These descriptors are individually less influential
than ionic radius_emission_center but collectively help encode the chemical environment [61-64]
required for accurate wavelength prediction.

Interconnected Physicochemical Network. The seven input variables should not be interpreted
as independent control parameters. Their physical effects are coupled through the local structure,
electronic configuration, bonding environment, and excitation pathway. This coupling is supported by
both the descriptor-correlation analysis and the SHAP interaction analysis. Figure S16 shows a
particularly strong statistical association between ionic radius emission center and 1% dopant valency,
while Figure 8 identifies the largest SHAP interaction involving ionic radius emission_center and
excitation source. The detailed dependence plots in Figure S5 further resolve these two interactions for
both RF and GB models. In particular, the interaction between ionic radius emission center and
excitation source exhibits the largest variation in SHAP interaction contribution, whereas the interaction
with 1% dopant valency also shows systematic nonlinear behavior across the descriptor range. The changes
in interaction magnitude and direction indicate that the contribution of ionic size to the model prediction
depends on the excitation condition and dopant valency rather than acting as a purely independent additive
effect [65-69]. These model-based interactions are consistent with the coupled roles of local crystal-field
environment, activator electronic structure, and excitation pathways in phosphor emission.

Taken together, these results indicate that the machine-learning model captures a hierarchical but
interconnected descriptor space in which structural compatibility provides the dominant contribution,
while excitation conditions, activator valency, and chemical-bonding descriptors supply complementary
information. The interaction analysis should be interpreted as evidence of nonlinear relationships learned
by the models rather than as a direct proof of causality. Nevertheless, the convergence of feature selection,
stability analysis, SHAP attribution, ablation, interaction analysis, and cross-method importance provides
strong support for using these descriptors as physically meaningful variables for wavelength-oriented
phosphor design.

The seven selected variables should be viewed as a coupled predictive representation rather than
as seven independent optimization knobs. The strong correlation between ionic_radius_emission_center
and dopant valency and the nonlinear SHAP interactions involving excitation source indicate that
modifying one variable may alter the predictive relevance of others. Consequently, the design guidelines
below are intended as sequential screening principles rather than isolated one-variable optimization rules.

3.7. Physics-Guided Design Guidelines for Inorganic Phosphors

The combined results provide a direct route from statistically robust descriptor selection to
physics-guided wavelength engineering. Importantly, the proposed design strategy is not based solely on
the descriptor with the highest numerical importance. Instead, it is built on a compact seven-descriptor



representation that simultaneously satisfies predictive accuracy, fold-level reproducibility, compactness,
and physical interpretability. The consistent identification of the same seven descriptors by Pearson
correlation and ANOVA-F, together with the agreement among SHAP, ablation, interaction, and
complementary feature-importance analyses, provides a consistent basis for translating the learned
descriptor hierarchy into practical materials-design considerations. This workflow is summarized
schematically in Figure 10.
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Figure 10. Physics-guided screening workflow derived from the feature-selection, stability, explainability, and interaction
analyses. The framework is intended as a model-informed strategy for prioritizing activator-site compatibility, electronic state,
host chemical environment, and excitation conditions rather than as a deterministic causal synthesis rule.



Based on the seven-descriptor hierarchy established in the preceding sections, the following
physics-guided design guidelines can be formulated and should be interpreted as model-informed
screening principles rather than deterministic synthesis rules:

Design Rule 1 (Activator-site compatibility). Match the activator ionic radius to the
crystallographic site and coordination environment. The descriptor ionic radius emission center was
consistently identified as the most influential variable across all explainability analyses. Host sites should
therefore be selected to provide a structurally appropriate coordination environment for the chosen
activator. Excessive ionic-size mismatch may increase local lattice distortion and modify crystal-field
strength, potentially shifting the emission wavelength and introducing unfavorable defect or relaxation
pathways [48,55,70].

Design Rule 2 (Oxidation and electronic state). Consider dopant valency and electronic
configuration jointly with site compatibility. The 1% dopant valency contributes to the learned emission-
wavelength relationship in addition to ionic radius. Candidate activators should therefore be evaluated
jointly in terms of ionic size and oxidation state. Activator valency determines the electronic configuration
and influences charge compensation and local electrostatics, providing a complementary route for tuning
the electronic states responsible for luminescence [55,58]. The SHAP interaction analysis further indicates
a non-negligible interaction between ionic_radius emission_center and 1% dopant valency, supporting the
interpretation that structural and electronic characteristics of the activator should not be treated as
completely independent design variables.

Design Rule 3 (Host chemical environment). Tune ligand electronegativity, substituted-site
characteristics, and ionization-related chemistry. After identifying structurally and electronically
compatible activators, host-lattice chemistry should be optimized using descriptors associated with
EN ligand avg, ionization-energy-related characteristics, ionic_radius_substituted, and avg d_electrons.
These descriptors collectively characterize the chemical environment surrounding the emission center and
can help distinguish host materials that provide similar structural compatibility but different bonding and
electronic conditions. Host selection should therefore consider not only geometric site matching but also
the chemical environment required to establish the desired electronic-level structure and crystal-field
environment [65,71,72]. Host-lattice engineering should be regarded as an active optimization variable
rather than merely as a structural matrix accommodating the activator ion.

Design Rule 4 (Excitation condition). Optimize excitation wavelength together with material-
related descriptors instead of treating excitation as independent of emission behavior. Its relatively high
importance in  the  explainability analysis and its pronounced interaction  with
ionic_radius_emission_center indicate that the predicted emission response depends not only on intrinsic
material descriptors but also on the relationship between the activator-site environment and the excitation
pathway. The inclusion of excitation source should therefore be interpreted as modeling the
experimentally observed emission response under specific excitation conditions, rather than as identifying
excitation wavelength as an intrinsic material property. This interaction is particularly evident in the SHAP
interaction analysis, where the ionic-radius/excitation-source pair represents one of the strongest off-
diagonal contributions for both RF and GB models. Accordingly, excitation conditions should be selected
with consideration of the absorption characteristics of the phosphor and the intended excitation source. In
practical applications, matching the excitation spectrum of the phosphor with commercially relevant LED
or laser excitation sources can improve optical utilization and reduce excitation losses [55,73]. This means
the present model describes excitation-dependent emission behavior rather than providing an excitation-



independent prediction of material properties. The model is not directly applicable for screening unknown
phosphor compositions without prior knowledge of excitation conditions.

These four guidelines should be interpreted as model-informed screening principles rather than
deterministic synthesis rules. They provide a rational basis for narrowing the experimental search space
and prioritizing candidate compositions, but do not replace experimental validation or account for all
possible synthesis-dependent effects such as defects, phase purity, or processing conditions.

The above design guidelines should not be applied as independent sequential steps. The SHAP
interaction analysis demonstrates that the dominant descriptors exhibit cooperative effects, particularly
between ionic_radius_emission_center and excitation source and between ionic_radius_emission_center
and 1* dopant valency. The workflow illustrated schematically in Figure 10 should be interpreted as an
iterative rather than strictly sequential optimization strategy. In practical phosphor development, candidate
activators and host sites can first be screened for structural compatibility, after which their valency, host-
lattice chemical environment, and excitation conditions can be jointly refined while accounting for the
coupled response of the selected descriptors. Such interaction-aware optimization is more consistent with
the nonlinear composition-structure-property relationships captured by the ensemble models than a one-
variable-at-a-time optimization strategy.

More broadly, the methodological significance of the approach lies in demonstrating that the
optimal descriptor representation does not necessarily correspond to the subset producing the absolute
highest numerical R?. Instead, the preferred solution lies in the region of the performance-stability-
compactness landscape where additional descriptors provide only marginal predictive benefit while
descriptor reproducibility and physical interpretability are retained. In the present case, the seven-
descriptor Pearson/ANOVA-F solution provides this balance. It reduces the descriptor dimensionality by
approximately 71% relative to the best fully reproducible 24-descriptor RF alternative, while maintaining
essentially unchanged MAE and only a small reduction in R2. This result is particularly relevant for
materials design because a compact descriptor representation facilitates physical interpretation and
reduces the complexity of subsequent screening and optimization. This framework demonstrates how
descriptor stability, predictive performance, compactness, and physicochemical meaning can be integrated
into a single decision criterion rather than treating feature selection as a purely statistical preprocessing
step. The proposed workflow moves beyond conventional trial-and-error optimization toward a screen—
match—tune—excite—iterate design philosophy (Figure 10). The framework first narrows the candidate
space using robust and physically meaningful descriptors, subsequently evaluates structural and electronic
compatibility, optimizes the host environment and excitation conditions, and finally iterates these
variables while accounting for their coupled effects. Although demonstrated here for emission-wavelength
prediction in inorganic phosphors, this strategy can potentially be extended to other composition-structure-
property problems in functional materials, including photoluminescence quantum yield, persistent
luminescence, thermal stability, photocatalytic activity, thermoelectric performance, and dielectric
response [18,25,35,36,52,67,68].

Several limitations should be considered when interpreting the present results. First, the model is
trained on experimentally reported phosphors and therefore inherits the compositional and measurement-
condition biases of the underlying literature database. Second, excitation wavelength is an experimentally
defined condition, and its high predictive importance indicates that the present model describes excitation-
dependent emission behavior rather than an exclusively intrinsic material property. Third, the present
validation framework primarily evaluates interpolation within the represented chemical space. External or



chemically grouped validation would provide a more stringent assessment of transferability. In addition,
the selection of descriptor number and model hyperparameters was performed within the same 10-fold
cross-validation framework used for model comparison, rather than through a nested outer cross-
validation procedure. Consequently, the reported cross-validated performance may be subject to some
optimistic model-selection bias. Finally, the physicochemical relationships inferred from feature
importance, SHAP, ablation, and interaction analyses should be regarded as model-informed relationships
consistent with established photophysical considerations rather than as direct causal laws. Because the
dataset combines experimental reports obtained under heterogeneous measurement conditions, some
residual variability may reflect differences in excitation protocols, host preparation, concentration,
concentration quenching, and measurement conventions that are not fully encoded by the available
descriptors. Finally, because excitation wavelength is included as a predictor, the model is suitable for
describing excitation-dependent emission behavior but should not be used for prospective screening of
unknown phosphor compositions without specifying excitation conditions or developing a separate
excitation-wavelength prediction model.

Overall, the study demonstrates how explainable machine learning can move beyond prediction
toward the extraction of potentially transferable physicochemical insights. By combining robust descriptor
selection, quantitative stability assessment, complementary explainability methods, interaction analysis,
and physics-guided interpretation, the proposed framework provides a practical route for translating
machine-learning results into rational materials-design principles for next-generation functional
phosphors [35,36,52,67].

Conclusion

We developed a physics-guided explainable machine-learning framework for emission-
wavelength prediction and rational design of inorganic phosphors. Using 2327 experimentally reported
single-dopant phosphor compositions, an initial set of 125 physicochemical descriptors was refined to a
physically meaningful candidate space of 46 descriptors by removing non-informative, redundant, and
mathematically engineered descriptors with limited direct physicochemical interpretability. Twelve
complementary feature-selection algorithms were then systematically evaluated across the descriptor-
number landscape using eight stability metrics and 10-fold cross-validation. The results show that
descriptor selection should not be based solely on maximum numerical predictive performance, but should
jointly consider predictive accuracy, fold-level reproducibility, compactness, and physicochemical
interpretability.

A particularly important result is that Pearson correlation and ANOVA-F identified exactly the
same seven descriptors, with complete 10/10 fold-level reproducibility. The resulting compact RF model
achieved a mean 10-fold cross-validated R? = 0.9308, MAE = 7.78 nm, and RMSE = 22.55 nm. Under
10-fold cross-validation, the RF and GB models achieved R? values of 0.9192 and 0.9023, respectively,
demonstrating strong predictive performance. Although larger descriptor subsets produced marginally
higher numerical performance, the best fully reproducible 24-descriptor model achieved a mean cross-
validated R? = 0.9339, MAE = 7.77 nm, and RMSE = 21.81 nm, whereas the numerically best 20-
descriptor solution (R? = 0.9345) lacked complete fold-level reproducibility. Thus, reducing the descriptor
space from 24 to 7 removes approximately 71% of the descriptors while preserving essentially the same
predictive accuracy. Bootstrap confidence intervals for the differences in R?, MAE, and RMSE between



the two models all included zero, confirming that the observed performance differences are not statistically
significant. Relative to the full 46-descriptor physically meaningful candidate space, the final
representation retains only seven descriptors, corresponding to an approximately 86% reduction in
descriptor dimensionality. Mathematically engineered arithmetic descriptors that occasionally improved
numerical performance were deliberately excluded from the final representation because of their limited
direct physicochemical interpretability.

The seven-descriptor solution also demonstrated strong interpretability and robustness. SHAP
analysis, descriptor ablation, SHAP interaction analysis, and four complementary feature-importance
approaches consistently identified the same dominant descriptor pattern across RF and GB models. The
ionic radius of the emission-center site was the dominant predictor, while excitation source and dopant
valency provided important complementary contributions together with substituted-site radius, d-electron
count, ligand electronegativity, and ionization-energy-related information. Removal of the emission-
center ionic-radius descriptor caused substantial deterioration in both RF and GB performance, providing
complementary evidence for its dominant predictive contribution. SHAP interaction dependence analysis
further revealed nonlinear pairwise interactions between emission-center ionic radius and both excitation
source and dopant valency, indicating that the dominant descriptors should be interpreted as a coupled
physicochemical network rather than as isolated variables. The 10-fold out-of-fold diagnostics provided
additional support for the predictive performance of the RF and GB models, with R? values of 0.9351 and
0.8912, respectively. The learning-curve analysis further confirms that the model has effectively reached
a performance plateau with the current dataset, indicating that further predictive improvements would
likely require not merely more samples of the same type, but rather the incorporation of new types of
experimental information, such as quantum efficiency, thermal stability, or synthesis conditions.

These results provide a physics-guided basis for wavelength engineering of inorganic phosphors.
The resulting design strategy emphasizes activator-site compatibility, joint consideration of ionic radius
and oxidation state, host-lattice chemical and electronic environment, and excitation-condition
optimization, followed by iterative refinement that accounts for descriptor interactions. Notably,
excitation wavelength should be understood as an experimentally defined condition rather than an intrinsic
material property. Its strong influence in the present models reflects the coupled nature of absorption and
emission processes in phosphor luminescence. The model therefore describes excitation-dependent
emission behavior and is not intended for predicting emission wavelengths of unknown phosphors without
prior knowledge of excitation conditions. For excitation-independent material screening, future work
should either model excitation conditions separately or restrict the descriptor space to material properties.
As a methodology-oriented study, this work does not include experimental synthesis or validation of the
predicted design principles. The framework nevertheless provides a rational basis for prioritizing
candidate compositions and excitation conditions for subsequent experimental verification. Future work
will focus on experimental validation of the extracted design guidelines and their extension to other
functional materials systems.
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