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Biodiesel production from waste cooking oil (WCO) is fundamentally constrained by complex, nonlinear in-
teractions among transesterification parameters, which conventional linear optimization fails to capture. This
study addresses this knowledge gap by developing an automated ensemble machine learning (AutoML) frame-
work within the PyCaret environment. Utilizing 49 in-house experimental data points derived from a previously
established two-step acid—base catalysis process, 25 machine learning (ML) regression algorithms were sys-
tematically benchmarked. The top 15 models were optimized via Optuna’s Tree-structured Parzen Estimator
(TPE) Bayesian method to construct bagging, boosting, and stacking ensemble strategies. The boosting ensemble
model served as a process interaction mapping framework, achieving superior performance under 3-fold cross-
validation (R? = 0.987, MAE = 0.599, and RMSE = 0.836), significantly outperforming individual learners as
well as bagging and stacking ensemble architectures. Shapley Additive exPlanations (SHAP) analysis served as a
sophisticated tool for operational boundary identification, deconstructing model sensitivity regarding reaction
temperature and time. Furthermore, external validation using 123 literature-derived points demonstrated sig-
nificant predictive capability (R? = 0.973), proving the boosting ensemble’s promising generalizability across
related WCO-based transesterification datasets. This framework establishes an operational space mapping pro-
tocol, identifying biodiesel yield and optimal transesterification conditions through data-driven modeling.

1. Introduction 2022). Biodiesel, in particular, stands out for its biodegradability, low

toxicity, renewability, and reduced sulfur and CO, emissions (Khan

The growing global dependence on fossil fuels and the associated
environmental burdens have accelerated the search for renewable and
sustainable energy alternatives (Sultana et al., 2022; Lyman, 2025;
Bilanovic et al.,, 2009; Agrawal et al.,, 2024). To achieve carbon
neutrality, a transition from nonrenewable energy sources to sustainable
energy resources, such as nuclear, wind, biomass conversion, tidal, and
solar energy, is imperative (Agrawal and Rao, 2012, 2014, 2021).
Among these methods, biomass conversion is particularly effective for
transforming waste into valuable biofuels (Dhawane and Halder, 2019),
including biodiesel (Mathew et al., 2021), bioethanol (Chen et al.,
2021), biochar (Wang and Wang, 2019), and biogas (Mulu et al.,
2021), which are regarded as sustainable solutions to global energy
challenges (Gupte et al., 2022; Huang et al., 2022a; Katongtung et al.,

* Corresponding authors.

et al., 2020; Najaf-Abadi et al., 2024; Paryanto et al., 2019; Thushari and
Babel, 2018; Baskar et al., 2018; Gongalves et al., 2024; Hong et al.,
2016). Moreover, most modern diesel engines can operate efficiently on
blends containing up to 20% biodiesel without major modifications,
facilitating its integration into existing fuel infrastructures (Bhatia et al.,
2021).

Biodiesel consists mainly of fatty acid alkyl esters and is typically
synthesized by the transesterification of triglycerides or the esterifica-
tion of long-chain fatty acids (Agrawal et al., 2024). A two-step acid-
—base catalysis process offers advantages over conventional single-step
base catalysis for high free fatty acid (FFA) feedstock such as WCO,
including higher biodiesel yield, reduced soap formation, and mitigation
of corrosion caused by residual FFAs (Ali and Fadhil, 2013; Maddikeri
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et al., 2012). However, feedstock costs remain the dominant economic
barrier, accounting for approximately 60%-80% of the total biodiesel
production costs (Dhawane et al., 2016a). Although edible oils (Altikriti
et al., 2015) are widely used as feedstocks, non-edible oils (Fadhil et al.,
2020; Hassan and Fadhil, 2025), waste oils (Girish et al., 2013; Gouran
et al., 2021; Mohadesi et al., 2022), and microalgae (Sultana et al.,
2022) provide more sustainable alternatives. In Japan, the low
self-sufficiency of edible oils makes their use for biodiesel production
particularly unsustainable (Cai et al., 2015; Statista Inc., 2023; Parija,
2022), whereas approximately 400,000 tons of waste cooking oil (WCO)
are discarded annually, representing an abundant, low-cost, and sus-
tainable feedstock that supports a circular economy and reduces overall
production costs (Cai et al., 2015; The Asahi Shimbun Company, 2024;
India’s WCO, 2023). Additionally, recent advancements have further
emphasized the role of WCO valorization in achieving high-efficiency
biodiesel production while minimizing environmental impacts through
a circular economy approach (Wang et al., 2025). Consequently, this
study employs WCO as the feedstock and a two-step acid-base catalysis
process for biodiesel production.

Moreover, recent technological advancements have focused on
reducing biodiesel production costs through process optimization
(Dhawane et al., 2016b). In alkaline transesterification, the biodiesel
yield is governed by complex, nonlinear interactions among key oper-
ational parameters, such as reaction time, temperature, oil-to-methanol
(MeOH) molar ratio, and catalyst loading (Bastos et al., 2020; Mairizal
et al., 2020; Moradi et al., 2013). Traditional optimization approaches,
including response surface methodology (RSM) and full-factorial
experimental design, often struggle to adequately capture these
nonlinear relationships and interaction effects (Feng et al., 2021). Prior
studies have therefore relied either on generalized predictive model
analyses across multiple feedstocks or on an n™ factorial design (where n
is the number of levels and m is the number of factors) for a single
feedstock (Sebayang et al., 2023a, 2023b; Silitonga et al., 2020; Kodgire
et al., 2023; Liu et al., 2023). However, as noted by Stamenkovic et al.,
these methods lack flexibility and predictive robustness (Stamenkovic
et al., 2013). Consequently, there is a fundamental need for advanced
computational tools that go beyond simple yield prediction to offer deep
interpretative insights into reaction kinetics. Machine learning (ML)
offers powerful tools for modeling nonlinear dependencies and building
accurate predictive models from multidimensional datasets. By
extracting patterns from experimental data, ML enables efficient process
optimization with minimal experimental effort (Agrawal et al., 2024).
ML has gained increasing traction across molecular and materials sci-
ence (Butler et al., 2018; Toyao et al., 2019), chemical engineering
(Schweidtmann et al., 2021), biological processes (Greener et al., 2022),
and energy conversion (Ascher et al., 2022), with emerging applications
in diverse domains (Reichstein et al., 2019; Zhou et al., 2022). In the
context of biodiesel research, ML has been used to model and optimize
transesterification processes, thereby reducing the experimental burden
and improving the predictive capability (Elmaz et al., 2020; Ma et al.,
2021; Zhang et al., 2023a; Huang et al., 2022b). In the specific context of
WCO-based biodiesel production, a growing body of literature has
demonstrated the scope of diverse ML architectures for biodiesel yield
prediction and process optimization. Dharmalingam et al.
(Dharmalingam et al., 2023) demonstrated that neural network models
outperform RSM in optimizing biodiesel production from mixed WCO
using heterogeneous biocatalysts, while Azhar et al. (Azhar et al., 2025)
employed artificial intelligence (AI)-driven modeling with particle
swarm optimization (PSO) for fats, oils and grease (FOG)-based bio-
diesel production, highlighting the growing role of intelligent optimi-
zation in biofuel systems (Azhar et al., 2025). Recently, Zakir Hossain
et al. (Zakir Hossain et al., 2022) applied a super learner ensemble
approach Bayesian Optimization Algorithm-Support Vector Regression
(BOA-SVR), Bayesian Optimization Algorithm-Boosted Regression Tree
(BOA-BRT) for biodiesel synthesis prediction and optimization, report-
ing strong generalizability across diverse feedstock conditions.
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Nevertheless, challenges persist due to the diversity of feedstocks,
variability in operational conditions, and the complexity of simulta-
neously optimizing multiple process parameters (Abusweireh et al.,
2022; Jayaprabakar et al., 2019; Zhang et al., 2023b; Tang et al., 2015).
Additionally, recent studies have highlighted the transition toward
advanced heterogeneous systems for biodiesel production, such as
graphene-based catalysts, which offer superior catalytic activity but
introduce relatively high synthesis costs (Nazloo et al., 2023; Dong et al.,
2025).

Previous studies on biodiesel yield prediction from WCO have used
primarily individual ML algorithms, with limited emphasis on system-
atic benchmarking and advanced ensemble strategies (Ahmad et al.,
2023; Buasri et al., 2023; Almohana et al., 2022). Specifically, Ahmad
et al. (Ahmad et al., 2023) combined gradient boosting, extreme
gradient boosting (XGBoost), and light gradient boosting machine
(LGBM) models with a genetic algorithm (GA) to optimize the biodiesel
yield from WCO, while Buasri et al. (Buasri et al., 2023) utilized an
artificial neural network (ANN) within microwave-assisted reactors.
Furthermore, Almohana et al. (Almohana et al., 2022) applied ensemble
methods such as AdaBoost with Huber regression, decision trees, and
Gaussian processes; however, these studies did not exploit automated
ML frameworks nor did they provide the extensive external validation
presented in this work.

Existing literature frequently lacks systematic benchmarking across a
broad set of algorithms, automated ensemble integration, comprehen-
sive interpretability analysis, and rigorous external validation, leaving a
gap in the understanding of the thermo-chemical boundaries governing
waste-to-energy conversion. To address these limitations and maximize
the energy recovery potential of WCO as a high-value bioresource,
building upon the experimental foundation established in a previous
study (Process-I) (Rubel et al., 2026), this study develops a reproducible
automated ensemble ML framework to elucidate the complex,
non-linear kinetic landscape of WCO transesterification. Unlike previous
manually optimized or single-model approaches, this workflow sys-
tematically benchmarks 25 distinct regression algorithms within the
AutoML PyCaret (Ali, 2020a, 2020b) environment to identify the most
robust and generalizable model rather than relying on an arbitrary
choice; subsequently, the top 15 models were optimized via Optuna’s
TPE Bayesian method and incorporated into bagging, boosting, and
stacking ensemble architectures. Model robustness was assessed through
multiple k-fold (k=3, 5, and 10) cross-validation (CV) schemes,
achieving significant predictive fidelity, which was further validated
against an extensive independent set of 123 data points derived from
published literature records. Crucially, the decision-making logic of the
finalized ensemble was deconstructed via Shapley Additive exPlanations
(SHAP) analysis to establish a formal kinetic interaction mapping. This
framework provides a computational deconstruction of the trained
model’s response surface, quantifying how process variables synergis-
tically influence WCO conversion into fatty acid methyl esters (FAME).
By identifying the critical thermo-chemical boundaries and the onset of
thermal inhibition, this work defines interpretable operational bound-
aries for WCO-based biodiesel yield prediction within the investigated
two-step acid-base catalysis process, without proposing new reaction
mechanisms. Therefore, this study advances prior research by inte-
grating automated model selection, multiple ensemble strategies, and
rigorous external validation within a unified framework.

2. Materials and methods

The overall workflow of the automated ensemble ML framework,
from data generation and ensemble construction to model interpretation
and external validation, is illustrated in Fig. 1.

2.1. Biodiesel synthesis and experimental data collection

The WCO feedstock utilized in this study was sourced from a local
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Fig. 1. Workflow of the automated ensemble machine learning system for biodiesel yield prediction.

restaurant in Tokyo, Japan, and was characterized by an initial FFA
content of 10.7%. To mitigate the negative impacts of moisture (0.09%)
and solid impurities, which are known to cause catalyst deactivation
(Zhu et al., 2024) and promote hydrolysis, the WCO underwent a
sequential four-step filtration process followed by thermal drying at
100-110 °C for 1 h (Rubel et al., 2026). Furthermore, an acid-catalyzed
esterification step was conducted to reduce the FFA content and ensure
successful deacidification, thereby preventing saponification during the
subsequent alkaline stage. This protocol effectively lowered the FFA
level to 0.89% and the acid value (AV) to 1.78 mg KOH / g, validating
the suitability of the pre-esterified sample for the base-catalyzed trans-
esterification phase established in a previous study (Process-I) (Rubel
et al., 2026).

Briefly, the optimized transesterification involved converting tri-
glycerides into FAME using a KOH catalyst. To ensure high separation
efficiency, the post-reaction mixture was transferred to a separatory
funnel and allowed to settle for 1 h to facilitate complete phase sepa-
ration between the FAME and glycerol layers. The bottom glycerol layer
was discarded, and the isolated biodiesel phase was washed and dried to
remove residual contaminants and moisture (Rubel et al., 2026). To
explore the fundamental thermochemical boundaries of the system, the
transesterification phase was systematically investigated by varying four
critical process parameters: reaction time (15-90 min), reaction tem-
perature (35-60 °C), oil-to-methanol molar ratio (1:3-1:8), and catalyst
loading (1-4 wt%). Additionally, to ensure consistent mass transfer and
eliminate mixing-induced variability, the stirring speed was maintained
constant at 600 revolutions per minute (RPM) for all 49 experimental
trials. Consequently, RPM was excluded as an input feature in the ML
models due to its zero variance in this specific dataset. However, it is
recognized that varying the stirring speed can significantly influence
reaction rates and alter the non-linear interaction between parameters
(Prajapati et al., 2024; Yuan et al., 2024a). The resulting biodiesel
compositions were quantified via Gas Chromatography-Mass Spec-
trometry (GC—MS) using a calibrated internal standard method.
Following established protocols, the peak area percentages were corre-
lated with FAME concentrations via multi-point calibration curves
(0.5-4 mg/ml) (Usman et al., 2023). The biodiesel yield percentage was
then calculated according to Eq. (1), which incorporates both the
gravimetric mass of the synthesized product and the calibrated FAME
purity to ensure precise quantification for the ML dataset (Ahmad et al.,
2023).

Biodiesel yield(%) — Total biodiesel produced(gm)

(%FAME from GC

~MS)

experimental dataset comprises 49 data points, the risk of overfitting
was mitigated by using ensemble techniques that aggregate multiple
tuned base learners, which reduces variance and improves robustness
for small-to-moderate sample sizes, together with a k-fold CV strategy to
provide reliable performance estimates. Furthermore, external valida-
tion using 123 literature-derived data points provides a critical assess-
ment of model generalizability beyond the limited in-house data points.

2.2. Data preprocessing

The data sets utilized in this study were verified for completeness
with no missing values identified across the experimental records. A
direct-feature architecture was adopted to preserve the physical signif-
icance of the process variables. This approach ensures that all opera-
tional parameters — reaction temperature, reaction time, oil-to-MeOH
molar ratio, and catalyst loading—contribute to the model objective
function based on their original experimental scales, thereby preserving
the kinetic relevance of the input data (Ahsan et al., 2021; Kim et al.,
2025).

2.3. Machine learning modeling framework

The ML modeling framework is summarized in Fig. 2 and comprises
dataset preparation, regression benchmarking, hyperparameter optimi-
zation, ensemble construction, and model interpretation and validation.
Initially, the experimental data were organized into input features (re-
action time, reaction temperature, oil-to-methanol molar ratio, and
catalyst loading) and the target variable (biodiesel yield), with the RPM
feature excluded to prioritize primary operational drivers. Bench-
marking was performed on 25 regression algorithms using the AutoML
PyCaret library, where performance was assessed across 3-, 5-, and 10-
fold CV schemes.

The 15 best-performing models, selected based on R%, MAE, and
RMSE, subsequently underwent Bayesian hyperparameter optimization
via Optuna’s TPE algorithm before ensemble synthesis. These optimized
learners served as base models for bagging, boosting, and stacking
ensemble architectures. Bagging was implemented to reduce variance,
boosting to decrease bias through sequential learning, and stacking to
integrate complementary predictions via a meta-model. Final model
interpretability was assessed using SHAP analysis to quantify the in-
fluences of the process parameters, while generalizability was rigorously
validated against an independent, literature-derived dataset.

x100 (€8]

Total oil used in reaction(gm)

This experimental design generated 49 discrete data points from the
primary WCO valorization process (Process-I), providing the high-
quality dataset required for the development of the automated
ensemble framework (Annexure I). To assess whether the model cap-
tures transferable process trends rather than only lab-specific patterns,
an additional independent dataset of 123 biodiesel yield records was
compiled from five peer-reviewed studies for external validation and
model generalizability (Annexure II). Although the primary
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2.3.1. Automated model benchmarking and selection

Initial model benchmarking was performed via the AutoML PyCaret
library, which evaluated 25 regression algorithms under a unified pre-
processing pipeline utilizing multi-level k-fold (k = 3, 5, and 10) CV.
The use of 25 algorithms reflects the complete regression candidate pool
available within the PyCaret AutoML library (Ali, 2020a, 2020b),
ensuring unbiased, data-driven model selection across diverse algo-
rithmic families rather than arbitrary pre-selection. The candidate pool
spanned a comprehensive array of computational architectures,
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Fig. 2. Schematic of the machine learning pipeline used for biodiesel yield prediction.

including: (a) linear and regularized regressors: linear regression (LR),
ridge regression (Ridge), elastic net (EN), least absolute shrinkage and
selection operator (Lasso), least angle regression (LAR), Lasso least angle
regression (LassoLARS, LLAR), and orthogonal matching pursuit (OMP);
(b) Bayesian and robust learners: Bayesian Ridge (BR), automatic rele-
vance determination (ARD), Huber regressor, and random sample
consensus (RANSACQ); (c) tree-based and ensemble architectures: deci-
sion tree (DT), random forest (RF), extra trees (ET), and gradient
boosting regressor (GBR); (d) boosting and advanced ensembles: adap-
tive boosting (AdaBoost), categorical boosting (CatBoost), light gradient
boosting machine (LightGBM), and extreme gradient boosting
(XGBoost); (e) instance- and kernel-based models: K-Nearest Neighbors
(KNN), support vector machine (SVM), kernel ridge (KR); (f) neural and
non-parametric models: multilayer perceptron (MLP), passive aggres-
sive regressor (PAR), and the Theil-Sen robust regressor (TR). The al-
gorithms were rigorously ranked based on their cross-validated
coefficient of determination (Rz), mean absolute error (MAE), and root
mean squared error (RMSE). To ensure a high-fidelity candidate pool for
the final ensemble construction, the top 15 performing algorithms were
retained for subsequent Bayesian hyperparameter optimization. This
systematic benchmarking protocol eliminates manual selection bias and
establishes a robust foundation for capturing the complex non-linearities
of the transesterification process, with full numerical results reported in
Annexure III.

2.3.2. Hyperparameter optimization

The top 15 candidate models identified during benchmarking were
rigorously refined via Bayesian hyperparameter optimization utilizing
Optuna’s TPE algorithm. The objective function was configured to
maximize the cross-validated R? enabling an efficient exploration of
high-dimensional hyperparameter spaces by concentrating evaluations
in high-performance regions. Unlike static search methods, the TPE al-
gorithm models the probabilistic distribution of hyperparameters rela-
tive to model performance, thereby prioritizing configurations with the
highest likelihood of enhancing predictive accuracy (Watanabe, 2023;
Sieradzki and Mandziuk, 2025; Rong et al., 2021; Snoek et al., 2012).
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In contrast, conventional grid search evaluates all discrete combi-
nations within a predefined hyperparameter grid and can identify the
optimum only if it lies inside the specified search space, which makes it
computationally expensive for complex models and a wide search range
(Agrawal et al., 2024). As an alternative, random search is less costly
and may outperform grid search in high-dimensional settings, but it
lacks the probabilistic memory and performance-guided trajectory
provided by Optuna’s TPE algorithm (Nishio et al., 2018; Tao et al.,
2022). Furthermore, although metaheuristic methods, such as the whale
optimization algorithm (WOA), offer gradient-free exploration, they
often lack the systematic probabilistic modeling required for robust
hyperparameter refinement in diverse model families (Agrawal et al.,
2024). The hyperparameter search space for each model family is
summarized in Table S1 (Annexure IV(a)), and a schematic of Optuna’s
TPE optimization workflow integrated with k-fold CV is provided in
Fig. S1 (Annexure IV).

2.3.3. Ensemble model aggregation

To transcend the predictive limitations of individual algorithms,
three distinct ensemble strategies (bagging, boosting, and stacking)
were constructed from the tuned top 15 base models. Ensemble learning
combines multiple ML algorithms to enhance the predictive perfor-
mance beyond that of individual models by aggregating their outputs
through mathematical averaging, sequential error weighting, or meta-
algorithmic integration (Asadi and Hajj, 2024). Bagging (Bootstrap
Aggregating) was employed via a VotingRegressor (VR) architecture to
reduce variance by training base models in parallel on bootstrapped data
subsets, with their outputs aggregated through averaging to achieve a
more robust consensus (Breiman, 1996; Freund and Schapire, 1997;
Wolpert, 1992). Conversely, boosting was employed to minimize pre-
dictive bias through a sequential learning protocol. Specifically, an
AdaBoost framework was utilized with an optimized KNN base model,
focusing each successive iteration on correcting the residuals of its
predecessors (Freund and Schapire, 1997). Finally, Stacking integrated
complementary base models by using their predictions as inputs for a
secondary Ridge-regression-based meta-learner, which generates the
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final output and aims to improve the generalization performance
(Wolpert, 1992). The resulting ensemble models were evaluated via 3-,
5-, and 10-fold CV to mitigate overfitting and ensure the robustness of
the proposed high-fidelity ensemble framework (Agrawal et al., 2024;
Azhar et al., 2025; Moklis et al., 2025).

2.3.4. Model evaluation, interpretation, and validation

The predictive accuracy of the ensemble frameworks was quantified
using the R? (Eq. 2), MAE (Eq. 3), and RMSE (Eq. 4), where yi and ¥ are
the measured and predicted biodiesel yields, respectively, and y is the
mean of the measured yields (yi), and n is the total number of experi-
mental observations.

RZ—1_ Z?fl o - }A’i)z

n . (2
i *)')2
I—n N
MAE = ;Zizl ly: — il 3)
p— 1 - S =32
RMSE = [~ ;(y Y @

Beyond statistical metrics, model interpretability was assessed using
SHAP, a game-theoretic, model-agnostic framework implemented via a
KernelExplainer architecture with the training dataset serving as the
background reference to establish the baseline expected prediction
(Lundberg and Lee, 2017; Lundberg et al., 2020). The SHAP framework
decomposes individual model predictions into additive feature-level
contributions, enabling both local and global interpretability of the
finalized ensemble framework, as detailed in Section 3.5 (Agrawal et al.,
2024; Lundberg and Lee, 2017).

3. Results and discussion
3.1. Feature correlation analysis

Pearson correlation coefficients were utilized to quantify the linear
interdependence between the input variables (reaction times, tempera-
ture, oil-to-methanol molar ratio, and catalyst concentration) and the
resulting biodiesel yield, as well as to screen for potential multi-
collinearity. As illustrated in the correlation heatmap (Fig. 3), the
analysis revealed weak-to-moderate correlations between individual

inputs and yield. Reaction times (r = 0.320) and the oil-to-MeOH ratio

Pearson Correlation Heatmap of Biodiesel Parameters
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Fig. 3. Pearson correlation matrix for the input variables and biodiesel yield.
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(r = 0.295) exhibited positive correlations with yield, while catalyst
concentration (r =-0.549) and reaction temperature (r = -0.220)
demonstrated negative linear trends. This trend indicates that while a
baseline amount of catalyst is required to initiate the transesterification
reaction, excessive alkaline loading can trigger irreversible saponifica-
tion, thereby reducing the biodiesel yield (Degfie et al., 2019). Critically,
the pairwise correlations among the input variables remained consis-
tently low (|r| < 0.25), confirming the absence of significant multi-
collinearity and justifying the retention of all four features within the
predictive framework. The negative correlations observed for catalyst
concentration and temperature are particularly noteworthy, as they
reflect the net linear trend in regions where yield decreases beyond the
optimum conditions. This negative correlation for temperature, espe-
cially beyond 60 °C, is fundamentally linked to the physical properties of
methanol (MeOH) and shifting reaction kinetics. As the reaction tem-
perature approaches the boiling point of MeOH (64.7 °C), a
liquid-to-vapor phase transition occurs. This evaporation reduces the
effective concentration of MeOH at the oil-catalyst interface, thereby
hindering the forward transesterification kinetics (Rubel et al., 2026;
Yuan et al., 2024b). Furthermore, as reported in recent literature, high
thermal energy can accelerate undesirable competitive side reactions,
such as the saponification of triglycerides. This process consumes the
alkaline catalyst and leads to soap formation, ultimately resulting in the
observed decline in biodiesel yield (Nadim et al., 2025). However, the
relatively low magnitude of these coefficients underscores the inherent
limitations of Pearson’s r in capturing the complex, non-linear de-
pendencies known to govern the transesterification kinetics (Schober
et al.,, 2018; Lin et al., 2022). This mathematical gap necessitates the
application of the advanced ensemble architecture developed in this
study, which is specifically designed to deconstruct these
high-dimensional, non-linear chemical interactions.

3.2. Individual model benchmarking and Bayesian optimization

Initial benchmarking of the 25 ML models under default configura-
tions identified the ET regressor as the premier baseline performer.
Furthermore, several models displayed negative R? values, as illustrated
in Fig. 4. These negative R? scores indicate that the model’s predictive
accuracy was lower than a simple horizontal line representing the mean
of the observed yields, meaning the models failed to capture the un-
derlying data patterns (Chicco et al., 2021). However, the subsequent
application of Bayesian hyperparameter optimization via Optuna’s TPE
algorithm induced a significant shift in the relative model rankings
(Fig. 4). The most notable performance trajectory was observed in the
KNN regressor, which exhibited a substantial elevation in predictive
accuracy, with its cross-validated R? value increasing from approxi-
mately 0.305 (pre-tuning) to a top-performing score of 0.689 (post--
tuning under 5-fold CV). The sensitivity of the KNN architecture to
localized data density necessitated rigorous evaluation across 3-, 5-, and
10-fold CV schemes to ensure numerical stability. Following the opti-
mization phase, the 15 best-performing models were retained as a
diverse candidate pool to provide complementary predictive behavior
for the subsequent ensemble construction (Fig. 4). The finalized R?
values for the selected architectures were: KNN (R? = 0.689), ET (R? =
0.617), AdaBoost (R* = 0.321), OMP (R* = 0.464), LR (R*> = 0.464), LAR
(R? = 0.464), LLAR (R? = 0.464), GBR (R? = 0.216), ARD (R? = 0.437),
RANSAC (R? = 0.396), RF (R? = 0.138), Huber (R* = 0.307), DT (R* =
0.181), EN (R? = 0.206), and Ridge (R?> = 0.169). These results highlight
that while tree-based learners offer strong baseline performance,
instance-based and regularized linear models, when properly tuned,
provide the high-fidelity local error correction required for the complex
transesterification landscape. The comprehensive numerical results for
all 25 benchmarked models are documented in Annexure III.
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Fig. 4. Performance comparison of 25 machine learning models after hyperparameter tuning with Optuna’s TPE algorithm.

3.3. Ensemble architecture optimization and performance evaluation

The predictive performance of the transesterification framework was
further augmented through the construction of three ensemble archi-
tectures: bagging, boosting, and stacking. Each ensemble was rigorously
optimized via Optuna’s TPE Bayesian strategy and evaluated across 3-,
5-, and 10-fold CV schemes to ensure numerical stability and general-
ization. The key ensemble configurations and selected optimal hyper-
parameters for the best-performing cross-validation fold of each
architecture are summarized in Table 1, with complete hyperparameter
search spaces and fold-wise configurations documented in Annexure IV

(b).

3.3.1. Bagging ensemble performance

From the candidate pool of 15 optimized base models (Section 3.2),
bagging-type ensembles were constructed via an automated aggregation
and blending pipeline. The finalized configurations were structured as
VotingRegressor models, strategically combining diverse architectures
to maximize predictive consensus: ET and AdaBoost for 3-fold CV; ET,
AdaBoost, and KNN for 5-fold CV; and ET and KNN for 10-fold CV
scheme. These specific combinations provided the optimal trade-off
between local error correction and global stability across the experi-
mental space. The 10-fold CV ensemble yielded the premier predictive
fidelity, achieving an R? of 0.979, MAE = 0.648, and RMSE = 0.808. As
illustrated in Fig. 5, predictive performance exhibited a positive trajec-
tory as the CV folds increased from 3 to 10, with R? improving from
0.897 to 0.979 (left panel) and both MAE and RMSE decreasing sub-
stantially from 1.905 to 0.648 and 2.305-0.808, respectively (right
panel). This indicates that a larger effective training fraction and more
exhaustive validation cycles significantly enhanced the model stability,
leading to a more robust fit of the transesterification kinetics (Althnian
et al., 2021; Bailly et al., 2022). The mean R? of 0.934 across all CV
schemes confirms that the bagging ensemble captured most of the
variance in biodiesel yield. Furthermore, the decreasing standard devi-
ation of the error metrics with increasing folds reflects more consistent

predictions as data utilization improved. Detailed fold-wise performance
metrics are documented in Fig. S2 and Fig. S3 of Annexure V.

3.3.2. Boosting ensemble performance

The candidate pool of 15 optimized base models was integrated into
a boosting pipeline to facilitate a rigorous comparative analysis of
ensemble strategies. The optimal boosting configuration, identified via
the automated boosting and blending workflow, was an AdaBoost re-
gressor utilizing KNN as the base estimator, which was selected as the
best performer across all CV schemes (3-, 5-, and 10-fold), as detailed in
Table S1.

As illustrated in Fig. 6(a), the AdaBoost-KNN ensemble attained its
peak predictive fidelity at 3-fold CV, achieving an R* = 0.987 (left
panel), with corresponding MAE = 0.599, and RMSE = 0.836 (right
panel). This indicates an excellent degree of agreement between the
predicted and measured biodiesel yields, largely due to the base
learner’s ability to map localized non-linearities in the reactive space.
However, as the number of folds increased to 5 and 10, the R? declined
marginally to 0.982 and 0.929 (left panel), while MAE and RMSE
increased from 0.599 to 1.072 and 0.836-1.370, respectively (right
panel). This transition reflects the increased complexity of maintaining
high-precision local error correction across more diverse and frag-
mented validation splits. The observed increase in the fold-wise stan-
dard deviation, particularly for the RMSE at 10-fold CV, suggests a
heightened sensitivity to residual variability. The mean R? of 0.966
across all CV schemes further confirms the overall stability of the
boosting ensemble. Nevertheless, the predicted versus true biodiesel
yield plot (Fig. 6(b)) provides a robust validation of the model reliability
across both training and testing subsets. The high fidelity of the
AdaBoost-KNN architecture is confirmed by the extreme statistical
tightness of the data points along the 45° ideal diagonal across the
experimental yield range of 60-90%. This alignment demonstrates that
the Bayesian-optimized hyperparameters successfully captured the sys-
tem’s global trends while preserving localized kinetic resolution.
Furthermore, the marginal distribution plots closely mirror the
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Table 1

Key configuration of the ensemble models (best -performing cross-validation
fold configuration). Complete hyperparameters search spaces are provided in
Annexure IV(b).

cv Base Models

Fold

Ensemble  Architecture Key Optimal

Hyperparameters

10-
fold

Voting-
Regressor

Bagging ET, KNN VR: weights: None, n_jobs:-
1, verbose: False, ET:
max_depth: None,
min_samples_split: 2,
min_samples_leaf: 1,
n_estimators: 100,
max_features: 1.0,
bootstrap: False,
random_state: 123
KNN: algorithm: auto,
n_neighbors:1
leaf size: 30, metric:
euclidean, p:2, weights:
distance
AdaBoost: n_estimators: 10,
learning_rate: 1.0, loss:
linear, random_state: 123
KNN: algorithm: auto,
leaf size: 30, metric:
euclidean, n_neighbors: 1, p:
2, weights: uniform
Stacking Regressor: cv: 5,
CatBoost, n_jobs: —1,
Ridge, passthrough: False, verbose:
Huber, Lasso 0
ET: n_estimators: 100,
max_depth: None,
min_samples_split: 2,
bootstrap: False
CatBoost: depth: 6,
n_estimators: 213, eta:
0.268, 12_leaf reg: 4, Ridge:
alpha: 0.560, fit_intercept:
True, solver: auto, Huber:
alpha: 0.322, epsilon: 1.585,
max_iter: 100, Lasso: alpha:
0.727, max_iter: 1000
meta_learner (Ridge):
alpha: 0.56, fit_intercept
= True, solver: auto, n_jobs
= -1, verbose = False,
random_state: 123

AdaBoost 3-
Regressor fold

Boosting KNN (base
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experimental modes, confirming the ensemble’s ability to capture pri-
mary kinetic trends without losing resolution in high- or low-yield re-
gions. The close overlap between the training (blue) and test (orange)
sets suggests no obvious overfitting within the evaluated data partitions.
This confirms that the model remains robust when processing unseen
data partitions. By achieving a peak R? of 0.987, the results highlight the
base learner's specific capacity to map complex, non-linear kinetic in-
teractions within the reactive space (Bailly et al., 2022; Raykov and
DiStefano, 2025; Avian et al., 2024; Ribeiro and dos Santos Coelho,
2020). This predictive alignment establishes the empirical foundation
necessary for the subsequent SHAP-based kinetic deconstruction, tran-
sitioning the research from black-box estimation toward transparent
process mapping. Comprehensive configuration and validation data for
the boosting ensemble are documented in Fig. S4 and Fig. S5 of
Annexure VI.

3.3.3. Stacking ensemble performance

To maintain methodological consistency, the same pool of 15 opti-
mized base models was evaluated within a Stacking Regressor frame-
work. The stacking configuration combines multiple base models under
a meta-learner to exploit complementary model behavior and reduce
both bias and variance. The optimal stacking pipeline, obtained from the
automated stacking and blending workflow, employs ET, CatBoost,
Ridge, Huber regression, and Lasso regression as base models, with the
stacking regressor using a Ridge regression meta-learner as the final
estimator.

The stacking ensemble exhibited its best performance under 10-fold
CV, with R? = 0.849, MAE = 1.388, and RMSE = 1.717 (Fig. 7, left and
right panels, respectively). As illustrated in Fig. 7, model accuracy
improved as the number of CV folds increased from 3 to 10, with R?
improving from 0.502 to 0.849 (left panel) and both MAE and RMSE
decreasing substantially from 4.456 to 1.388 and 5.150-1.717, respec-
tively (right panel). The simultaneous increase in R* and the reduction in
both MAE and RMSE indicate enhanced learning stability and feature
representation with larger effective training sets (Althnian et al., 2021;
Bailly et al., 2022). The mean R? of 0.700 across all CV schemes reflects a
moderate but consistent predictive capability. The relatively high R? and
moderate error metrics across folds suggest that the stacking ensemble
achieved a reasonable bias—variance trade-off, although its perfor-
mance remained lower than that of the bagging and boosting ensembles.
However, this R? value of 0.849 at 10-fold CV implies that approxi-
mately 15.1% of the variance remains unexplained, indicating a

Error Metrics

I MAE
mmm RMSE

5-Fold 10-Fold Mean

Cross-Validation Fold

Fig. 5. Bagging ensemble performance across cross-validation folds: R? under 3-, 5-, and 10-fold cross-validation and their mean (left panel); MAE and RMSE (%)
across the same cross-validation schemes (right panel). Error bars represent the standard deviation across folds.

991



Md. Rubel et al.

Accuracy Metric
2.5

0.987

0.982

1.0+

Chemical Engineering Research and Design 230 (2026) 985-999

Error Metrics

B MAE
mmm RMSE

0.8 - 9
w
0
,:“ 0.6 E
c
©
0.4 l&I
=
0.2 1
0.0 -
3-Fold 5-Fold 10-Fold Mean 5-Fold 10-Fold
Cross-Validation Fold Cross-Validation Fold
(a)
100 Set
* Training set
= Test set
X 90 @
o”
O rd
2 ~
> 80 ra
. o
@ r
B 70 /,"
m ’,’
Q e
2 60 ‘
50
50 60 70 80 a0 100

Predicted Biodiesel Yield (%)

(b)

Fig. 6. Boosting ensemble: (a) R? (left panel) and MAE and RMSE (%) (right panel) across 3-, 5-, and 10-fold cross-validation and their mean, with error bars
representing standard deviation; and (b) predicted vs. true biodiesel yield for the 3-fold cross-validation scheme.

non-negligible error margin that may stem from irreducible noise or
latent variables (Wolpert, 1992). This suggests that while the stacking
framework achieves a stable bias-variance trade-off, its predictive ca-
pacity is constrained compared to the more robust bagging and boosting
ensembles. This highlights a limitation in its sensitivity for
high-precision applications, likely due to the structural constraints of the
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Ridge meta-learner in effectively harmonizing the diverse predictions of
the base models for this specific non-linear process. The detailed
stacking configurations and fold-wise evaluation results are provided in
Fig. S6 and Fig. S7 of Annexure VII.
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Fig. 7. Stacking ensemble: R? (left panel) and MAE and RMSE (%) (right panel) across 3-, 5-, and 10-fold CV and their mean, with error bars representing the

standard deviation across folds.

3.4. Comparative machine learning study

Fig. 8 presents a comprehensive performance comparison of the top
15 tuned individual ML models under 5-fold CV (left panels) alongside
four ML model architectures — KNN, bagging, boosting, and stacking
ensembles — evaluated across 3-, 5-, and 10-fold CV schemes, as well as
their calculated mean scores (right panels). The four model architectures
in the right panels of Fig. 8 represent the four structural tiers of the
modeling pipeline: the best individual learner after Bayesian optimiza-
tion, tuned KNN, and the optimal configuration of each of the three
standard ensemble architectures, namely bagging, boosting, and stack-
ing. These ensemble approaches were selected because they operate
through fundamentally distinct aggregation principles: variance reduc-
tion for bagging, bias reduction for boosting, and hierarchical meta-
learning for stacking. The boosting ensemble under a 3-fold CV
scheme achieved the highest predictive accuracy, with R? = 0.987, MAE
= 0.599, and RMSE = 0.836. The bagging ensemble under a 10-fold CV
scheme followed closely R? = 0.979), while the stacking ensemble
under a 10-fold CV scheme attained an R? = 0.849, followed by the
tuned KNN model (5-fold CV), which attained an R? of 0.689. Detailed
numerical comparisons are provided in Fig. S8 (Annexure VIII).

The superior performance of the ensemble architectures relative to
the individual KNN model underscores the efficacy of aggregating
multiple learners to exploit complementary predictive strengths. Spe-
cifically, boosting enhances accuracy through sequential error-focused
weight updates, bagging mitigates variance by aggregating consensus
from parallel resampled subsets, and stacking minimizes bias through
hierarchical meta-learning. These combined mechanisms allow the en-
sembles to navigate the complex, non-linear kinetics of WCO trans-
esterification with higher stability and precision than any singular
algorithm. Notably, the optimized boosting ensemble demonstrates su-
perior predictive performance by achieving the highest R? (0.987) and
lowest MAE (0.599) among all tested architectures. Furthermore, the
sensitivity of these ensemble architectures, along with the individual
KNN model, to data partition density was evaluated through 3-, 5-, and
10-fold CV. For the bagging and stacking frameworks, performance
improved with higher fold counts, reflecting the benefits of maximized
training fractions. Conversely, the boosting ensemble achieved its
optimal bias-variance equilibrium at 3-fold CV. Increasing the fold count
beyond this point slightly degraded performance (R? = 0.929 at 10-fold
CV), as the sequential learning process became increasingly sensitive to
local residual noise within the more fragmented validation subsets,
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which is consistent with the tendency toward overfitting in boosted
neighbor-based topologies (Althnian et al., 2021; Bailly et al., 2022;
Raykov and DiStefano, 2025; Avian et al., 2024; bhagat, 2024).

As summarized in Table 2, the proposed boosting ensemble model
significantly outperforms established benchmarks in the literature for
WCO-to-biodiesel yield prediction. Specifically, the proposed boosting
ensemble model (R?> = 0.987, MAE = 0.599, RMSE = 0.836) out-
performs the LGBM model reported by Ahmad et al. (Ahmad et al.,
2023) (R? = 0.94, RMSE = 8.92), and the boosted Huber regressor
and decision tree models (R = 0.81 and 0.78, MAE = 3.84 and 5.94,
respectively) presented by Almohana et al. (Almohana et al., 2022).
Furthermore, it demonstrates superior predictive performance over the
Bayesian-optimized regression trees reported by Zakir Hossain et al.
(Zakir Hossain et al., 2022), which reported R?=0.81, MAE = 8.51, and
RMSE = 12.46. These comparisons highlight the effectiveness of the
automated ensemble strategy and underscore the high quality and
consistency of the experimental datasets utilized in this study.

3.5. Model interpretability and mechanistic insights via SHAP

To reveal the ‘black-box’ nature of the best boosting ensemble, SHAP
analysis was employed. Rooted in cooperative game theory, this model-
agnostic approach decomposes individual predictions into additive
contributions from each input feature, providing both local and global
interpretability. Fig. 9 presents these insights through a multi-scale lens
utilizing the testing dataset, featuring a waterfall plot for local feature
attribution and a beeswarm plot for global feature influence.

In the local waterfall explanation (Fig. 9(a)), the model’s baseline
expected yield of E[f(X)] = 80.713 is increased to a finalized predicted
yield of f(x) = 87.45 through positive contributions from all four inputs:
temperature (+2.00), reaction times (+2.44), oil-to-MeOH ratio
(+1.25), and catalyst concentration (+1.04). This decomposition vali-
dates that at this specific operating point, reaction times and tempera-
ture are the dominant driving factors for maximizing the
transesterification rate, whereas the oil-to-methanol molar ratio and
catalyst concentration play supporting roles.

Conversely, the global beeswarm plot (Fig. 9(b)) provides a
comprehensive mapping of feature influence, where the color gradient
(red for high features values, blue for low features values) reveals the
directional dynamics of each effect. Reaction temperature is identified
as the primary controlling factor; while moderate temperatures are
beneficial, high values (red points) are predominantly associated with
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Fig. 8. Comparative performance of the top 15 tuned individual ML models under 5-fold cross-validation (left panels) and four ML model architectures — KNN,

bagging, boosting, and stacking ensembles — across 3-, 5-, and 10-fold cross-validation and their mean (right panels), evaluated in terms of (a) R%, (b) MAE, and (c)
RMSE. Error bars represent the standard deviation across cross-validation folds.
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Table 2
Comparative performance of the proposed ensemble model against existing literature for WCO-to-biodiesel prediction.
Author Feedstocks Biofuels ML Models R? MAE RMSE
Ahmad et al (Ahmad et al., 2023). WCO Biodiesel LGBM 0.94 7.72 8.92
Almohana et al (Almohana et al., 2022). WCO Biodiesel AdaBoost-HBR 0.81 3.84 -
Almohana et al (Almohana et al., 2022). WCO Biodiesel AdaBoost-DT 0.78 5.94 -
Zakir Hossain et al (Zakir Hossain et al., 2022). Waste date seed oil Biodiesel BOA-BRT 0.81 8.51 12.46
This study WCO Biodiesel KNN 0.689 1.821 3.004
Bagging ensemble 0.979 0.648 0.808
Boosting Ensemble 0.987 0.599 0.836
Stacking ensemble 0.849 1.388 1.717
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Fig. 9. SHAP analysis of the biodiesel boosting model for biodiesel yield prediction, showing (a) a waterfall plot for a representative prediction and (b) a beeswarm
plot summarizing SHAP values for all input variables in the testing dataset. A full-dataset robustness check also confirmed an identical feature sequence.

significant negative SHAP values, reaching as low as —12. This aligns
with the thermochemical reality of biodiesel synthesis, where excessive
heat promotes methanol vaporization and catalyst inhibition, thereby
reducing conversion efficiency. Reaction times also exhibit a non-
monotonic trend; lower reaction times (blue points) contributed posi-
tively to the model output, while longer durations (red points) shifted
into the negative SHAP region. This suggests a kinetic threshold where
reversible transesterification may occur. The oil-to-MeOH ratio and
catalyst concentration followed in global importance; both showed that
higher values (red points) generally exerted a positive influence on the
yield, though their impact magnitudes were secondary to the dominant
thermal and kinetic parameters.

Overall, the SHAP analysis characterizes temperature (°C) and re-
action times (min) as the dominant operational drivers within the
ensemble framework. By quantifying their influence on predicted yield
without proposing new reaction mechanisms, the analysis identifies
these parameters as primary controllers in the alkaline trans-
esterification process, while the oil-to-MeOH ratio and catalyst con-
centration exert secondary, context-dependent effects. These findings
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emphasize that efficient WCO conversion is governed mainly by kinetic
control and the mitigation of thermal inhibition (overheating), rather
than a linear increase in catalyst dosage. Moreover, the SHAP-based
analysis directly contrasts with the weak or negative Pearson correla-
tion reported in Fig. 3, demonstrating that the boosting ensemble cap-
tures non-linear and non-monotonic relationships that conventional
linear correlation metrics cannot represent. However, the SHAP values
delineate the computational logic of the trained ensemble. These results
represent process-level sensitivities within the modeled domain and are
not presented as first-principles kinetic constants.

3.6. External validation using literature-derived datasets

To rigorously assess the generalizability of the finalized AdaBoost-
KNN boosting ensemble (3-fold CV), the model was benchmarked
against an independent external dataset comprising 123 samples
compiled from five peer-reviewed biodiesel studies. These records were
strictly excluded from all phases of model development (Annexure II).
To ensure architectural compatibility, a systematic unit-standardization
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protocol was performed. First, catalyst concentration (wt%) was
normalized to a per-unit oil basis, and oil-to-methanol molar ratios were
converted to mass (g) using the molecular weights of the respective
reactants, ensuring all features were defined consistently with the in-
house experiments. These harmonized inputs were maintained in their
original experimental scales without additional feature scaling. This
approach is consistent with the direct-features architecture used during
model training. Uncertainties associated with differences in reporting
conventions across studies are therefore expected to be minor at the
scale of the aggregated performance metrics. The optimized boosting
ensemble model, configured with the hyperparameters reported in
Table 1 and evaluated using 3-fold CV, achieved a high mean coefficient
of determination (R? = 0.973) along with low error magnitudes (MAE =
0.874%, and RMSE = 1.729%) and their corresponding standard de-
viations, as illustrated in the dual-panel performance evaluation in
Fig. 10(a) and detailed in Annexure IX. These results demonstrate strong
external predictive performance within related WCO-based trans-
esterification datasets, with the model explaining 97.3% of the variance
in biodiesel yield across the literature-derived validation records. The
predicted vs. actual yield plot (Fig. 10(b)) shows training and validation
points tightly clustered along the ideal diagonal for validation folds. The
narrow scatter around the diagonal and the overlapping marginal dis-
tributions along the axes suggest that the ensemble maintains high
predictive accuracy and low bias without overfitting across the full yield
range. This cross-study fidelity supports the model’s utility as a robust
biodiesel yield prediction framework for WCO transesterification.

3.7. Comparison of machine learning models with response surface
methodology (RSM)

The proposed ML framework offers several advantages over tradi-
tional RSM, which is commonly used for biodiesel process optimization.
The main advantage of the ensemble model is its superior ability to
capture complex, non-linear kinetic interactions without being con-
strained by the rigid quadratic approximations typical of RSM
(Dharmalingam et al., 2023; Selvan et al., 2018; Sai Bharadwaj et al.,
2023). While RSM is effective for local optimization within a restricted
experimental design, the boosting ensemble effectively utilized the
49-point experimental dataset and achieved high predictive accuracy
(R? = 0.987). A recognized limitation of the ML approach compared

Accuracy Metric Error Metrics

Chemical Engineering Research and Design 230 (2026) 985-999

with RSM is the lack of explicit parametric p-values, which RSM natu-
rally provides for individual parameters. However, the ensemble model
compensates for this limitation by providing a robust data-driven rep-
resentation of non-linear variable interactions in the WCO trans-
esterification process.

3.8. Study limitations and future outlook

This study is based on WCO-derived biodiesel production using 49
in-house experimental data points from a Tokyo restaurant and a two-
step acid-base catalytic route. External validation using 123 literature-
derived records from three distinct catalytic systems (homogeneous,
heterogeneous, and biocatalytic) demonstrated strong predictive per-
formance (R*> = 0.973). However, absolute feedstock compositional
comparability across all source studies was lacking, as parameters such
as FFA content, fatty acid profile, moisture content, and AV were not
consistently reported. Future work should expand the dataset to include
WCO from diverse sources, geographic locations, bifunctional catalytic
systems, reactor configurations, and production scales to further
strengthen the framework’s broader applicability. Additionally, future
efforts could extend the present ensemble architecture toward a multi-
objective optimization framework by incorporating key industrial
evaluation indicators, such as biodiesel quality specifications, produc-
tion costs, energy consumption, life cycle assessment, and carbon
emissions — thereby enabling a more comprehensive and industrially
relevant process design tool (Corral-Bobadilla et al., 2022; Lopresto
et al., 2025).

4. Conclusions

This study developed an automated ensemble machine learning
(AutoML) framework for predicting biodiesel yield from waste cooking
oil (WCO), utilizing 49 in-house experimental data points from our
previously validated Process-I study, while 123 literature-derived sam-
ples were used exclusively for external validation. The AutoML PyCaret
environment was employed to benchmark 25 regression algorithms,
with the k-nearest neighbors (KNN) model identified as the best-
performing individual learner (R? = 0.689). To enhance predictive fi-
delity, the top 15 base learners were optimized via Optuna’s tree-
structured Parzen estimators (TPE) Bayesian hyperparameter tuning
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Fig. 10. External validation of the developed 3-fold boosting ensemble model using literature-derived biodiesel datasets: (a) comparative evaluation of R? (left panel,
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and integrated into bagging, boosting, and stacking ensemble strategies.
The AdaBoost-KNN boosting ensemble emerged as the best-performing
architecture, outperforming both the bagging and stacking models. It
achieved superior predictive accuracy on the experimental dataset (R% =
0.987) and demonstrated strong external predictive performance on the
literature-derived dataset (R2 = 0.973). Shapley Additive exPlanations
(SHAP) analysis was used to decode the model’s internal logic, identi-
fying reaction temperature and time as the primary operational de-
scriptors within the modeled process space, followed by secondary
influences from the oil-to-methanol ratio and catalyst loading. Specif-
ically, the analysis highlighted a critical ‘thermal-kinetic’ threshold,
where the avoidance of overheating is more important for yield stability
than simply increasing catalyst dosage. From a practical standpoint, the
developed framework offers three immediate operational implications.
First, the framework enables accurate yield prediction from limited
experimental data, substantially reducing reliance on trial-and-error
experimentation. Second, the SHAP-derived thermo-kinetic boundaries
provide actionable guidance for defining efficient operating windows.
Third, by demonstrating strong generalizability, the framework supports
scalable WCO valorization and circular economy-oriented biodiesel
process development across broader experimental contexts. Beyond its
practical relevance, this study introduces three key innovations in WCO-
based biodiesel ML research: (i) automated benchmarking of 25
regression algorithms within a unified ensemble pipeline using the
PyCaret environment, minimizing manual model selection bias; (ii)
integration of Optuna’s TPE Bayesian optimization with SHAP inter-
pretability, enabling transparent mapping of WCO transesterification
kinetics; and (iii) rigorous external validation against 123 independently
sourced records, establishing a generalizability benchmark for biodiesel
ML frameworks. Overall, the proposed framework provides a robust,
interpretable, and externally validated data-driven tool for WCO-based
biodiesel yield prediction within the studied domain.
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