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An in-depth knowledge of pyrolytic kinetics is vital for understanding the thermal decomposition process.
Numerous experimental studies have investigated the kinetic performance of the pyrolysis of different raw
materials. An accurate prediction of pyrolysis kinetics could substantially reduce the efforts of researchers and
decrease the cost of experiments. In this work, a model to predict the mean values of model-free activation
energies of pyrolysis for five types of feedstocks was successfully constructed using the random forest machine
learning method. The coefficient of determination of the fitting result reached a value as high as 0.9964, which
indicates significant potential for making a quick initial pyrolytic kinetic estimation using machine learning
methods. Specifically, from the results of a partial dependence analysis of the lignocellulose-type feedstock, the
atomic ratios of H/C and O/C were found to have negative correlations with the pyrolytic activation energies.
However, the effect of the ash content on the activation energy strongly depended on the organic component
species present in the lignocellulose feedstocks. This work confirms the possibility of predicting model-free
pyrolytic activation energies by utilizing machine learning methods, which can improve the efficiency and un
derstanding of the kinetic analysis of pyrolysis for biomass and fossil investigations.

1. Introduction
Pyrolysis is one of the most promising techniques for recovering
energy and materials from biomass and organic waste [1–3]. Here, the
use of a kinetic analysis is fundamental as its result can be used to better
understand pyrolysis reactions as well as to guide further research and
applications [4,5]. As a result, numerous experimental kinetic studies
have investigated the reaction mechanisms of biomass/waste pyrolysis
[6]. Thus, the costs of using thermogravimetric analysis (TGA) in
struments and performing experiments have consumed many research
resources worldwide. Additionally, immense effort and time has been
dedicated to performing these experiments.
In recent years, machine learning methods have been applied in

many areas [7]. Researchers have found that machine learning methods
can potentially be used for the prediction of pyrolysis behavior, such as
the yields and properties of pyro-products [8–20]. Specifically, machine
learning methods have been applied to predict the model-based kinetic
parameters of pyrolysis. For example, Xing et al. built an artificial neural
network to predict the kinetic parameters for coal devolatilization by
setting the heating rate, coal composition, and volatile matter content as
input variables [21]. Moreover, other works have focused on using the
heating rate and contents of cellulose, hemicellulose, and lignin as the
input variables to predict the pyrolytic kinetics of lignocellulosic
biomass [22–24].
The most frequently applied kinetic analysis methods are modelbased and model-free methods [25]. The limitation of the model-
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Confederation for Thermal Analysis and Calorimetry (ICTAC), to
perform the model-free kinetic analysis, the results of TGA conducted
with at least three different heating rates are required [25]. Thus,
research on pyrolytic kinetics using model-free methods has already
required a considerable amount of research resources and could require
even more in the future.
The Kissinger-Akahira-Sunose (KAS), Ozawa-Flynn-Wall (OFW), and
Friedman (FRD) methods are the three most commonly used model-free
methods for pyrolytic kinetic analyses [25]. Fig. 1 (b) shows the number
of search results for “model-free pyrolytic kinetics” plus the name of the
methods; these results were generated in Google Scholar by setting the
range of published years from 2010 to 2021. When searching for the
OFW method, both “Ozawa-Flynn-Wall” and “Flynn-Wall-Ozawa” were
used. This duplication may have resulted in the OFW method having the
highest number of references among the three methods.
Overall, attempting to build a prediction model for model-free py
rolytic kinetics is meaningful, and enough available kinetic data can be
found in the literature for training and testing the machine learning
studies. Specifically, the datasets obtained using the three model-free
methods of KAS, OFW, and Friedman were selected and collected for
the machine learning study due to their extensive usage as well as data
availability.
Pyrolysis can be defined as the thermal decomposition of raw ma
terials in the absence of oxygen [31,32]. Previous works have found that
different pyrolytic atmospheres could affect the thermal decomposing
reactions [33,34]. However, most of the existing investigations of py
rolytic kinetic analysis were conducted using an inert atmosphere such
as nitrogen and argon. Related studies that use other gases, e.g., carbon
dioxide, are relatively rare. Thus, in this study, only data obtained from
pyrolysis experiments using inert atmospheres were collected.
The collected raw datasets are given in Table B1. In total, 281 sets of
data were collected from 100 works mostly published since 2020. As
shown in Fig. 2, to predict the activation energy (kJ/mol), each set of
data contained 10 input variables. These can be divided into the
following three main categories: i) type of raw materials (algae/biode
gradable waste/cellulose/fossil/lignocellulose), ii) properties of raw
materials (carbon content (%), hydrogen content (%), oxygen content
(%), nitrogen content (%), sulfur content (%), atomic ratio of H/C,
atomic ratio of O/C, and ash content (%)), and iii) the applied modelfree method (KAS/OFW/FRD).
The datasets in several previous studies using machine learning
methods to predict pyrolytic performances contained one or several
missing input values. Although imputation methods can be applied to

based method is that it requires assumptions of the reaction model,
which introduces uncertainties [26]. Otherwise, much more preanalysis would be needed to determine the correct reaction model
[27]. Previous studies, on applying machine learning to pyrolytic kinetic
parameters were conducted using a database derived from model-based
methods that assumed second-order (F2) [21] and n-order (Fn) models
[22–24]. Due to the limitation of the model-based methods, the deduced
kinetic parameters from such machine learning studies could be
inaccurate.
The use of model-free methods enables the ability to derive kinetic
parameters without introducing assumptions [28]. Moreover, it is also
the first step in determining the reaction model if the goal is to create a
comprehensive model-based kinetic analysis [29,30]. However, no
machine learning study has yet tried to predict the pyrolytic kinetic
parameters by setting the output variables as model-free kinetic pa
rameters. In addition, the kinetic prediction based on a database
collected from multiple feedstocks also remains scarce. Hence, using
machine learning to predict the model-free kinetic parameters of py
rolysis reactions for multiple feedstocks is of interest.
In this work, a novel machine learning model is established to predict
the model-free pyrolytic activation energies of multiple feedstocks. The
prediction performance of the constructed model is evaluated; the pre
diction results are compared to the experimental results, and the nature
of the prediction results is described through a literature review. This
work not only shows the potential of pyrolytic kinetic predictions of
multiple feedstocks based on the use of one machine learning method
but also provides important insights into the relationship between py
rolytic activation energies and feedstock characteristics.
2. Methodologies
2.1. Data selection and collection
Fig. 1 (a) shows the amount of previously published works by
searching for “model-free pyrolytic kinetics” on Google Scholar. The
results show that, from 2010 to 2021, the number of related works per
year vastly increased from 88 to 927. It should be noted that some of
these search results do not directly represent the related experimental
research; instead, they are reviews or other studies that cite the same
keywords. Nevertheless, it can still be speculated that a large amount of
model-free pyrolytic kinetic analysis research has been done, and this
research will continue to increase in the near future. According to the
recommendation from the Kinetics Committee of the International

Fig. 1. (a) Amount of related works published each year, (b) the total amount of related works of the model-free methods of KAS, OFW, and FRD published in the
period from 2010 to 2021.
2

S. Wang et al.

Energy Conversion and Management 260 (2022) 115613

Fig. 2. Schematic of machine learning input and output variables used in this study.

provide data for these missing values, such as by using the corre
sponding mean values [35], the accuracy of the constructed machine
learning model would be decreased [36]. To avoid this situation, only
the datasets containing all the values of input variables were collected as
shown in Table B1. This is favorable for the construction of a machine
learning model.
The feedstocks were grouped into 5 different types according to their
main chemical components and/or sources. The feedstocks that mainly
consisted of cellulose, hemicellulose, and lignin were classified by
lignocellulose type, such as sawdust, rice husk, corn cob, etc. The
feedstocks that mainly consisted of mixing waste, such as sewage sludge,
kitchen waste, and manure, have a much more complex composition and
contain more components than lignocellulose. Thus, they were catego
rized by biodegradable waste type. The feedstocks that mainly consisted
of coal, oil sludge, oil shale, lignite, etc., were classified by fossil type.
The details can be found in Table B1.

2.3. Development of predictive models
2.3.1. Multiple linear regression model
The multiple linear regression (MLR) model is one of the most
straightforward and most intuitive prediction methods [41]. It has been
widely used to predict a dependent variable based on multiple variables
[42]. Thus, an MLR calculation was conducted in this study. Its result
was compared to the result deduced from using a machine learning
method. The MLR method can be expressed by the following equation
[43]:
y = β0 + β1 χ 1 + β2 χ 2 + β3 χ 3 + ... + βn χ n

(3)

where y is the dependent variable representing the predicted value of the
activation energy (output), β is the linear regression coefficient, and χ is
the independent variable (input).
2.3.2. Random forest
Random forest (RF) is an ensemble machine learning method based
on decision trees, that can be used to yield nonlinear regression results
for prediction [12,44]. RF has been widely used in machine learning
because of its high predictive accuracy and its capability to evaluate the
variables’ importances [9]. Previous studies of machine learning of
pyrolysis behaviors have presented comparisons of the prediction per
formance of RF with those of other various models. It has been reported
that the predictive results yielded by the RF model have the highest
accuracy [11,12,15,16]. In this study, the obtained data were randomly
split into a training-set (90%) and a test-set (10%). The RF model was
constructed in Python 3 by using the RandomForestRegressor function
provided by the Scikit-learn package [45].

2.2. Data analysis
The dataset ranges of the total and different feedstock types were
expressed using the box-whisker plot, which is a statistical method that
can graphically show the numerical data [37,38].
A Pearson correlation coefficient (PCC) [39] is commonly imple
mented to describe the linear relationship between any two input vari
ables in machine learning studies. The formula to calculate PCC is
expressed as follows:
∑
(xi − x)(yi − y)
̅
r = √̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(1)
∑
∑
(xi − x)2 (yi − y)2

2.4. Validation of the results

where r is the PCC; xi and yi are random sample points indexed with i
from datasets of variables x and y; and x and y are the mean values of the
x and y variables, respectively. The two nonnumeric variables (types of
feedstocks and kinetic method) were not included in the PCC analysis.
The corresponding significance level of the deduced PCC can be
calculated based on the following equation:
√̅̅̅̅̅̅̅̅̅̅̅̅
r N− 2
t = √̅̅̅̅̅̅̅̅̅̅̅̅̅
(2)
1 − r2

The prediction performances of the two models constructed using the
MLR and RF methods were evaluated by determining their coefficients
of determination (R2) and root-mean-square deviations (RMSD) [46].
The popular equations of determinations of the R2 and RMSD values can
be expressed as follows:
R2 = 1 −

RSS
TSS

(4)

where t is a statistical value, and N is the total data amount [11]. Then,
the p-value can be calculated based on a two-tailed distribution with
N − 2 degrees of freedom [40].

RMSD =

√̅̅̅̅̅̅̅̅
RSS
N

(5)
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where RSS is the sum of squares of residues, TSS is the total sum of
squares, and N is the dataset amount of the test-set.
3. Results and discussion
3.1. Data analysis
Nine numeric variables and two nonnumeric variables (type and
method) are used in the simulations. The ranges of the numbered vari
ables of the collected data sets are given in Table 1. Specifically, boxwhisker plots of the collected numeric variables are presented in
Fig. S1 to visualize the dataset.
To further analyze the collected data, the heat map of the Pearson
correlation coefficients between any two of the numeric variables is
shown in Fig. 3. The corresponding p-values are shown in Table S1. The
H/C atomic rate has a highly positive and negative correlation with the
H (p-value < 0.01) and C (p-value < 0.01) values, respectively. This is
because the atomic rate of H/C is calculated based on the equation H/C
= (C/12.01)/(H/1.008). The same is also true with respect to the cor
relations between O/C and O, and O/C and C. Both the H and O contents
and the H/C and O/C atomic ratios are important parameters. Moreover,
these repeated inputs could help increase the accuracy of the machine
learning model predictions. Thus, all four input variables were reserved.
The C content also was found to have a positive correlation with H,
which has been observed in previous studies [11,16,40,47] and, most
likely is due to the presence of a large amount of C–H bonds in biomass
[11]. The ash content is negatively correlated with the activation en
ergy, which can be explained by the catalytic effect of ash [48].

Fig. 3. Pearson correlation coefficients between any two numeric variables.

feedstock’s properties accounts for 96.13% of the total importance. The
C value has the highest importance (19.71%) among all the input vari
ables. However, the two nonnumeric variables (feedstocks and the
applied kinetic method) represent only 2.09% and 1.78% of the
importance, respectively. This result shows that the pyrolytic activation
energy is mainly determined by the the properties of the feedstocks and
not by the types of feedstocks or kinetic methods.
It should be noted that these results can represent only the feature
importances of the input variables used in the RF model in this study.
The higher feature importance value of S compared to that of H and O
does not mean that the S element plays a more important role than the H
or O element. Instead, it is because the input variables of H/C and O/C
can decrease the feature importances of the input variables of C, H, and
O.

3.2. Prediction performances of the MLR and RF models
Fig. 4 displays the fitting results of the RF and MLR model pre
dictions. Compared to the fitting result yielded by the MLR method, the
fitting results of the RF model has a much better prediction performance:
a higher R2 value of 0.9964 and a lower RMSE value of 8.4668. These
results show that the RF machine learning method can more accurately
predict the pyrolytic activation energies compared to the traditional
MLR mathematic regression method.
As shown in Fig. 4 (b), when the actual activation energy has a value
in the range of ~130 and ~220 kJ/mol, the prediction accuracy is much
higher than for values outside this range. Fig. 4(c) shows the boxwhisker plot of the collected activation energy values. Clearly, the
activation energy range between the first and third quartiles is nearly
the same as the range in which the RF model could yield highly accurate
results. There are approximately 140 datasets in this range and the
density of the datasets can be estimated to be approximately 1.6 (kJ/
mol)-1. This “coincidence” shows that it is possible to predict the mean
model-free pyrolytic activation energy accurately by using the RF
method and by using the input variables set in this study, under the
condition that a data density of 1.6 (kJ/mol)-1 is provided. Also, the
deduced RF model could be improved by implementing more datasets,
especially datasets with activation energies in the ranges of <130 and
>220 kJ/mol.

3.4. Partial dependence analyses
3.4.1. One-way partial dependence analysis of the input variable of
feedstock type
The partial dependence analysis of the feedstock type was conducted
by setting all the numeric input variables to their mean values. More
over, the method was set as FRD. The FRD method can normally yield a
higher accuracy for the kinetic result compared to the KAS and OFW
methods [49]. The obtained results of the one-way partial dependence
values of different feedstock types as well as the corresponding mean
values of the activation energies calculated from the raw datasets are
shown in Fig. 6. The predicted pyrolytic activation energy is slightly
affected by the type of feedstocks. These results are consistent with the
low feature importance of the feedstock type in the constructed RF
model shown in Fig. 5.
The one-way partial dependence values of the different types of
feedstocks are all approximately 192 kJ/mol except for the algae-type
feedstock, which has a value of 184.83 kJ/mol. However, the mean
activation energy values of the raw collected datasets show a different
trend compared to the estimated one-way partial dependence results.
For some of the feedstock types, the “actual” and the “predicted” values
vary greatly, such as for the fossil type.

3.3. Feature importances deduced by the RF model
The feature importance deduced by the RF model for all input vari
ables is shown in Fig. 5. The total importance of the variables from the
Table 1
The range of numeric input variables and activation energy.
C
(%)

H
(%)

O
(%)

N
(%)

S
(%)

H/C

O/C

Ash
(%)

Ea
(KJ/mol)

10.01–84.2

1.11–18.7

3.1–67.76

0–14.9

0–4.41

0.5616–4.0732

0.0342–2.9223

0–80.14

33.78–478
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Fig. 5. Feature importance of all input variables on pyrolytic activation energy.

Fig. 6. One-way partial dependence plot of the pyrolytic activation energies of
the variable of feedstock types and the corresponding mean values of the
raw datasets.

Another issue to consider is that the chemical and structural com
positions of different types of raw materials could be very different. For
example, the main components of lignocellulosic materials are hemi
cellulose, cellulose, and lignin [50], while those of the algae feedstock
are lipids, carbohydrates, and protein [51]. These differences in com
positions among different types of raw materials will result in different
pyrolytic mechanisms.
As a result, it is more reasonable to investigate the partial de
pendences of a specific feedstock and focus on the corresponding ranges
of variables. In the 281 sets of data used in this study, lignocellulosic
biomass (namely lignocellulose) accounts for more than 48% of the total
amount. Therefore, lignocellulose is chosen for carrying out the further
partial dependence analysis.

Fig. 4. Comparison of the predicted and actual activation energies by using the
(a) MLR and (b) RF models, and (c) box-whisker plot of the output variables of
the activation energies.

3.4.2. Dependence analyses of lignocellulosic feedstocks
Fig. 7 presents box-whisker plots of the input variables of the
lignocellulose type of feedstock. The ranges of different variables of
lignocellulose type of feedstocks are much smaller compared to those of
the total dataset shown in Fig. S1. After excluding the outliers, the
ranges for evaluating the partial dependence are determined, as shown
in Table 2. Partial dependence analyses were conducted in this range.
The box-whisker plots of the input variables for the other types are also
given in Figs. S2 – S5.
When conducting the partial dependence analyses of lignocellulosic
feedstocks, the input variable for type was first set to be “lignocellulose”.

As shown in Table 1 and Fig. S1, the input variables occupy wide
ranges. This is because the properties of the different feedstock types
vary significantly. More specifically, the box-whisker plots of the input
and output variables of different types of feedstocks are given in Fig. 7
and Figs. S2–S5. The range and the distribution of a certain input vari
able could be very different for different feedstock types. Thus, the oneway partial dependence values, based on the mean values of numeric
input variables from the total collected datasets, show different perfor
mances compared to real situations.
5
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Fig. 7. Box-whisker plots for the various input data and the corresponding activation energies of the type of lignocellulose.

cellulose and hemicellulose containing lower lignin contents. The py
rolytic activation energy of lignin is normally higher than that of cel
lulose and hemicellulose, which is caused by the stable aromatic
structure of lignin [55]. Zong et al. used the FRD method to estimate the
activation energies of pyrolysis of cellulose, hemicellulose, and lignin:
the mean activation energies between the conversion degrees of 0.2 to
0.7 were found to be 157.43, 187.00, and 215.08 kJ/mol for cellulose,
hemicellulose, and lignin, respectively [52]. As a result, the positive
correlations between the activation energy with H/C and the activation
energy with O/C can be explained by the changing contents of cellulose,
hemicellulose, and lignin.
Fig. 8 (g) demonstrates that the predicted pyrolytic activation energy
is minimally affected by the model-free kinetic method. These results are
consistent with the low feature importances of the input variables of
method and type in the constructed RF model. The values yielded by
using the KAS and OFW methods are nearly the same because they are
both integral isoconversional methods [56]. However, FRD is a differ
ential isoconversional method [57] that usually yields higher activation
energy results than the KAS and OFW methods. This is reflected by the
highest predicted activation energy values of FRD among the three
investigated model-free methods in Fig. 8 (g).

Table 2
The ranges of numeric input variables to evaluate the partial dependence for the
lignocellulosic feedstocks.
C
(%)

H/C

O/C

N
(%)

S
(%)

Ash
(%)

35–55

1.2–2.0

0.5–1.0

0–3

0.1–0.8

0–16

For the default values or set of other input variables, the mean values for
the numeric variables and “FRD” for the method were used.
3.4.2.1. One-way partial dependence analyses of lignocellulosic
feedstocks. The one-way partial dependence can describe the trend of
the influence of the corresponding variables on the pyrolytic activation
energy. Fig. 8 (b-c) show that when the atomic ratios of H/C and O/C
increase, the pyrolytic activation energy tends to decrease. The main
components of lignocellulose are cellulose, hemicellulose, and lignin.
The general formulas of cellulose, hemicellulose, and lignin are
(C6H10O5)n, (C5H8O4)n, and (C81H92O28)n, respectively. Therefore, the
atomic ratios of H/C and O/C of cellulose and hemicellulose are
approximately 1.6 and 0.8, respectively. On the other hand, lignin has
lower calculated atomic ratios of H/C and O/C corresponding to values
of 1.14 and 0.35, respectively. It has also been reported that lignin has
lower atomic H/C and O/C ratios than cellulose and hemicellulose in
previous experimental studies [52–54]. Thus, for the lignocellulose type
raw materials, higher O/C and H/C ratios indicate higher proportions of

3.4.2.2. Two-way partial dependence analyses of lignocellulosic
feedstocks. Three two-way partial dependence plots are shown in Fig. 9,
and the other combinations can be found in Fig. S6 in the supplementary
file. Fig. 9 (a) and Fig. 9 (b) show that higher H/C and O/C ratios can
6
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Fig. 8. One-way partial dependence plots of pyrolytic activation energies for the type of lignocellulose feedstock.

lead to lower activation energies when the carbon content is fixed. These
results agree with those shown in the one-way partial dependence plots.
Another potential explanation for these results is that lower hydrogen
and oxygen contents correspond to a lower saturation degree of carbon
in the feedstock. In previous studies of pyrolysis of raw and hydrother
mally carbonized lignocellulose, the hydrochars (with a lower carbon
saturation status) showed higher pyrolytic activation energies than their
raw materials [58]. Thus, the higher the saturation degree of the carbon
in the feedstock is, the larger the pyrolytic activation energy needed.
Fig. 9 (c) illustrates the two-way partial dependence plot of the
activation energy/(O/C)/ash content. When the O/C atomic ratio is
higher than 0.6, the pyrolytic activation energy is reduced when the ash
content is increased. However, when the O/C atomic ratio was lower
than 0.6, the pyrolytic activation energy increased with a higher ash
content. As mentioned before, the lower O/C ratio in the lignocellulose
materials most likely corresponds to larger lignin and smaller hemicel
lulose/cellulose contents. Wang et al. investigated the effect of alkali
metals on the activation energies of lignin pyrolysis and found that alkali
metals increased the pyrolytic activation energy of lignin [59].
Conversely, another study conducted by Saddawi et al. showed that
alkali metals decreased the activation energy of the pyrolysis of willow
(mainly composed of cellulose and hemicellulose) [60]. As a result, the
effect of a changed ash content on the pyrolytic activation energy is
affected by the lignin content.

4. Discussion and limitations
This work illustrates a quick initial prediction of the pyrolytic acti
vation energy by using machine learning methods. However, the pre
dicted activation energies are model-free mean values that cannot give
the activation energy distribution depending on the reaction conversion.
Therefore, it is still crucial to conduct more pyrolytic kinetic experi
ments if further analyses of the master plot and model-based kinetic
analysis are needed [61,62]. Moreover, the pre-exponential factor is an
important kinetic parameter that describes the minimum molecule
collision amount needed to enable a reaction to take place [63]. How
ever, in previous model-free kinetic studies, the reported preexponential factor result is relatively rare compared to the reported
activation energy results. It should be noted that the amount of pub
lished pre-exponential factor data is not enough for the construction of a
reliable and accurate prediction model using machine learning methods.
Various previous studies have compared the pyrolytic activation
energies of different raw material types. These include comparisons
between algal and lignocellulosic materials [64], sewage sludge and
lignocellulosic [65], and algae and sewage sludge [63,66,67]. However,
most of the previous works compared the differences in the pyrolytic
activation energies of a few specific feedstocks. Studies that review how
feedstock type affect pyrolytic activation energy are rare. In section
3.4.1, a comparison was conducted between the one-way partial
dependence values of the feedstock type and the corresponding mean
values of the collected datasets. Based on the datasets collected in this
study, the mean activation energy values for the feedstock types of
7
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5. Conclusions and prospects
In this work, the random forest machine learning method was suc
cessfully used to construct a model to predict the mean model-free py
rolytic activation energies of five types of raw materials. The fitting
accuracy of the constructed model reached an R2 value of 0.9964. When
the density of the datasets reached 1.6 (kJ/mol)-1, the prediction accu
racy reached an acceptable level. In addition, it was found that the
feature importances of the input variables were ranked as follows: C >
H/C > S > O/C > H > ash > O > N > type of feedstock > kinetic method.
Specifically, for lignocellulosic feedstock, some of the typical results
of a partial dependence analysis were compared with the existing
experimental results and theories. The proportions of cellulose, hemi
cellulose, and lignin played a major role in the determination of the
pyrolytic activation energy. This was reflected by the results showing
that the H/C and O/C atomic ratios had negative correlations with the
pyrolytic activation energies. Moreover, the proportions of cellulose,
hemicellulose, and lignin could affect the influence of the ash content on
the pyrolytic activation energy.
Additionally, a comparison of the mean activation energies for
different types of feedstocks is presented based on the collected datasets.
The mean activation energy values of the algae, biodegradable waste,
cellulose, fossil, and lignocellulose feedstocks are 173.2, 173.7, 188.8,
160.0, and 178.3 kJ/mol, respectively.
Further work is encouraged to improve the practical feasibility of
machine learning methods for predicting pyrolytic kinetic parameters:
(a) more datasets, especially those containing activation energies lower
and higher than 130 and 220 kJ/mol, can be introduced; (b) the con
version range used to calculate the mean activation energy can be
included as input variables; and (c) machine learning methods other
than the RF method can be evaluated. Furthermore, the possibility of
predicting the mean pyrolytic model-free pre-exponential factor based
on a model constructed with machine learning methods could be
examined once enough information for the corresponding datasets is
available. After further improvements to the pyrolytic activation energy
prediction machine learning model, software and/or online applications
could be developed to provide a more convenient means of using the
model.
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Göran Jönsson: Writing – review & editing, Supervision. Weihong
Yang: Writing – review & editing, Supervision, Project administration,
Funding acquisition.

Fig. 9. Two-way partial dependence plots of pyrolytic activation energy of the
type of lignocellulose feedstock: (a) carbon content/(H/C)/activation energy,
(b) carbon content/(O/C)/activation energy, and (c) (O/C)/ash content/acti
vation energy.

Declaration of Competing Interest
The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

algae, biodegradable waste, cellulose, fossil, and lignocellulose are
173.2, 173.7, 188.8, 160.0, and 178.3 kJ/mol, respectively.
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