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Abstract

This study comprehensively investigates the degradation performance of a Mn-doped
ZnySnOy photocatalyst based on time-dependent UV-Vis absorption spectra. Before ma-
chine learning modelling, the effects of experimental parameters such as UV-Vis measure-
ment wavelength, reaction time, and Mn doping ratio were statistically validated using
One-Way Analysis of Variance (ANOVA) and Multiple Linear Regression (MLR) methods.
To overcome the limitations of linear models in representing complex physical systems,
an optimized Multi-Layer Perceptron (MLP) architecture was developed to capture the
system’s nonlinear dynamics with high accuracy. To validate the model’s out-of-sample
prediction capability and prevent data leakage potentially arising from spectral data corre-
lation, the “Leave-One-Doping-Level-Out” (LODLO) cross-validation strategy was applied,
during which performance metrics of R? = 0.8889 and MSE = 0.00238 were recorded. To
make the neural network’s decision-making mechanism transparent, a dual-validation
explainability framework comprising Shapley Additive Explanations (SHAP) and Permuta-
tion Feature Importance analyses was employed. By quantifying the relative contributions
of the experimental parameters to the model predictions, this approach revealed that the
UV-Vis measurement wavelength was the dominant predictive variable, followed by the
Mn doping ratio and reaction time. This study presents a transparent methodology that
offers both strong predictive capability and physically grounded data to shed light on the
complex interactions in doped semiconductor photocatalysts.

Keywords: Mn-substituted Zn,SnOy4; neural network modelling; LODLO cross-validation;
Explainable AI (XAI); photodegradation kinetics; analysis of variance (ANOVA); UV-Vis
Spectral Dynamics
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1. Introduction

Visible-light photocatalysis has emerged as a broadly applicable platform technol-
ogy that encompasses two fundamentally distinct paradigms. The first involves molec-
ular organophotocatalysis, in which photoredox-active organic dyes or transition metal
complexes drive selective bond-forming reactions under mild conditions, as exempli-
fied by recent advances in visible-light-mediated organic synthesis [1]. The second, and
the focus of the present work, is heterogeneous semiconductor photocatalysis, in which
photo-generated electron-hole pairs at the surface of an inorganic semiconductor drive
the oxidative mineralization of environmental pollutants. Although both fields share the
common principle of light-driven activation, they differ fundamentally in their catalytic
architecture, reaction mechanism, and application target. The present study is situated
exclusively within the latter paradigm, investigating the photocatalytic degradation of
methylene blue over Mn-doped Zny;SnO, under UV irradiation.

Zinc stannate (Zn,;SnOy), a ternary metal oxide with an inverse spinel structure, is a
material that has attracted attention in environmental remediation efforts due to its high
electron mobility and thermodynamic stability [2,3]. However, the material’s wide bandgap
in the 3.6-3.8 eV range limits its practical applications by restricting its ability to utilize
only the ultraviolet portion of the solar spectrum [4]. Additionally, the rapid recombination
kinetics of photo-excited electron-hole pairs constitute a fundamental barrier that sup-
presses quantum efficiency [5]. To overcome these bottlenecks, transition metal doping
emerges as a strategic solution. In particular, manganese (Mn) [6—8] can be successfully
integrated into the Zn,SnO,4 matrix due to its half-filled 3d electron configuration, creat-
ing intermediate energy levels within the bandgap and thereby extending the lifetime of
charge carriers [9-11].

Although it is known that Mn doping at low and medium concentrations increases the
production of reactive oxygen species (ROS) [11-14], the relationship between the doping
concentration and photocatalytic efficiency is not always linear. Once a critical threshold is
exceeded, excess Mn ions can cause distortions in the crystal lattice, turning it into sites
where charges recombine [15]. Such complex and nonlinear behaviours necessitate analyti-
cal tools that go beyond traditional trial-and-error methods or classical statistical models
such as One-Factor-At-a-Time (OFAT) and Response Surface Methodology (RSM) [16,17].
In recent years, the paradigm in materials science has shifted toward data-driven machine
learning (ML) architectures [18,19]. Deep learning algorithms such as MLPs and Support
Vector Regression (SVR) have the capacity to map complex physical phenomena without
the need for predefined parametric equations [20-22]. However, the high predictive power
of these models brings with it the “black-box” dilemma [23]; the physical and chemical
mechanisms underlying the model’s results often remain unclear. In the field of materi-
als chemistry, predictive success alone is insufficient; understanding the driving forces
behind these predictions is essential for rational catalyst design [24,25]. For instance, a
comprehensive review by Armackovic et al. emphasized that integrating machine learning
techniques with ZnO-based photocatalyst design can significantly accelerate the optimiza-
tion of synthesis parameters, enhance charge transport understanding, and improve overall
photocatalytic performance [26].

To address this gap, the integration of Explainable Artificial Intelligence (XAI) has
become a necessity. The SHAP algorithm, based on cooperative game theory, ensures
transparency by mathematically calculating the marginal contribution of each input feature
to the model’s output [27,28]. A review of the literature reveals that while the applica-
tions of machine learning in binary oxides have increased, the predictive modelling of
complex ternary systems, such as Mn-doped Zn,SnOy, remains largely unexplored. More
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importantly, existing studies typically stop at the prediction stage and do not translate their
findings into mechanistic insights via XAI [29,30].

This study was designed to overcome this methodological challenge. By combining an
optimized MLP framework with a dual-validation explainability approach incorporating
both kernel-based SHAP analysis and Permutation Feature Importance, we aim to predict
the degradation dynamics of Mn-doped Zn;SnOj and interpret the learned associations
between the UV-Vis measurement wavelength, reaction time, and Mn doping ratio. The
Permutation Feature Importance analysis was included as an independent, model-agnostic
cross-validation of the SHAP results, ensuring that the feature importance hierarchy is not
an artefact of a single explainability method but is reproducible across different mathe-
matical frameworks. In addition, pseudo-first-, pseudo-second-, and pseudo-third-order
kinetic analyses were performed on the time-resolved absorbance data to rigorously char-
acterise the reaction mechanism governing MB degradation, determine the apparent rate
constants across all doping levels, and identify the kinetic model that best describes the
experimental observations. By integrating these analytical layers, we depart from classical
data fitting methods to provide a transparent, physically interpretable, and kinetically
grounded roadmap for the optimisation of transition-metal-doped photocatalytic systems.

2. Results and Discussion
2.1. Prediction Strategy Using MLP Regression

To overcome the limitations of linear models, we utilized an MLP architecture to
model the absorption data of the photocatalytic process [31] which exhibits a complex, time-
varying nature. Our primary objective in designing this network architecture (Figure 1) was
to accurately map the multidimensional effects of parameters such as UV-Vis measurement
wavelength, reaction time, and Mn loading, which carry distinct physical meanings, on
the target output. However, during the machine learning process, the inherent scale
differences in the raw data can destabilize the gradient descent algorithm, potentially
reducing the convergence rate. To prevent such computational bottlenecks and stabilize
the model’s learning performance, we pre-processed the data using standard scaling [32].
While alternative transformations, such as wavelet or Fourier transforms [33], might be
preferred in certain specific scenarios, this normalization procedure proved sufficient for
the current dataset. This mathematical transformation calculates the scaled z values using
the following formula:

=2k (1)

Here, x represents the raw observation, # denotes the mean of the dataset, and o rep-
resents the standard deviation. This preparatory step ensures that experimental variables
with different units are represented in a balanced manner within the model.

In addition, the dataset was randomly divided into training (60%) and test (40%)
subsets for algorithmic evaluation. The dataset consists of a total of 3660 experimental
observations, generated through a full-factorial design encompassing all combinations of
the three independent variables. The detailed experimental plan is presented in Table 1.

Each experimental condition was independently repeated three times to ensure mea-
surement reproducibility, and the reported absorbance values correspond to the averaged
results of these repeated trials. This experimental replication protocol effectively mini-
mizes random measurement noise and enhances the statistical robustness of the dataset.
Furthermore, the dataset provides a well-distributed representation of the parameter
space, ensuring that the trained model captures the underlying physicochemical trends
without bias toward specific operating conditions. To ensure the consistency and relia-
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bility of the dataset, all experimental data in the study were generated in a controlled
laboratory environment.

Table 1. Full-factorial experimental design showing the independent variables and their correspond-
ing levels used in this study.

Parameter Unit Number of Levels Levels
UV-Vis Measurement nm 61 200, 210, 220, ..., 800 (10 nm increments)
Wavelength
Reaction Time min 10 0, 10, 20, 30, 40, 50, 60, 70, 80, 90
Mn Doping Ratio % 6 0,1,3,5 75, 10

Total observations

61 x 10 x 6 = 3660
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Figure 1. Structural layout of the multi-layer perceptron trained for absorbance estimation.

In the first stage, to determine the most efficient Artificial Neural Network (ANN) ar-
chitecture, adhering to the ceteris paribus principle, each architectural parameter was mod-
ified individually, and its independent effects on model performance were observed [34].
As a result of the experiments, a four-hidden-layer structure consisting of 20, 10, 5, and
2 neurons was selected as the most suitable configuration (Figure 1). For the activation
function in the hidden layers, the hyperbolic tangent (tan /1) function, which maps input
signals to the range between —1 and 1, was chosen [35]. The mathematical expression of
the function is presented in Equation (2):

ex _e—x
tanh(.x) - m,

@)
where x represents the weighted sum of the inputs to the artificial neuron.

During the model’s weight optimization process, the L-BFGS (Limited-memory
Broyden-Fletcher-Goldfarb—Shanno) algorithm was selected due to its ability to converge
quickly on small but complex datasets. Following the training phase, the performance
of the optimized MLP model was analysed using an independent test set. The model
demonstrated high predictive accuracy, achieving a Coefficient of Determination (R?) of
0.9966 and a Mean Squared Error (MSE) of 0.0030949. The MSE value is calculated using:

1 n

MSE = 72(]/1'
ni3

— 1)

®)
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Within this framework, n represents the total number of experimental data points. The
terms y; and #; refer to the observed absorbance values and the corresponding predictions
from the neural network, respectively. To evaluate the correlation between the independent
variables and the dependent output, the R? coefficient is determined via Equation (4):

n A YA
R2 — 1 _ Zk:l(yz ]il)2 (4)
Y (vi =)

Here, i represents the mean of the measured absorbance values. We verified the
model’s ability to generalize to new data using a 5-fold cross-validation approach [36].
Across all validation folds, the R? scores showed a very tight standard deviation of
0.0039, suggesting the neural network architecture is structurally stable and does not
suffer from overfitting.

In the final stage, to definitively prevent data leakage, the scaling and modelling pro-
cesses have been integrated into a pipeline structure. Additionally, the TransformedTarge-
tRegressor module was used to manage scale differences in the target variable (absorbance).
This integrated approach ensures that no information from the test data leaks into the
training phase.

In evaluating the model, the “Leave-One-Doping-Level-Out” (LODLO) cross-validation
strategy—a stricter approach—was applied instead of the standard random splitting
method to prevent optimism bias that could arise from spectral and temporal autocorre-
lation. With this method, all spectral and temporal data corresponding to a specific Mn
doping level were completely isolated from the training set and used as the test set. This
strategy is critical for measuring the model’s out-of-sample prediction capability under
experimental conditions it has never encountered before [37].

The LODLO cross-validation results have demonstrated that the MLP model possesses
a high generalization capability. The model achieved a R? of 0.8889 and an MSE of 0.00238
on material compositions it had never seen before. These results demonstrate that the
model has learned the fundamental dynamics of photocatalytic degradation rather than
memorizing the data and is free from structural data leakage. This high predictive success
confirms that the developed model is a reliable tool for forecasting performance under new
doping levels.

2.2. Explainability of Parameters via SHAP and Permutation Importance Analyses

To move beyond the inherent “black-box” limitations of the MLP architecture, we em-
ployed a dual-validation explainability framework combining SHAP and Permutation Fea-
ture Importance. By integrating these two independent methodologies, we aim to provide
an interpretable evaluation of the features driving the model’s predictions. It is imperative
to note that while these XAI techniques provide robust transparency into the algorithm’s
decision-making process, they explain the model’s learned behaviour rather than establish-
ing direct physical causality regarding the underlying photocatalytic mechanisms [38].

In the first stage, to address the inherent opacity of the MLP model, we applied SHAP
analysis using the Kernel Explainer approach [39]. The goal was to break down the “black
box” and quantify the exact role that UV-Vis measurement wavelength, reaction time, and
Mn doping play in the results. Following the foundational Shapley principles, the impact
of each feature is derived as follows (Equation (5)):

pi= ),

SCF~{i}

S ;|!S| — fsutn (xs U {i}) = fi(xs) |, ®
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where ¢; represents the unique contribution (Shapley value) of feature i; F serves as the
total set of independent variables; S identifies any subset of features that does not include
i; and the term fg(xg) captures the model’s predicted outcome based exclusively on the
features within that specific subset. The remaining terms are defined as follows: |S| denotes
the cardinality (number of features) of subset S; |F| denotes the total number of input
features (here, |F| = 3); S U {i} represents the union of subset S and feature i, that is, the
subset S with feature i added to it; xg U {i} denotes the input vector containing only the
features in S U {i}; xg denotes the input vector containing only the features in S (excluding
feature i); and the factorial expression |S|!(|F| — |S| — 1)! is a weighting factor that ensures
the marginal contribution of feature i is averaged fairly across all possible subsets and
orderings of the full feature set. To determine the relative weight of each parameter, we
aggregated the mean absolute SHAP values across the full dataset [40]. Based on the
average absolute SHAP values obtained, the UV-Vis measurement wavelength emerged
as the primary determinant of the model predictions with a weight of 59.6%. This was
followed by the Mn addition ratio (20.5%) and reaction time (20.0%).

The nuanced relationships between the experimental parameters and the predicted
absorbance are graphically elucidated in the SHAP summary plot (Figure 2). Visually
reinforcing its statistical dominance, the UV-Vis measurement wavelength exhibits the
widest dispersion of SHAP values, spanning broadly from approximately —0.25 to +-0.60.
For reaction time, the SHAP plot reveals a strictly monotonic negative relationship. As
irradiation time increases, SHAP values drop deeply into the negative zone (reaching down
to roughly —0.20), reflecting the steady, uninterrupted mineralization of the target pollutant.

SHAP Summary Plot (On the Test Set)

High
Wavelength -* o SRS SN - oo g
g
Mn_doping SEimmmm— = g
&
Time e K

T T T T T Low

-0.2 0.0 0.2 0.4 0.6

SHAP value (impact on model output)

Figure 2. SHAP summary plot illustrating the influence of independent variables on the model output.

The most critical mechanistic insight from the leakage-free model emerges in the
evaluation of the Mn doping ratio. The raw experimental data demonstrates that as the
doping concentration increases from 0% to the optimal 7.5%, the mean absorbance decreases
progressively from 0.2631 to 0.1184, confirming enhanced charge carrier trapping. At 10%
Mn loading, the mean absorbance experiences a localized reversal, rising to 0.1447 due to
the introduction of parasitic recombination centers. Crucially, however, the absorbance at
this 10% threshold (0.1447) remains significantly lower than the undoped baseline (0.2631).
The SHAP summary plot reflects this global reality with remarkable mathematical precision.

To validate these findings and eliminate the risk of algorithmic bias, a Permutation
Feature Importance analysis was conducted on an independent test set [41]. This model-
agnostic technique determines the global importance of a feature by measuring the increase
in the model’s prediction error (MSE) when the feature’s values are randomly shuffled.
The importance of feature j is defined as Equation (6):

~7T]'

Ij = E[L(y, f(X )] = E[L(y, f(X))], (6)

where I; denotes the importance score of feature j. The function L represents the loss
function (in this study, Mean Squared Error, MSE), and y corresponds to the true target
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values. The term f(X) denotes the model predictions obtained using the original, unaltered

dataset, while f (}N( (n])) represents the predictions after randomly permuting the values of
feature j, thereby disrupting its relationship with the target variable. In this framework, I;
measures the expected increase in prediction error caused by the permutation of feature j.
A larger value of I; indicates that the model’s performance deteriorates substantially when
this feature is perturbed, suggesting that feature j carries significant predictive information.

The permutation results strongly confirmed the SHAP hierarchy; the UV-Vis measure-
ment wavelength received the dominant importance score of 76.7%, followed by reaction
time (12.6%) and the Mn contribution ratio (10.7%). The fact that these two methods,
which are based on different mathematical philosophies, agree on the fundamental results
demonstrates that the established model successfully learned the physical dynamics of the
process rather than simply memorizing the data points.

From a physicochemical perspective, the dominance of the UV-Vis measurement
wavelength in the SHAP analysis is fully consistent with the experimental design. The
spectrophotometric wavelength variable (200-800 nm) captures the full absorption profile of
the MB chromophore, which varies dramatically across this range and constitutes the largest
source of variance in the dataset. It must be clearly distinguished from the wavelength of the
UV irradiation lamp (365 nm), which is the fixed photonic source that excites the ZnySnO,
photocatalyst and initiates electron-hole pair generation. The UV lamp wavelength is not a
variable in this study; the spectrophotometric scanning wavelength is. The SHAP analysis
therefore reflects the dominance of the MB spectral signature as a measurement variable,
not the role of UV lamp irradiation as a catalytic driver. Reaction time and Mn doping
concentration act as secondary modulating factors within this framework.

In conclusion, the integration of high-accuracy MLP predictions with SHAP and per-
mutation analyses has enabled a quantitative and transparent assessment of photocatalytic
performance. This dual-validation approach ensures that the data-driven model is built on
a foundation that is both statistically reliable and scientifically interpretable.

2.3. Experimental Trend Analysis of Mn-Doped Zn;SnOy

To further substantiate the predictive modelling framework, the experimental dataset
was examined in detail to uncover the intrinsic physicochemical behaviour of Mn-doped
Zny5n04 under varying operational conditions. Unlike purely statistical interpretations, this
section focuses on directly observable trends and their mechanistic implications, thereby
bridging the gap between data-driven modelling and semiconductor photocatalysis.

2.3.1. Analysis of Temporal Absorbance Evolution in Doped Systems

The dynamic photocatalytic response of the synthesized materials was rigorously
evaluated by monitoring the UV-Vis absorbance of the methylene blue (MB) dye solution
at A = 664 nm over a 90 min irradiation interval (Figure 3a,b). It should be explicitly noted
that all spectral measurements reflect the optical response of the MB dye in solution, not the
intrinsic absorption of the photocatalyst itself; the decrease in absorbance at 664 nm directly
corresponds to the removal of the MB chromophore from the solution phase. Figure 3a
depicts the spectral decay of the pristine Zn,SnOy system, which serves as a baseline for un-
derstanding the intrinsic photoactivity of the semiconductor. While a progressive reduction
in the MB absorption peak is observed, the rate of degradation remains relatively moder-
ate. In contrast, the 7.5% Mn-doped Zny;SnO4 specimen (Figure 3b) exhibits a markedly
lower initial absorbance of approximately 0.59 at the onset of irradiation, compared to
approximately 1.30 for the pristine sample. This difference does not reflect any variation in
the prepared MB stock concentration, which was identical (10 mg/L) for all experiments.
Rather, it is attributed to enhanced surface adsorption of MB onto the Mn-doped catalyst
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surface during the 30 min dark equilibration period preceding irradiation. The incorpora-
tion of Mn ions into the Zn,SnOy lattice is known to modify surface charge density and
increase the density of active surface sites, which can promote electrostatic interactions with
the cationic MB molecule. Consequently, a substantial fraction of MB was removed from
solution via adsorption before photocatalytic irradiation commenced, resulting in the lower
t = 0 baseline observed for the doped sample. Under these conditions, the degradation
efficiency is calculated as

Ao — Ago

Ao

where Ay and Agg represent the absorbance values at the initial time and after 90 min of
treatment, respectively. After 90 min of irradiation, the pristine sample exhibited a degrada-
tion efficiency of 61.22%, whereas the 7.5% Mn-doped sample achieved a markedly higher
efficiency of 89.10%. This normalised metric eliminates the influence of differing initial
absorbance values and provides a direct measure of photocatalytic activity. The substan-
tially higher degradation efficiency of the doped sample confirms that Mn incorporation
genuinely enhances the photocatalytic performance of Zn,SnO,. We acknowledge that the

DE(%) = % 100, @)

separate quantification of adsorptive and photocatalytic contributions to the overall MB
removal would provide a more complete mechanistic picture, and this will be addressed in
future work.

0.6 1
1.2+
0.5 1
1.0 4 Time (min)
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(V] [ -
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Figure 3. Temporal evolution of the UV-Vis absorption spectra during the photocatalytic degradation
process for (a) the pristine Zn,SnO,4 and (b) the optimized 7.5% Mn-doped Zn,SnO,4 samples.

As shown in Table 2, the degradation efficiency increases progressively from 61.22%
for the pristine sample to 89.10% for the 7.5% Mn-doped sample, confirming that Mn
incorporation genuinely enhances photocatalytic performance. At 10% loading, efficiency
decreases to 85.30%, indicating the onset of parasitic recombination. These trends are
fully consistent with the SHAP and Permutation Feature Importance analyses: the UV-Vis
measurement wavelength remains the dominant driver of model predictions (SHAP: 59.6%;
permutation: 76.7%), while Mn doping acts as a secondary modulating factor (SHAP: 20.5%;
permutation: 10.7%) that shapes the degradation response within the spectral excitation
framework. From a physicochemical standpoint, Mn ions introduce intermediate energy
levels within the Zn,;SnO4 bandgap, acting as charge carrier trapping sites that suppress
electron-hole recombination and extend the lifetime of reactive species. Beyond the optimal
7.5% threshold, excess Mn ions generate structural distortions that counteract these benefits.
The primary role of the UV-Vis measurement wavelength—as the spectrophotometric
variable that captures the full spectral variance of the MB chromophore—remains the
overriding factor governing the model’s predictive output, in full agreement with the data-
driven conclusions of the XAl framework. This dominance reflects a measurement property

https:/ /doi.org/10.3390/catal16060530


https://doi.org/10.3390/catal16060530

Catalysts 2026, 16, 530

90f19

of the dataset and is distinct from the role of the UV lamp (365 nm), which provides the
fixed photonic excitation required for catalytic activity.

Table 2. Kinetic rate constants and coefficients of determination for pseudo-first-, pseudo-second-,
and pseudo-third-order models applied to MB photodegradation over Mn-doped Zn;SnO,4 samples.

Mn (%) k1 (min~1) R? (1st) k, (min~1) R? (2nd) k3 (min~1) R? (3rd) Deg. (%)
0 0.0105 0.9921 0.0131 0.9634 0.0326 0.8912 61.22
1 0.0124 0.9887 0.0155 0.9541 0.0384 0.8743 67.50
3 0.0158 0.9856 0.0198 0.9423 0.0490 0.8534 75.80
5 0.0195 0.9812 0.0244 0.9287 0.0605 0.8321 82.40
7.5 0.0242 0.9743 0.0302 0.9102 0.0750 0.8047 89.10
10 0.0210 0.9698 0.0263 0.9215 0.0651 0.8189 85.30

2.3.2. Structural and Optical Influence of Mn Doping

The effect of Mn incorporation on the photocatalytic performance of Zn,SnQOy is
evaluated by comparing the degradation efficiency (%) across doping levels, calculated as
DE(%) = ‘40;‘75‘90 x 100, where Ap and Agg represent the absorbance values at the initial
time and after 90 min of treatment, respectively, for each individual sample. This normalised
metric eliminates the influence of differing initial absorbance values arising from surface
adsorption during the dark equilibration period and provides a direct and unambiguous
measure of photocatalytic activity under identical irradiation conditions. Figure 4 presents
the UV-Vis absorption spectra recorded at ¢ = 90 min for all doping levels.

14
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Mn Doping (%)
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Figure 4. UV-Vis absorption spectra of Mn-doped ZnySnO; after the photocatalytic process
(t =90 min) as a function of various Mn doping concentrations (0% to 10%).

The degradation efficiencies derived from the kinetic analysis (Table 2) reveal a clear
non-monotonic dependence on Mn loading. As the doping concentration increases from
0% to 7.5%, degradation efficiency rises progressively from 61.22% to 89.10%, represent-
ing a 1.46-fold enhancement relative to the undoped baseline. At 10% Mn loading, the
degradation efficiency decreases to 85.30%, confirming that excess Mn ions act as para-
sitic recombination centers that partially counteract the beneficial effect of doping. This
non-monotonic trend, with an optimum at 7.5% Mn, is fully consistent with the threshold
behavior identified by the SHAP analysis, which showed that Mn doping acts as a sec-
ondary modulating factor (20.5% importance) within the dominant framework established
by the UV-Vis measurement wavelength variable.
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2.3.3. Spectral Response and Light-Material Interaction Profile

Figure 5 presents the UV-Vis absorbance spectra of the MB dye solution obtained in
the presence of pristine and Mn-doped Zn,SnO, samples, including the optimized 7.5% Mn-
doped configuration. It should be explicitly noted that these spectra represent the optical
response of the MB chromophore in solution, rather than the intrinsic absorption behavior
of the photocatalyst itself. The left panel shows the full spectral range of 200-800 nm, while
the right panel provides a magnified view of the UV region between 200 and 450 nm.

1.4

o g =
© =} N)

o
o
Absorbance

Absorbance

0.4

0.2

0.0 0.0
200 300 400 500 600 700 800 200 250 300 350 400 450
Wavelength (nm) Wavelength (nm)

= 0% (pristine) 3% Mn s 7.5% Mn (optimum)
1% Mn 5% Mn === 10% Mn

Figure 5. Representative UV-Vis absorbance spectra of the MB dye solution obtained in the presence
of pristine and Mn-doped Zn,SnO, samples, including the optimized 7.5% Mn-doped configuration:
(left) full spectral range of 200-800 nm and (right) zoomed UV region of 200450 nm. The optimized
7.5% Mn-doped sample exhibits the lowest absorbance, supporting its enhanced photodegrada-
tion performance.

Importantly, Figure 5 provides direct experimental support for the dominant role of
the UV-Vis measurement wavelength identified by the SHAP analysis, with an importance
value of 59.6%. The absorbance of the MB solution varies markedly across the wavelength
axis, spanning a wide dynamic range over the measured spectrum. In contrast, the variation
among different Mn doping levels at a fixed wavelength is comparatively more limited.
This pronounced spectral heterogeneity is the key signal captured by the MLP model
and explains why the SHAP framework assigned the highest importance to the UV-Vis
measurement wavelength.

The substantial variation in MB absorbance across the 200-800 nm range indicates
that different wavelength regions correspond to distinct absorption features of the MB
chromophore. These spectral features generate a broad absorbance response that the MLP
architecture learned to model with high accuracy. By comparison, the doping-dependent
variations occur within a narrower range, which is consistent with the secondary impor-
tance assigned to Mn doping by both the SHAP analysis (20.5%) and the permutation
importance analysis (10.7%). Therefore, Figure 5 serves as an experimental bridge be-
tween the spectral observations and the data-driven XAl results, providing a physically
meaningful interpretation of the observed feature-importance hierarchy.

2.3.4. Evaluation of Data Distribution and Statistical Characteristics

The predictive reliability of the machine learning framework, particularly the MLP
architecture employed in this research, is intrinsically linked to the underlying distribution
of the experimental observations. Figure 6 below illustrates the statistical frequency and
density estimation of the absorbance values recorded across the entire experimental matrix,
encompassing variations in wavelength, exposure time, and Mn-doped concentrations.
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The resulting histogram, overlaid with a Kernel Density Estimation (KDE) curve, reveals
a distinctly right-skewed distributional profile, characterized by a high concentration of
data points in the lower absorbance regimes. The specific statistical pattern is a direct
manifestation of the photocatalytic degradation kinetics. By characterizing these distri-
butional properties, we ensure that the subsequent SHAP analysis, which quantifies the
20.5% contribution of the Mn-doped ratio to the model output—notably below the uniform
baseline of 33.3% expected under equal feature importance across three input variables,
reflecting the dominant role of the UV-Vis measurement wavelength—is substantiated by
a robust and well-distributed experimental dataset.

1000

Frequency
)
3
—

0.0 02 0.4 06 08 1.0 12
Absorbance

Figure 6. Statistical distribution and Kernel Density Estimation (KDE) of absorbance values across
the experimental dataset.

2.3.5. Kinetic Analysis of Photocatalytic Degradation

To rigorously characterize the reaction mechanism governing the photocatalytic degra-
dation of methylene blue over Mn-doped Zn,SnOy, pseudo-first-order, pseudo-second-
order, and pseudo-third-order kinetic models were applied to the time-resolved absorbance
data for all Mn doping concentrations. The linearized forms of these three models are
expressed as follows:

Pseudo-first-order (Langmuir-Hinshelwood):

Co
In| — | = kqt
() =k, ®
1 1
C Lyt
c g et &)
1 1
— — — = 2kst, 10
aa 3 (10)

where Cy and C are the initial and time-dependent dye concentrations (proportional to
absorbance under Beer-Lambert conditions), ¢ is the irradiation time (min), and kq, k, and
ks are the apparent rate constants for pseudo-first-, pseudo-second-, and pseudo-third-
order reactions, respectively. The results of fitting these models across all doping levels are
summarized in Table 2.

The kinetic data presented in Table 2 reveal that the pseudo-first-order (Langmuir—
Hinshelwood) model provides the best description of the MB degradation dynamics across
all Mn doping levels, consistently yielding the highest coefficients of determination (R?
range: 0.9698-0.9921). It is important to contextualise these R? values relative to the
MLP model performance. While the pseudo-first-order R? values appear high in absolute
terms, they describe a single-variable linearised relationship between concentration and
time at each fixed doping level, and therefore cannot capture the multivariate, nonlinear
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interactions among UV-Vis measurement wavelength, reaction time, and Mn loading simul-
taneously. In contrast, the MLP model, evaluated under the stringent Leave-One-Doping-
Level-Out (LODLO) cross-validation strategy, achieved R? = 0.8889 and MSE = 0.00238
across the full three-dimensional parameter space, including doping levels never encoun-
tered during training. This comparison demonstrates that the MLP framework operates at a
fundamentally different level of complexity, modelling the entire experimental design space
rather than individual kinetic curves, and that its generalisation performance is robust
despite the more demanding evaluation protocol. The pseudo-first-order rate constant k;
exhibits a clear non-monotonic dependence on Mn loading, rising from 0.0105 min ! (pris-
tine) to 0.0242 min ! (7.5% Mn), a 2.3-fold enhancement, before decreasing to 0.0210 min~!
at 10% loading, confirming that excess Mn ions act as parasitic recombination centres rather
than beneficial trap sites.

3. Materials and Methods
3.1. Synthesis of Min-Doped Zn;SnOy

Mn-doped Zn,SnO,4 photocatalysts were synthesized via a hydrothermal method.
Zinc nitrate hexahydrate (Zn(NOj3),-6H,0, Sigma-Aldrich, St. Louis, MO, USA) and tin (IV,
Sigma-Aldrich, St. Louis, MO, USA) chloride pentahydrate (SnCly-5H,0O, Sigma-Aldrich,
St. Louis, MO, USA) were used as Zn and Sn precursors, respectively, while manganese
nitrate (Mn(NO3),-4H,0, Sigma-Aldrich, St. Louis, MO, USA) served as the dopant source.
Initially, appropriate amounts of zinc nitrate and tin chloride were dissolved in deionized
water under continuous magnetic stirring until a clear solution was obtained. Subsequently,
manganese nitrate was introduced into the solution to achieve the desired Mn doping levels.
The mixture was stirred for 30 min to ensure homogeneous dispersion of all metal ions.
The pH of the solution was adjusted to 10 using sodium hydroxide (NaOH, Sigma-Aldrich,
St. Louis, MO, USA). The resulting suspension was transferred into a Teflon-lined stainless-
steel autoclave and maintained at 180 °C for 18 h. After the hydrothermal treatment, the
autoclave was allowed to cool naturally to room temperature. The obtained precipitate was
collected by centrifugation and washed several times with deionized water and ethanol
to remove residual impurities. The product was then dried at 70 °C for 12 h. Finally,
the dried powder was calcined at 500 °C for 3 h in air atmosphere to obtain crystalline
Mn-doped ZnySnOy.

3.2. Photocatalytic Experimental Procedure

The photocatalytic activity of Mn-doped Zn,SnO4 was evaluated by monitoring the
degradation of methylene blue (MB, C14H1gCIN3S, MW = 319.85%, Sigma-Aldrich,
St. Louis, MO, USA) as a model organic pollutant in aqueous solution under light
irradiation. MB is a cationic thiazine dye with the following structural formula: 3,7-
bis(dimethylamino)phenothiazin-5-ium chloride. Its core structure consists of a phenoth-
iazine ring system bearing two dimethylamino groups at positions 3 and 7, a sulfur atom
and a nitrogen atom within the central heterocyclic ring, and a chloride counterion bal-
ancing the positive charge of the aromatic cation. In a typical experiment [42,43], 50 mg
of photocatalyst was dispersed in 100 mL of MB solution at an initial concentration of
10 mg/L. The suspension pH was adjusted to 7.0 £ 0.1 using dilute HCl or NaOH solu-
tions. Photocatalytic experiments were conducted under UV irradiation provided by a
300 W mercury lamp (emission maximum at 365 nm) positioned 15 cm above the open-top
cylindrical quartz reactor. The incident light intensity at the solution surface was measured
as 1.2 mW/cm?.

A known amount of photocatalyst was dispersed in the solution and continuously
stirred at 400 rpm using a magnetic stirrer (IKA, Staufen, Germany) to ensure uniform
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suspension. Before irradiation, the suspension was kept in the dark for 30 min to estab-
lish adsorption—desorption equilibrium between the catalyst surface and the pollutant
molecules. The reaction system was then exposed to light irradiation. At specific time
intervals, 3 mL aliquots were withdrawn, centrifuged at 5000 rpm for 5 min to remove
catalyst particles, and analyzed using UV-Vis spectroscopy at the characteristic absorption
wavelength of MB (A = 664 nm). The decrease in absorbance intensity was used to quantify
the degradation efficiency.

3.3. Statistical Analysis of the Experimental Parameters

Before transitioning to complex non-linear modelling, establishing the baseline linear
dependencies among the experimental variables is a critical statistical step [19]. To quantify
these interactions, a Pearson Correlation Analysis was conducted to evaluate how the
UV-Vis measurement wavelength, reaction time, and Mn doping ratio individually influ-
ence the photodegradation efficiency (Figure 7). The findings confirmed that all selected
independent parameters maintain a statistically significant linear relationship with the
dependent variable (p < 0.05). Statistical analyses revealed a significant positive correlation
between the UV-Vis measurement wavelength and photodegradation efficiency, with a
correlation coefficient of 0.3311. In contrast, reaction time (—0.2723) and Mn doping concen-
tration (—0.2307) exhibited a linear inverse relationship with photodegradation efficiency.
A detailed breakdown of these correlation results and significance thresholds is presented
in Table 3.

1.0

Wavelength

r0.6

Time

r0.4

ro0.2

Photodegradation efficiency Mn_doping

Wavelength Time Mn_doping Photodegradation efficiency

Figure 7. Correlation matrix showing the linear relationships among UV-Vis measurement wave-
length, reaction time, Mn doping ratio, and photodegradation efficiency.

The F-statistic (F), used in both ANOVA and MLR analyses, is defined as the ratio of
the between-group mean square (MSpsypeer,) to the within-group mean square (MS itpin),
as given:

SS etween
o Msbetween Il;—tl

F= = , (11)
Mswithin —Mf]”“_it]i’i”
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where SSpetween denotes the sum of squares between groups and is calculated as:
N2
SSpetween = Zn] (3/] - y) (12)
j

Here, n; is the number of observations in group j, y;is the mean of group j, and y is
the overall (grand) mean.
Similarly, SSyithin represents the sum of squares within groups and is defined as:

2
SSwitin = L1 (v = 7;) (13)
joi

where y;; is the i-th observation in group j.
In addition, k denotes the number of groups (i.e., the number of levels of the indepen-
dent variable), and N is the total number of observations.

Table 3. Pearson correlation analysis showing the linear relationships and significance levels between
independent experimental parameters and photodegradation efficiency.

Independent Variable = Dependent Variable Correlation Coefficient ()  p-Value Significance (p < 0.05)

UV=Vis measurement  Photodegradation 0.3311 24195 x 10%  Statistically Significant

wavelength efficiency

Time Ph'ot'odegradatlon —0.2723 3.2033 x 10793 Statistically Significant
efficiency

Mn_doping Ph.ot.odegradatmn —0.2307 1.9703 x 1074 Statistically Significant
efficiency

A large F-value indicates that the variance explained by the grouping factor is consid-
erably greater than the unexplained, or residual, variance. This suggests that the grouping
factor has a statistically significant effect on the dependent variable. The associated p-value,
given in Equation (14), represents the probability of obtaining an F-statistic at least as large
as the observed value under the null hypothesis that the group means are equal.

p = P(Fe_1, N—k = Fops)- (14)

Here, F,;; denotes the observed F-statistic, while Fy_; n_ follows an F-distribution
with k — 1 between-group degrees of freedom and N — k within-group degrees of freedom.
In this expression, P(-) denotes the probability operator, meaning “the probability that
the event inside the parentheses occurs.” Therefore, the p-value is the probability that an
F-distributed random variable with the corresponding degrees of freedom takes a value
greater than or equal to F,;;, assuming that the null hypothesis is true.

Since the obtained p-value is below 0.05, the null hypothesis is rejected, indicating
that the factor has a statistically significant influence on photodegradation efficiency.

ANOVA was applied to isolate the individual effects of experimental parameters
on photodegradation efficiency [44]. The data presented in Table 4 demonstrate that the
Mn doping ratio, reaction time, and UV-Vis measurement wavelength lead to statisti-
cally significant variations in photodegradation efficiency. The structural modification
achieved through Mn doping was confirmed to have a significant effect on the catalytic
optical response with a value of F = 47.77 (p = 5.18 x 10~*8). Similarly, it has been mathe-
matically determined that reaction time is a decisive factor directly affecting the process
outcomes (F = 33.09, p < 0.05). The most striking deviation in the analysis was observed
in the UV-Vis measurement wavelength parameter, yielding a high F-statistic of 165.20
(p < 0.001) [45,46].
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Table 4. Summary of the analysis of variance regarding the levels of statistical significance of UV-Vis
measurement wavelength, reaction time, and Mn addition ratio on photodegradation efficiency.

Source of Variation F-Statistic p-Value Significance Level Result
UV-Vis measurement wavelength 165.1957 <0.001 p < 0.05 Statistically Significant
Time 33.0869 1.8714 x 1075 p <0.05 Statistically Significant
Mn Doping Ratio 47.7713 5.1812 x 1074 p < 0.05 Statistically Significant

In addition to individual variances, an MLR analysis was conducted to assess the
system’s predictive capacity within a linear framework [47]. The high F-statistic (378.5,
p < 0.001) produced by the model confirms that the selected independent variables (UV-
Vis measurement wavelength, reaction time, and Mn ratio) are the cornerstones of the
experimental design. The statistical metrics detailed in Table 5 clearly define the weights
and directions of influence of these variables relative to the mathematical baseline. However,
the regression model’s total explanatory power remains quite limited. The obtained R?
value of 0.237 indicates that the independent variables can linearly account for less than one-
fourth of the total experimental variance. This low value starkly highlights the extremely
complex and nonlinear nature of photocatalytic interactions, necessitating the use of MLP
to achieve the targeted prediction accuracy [48].

Table 5. Statistical metrics for linear regression analysis, including the weights of photocatalytic
variables and their 95% confidence intervals.

Parameter Coefficient Standard Error  #-Statistic p-Value 95% Confidence Interval
Intercept 0.1455 0.011 13.262 <0.001 [0.124, 0.167 ]
UV-Vis measurement 0.0004 1.72 x 1075 22917 <0.001 [0.000, 0.000 |
wavelength
Time —0.0020 0.000 —18.846 <0.001 [—0.002, —0.002 ]
Mn_doping —0.0138 0.001 —15.972 <0.001 [—0.015, —0.012]

3.4. Computational Details

All statistical evaluations, machine learning modelling, and XAI analyses were con-
ducted computationally using the Python programming language (version 3.10). Initial
data manipulation, cleaning, and matrix operations were executed using the pandas and
numpy libraries. The MLP architecture, as well as the Permutation Feature Importance
computations, was constructed and trained utilizing the scikit-learn machine learning
framework. To rigorously prevent data leakage and ensure that the test set remained
completely isolated from the training distribution during cross-validation, the model was
encapsulated within a scikit-learn Pipeline combined with the TransformedTargetRegressor
module for dynamic data scaling. Furthermore, the mechanistic interpretation of the neural
network was performed using the SHAP library, specifically deploying the KernelExplainer
module to extract marginal feature contributions. All graphical representations, includ-
ing the SHAP summary plots and spectral distribution curves, were generated using the
matplotlib library.

4. Conclusions

This study successfully analysed the degradation performance of the Mn-doped
ZnySnOy4 photocatalyst by integrating comprehensive statistical analyses, nonlinear ma-
chine learning modelling, and experimental findings. Initial statistical evaluations con-
firmed the highly nonlinear nature of the system. ANOVA results indicated that the UV-Vis
measurement wavelength (F = 165.20), Mn loading ratio (F = 47.77), and reaction time
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(F = 33.08) each exerted a statistically significant influence on photodegradation efficiency
(p < 0.05), confirming that all three parameters are meaningful determinants of the pho-
tocatalytic system’s response; however, it was determined that the standard MLR model
could explain only a small portion of the total variance (R?> = 0.237). The optimized MLP ar-
chitecture applied to overcome these linear limitations demonstrated superior performance
in capturing complex degradation dynamics. The model’s reliability was tested using
the “Leave-One-Doping-Level-Out” (LODLO) cross-validation strategy, implemented to
prevent data leakage that could arise from spectral and temporal correlations. The values
of R? = 0.8889 and MSE = 0.00238 obtained from this rigorous evaluation demonstrate
that the model can be successfully generalized to experimental conditions it has never
encountered before and possesses a robust structure free from overfitting.

One of the study’s most significant contributions is that it decodes the decision-making
mechanism of the prediction algorithm using a dual-verified XAl framework that incorpo-
rates SHAP and Permutation Feature Importance analyses. Both methodologies identified
the UV-Vis measurement wavelength as the dominant input feature driving model predic-
tions (approximately 60% SHAP importance and a 77% permutation-based error increase).
It must be emphasized that this wavelength variable refers exclusively to the spectral
scanning wavelength of the UV-Vis spectrophotometer used to monitor the concentration
of MB over the 200-800 nm range. This variable is distinct from the fixed wavelength of
the UV lamp (365 nm), which provides the photonic excitation required to activate the
Zn;SnO4 photocatalyst during the degradation reaction. These are two entirely distinct
experimental parameters: the UV lamp provides the fixed photonic energy required to
generate electron-hole pairs in the Zn,SnOy lattice, while the UV-Vis spectrophotometer
independently scans the absorption spectrum of the MB dye solution to quantify its concen-
tration. The dominance of the spectrophotometric wavelength in the SHAP analysis reflects
the strong spectral dependence of MB absorbance across the measurement range, which
provides the largest source of variance in the dataset. Following this spectral variable,
reaction time and Mn doping concentration acted as secondary modulating factors, each
contributing approximately 20% to the model’s predictive output, consistent with their
roles in governing the kinetics and efficiency of the photocatalytic degradation process.

In conclusion, the transparent and double-verified methodology presented in this
study demonstrates that machine learning can serve as a reliable tool for interpreting
the complex physicochemical behaviour of doped semiconductors without remaining
an opaque “black box.” This developed framework provides an adaptable guide for the
design of next-generation photocatalysts. Future studies are expected to further validate
its practical applicability by testing this explainable architecture against real and multi-
component wastewater matrices.
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Abbreviations

The following abbreviations are used in this manuscript:

ANOVA  One-Way Analysis of Variance

ANN Artificial Neural Network

KDE Kernel Density Estimation

L-BFGS  Limited-memory Broyden—Fletcher-Goldfarb—Shanno algorithm
LODLO  Leave-One-Doping-Level-Out (cross-validation strategy)

MB Methylene Blue

ML Machine Learning

MLP Multi-Layer Perceptron

MLR Multiple Linear Regression
MSE Mean Squared Error

OFAT One-Factor-At-a-Time

ROS Reactive Oxygen Species

RSM Response Surface Methodology
SHAP SHapley Additive exPlanations
SVR Support Vector Regression

uv Ultraviolet

XAI Explainable Artificial Intelligence
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