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-based prediction of biomass
pyrolysis kinetics: integrating mechanistic
modeling and compositional features

Muhammad Asif, ab Luqman Hakeem,c Chengxi Yao,d Hira,e Rimsha Bibi,f

Muhammad Bilal g and Hassan Zeb*a

Accurate determination of kinetic and thermodynamic parameters is vital for understanding biomass

pyrolysis and optimizing renewable thermochemical conversion. In this study, sapodilla leaves were

analyzed as representative lignocellulosic feedstock using both experimental and machine learning (ML)

approaches. Thermogravimetric experiments at multiple heating rates, interpreted via the Coats–Redfern

method, revealed strong dependence of activation energy (Ea) and pre-exponential factor (A) on reaction

mechanism and temperature regime. Low-temperature devolatilization followed diffusion and reaction-

order models, while high-temperature degradation exhibited nucleation-controlled behavior.

Thermodynamic analysis indicated that sapodilla leaves' pyrolysis is endothermic and non-spontaneous

(DG z 104–107 kJ mol−1) with negative entropy change (DS z −0.23 kJ mol−1 K−1), which is consistent

with increased ordering in the solid residue during pyrolysis. To complement mechanistic fitting, a ML

framework was developed to predict kinetic parameters (Ea, A, C
2) using a descriptor set that included

proximate and ultimate analyses together with heating rate and reaction order. Ensemble learning

models showed moderate predictive capability within this dataset, yielding a relatively narrow Ea range

(42–45 kJ mol−1) and identifying volatile matter, carbon content, and O/C and H/C ratios as influential

compositional descriptors. The combined use of mechanistic analysis and interpretable ML provides

a proof-of-concept comparison between stage-specific fitting and descriptor-based prediction, while

also highlighting the present limitations in predictive robustness and generalizability.
Introduction

An increasing need in the world today to nd sustainable and
carbon-neutral energy sources has led to a greater interest in
using biomass as a renewable source of power generation, bi-
ofuels, and value-added chemicals.1 Biomass has the benets of
being very widespread, carbon-neutral, and possibly capable of
being decentralized, hence it is an excellent alternative to fossil
fuels.2 Nevertheless, the heterogeneous thermal behavior
observed during the pyrolysis process of biomass with high
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cellulose, hemicellulose, lignin, and extractives makes the
measurement of kinetic and thermodynamic parameters diffi-
cult.3 Traditional research on biomass pyrolysis for determining
kinetic and thermodynamic parameters such as activation
energy (Ea), pre-exponential factor (A), enthalpy change (DH),
Gibbs free energy change (DG), and entropy change (DS) has
predominantly relied on integral techniques, including the
Coats Redfern, Kissinger Akahira Sunose, Flynn Wall Ozawa,
and Starink methods.4,5 These models can be used to estimate
the kinetic triplet activation energy (Ea), pre-exponential factor
(A), and reaction model through a tting of experimental data
into already build kinetic models.6 Though these techniques are
frequently used, they have inherent drawbacks. Not only is the
choice of reaction models oen arbitrary, but also parameter
estimates are extremely sensitive to heating rate and tempera-
ture range, and the resulting kinetic triplets oen differ
between tting functions.1 Equally, the calculation of thermo-
dynamic quantities like DH, DG, and DS is mechanistic and is
subjected to the same model-dependence.4 Consequently,
experimental kinetic data frequently shows a lack of consis-
tency, making it difficult to directly compare feedstocks and
operating conditions. Machine learning (ML) has become
a strong tool for the modeling of complex and nonlinear
© 2026 The Author(s). Published by the Royal Society of Chemistry
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processes in energy and materials science in the past few years.7

In contrast to traditional kinetic tting, the ML method has the
potential to utilize large datasets to extract hidden patterns and
associations between compositional, operational, and perfor-
mance variables without having to make any rigid mechanistic
assumptions.8 ML has been effectively used in the context of
biomass pyrolysis to predict product yields, optimize process
parameters, as well as approximate reaction pathways. Never-
theless, the use of ML to directly estimate kinetic and thermo-
dynamic parameters based on biomass composition has not
been widely used. This may provide an alternative empirical
route for exploring descriptor–kinetics relationships, while
feature-importance analysis can help interpret which descrip-
tors are statistically inuential.9 In this study, we explore
a proof–of–concept combination of Coats–Redfern kinetic/
thermodynamic analysis with a descriptor-based ML model
for sapodilla leaves.10 Sapodilla leaves have been chosen as
a model biomass, and the thermogravimetric analysis (TGA)
was done on the sample at various heating rates to derive
kinetic and thermodynamic parameters experimentally.6

Simultaneously, a ML pipeline was created to estimate the
kinetic triplet at once using data of proximate and ultimate
analysis with the addition of compositional ratios. Nonlinear
regressors and ensemble learning techniques were used to gain
better predictive accuracy, and Shapley Additive exPlanations
(SHAP) analysis was used to gain better interpretability.7

Combining the two methods allows a side-by-side comparison
between stage-specic experimental tting and dataset-
dependent ML predictions for sapodilla-leaf pyrolysis.6,11 This
work has three main aims: . (ii) To test whether ML can
approximate kinetic parameters from a limited descriptor set,
including compositional and condition-related variables,
within a low-data setting, and (iii) to compare the strengths and
limitations of mechanistic tting and data-driven prediction.1

Material and methodology
Machine learning work

A ML model that directly predicts the kinetic triplet of biomass
pyrolysis: Ea, A, and regression coefficient (C2) was proposed
based on proximate and ultimate analysis-based dataset of 556
samples collected from the SI of an article published by H. K.
Balsora.12 The input data comprised of the standard charac-
teristics of biomass, like moisture (M), volatile matter (VM),
xed carbon (FC), ash, elemental composition (C, H, N, S, O),
heating rate (HR), and order of the reaction (n). Because the
tted kinetic targets are inuenced not only by biomass
composition but also by experimental and model-dependent
factors, HR and reaction order (n) were retained as input vari-
ables; accordingly, the present ML framework should be inter-
preted as a descriptor-based predictive model rather than as
a purely composition-based one. To model more intricate
nonlinear chemical relationships, some engineered descriptors
were generated as well, such as ratios, VM/FC, H/C, O/C, N/H, N/
O, and C/FC. The dataset was preprocessed by removing invalid
or incomplete records, checking the consistency of the reported
variables, and recalculating derived ratios where needed to
© 2026 The Author(s). Published by the Royal Society of Chemistry
avoid undened values or singularities. This preprocessing
improved dataset consistency for model training and evalua-
tion. Initially, the Multiple Linear Regression (MLR) was used as
a control group to give a straightforward and interpretable
feature effect model. This performance was limited; the R2

values were usually less than 0.3, but the baseline provided
insights into the inherent complexity of the prediction problem
and the variables with the best linear relationships with the
outputs. Subsequently, more sophisticated nonlinear regressors
were introduced to obtain the intricate dependence between the
biomass composition and the kinetic parameters. Random
Forest (RF) and Extreme Gradient Boosting (XGBoost) were
chosen as tree-based ensemble algorithms, and Support Vector
Regression (SVR) using a radial basis function kernel and
Kernel Ridge Regression (KRR) were also evaluated as kernel-
based algorithm.13 The scikit-learn and XGBoost libraries were
used to implement these models. 80/20 ratio of data was used to
train and test the models respectively. The accuracy of the
model was measured based on the R2, the Mean Absolute Error
(MAE), and the Mean Squared Error (MSE). To get strong esti-
mates of the generalization performance, ve-fold cross-
validation was implemented, and the mean and standard
deviations of each model were reported. SVR and RF hyper-
parameter optimization was done over grid and randomized
search strategies. Both SVR parameters (C, 3, and g) and RF
parameters (number of estimators, maximum depth, and split
criteria) were tuned to nd a good trade-off between bias and
variance.14 Tuning gave optimal results to SVR in predicting
log10 A (R2 = 0.54) and RF in predicting Ea (R

2 = 0.50). Ensemble
learning was also tried to further enhance performance and
stability. Stacked ensembles were made from the results of SVR,
RF, and XGBoost.15 Two methods were experimented: simple
averaging of model predictions and weighted ensembles, with
the weights being optimally set by cross-validation, with linear
regression. The ensemble predictions were comparable to the
better individual models, with cross-validation R2 values of
about 0.49 for Ea and 0.52 for log10 A. This conrmed that model
combination reduces the weaknesses of individual learners and
does not affect interpretability. SHAP analysis, which measured
the effect of each input feature on the predictions, was used to
improve model interpretability.16 SHAP analysis was later used
to examine which descriptors were most strongly associated
with the predicted targets (see Fig. S5–S7 and S20–S22). This
provided statistical insight into which descriptors were most
strongly associated with the predicted kinetic parameters
within the present dataset. Finally, the trained models were
used to forecast the kinetics of new biomass samples. For this
purpose, new rows were added to the dataset with unknown
feedstocks, with their proximate and ultimate analysis values
lled in and the kinetic outputs blanked out. Ea, log10 A, and C2

were automatically predicted in the ML pipeline for these new
entries and back-transformed to give back A to its original
scale.17 It was therefore possible to generate kinetic estimates
for new biomass entries when the required input descriptors,
including composition-related variables and the specied
kinetic/condition variables, were provided. In general, the given
ML methodology combines nonlinear regressors, feature
RSC Adv., 2026, 16, 28036–28047 | 28037
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engineering, hyperparameter optimization, ensemble learning,
and interpretability with SHAP. Compared with experimental
kinetic tting, the ML approach offers a descriptor-based
statistical estimate of the target parameters, but its reliability
remains constrained by dataset size and target variability.18,19
Experimental work
Sample collection and characterization

Sapodilla leaves were collected from a house backyard, washed,
dried, ground to ne particles of about 250 mm size by using
biomass grinder, and stored in air-tight bags for subsequent
use. Proximate analysis was performed by using ASTM standard
procedures (moisture, volatile matter, and ash were determined
by ASTMD-3173, ASTM D-3175, ASTM E-1755, respectively). The
weight percentage of xed carbon was calculated by subtracting
the sum of moisture, volatile matter, and ash from 100%.
Ultimate analysis was performed by using Elemental Analyzer
(PerkinElmer Inc., Hopkinton, USA).
Thermogravimetric analysis

The thermal degradation behavior of sapodilla leaves' pyrolysis
was performed at different heating rates of 10 K min−1, 20
K min−1, 30 K min−1, and 40 Kmin−1, 10 min hold at 383 K and
1173 K under nitrogen atmosphere by thermogravimetric
analyzer (Leco TGA 701). Nitrogen gas ow rate was kept
constant at 3.5 L min−1, and temperature was increased from
room temperature (∼298 K) to 1173 K.
Kinetic study

The kinetic analysis of sapodilla leaves' pyrolysis was performed
using the Arrhenius law:5,20

df

dt
¼ kðTÞ � f ðaÞ (1)

where a can be calculated as:

a ¼ m0 � mi

m0 � mf

(2)

m0 is the initial mass of the sample taken for thermogravimetric
analysis, mi is the mass of the sample at a specic time during
pyrolysis, and mf is the nal residual mass of the sample.And

kðTÞ ¼ A exp

�
� Ea

RT

�
(3)

A is the pre-exponential factor (collision frequency, min−1),
Ea is the activation energy (kJ mol−1), R is a universal gas
constant (0.008314 kJ mol−1 K−1), and T is absolute reaction
temperature (K).

For constant heating rate:

b ¼ dT

dt

By substituting eqn (3) into (1) and using the constant heating

rate relation b ¼ dT
dt

; eqn (4) can be obtained as follows:
28038 | RSC Adv., 2026, 16, 28036–28047
da

dT
¼ A

B
exp

�
� Ea

RT

�
f ðaÞ (4)

gðaÞ ¼
ða
0

da

f ðaÞ

gðaÞ ¼ A

b
exp

ðT
T0

�
� Ea

RT

�
dT (5)

where g(a) is an integral form of reaction model and where T0
denotes the initial absolute temperature corresponding to the
beginning of thermal decomposition. The solution of the above
equation is impossible by analytical method; hence various
approximation models are used.
Coats–Redfern model

The Coats–Redfern model is extensively used for the determi-
nation of kinetic parameters such as A and Ea of the sample. The
basic equation of the Coats–Redfern model for the calculation
of kinetic parameters is given below .1,21

ln

�
gðaÞ
T2

�
¼ ln

AR

bEa

�
1� 2RT

Ea

�
� Ea

RT
(6)

where g(a) is a kinetic function of different reaction mecha-
nisms given in Table 1.

Plot between ln
�
gðaÞ
T2

�
versus 1/T gives a straight line whose

slope can be used to calculate Ea and the intercept for the
calculation of A. The approximate value of g(a) may be varied
according to different reaction mechanisms, but most of the
solid-state reactions fall into ve categories, which are listed in
Table 1. All reaction models listed in Table 1 were applied to the
experimental data, and for each heating-rate/stage condition,
the apparent best-t model was identied using the highest
linear regression coefficient; the corresponding Ea and A values
were then used for comparison with the ML-predicted values.
Calculation of thermodynamic parameters

Thermogravimetric analysis helps us in determining the ther-
modynamic parameters, including DH, DG, and DS of the
reactions, which can be calculated based on kinetic parameters
using the following equation.1,6

DH = Ea − RT (7)

DG ¼ Ea þ RTm ln

�
KBT

hA

�
(8)

DS ¼ DH � DG

Tm

(9)

where KB is the Boltzmann constant with value 1.381 × 10−23

m2 kg s−2 K−1, Tm is the maximum decomposition temperature
and h is Planck's constant, having a value of 6.626 × 10−34 m2

kg s−1.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 1 Reaction mechanism, model names with their f(a) and g(a)

Reaction mechanism Model name f(a) g(a)

Chemical reaction order Chemical reaction order 1 (F1) 1 − a (1 − a)]3/2 −ln (1 − a)
Chemical reaction order 1.5 (F1.5) 2[(1 − a)−3/2 − 1]

Diffusion Parabolic law (D1) 1

2a

a2

Valensi equation (D2) −[ln (1 − a)]−1 a + (1 − a) ln (1 − a)
Ginstling-Brousshtein equation (D3) 3/2[(1 − a)1/3 − 1]−1 �

1� 2a

3

�
� ð1� aÞ2=3

Nucleation and growth Avrami–Erofeev equation nucleation and growth (N1.5) 3(1 − a) [−ln (1 −a)]2/3 [−ln (1 − a)]2/3

Avrami–Erofeev equation nucleation and growth (N2) 2(1 − a) [−ln (1 − a)]1/2 [−ln (1 − a)]1/2

Phase interfacial reaction Shrinkage geometrical column (S1) 2(1 − a)1/2 2(1 − a)1/2

Shrinkage geometrical spherical (S2) 3(1 − a)2/3 3(1 − a)2/3

Power law Power law (P) 1 a
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Results and discussion
Baseline model performance: linear versus nonlinear
regressors

Fig. 1 compares the predictive performance of three baseline
machine-learning models, namely linear regression, Random
Forest (RF), and XGBoost, for the three kinetic parameters
log10(A), Ea, and C2. Overall, the results show that the linear
model was unable to capture the relationship between biomass
compositional descriptors and pyrolysis kinetic parameters,
whereas the nonlinear models provided substantially better
predictions, particularly for log10(A) and Ea.

For linear regression (Fig. 1a–c), all three targets yielded
negative R2 values, with R2=−0.085 for log10(A), R

2=−0.063 for
Ea, and R2 = −1.558 for C2. These poor coefficients of deter-
mination were accompanied by relatively high prediction
errors, including MAE values of 1.032 for log10(A), 10.717 for Ea,
and 0.016 for C2, as well as MSE values of 3.646, 360.799, and
0.001, respectively. Such results indicate that simple linear
mapping is insufficient to represent the inherently nonlinear
dependence of kinetic parameters on biomass composition,
proximate analysis, and elemental ratios.

In contrast, the nonlinear RF model (Fig. 1d–f) showed clear
improvement for both log10(A) and Ea, achieving R

2 = 0.574 and
0.561, respectively. At the same time, the corresponding errors
decreased to MAE = 0.897 and MSE = 1.433 for log10(A), and
MAE = 9.176 and MSE = 149.173 for Ea. These results suggest
that RF was able to better capture the nonlinear interactions
among the compositional variables, leading to much closer
agreement between predicted and experimental values.
However, the predictive performance for C2 remained weak,
with R2 = 0.124, although its absolute errors were numerically
small (MAE = 0.012; MSEz 0.000). This combination indicates
that while the model predictions for C2 were not far from the
measured values in absolute terms, the model still failed to
explain much of the variance in this parameter, likely because
the C2 data were distributed over a narrow range.

XGBoost (Fig. 1g–i) produced results comparable to RF, with
R2 = 0.552 for log10(A), R

2 = 0.492 for Ea, and R2 = 0.116 for C2.
The corresponding MAE/MSE values were 0.885/1.505 for
log10(A), 9.552/172.472 for Ea, and 0.012/0.000 for C2. Compared
© 2026 The Author(s). Published by the Royal Society of Chemistry
with RF, XGBoost gave a slightly lower error for log10(A) in terms
of MAE, but a somewhat lower R2 for Ea and similarly limited
performance for C2. Therefore, although both nonlinear
approaches outperformed linear regression by a substantial
margin, RF exhibited themost balanced overall behavior among
the three tested models.

Taken together, Fig. 1 demonstrates that nonlinear learning
algorithms are more suitable than linear regression for pre-
dicting biomass pyrolysis kinetic parameters from composi-
tional features. Their higher R2 values and reduced MAE/MSE
conrm a stronger ability to reproduce the experimental
trends of log10(A) and Ea. Nevertheless, the relatively weak
performance for C2, together with only moderate accuracy for
the other targets, also highlights the limitations imposed by the
small dataset and the intrinsic variability of biomass materials.
These ndings suggest that further improvement will require
tighter model tuning, more robust validation, and possibly
ensemble strategies to enhance predictive stability and
generalization.
Enhanced performance through model tuning and ensemble
learning

Fig. 2 compares the predictive performance of the tunedmodels
and ensemble-based approaches for the three kinetic targets,
log10(A), Ea, and C2. In general, model tuning improved the
predictive behavior of some nonlinear learners, but the degree
of improvement remained target-dependent. The results indi-
cate that no single model achieved the best performance for all
outputs simultaneously, which further highlights the
complexity of the relationships between biomass compositional
descriptors and kinetic parameters.

For log10(A), the support vector regressor (SVR) gave the best
overall result among the models shown in Fig. 2, with R2 =

0.511, MAE = 0.933, and MSE = 1.644 (Fig. 2g). This represents
a clear improvement over the stacked ensemble (R2 = 0.279,
MAE = 1.009, MSE = 2.422; Fig. 2a), tuned RF (R2 = 0.283, MAE
= 1.015, MSE = 2.411; Fig. 2d), and tuned XGBoost (R2 = 0.112,
MAE= 1.077, MSE= 2.983; Fig. 2j). The tighter clustering of the
SVR predictions around the 1 : 1 line suggests that kernel-based
learning was more effective in capturing the smooth nonlinear
RSC Adv., 2026, 16, 28036–28047 | 28039
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Fig. 1 Comparison of predicted kinetic parameters versus experimental ones with various machine learning models. The model panels (a–c),
provide baseline linear regression predictions by regression coefficient (C2) and pre-exponential factor (log10 A), and activation energy (Ea).
Panels (d–f) indicate the random forest predictions, whereas panels (g–i) indicate the XGBoost predictions. The nonlinear ensemble models (RF
and XGBoost) capture the dependence between the fitted kinetic targets and the selected descriptor set more effectively than linear regression.
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dependence of log10(A) on the input descriptors. By contrast,
although ensemble learning was expected to improve robust-
ness, the stacked model did not provide the best prediction for
this target.

For activation energy, Ea, SVR again showed the strongest
performance, with R2 = 0.317, MAE = 11.026, and MSE =

231.801 (Fig. 2h). The tuned RF model followed with R2 = 0.133,
MAE = 10.973, and MSE = 294.510 (Fig. 2e), whereas the
stacked ensemble only achieved R2 = 0.042, MAE = 10.895, and
MSE = 325.225 (Fig. 2b). Tuned XGBoost performed the worst
for this target, with a negative R2 of −0.302 and the largest MSE
value of 441.980 (Fig. 2k), indicating that it failed to generalize
the Ea trend in the test set. These results show that even aer
tuning, prediction of Ea remained challenging, likely because
this parameter is more strongly inuenced by the intrinsic
heterogeneity of biomass decomposition pathways and by the
limited size of the available dataset.

For C2, the overall predictive performance remained weak for
all models. The best result was obtained with tuned XGBoost,
28040 | RSC Adv., 2026, 16, 28036–28047
which reached R2 = 0.199, MAE = 0.012, and MSE z 0.000
(Fig. 2l), followed by tuned RF with R2 = 0.172, MAE = 0.012,
and MSE z 0.000 (Fig. 2f). The stacked ensemble showed
almost no explanatory ability for this target (R2 = 0.010, MAE =

0.013; Fig. 2c), while SVR even produced a slightly negative R2

value (−0.031; Fig. 2i). Although the absolute errors for C2 were
numerically very small for all models, the low R2 values indicate
that the models explained only a limited fraction of the
observed variance. This is likely related to the narrow distri-
bution range of C2, where even small deviations can strongly
reduce the coefficient of determination.

Taken together, Fig. 2 shows that hyperparameter tuning
improved prediction quality only selectively, rather than
uniformly across all targets. SVR was the most effective model
for both log10(A) and Ea, whereas XGBoost provided the best,
although still limited, prediction for C2. The stacked ensemble
did not consistently outperform the tuned individual learners,
suggesting that combining models does not automatically
guarantee higher accuracy, especially when the component
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Predicted and measured values of kinetic parameters based on tuned machine learning models and stacked ensembles. Ensemble
predictions of regression coefficient (C2), pre-exponential factor (log10 A), and activation energy (Ea) are displayed in panels (a–c). Panels (d–f),
(g–i), and (j–l) represent tuned RF, SVR, and XGBoost models, respectively. The red dotted line represents the desired 1 : 1 correlation. Hyper-
parameter optimization improved prediction quality selectively relative to the baseline models. The ensemble model provided competitive
performance for some targets, but it did not consistently outperform the tuned individual learners across the full kinetic triplet.
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learners have different strengths for different targets. Therefore,
the present results do not support the existence of a universally
optimal regressor for the full kinetic triplet.

These ndings provide two important implications. First,
model selection should be target-specic, since the most suit-
able algorithm depends on the kinetic parameter being pre-
dicted. Second, although machine learning offers a faster
alternative to repeated kinetic tting, its predictive reliability is
still constrained by dataset size, target variability, and the
complexity of biomass pyrolysis chemistry. Consequently,
further gains in performance will likely require not only
improved tuning strategies, but also larger datasets, better
feature engineering, and possibly target-wise ensemble designs
rather than a single unied stacked framework.
Model interpretability and feature importance

Model interpretability was examined using feature-importance
analysis and SHAP values, which identies the compositional
and experimental descriptors with the greatest inuence on the
predictions of the kinetic triplet (Ea, log10 A, C

2).22 In terms of Ea,
© 2026 The Author(s). Published by the Royal Society of Chemistry
reaction order was found to be the most signicant predictor of
activation energy in both the RF and XGBoost SHAP analyses,
with SHAP contribution values exceeding +12 (Fig. S5 and S20).
This result suggests that reaction order is a statistically inu-
ential predictor of the apparent activation-energy target within
the present dataset. Secondary contributors included nitrogen
content (N wt%), oxygen content (O wt%), and volatile matter
(VM wt%). These associations are broadly consistent with ex-
pected differences in biomass composition, although they
should not be interpreted as direct mechanistic proof. In the
present dataset, tree-based models captured some Ea-related
patterns during cross-validation, but their holdout performance
remained limited. For the pre-exponential factor (log10 A),
reaction order again emerged as the most inuential feature,
while SHAP also indicated additional contributions from heat-
ing rate (HR), moisture content (M wt%), and compositional
descriptors (Fig. S6 and S22). These variables may reect how
biomass composition and heating conditions are statistically
associated with the tted log10 A values. Notably, SHAP also
highlighted nonlinear effects of selected descriptor ratios that
RSC Adv., 2026, 16, 28036–28047 | 28041
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Table 2 Summary of themain SHAP-derived descriptors influencing Ea, log10 A, andC2, based on the RF and XGBoost analyses shown in Fig. S5–
S7 and S20–S22

Target parameter Top features identied by SHAP SHAP contribution pattern Chemical interpretation

Activation energy (Ea) Reaction order (n), nitrogen (N),
oxygen (O), volatile matter (VM)

n strongly positive; N and O
moderate positive; VM
negative

Reaction order showed the strongest positive
association with the apparent activation-
energy target. Higher N/O and VM values
were also associated with the target, but
these trends should be interpreted as
dataset-level correlations rather than direct
mechanistic assignments

Pre-exponential factor
(log10 A)

Reaction order (n), heating rate
(HR), moisture (M), H/C ratio, O/C
ratio

n positive; HR positive; M
positive; H/C, O/C smooth
nonlinear

log10 A was associated with heating rate and
elemental ratios in the tted dataset; these
relationships may reect differences in
thermal-response behavior, but they are not
by themselves mechanistic evidence

Regression coefficient
(C2)

Nitrogen (N), carbon (C),
hydrogen (H)

N and O negative; C/H
moderate positive

N, C, and H contents were associated with
the regression-coefficient target; however,
the physical interpretation of this target
remains limited because the corresponding
predictive performance was weak
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were less apparent in the corresponding feature-importance
rankings (see Fig. S6 and S22, and related feature-importance
plots in the SI). This was the reason why the kernel-based SVR
learned smooth dependencies and performed better on log10 A
than tree-based models. For C2, the interpretability prole was
less consistent than for Ea and log10 A. SHAP indicated that
nitrogen, carbon, and hydrogen contents were among the
dominant contributors to model-t variability (Fig. S7 and S21,
SI), whereas the corresponding feature-importance rankings
showed a more distributed contribution pattern (Fig. S4 and
S19). It means that the quality of the model t also has an
indirect relationship with the elemental balance: samples of
biomass, containing high N and O content, add to their
heterogeneity and the expansion of the devolatilization peaks,
diminishing the apparent quality of regression. SHAP analysis
helps identify which input descriptors are most strongly asso-
ciated with model predictions. The prevalence of order of
reactions underlines the fact that kinetic assumptions still play
a role, even in ML models, and that the effects of VM, elemental
ratios, nitrogen, and HR show that the coupled effect of
composition and conditions is naturally represented by
nonlinear regressors.7 Compared with Coats–Redfern tting,
which yields model-dependent kinetic parameters, SHAP anal-
ysis suggests that the ML predictions are inuenced by
composition-related descriptors. However, these associations
should be interpreted cautiously, especially given the limited
dataset and modest holdout generalization (Table 2).
Machine-learning-based kinetic
estimates for sapodilla leaves

Fig. 3 shows the ML predictions of Ea, log10 A, and C2 for Sapo-
dilla leaves under the process of HR of 10–40 K min−1 and
reaction orders of 1.0–1.5. These results illustrate how the trained
MLmodels respond to the sapodilla-leaf input descriptors within
28042 | RSC Adv., 2026, 16, 28036–28047
the present dataset. With the proper calibration, the models can
estimate the kinetic triplets based on the proximate and ultimate
analysis data without any abstract Coats–Redfern tting. The
predictions varied only modestly across the tested heating-rate
and reaction-order inputs. In each of the conditions Ea values
were limited to a very narrow range (42–45 kJ mol−1) of values,
which was the global compositional relationships learned by the
models learned. This is in contrast with experimental Coats–
Redfern analysis, where values of Ea can be quite different
depending on the assumedmechanism, or region of temperature
or heating rate. This contrast suggests that the ML framework is
less sensitive to explicit mechanism selection, although it does
not resolve the underlying uncertainty in the physical meaning of
the target values. The predicted pre-exponential (log10 A) values
were increasing gradually with HR, in agreement with the phys-
ical expectation of increased molecular collision frequencies at
increased HR. Notably, the R2 of the predictions did not differ
signicantly (>0.982–0.986), which indicates limited variation of
the predicted C2 values over the tested reaction-order range. This
is similar to the ensemble model ndings of Fig. 2 where cross-
validated R2 values were in the range of 0.4952 with Ea and
log10 A, and but this does not by itself establish reliable gener-
alization to unseen biomass types. Evaluating sensitivity to
changes in reaction order showed that there were only small
variations in absolute values of Ea at higher n, although the
overall trends and magnitudes were constant. This suggests that
the model captures dataset-level composition–parameter rela-
tionships without requiring explicit stage-wise mechanism
selection.1 These results highlight the main practical feature of
the ML approach: it produces composition-based estimates that
are less directly tied to a chosen Coats–Redfern mechanism, but
traditional tting can yield large differences in values with small
change in assumptions. In the case of Sapodilla leaves, speci-
cally, a narrow range of tendencies of predicted Ea (42 to
45 kJ mol−1) represents an average activation barrier to thermal
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Kinetic triplets (Ea, log10 A, and R2) of Sapodilla leaf at various heating rates (10–40 K min−1) and reaction orders (n = 1, 1.25, 1.33, 1.5)
predicted by machine learning. Ea values range was limited (42–45 kJ mol−1) and log10 A was steadily growing in relation to heating rate and R2

values were high (0.982–0.986). These results show limited variation in the ML-estimated values across the tested input conditions, but they
should be interpreted cautiously given the modest holdout performance of the models.
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degradation, consistent with other reported papers on pyrolysis
of similar lignocellulosic feedstocks.22 The limited variation
observed in this case study suggests that the approach may be
worth exploring further for screening applications, but larger and
more diverse datasets are required before such use can be sup-
ported condently, and that it may also be used alongside, not in
place of experimental kinetic analysis.

Kinetic analysis of leaves of sapodilla experimentally through
coats–Redfern method

Fig. 4 demonstrates the experimental behavior of Sapodilla
leaves to thermal degradation and the kinetic behavior of the
material through TGA and Coats–Redfern using the tting
method. The TGA curves (Fig. 4a) showed that there were three
different regions of mass-loss, which are related to the release
of moisture, decomposition of volatiles, and lignin degrada-
tion. With increased heating rate, apparent peak temperatures
are increased because of delayed heat transfer within the
particles, but the general trends of conversion did not change,
and it was hypothesized that the basic degradation mecha-
nisms were maintained with heating rates. The Coats–Redfern
kinetic analysis (Fig. 4b–d) pointed out the high model
dependence. Activation energies in the low-temperature phase
(523–823 K) were found to be between 7 kJ mol−1 at 10 K min−1

(F1.5 model) and 10.5 kJ mol−1 at 30–40 K min−1 (D3 model),
© 2026 The Author(s). Published by the Royal Society of Chemistry
and therefore slower heating permits cleavage of cellulose and
hemicellulose bonds, and faster heating shis toward diffu-
sion. During the high temperature phase (823–1173 K), values
of Ea were increased (∼8.95 kJ mol−1) and were most accurately
described by nucleation models (N1.5, N2), which is in line with
progressive lignin degradation and production of ordered char
structures. The frequencies of collisions were similar, going up
with heating rate at stage 1 and ∼43–44/min−1 at stage 2,
which was dominated by aromatic condensation.23 A better
tting was established by regression coefficients (R2 > 0.965)
and was best conrmed by the nucleation-controlled stage (R2

= 0.995–0.999). Comparing the machine learning predictions
(Fig. 3) with Coats Redfern model, major differences are
observed. The ML models gave consistent global activation
energies (∼42–45 kJ mol−1), notably insensitive to HR or order
of the reaction, whereas the Coats–Redfern analysis produced
signicantly lower values of the Ea, dependent on both stage
and model. The observed inconsistency originates from the
methodological distinction that the experimental approach
decomposes the degradation process into temperature-
dependent segments, each governed by a dominant mecha-
nism, while the machine-learning framework infers a unied
global kinetic triplet from compositional descriptors. In this
way, experimental analysis has mechanistic, stage-related
depth at the expense of variability and reliance on presumed
RSC Adv., 2026, 16, 28036–28047 | 28043
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Fig. 4 Kinetic analysis of Sapodilla leaves by TGA and Coats–Redfern method. (a) TGA weight-loss curves at heating rates of 10–40 K min−1. (b)
Activation energy (Ea) of best-fit models for stage 1 (523–823 K) and stage 2 (823–1173 K). (c) Collision frequency (A) across heating rates. (d)
Regression coefficient (R2) for best-fit models. Lower-temperature degradation was best described by F1.5 and D3 models, while higher-
temperature degradation was dominated by nucleation models (N1.5, N2).
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models, whereas ML offers consistent global estimates but is
so far unable to address stage-specic transitions. There are
several limitations to be taken into consideration. First, the
ML framework was pre-trained on relatively large data, and
even though the ensemble tuning resulted in better CV (C2 =

0.49 with Ea, 0.52 with log10 A), holdout generalization was
modest (RF Ea: R

2 = 0.03; log10 A: R
2 = 0.20; XGB Ea: R

2 =

−0.18). Second, the ML methodology requires the multi-stage
nature of biomass pyrolysis to be reduced to a single predictive
band, whereas the experimental Coats–Redfern analysis
identies the two regimes of low and high temperatures.
Lastly, although the predictions of ML are composition-based
and predictable, they do not directly provide mechanistic
pathways (e.g., diffusion vs. nucleation control), which can
only be obtained by tting the experiment. These ndings
combined highlight the complementary nature of the two
methods. Experimental Coats–Redfern analysis gives stage-
dependent interpretation and mechanistic specicity,
whereas ML gives fast, composition-driven predictions which
avoid the variability of model-dependent tting. The integra-
tion of these approaches enhances both methodological
stability and mechanistic insight, offering a more robust
foundation for the kinetic characterization of biomass.24
28044 | RSC Adv., 2026, 16, 28036–28047
Experimental thermodynamic analysis of sapodilla leaves
pyrolysis

The thermodynamic parameters of Sapodilla leaves pyrolysis
determined at various heating rates and at varying stages of
degradation are depicted in Fig. 5 along with the proximate and
ultimate composition of the feedstock. The rate of change in
enthalpy (Fig. 5a) was on the rise, especially in stage 1 (523–823
K), with the values of DH between 4 kJ mol−1 at 10 K min−1 (F1.5
model) and 7 kJ mol−1 at 30–40 K min−1 (D3 model).25 This is
indicative of increased energy needed to break through bond
dissociation at elevated heating rates, when less time is acces-
sible tomolecular rearrangements. During stage 2 (823–1173 K),
DH became stabilized at smaller values (∼2–3.5 kJ mol−1), the
rate of lignin degradation decreased, and the char gradually
accumulated. The change in Gibbs free energy (Fig. 5b) was
positive at all conditions (around 104–107 kJ mol−1), which
conrmed that Sapodilla leaves pyrolysis is a non-spontaneous
and endothermic process.26 In stage 2 (823–1173 K), DH stabi-
lized at lower values (∼2–3.5 kJ mol−1), which indicates the
additional external energy needed to breakdown highly orga-
nized aromatic structures. This rate dependence on HR reects
a trade-off between a fast HR increasing decomposition rate and
a low thermodynamic favorability. The changes in entropy
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 Thermodynamic analysis of Sapodilla leaves. (a) Change of enthalpy (DH), (b) change of Gibbs free energy (DG), and (c) change of entropy
(DS) versus heating rates and degradation level. (d) Ultimate and proximate analysis of Sapodilla leaves. The positiveDH andDG values indicate the
endothermic and non-spontaneous nature of the process, whereas the negative DS values are consistent with increased ordering in the solid
residue. The high volatile-matter and carbon contents suggest that the feedstock is potentially favorable for thermochemical conversion.
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(Fig. 5c, DS) were also uniformly negative (−0.224–
0.234 kJ mol−1 K−1), which reected an increase in molecular
order with pyrolysis. The more negative coefficients in stage 2
indicate the establishment of condensed aromatic structures
and char, which is in line with the increase in the structural
organization at high temperatures. Such thermodynamic trends
coincide with the composition of the feedstock (Fig. 5d). The
sapodilla leaves had a high volatile fraction (69.3 wt%), low
ash (3.7 wt%), high carbon (58.2 wt%) and high hydrogen
(7.1 wt%), which translated to a relatively higher heating value
(23.4 MJ kg−1). These characteristics account for the low DH in
stage 1, where a lot of VM can be easily released. Conversely, the
oxygen (28.8 wt%) and nitrogen (5.7 wt%) fractions raise the
demand for energy at a higher temperature, which adds to the
continuously high DG values. Taken together, these thermody-
namic ndings indicate that sapodilla-leaf pyrolysis is a ther-
modynamically demanding and endothermic process, while the
negative DS values are consistent with increased ordering in the
solid residue during the later stages of pyrolysis. In contrast to
the ML predictions in Fig. 3 that gave global and consistent
kinetic estimates, the experimental thermodynamic analysis
points to stage-specic energetics and their sensitivity to HR.
The main weakness of this experimental method is that it is
based on the division of the process into the discrete temper-
ature regions, each of which needs a different best-t model,
which may cause variation in the extracted parameters.
However, the thermodynamic analysis offers fundamental
© 2026 The Author(s). Published by the Royal Society of Chemistry
physical explanations to the experimentally observed variability
in activation energies (Fig. 4) and supplements the greater
stability in ML prediction (Fig. 3).
Limitations of this work

In this study, a minimal experimental dataset was used to
predict kinetic and thermodynamic parameters. The broader
motivation for applying machine learning (ML) to reaction
studies is to reduce experimental workload while still enabling
practical kinetic analysis. Accordingly, the minimum experi-
mental inputs considered here include proximate analysis and
ultimate (elemental) analysis to capture the fundamental
physicochemical characteristics of the biomass, together with
thermogravimetric analysis (TGA) to represent its thermal
decomposition behavior. These measurements, together with
the selected kinetic/condition descriptors used in the model,
were used to train the ML framework, which can then be
applied to estimate kinetic parameters for new biomass entries
under the specied descriptor conditions, thereby reducing the
analytical effort and time burden on researchers. The key
limitation is that, although the approach demonstrates the
feasibility of training models from a reduced set of measure-
ments, the predicted values can deviate from the experimental
estimates by a factor of approximately 2–3. This indicates that
the current model conguration and training strategy are not
yet sufficiently robust for high-accuracy prediction across
RSC Adv., 2026, 16, 28036–28047 | 28045
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diverse biomass types. Future work will therefore focus on
developing and validating more robust ML architectures and
training protocols, while still relying on aminimal experimental
input set to improve prediction accuracy and generalizability. A
more reliable low-data ML framework, if validated on larger and
more diverse datasets, could support faster preliminary
screening and scale-up decisions for biomass-based renewable
energy technologies, ultimately contributing to decarbonization
and climate-change mitigation.

Conclusion

This study integrated traditional Coats–Redfern kinetic tting
with a machine-learning predictive framework to investigate the
pyrolysis behavior of sapodilla leaves. Thermogravimetric results
showed that the activation energy and pre-exponential factors are
highly sensitive to heating rate and reaction mechanism, with
low-temperature devolatilization governed by diffusion and
reaction-order models, and high-temperature degradation best
described by nucleation mechanisms. The Coats–Redfern
method yielded relatively low stage-specic activation energies
(7–10 kJ mol−1 in the primary degradation zone), reecting the
apparent Ea of early devolatilization reactions. Thermodynamic
analysis conrmed that sapodilla pyrolysis is a non-spontaneous,
endothermic process (DG z 104–107 kJ mol−1), while the nega-
tive entropy values (−0.224 to −0.234 kJ mol−1.K) indicated
increasing molecular ordering during char formation. To
complement the mechanism-based analysis, ML models
provided descriptor-based estimates of the kinetic triplet within
the present dataset (Ea, A, C

2) using the selected input variables,
including composition-related, experimental, and model-
dependent descriptors. The ML approach produced a narrow Ea
range (∼42–45 kJ mol−1), in sharp contrast to the lower and
mechanism-dependent values obtained from Coats–Redfern
tting. This difference arises because Coats–Redfern evaluates
stage-dependent apparent kinetics, where Ea varies with
temperature interval and assumed reaction mechanism, whereas
the ML model maps compositional descriptors to a single
apparent target value that does not explicitly resolve stage-
specic kinetics. SHAP analysis further identied several statis-
tically inuential descriptors within the present dataset,
including volatile matter, carbon content, elemental ratios,
reaction order, and heating rate. Overall, these results illustrate
the different roles of the two approaches: Coats–Redfern tting
offers stage-specic apparent kinetic interpretation, whereas ML
provides an exploratory composition-based predictive exercise. At
the present stage, the ML component should be viewed as proof-
of-concept rather than as a robust screening tool. This hybrid
strategy highlights the complementary roles of mechanistic
tting and descriptor-based ML analysis, but the predictive
component should still be regarded as exploratory at the present
stage and the design of more efficient and scalable thermo-
chemical conversion systems for bioenergy applications.
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