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Abstract: The goal of this study is to use machine learning methodologies to identify the most
influential variables and optimum conditions that maximize biochar, bio-oil, and biogas yields for
slow pyrolysis. First, experimental results reported in 37 articles were compiled into a database. Then,
an explainable machine learning approach, Shapley Additive exPlanations (SHAP), was employed
to find the effects of descriptors on the targets, and it was found that higher biochar yields can
be obtained at lower temperatures using biomass with low volatile matter and high ash content.
Following that, decision tree classification was used to discover the variables leading to high levels
of the targets, and the most generalizable path for high biogas yield was found to be where the
maximum particle diameter was less than or equal to 6.5 mm and the temperature was greater than
912 K. Finally, association rule mining models were created to find associations of descriptors with
very high levels of yields, and among many findings, it was discovered that biomass with larger
particles cannot be converted into bio-oil efficiently. It was then concluded that machine learning
methods can help to determine the best slow pyrolysis conditions for the production of renewable
and sustainable biofuels.

Keywords: renewable energy; SHAP analysis; decision trees; association rule mining; pyrolysis

1. Introduction

The utilization of biomass as a source for biofuel production presents a potential
ecologically sustainable alternative to conventional fossil fuels. Indeed, in prehistoric times,
wood-based biomass was the primary source of fuel, and its processing into more efficient
fuels had an immense effect on human history. For a very long time, humanity remained in
the Stone Age because humans were unable to create temperatures high enough to melt
most metals and facilitate the manufacture of metal tools using conventional wood due to
the fact that the temperature of wood fire is roughly 600 ◦C (depending on the wood type).
However, when humans discovered how to make charcoal from biomass, they were able
to create higher temperatures and eventually melt copper (melting point 1084.6 ◦C) and
tin (melting point 231.9 ◦C) to produce bronze. This was the end of the Stone Age, which
lasted for thousands of years, and the beginning of the Bronze Age, during which the tools
and weapons produced from bronze made hunting, farming, and defense much easier and
more effective. Since then, people have learned how to make biochar from different raw
materials, such as lignocellulosic biomass, which is mostly made up of plant materials like
forestry and agricultural residues [1]. Today, charcoal is still the primary energy source
for millions of people all over the world, and this trend is expected to continue in the
coming decades [2].

Today, modern pyrolysis is used for producing biofuels including biochar (or charcoal),
bio-oil, and biogas from non-edible biomass sources, such as wood and its wastes, that
do not compete with food production [3]. The pyrolysis process takes place under high
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temperatures (550–1250 ◦C), and in the absence of oxygen to prevent the combustion of
biomass, in order to yield various energy carriers for different purposes. The chemistry be-
hind the pyrolysis process is quite complex, involving thousands of fundamental reactions
across three phases that produce hundreds of volatile species [4]. Consequently, the kind of
biomass affects the product yield, together with variables like pyrolysis type (slow, fast,
and flash), temperature, and particle size.

Machine learning (ML) may play a crucial role at this stage in determining the com-
bination of variables that results in the highest product yield with the desired proper-
ties [5]. Machine learning is a tool for extracting hidden patterns in large and complicated
datasets [6–8]. Moreover, machine learning makes it simpler to comprehend the data and
make predictions based on the available dataset. As recent reviews have affirmed, the use
of machine learning methodologies in renewable and sustainable energy technologies is
also quite common for energy systems in general [9], and specifically for solar energy [10],
wind energy [11], geothermal energy [12], bioenergy [13], and hydrogen production [14].
In addition, we have recently conducted two critical analyses in the field of bioenergy
and proposed an outlook for future research on biofuel production from algae [15] and
lignocellulosic ethanol production [16].

Likewise, a diverse range of successful machine learning applications for the pyrolysis
process can be found in the literature. For instance, in a study that was conducted for mi-
crowave pyrolysis, the biochar yield and higher heating values were obtained by applying
various machine learning techniques, including eXtreme Gradient Boosting and Shapley
Additive exPlanations (SHAP) [17]. Another study on microwave pyrolysis used regression
models as a machine learning approach to determine the importance of biomass variables
on biochar yield [18]. Furthermore, in an article published by Mathur et al., bio-oil yields
of various lignocellulosic biomass sources were predicted using three machine learning
algorithms [19]. On the other hand, Cao et al. used least-squares support-vector machines
and artificial neural networks to predict the biochar yield obtained from the pyrolysis of
cattle manure [20]. Likewise, Chen et al. obtained results that support the previous work
by applying support-vector machines and artificial neural networks to predict the bio-oil
yield from rapid pyrolysis [21]. As an example of the torrefaction process (also known as
low-temperature pyrolysis), Liu et al. used a random forest model with feature reduction to
predict the properties of torrefied biomass based on feedstock and torrefaction conditions,
which in turn provided detailed information for comprehending biomass torrefaction [22].

As discussed above, biofuel production using the pyrolysis process is quite complex,
depending on the type of biomass as well as several process variables. As a result, a large
number of experimental results have been reported in the literature in an effort to optimize
the process variables for pyrolysis. However, due to the complexity of the experimental
variables and the large amount of data dispersed across numerous publications, it is difficult
to determine the optimal conditions for the pyrolysis process using conventional methods.
In light of this, we compiled experimental results from the slow pyrolysis process reported
in 37 articles into a database, which allowed the integration of the experimental results
of different process conditions with various biomass types as well as the knowledge and
expertise of various research groups. Then, we utilized various machine learning techniques
to uncover hidden relationships between the descriptors (variables related to proximate
and ultimate analysis, and operational variables) and target variables (biochar, bio-oil, and
biogas yields). The primary goal of this research is to close the gaps in understanding the
effects of pyrolysis parameters for the production of renewable and sustainable biofuels
with higher efficiency.

2. Overview of Pyrolysis

Pyrolysis is a multipurpose technology for utilizing diverse feedstocks to produce a
broad range of sustainable energy products, such as biochar, bio-oil, and biogas, with high
potential for a variety of applications [23]. Biochar is a highly carbonaceous material with a
carbon content between 65 and 90%, whereas bio-oil is a dark brown liquid containing a
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variety of oxygenated elements that is used to produce fuels/chemicals. Finally, biogas is a
mixture of CO, H2, CH4, N2, CO2 and other hydrocarbons, which can be directly burned to
generate heat and electricity or upgraded to more advanced fuels [24].

Pyrolysis can be divided into three subclasses based on operating conditions: slow
pyrolysis, fast pyrolysis, and flash pyrolysis. Each one has its own set of advantages
and disadvantages [25]. Among these, slow pyrolysis is the traditional type of pyrolysis,
distinguished by a slow heating rate and a long residence time in the reactor. Slow pyrolysis
involves heating the biomass to temperatures ranging from 550 to 950 ◦C with slow heating
rates (0.1–1.0 ◦C/s) [26]. Char is more likely to be produced during slow pyrolysis, but
small amounts of liquid and gaseous products are also generated during this process.
On the other hand, fast pyrolysis is the thermal degradation of biomass at temperatures
between 850 and 1250 ◦C with high heating rates (10–200 ◦C/s), producing primarily
liquid products with minor amounts of char and non-condensable gases [4]. Finally, flash
pyrolysis is an enhanced type of fast pyrolysis performed at 800–1200 ◦C with much higher
heating rates (>1000 ◦C/s) and a very short residence time (<2 s) [23]. In flash pyrolysis,
the combination of a rapid heating rate, high temperature, and low vapor residence time
results in a high liquid yield but a lower char yield [27].

High temperatures are required to break down the bonds holding the biomass together;
however, finding an optimum temperature is a challenging process depending on the type
of biomass that is used. In general, increasing the pyrolysis temperature to elevated levels
causes a drop in biochar yield due to the thermal decomposition of the heavy hydrocarbon
components, producing more liquid and gaseous products and less biochar [27]. This is
probably because of the secondary reactions taking place after the main pyrolysis reaction,
increasing the amount of liquid and gaseous products produced at the expense of solid
char. Furthermore, at very high temperatures, the amount of liquid products decreases due
to further cracking of the volatiles, resulting in an increase in biogas yield [25].

Biomass is made up mostly of organic compounds like lignin, hemicelluloses, and
cellulose, as well as some inorganic material. Different types of biomass have varying
proportions of organic to inorganic compounds by mass, and these differences in biomass
species composition have significant consequences for the final composition of the pyrolysis
product [28]. Furthermore, soil, age, and planting conditions can all affect the composition
of the same biomass, which in turn may affect the production process. Biomass having
a higher cellulose and hemicellulose content than lignin-rich biomass typically results
in greater bio-oil production. On the other hand, high structural stability makes lignin
decomposition more challenging, resulting in greater char production [25]. Moreover, the
generation of bio-oil is aided by the presence of substantial quantities of volatile material
in the raw biomass [29]. Finally, the product profile of the pyrolysis process is also heavily
influenced by the presence of ash, which contains incombustible minerals and metals. In
general, a higher ash content decreases the bio-oil yield and increases the production of
biochar and gas [30].

Due to its weak thermal conductivity, biomass presents challenges for heat transfer
during pyrolysis. As a result, particle size affects bio-oil yield and plays a crucial role
in reducing heat transfer issues [25]. In fast pyrolysis systems, smaller particle sizes are
generally favored due to the fact that smaller particles heat up more uniformly than particles
of larger sizes. On the other hand, in the case of larger particles, inadequate heat transfer to
the inner surfaces will result in low average particle temperatures, lowering the yield of
liquids [28]. Furthermore, in the case of large particles, the distance between the surface of
the biomass and its core increases creating a temperature gradient, which in turn provides
more charcoal formation [27].

3. Materials and Methods
3.1. Database

The database used in this study was built by gathering information from publica-
tions from major online sources (like ACS, RSC, Elsevier, and Wiley) highlighting the
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slow pyrolysis process employed on a variety of biomass types. Initially, hundreds of
publications were collected; however, some of the papers were eliminated due to missing
values, unreported experimental details, or certain unique experimental conditions that
are unlikely to be replicated by other researchers. Furthermore, it was our intention to
concentrate on papers published in the last 20 years in order to capture the recent trends
in the field. As a result, 324 pyrolysis process cases were extracted from the experimental
results reported in 37 different articles (additional details related to these articles are given
in the Appendix A section). The types of variables were classified under proximate analysis
of the biomass (moisture, volatile matter, fixed carbon, and ash contents), ultimate analysis
of the biomass (C, H, O, and N percentages) and operational variables (minimum and max-
imum particle sizes and pyrolysis temperature). Finally, biochar, bio-oil, and biogas yield
percentages were taken as target variables. The ranges of descriptor and target variables
are summarized in Table 1.

Table 1. Ranges of the descriptor and target variables.

Types of Variables Names of Variables Ranges of Variables

Proximate analysis

moisture (wt%) [0.400, 45.8]
volatile matter (wt%) [31.2, 97.6]
fixed carbon (wt%) [0.200, 58.2]

ash (wt%) [0.110, 42.6]

Ultimate analysis

C (wt%) [30.9, 88.7]
H (wt%) [3.39, 13.5]
O (wt%) [5.71, 56.4]
N (wt%) [0.0800, 22.1]

Operational variables
minimum particle diameter (mm) [0.000100, 5.00]
maximum particle diameter (mm) [0.00450, 10.0]

pyrolysis temperature (K) [466, 1273]
Target variables biochar yield (wt%) [4.59, 80.5]

bio-oil yield (wt%) [0, 66.1]
biogas yield (wt%) [0, 77.0]

3.2. Computational Details

In this study, three different machine learning methodologies under the Python pro-
gramming environment (version 3.9.13) were employed to address three distinct tasks
as shown through the framework in Figure 1. First, an explainable machine learning
approach, the SHAP (Shapley Additive exPlanations) method, which was developed by
Nobel Prize-winning economist Lloyd Shapley, was utilized to investigate the effects of
features on the target variable [31]. For this purpose, the XGBoost regressor model was
trained on the dataset, and SHAP bee-swarm plots were plotted to determine the most
impactful variables.

Next, decision tree classification models were built with SKLearn and visualized
with Graphviz library under Python to determine the pathways leading to high values
of the target variables. The median value of biofuel yields was established as the margin
between high and low yields (yields greater than the median correspond to high yields).
The criterion parameter in a decision tree classifier determines the function with which
the quality of a split is measured, and the Gini Index (also known as the Gini impurity)
was chosen for this purpose. The Gini Index measures the likelihood of misclassifying a
randomly selected sample. As a result, a lower Gini Index is preferred because it indicates
a lower likelihood of misclassification. When all of the data belongs to a single class, the
Gini Index is zero, indicating maximum purity and thus no possibility of misclassification.
Equation (1). shows the Gini Index formula, where n is the total number of classes and P is
the probability of a sample being classified as a certain class [32].

Gini Index = 1 −
n

∑
i=1

(Pi)
2 (1)
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Figure 1. The framework of the computational methods.

Before the construction of the decision trees, the dataset was split randomly into
training and test sets with an 80:20 ratio. The training set was used to construct the deci-
sion trees, and 5-fold cross-validation was employed during training for hyperparameter
tuning and pruning of the trees. The test set was kept separate until the end, and it was
used to determine the generalization accuracy of the tree over the data not seen before.
Classification reports show the main classification metrics for each class. These metrics and
their brief definitions are as follows:

• Precision is a metric showing what percent of samples were classified correctly.
• Recall is a parameter measuring the ability of a classifier model to identify all samples

of a certain class. It shows what percentage of samples belonging to a certain class
were classified correctly.

• The f1 score is the weighted harmonic mean of precision and recall. The maximum
value for an f1 score is 1, and the minimum is 0.

• Support is the actual number of samples belonging to a certain class in the
given dataset.

Finally, association rule mining models were built on the dataset to find the relation
between variables leading to very high yields of targets. Association rule mining can
work on categorical or binary type descriptors and target variables. Accordingly, first, the
descriptor variables were discretized into distinct ranges. Then, the target variables were
divided into quartiles, with the first quartile (the lower 25% of the samples) representing
very low yield and the fourth quartile (the upper 25% of the samples) representing very
high yield. The “apriori algorithm” with “association rules” was applied, and PyCaret
library under Python was used to visualize the results.

The primary outcomes of association rule mining are support, confidence, and lift [33,34].
Support is a metric that indicates the frequency or incidence of an item set in a dataset, while
confidence is a measure of how frequently a rule holds true in data. On the other hand, lift
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corresponds to the type of relation among variables and ranges between 0 and infinity. Lift
values are interpreted based on their distance from “1”, where a negative distance indicates
a negative relationship and a positive distance indicates a positive relationship, with higher
values having a greater impact.

4. Results and Discussion

As described in Section 3.2, three different machine learning approaches are employed.
First, the results of the SHAP analysis are shown, and the effects of descriptors on the
targets are discussed. Then, decision tree classification is applied to discover the variables
leading to high levels of the targets. Finally, to enhance the decision tree results even further,
association rule mining models are developed to identify the ranges of variables that are
associated with very high levels of yield.

4.1. SHAP Analysis

SHAP bee-swarm plots are created to determine the impact of descriptor variables on
biochar, bio-oil, and biogas yields separately. In a bee-swarm plot, the variables are ordered
from top to bottom by their mean absolute SHAP values. The mean absolute SHAP value
of a variable indicates the magnitude of the impact of that variable on the target (with
the same unit as the target). It should be noted that a higher mean absolute SHAP value
indicates a greater influence on the target. In addition, in bee-swarm plots, each dot in a
variable row represents a data entry and is colored according to the actual value of the
variable that corresponds to that entry. For instance, a dot appears with different shades of
red if the actual value is high, while dots appear with different shades of blue if the value
is low.

The SHAP analysis for biochar yield is shown in Figure 2, in which temperature is
located on the topmost row, meaning that it has the greatest impact on the biochar yield
compared to the other variables. The color of the dots on the temperature row implies
that higher biochar yields can be obtained at lower temperatures. This phenomenon was
also observed in previous studies; for instance, Selvarajoo and Oochit observed a decrease
in biochar yield with increasing temperature and stated that it was caused by the rapid
decomposition of lignocellulosic components at higher temperatures [35]. Figure 2 also
indicates that temperature is followed by volatile matter and ash content, and low volatile
matter and high ash content are favorable for higher levels of biochar production. The
inverse relationship between volatile matter content and biochar yield can be explained by
the loss of mass caused by the release of volatile matter during the pyrolysis process. Since
biomass with higher volatile matter content releases more volatile gases and therefore loses
more mass, the resulting biochar yield is less. On the other hand, the positive impact of
high ash content on biochar yield may be associated with secondary pyrolysis reactions.
These reactions produce biochar along with tar and gases and require ash to occur [36].

Next, for the SHAP bee-swarm plot created for bio-oil yield, the top three variables
are temperature, nitrogen content, and moisture content (Figure 3). Although temperature
is the most important variable, the relation between temperature and bio-oil yield is not
completely decisive. In other words, there are data entries with high temperatures and low
bio-oil yield or vice versa. Nevertheless, it still seems that most of the data entries with
high temperatures accumulate over a high bio-oil yield. In general, bio-oil yield increases
with increasing pyrolysis temperatures as weak chemical bonds in the biomass break down
at higher temperatures, as proven experimentally by Sakhiya et al. [37]. By contrast, both
nitrogen and moisture content appear to have an inverse relationship with bio-oil yield.
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Finally, temperature, minimum particle size, and moisture content are the most impact-
ful variables for biogas production using slow pyrolysis, as indicated by the SHAP analysis
for biogas yield (Figure 4). The analysis suggests that all these variables have a positive
relationship with biogas yields. The increase in biogas yield with increasing temperatures
may be associated with the conversion of cellulose, hemicellulose, and lignin into gases, as
speculated by Shafiq et al. [38] Also, there is an ideal particle size range that maximizes the
biogas yield, as minimum particle size has a positive relationship with biogas yields, while
maximum particle size has an inverse relationship with them.
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4.2. Decision Tree Classification

Before starting this part of the analysis, it should be noted that variables at each node of
a decision tree are determined depending on how purely they split the data. Since the root
node represents the entire dataset, the variable at the root node is the variable that splits the
entire data most purely. Hence, based on the model developed for biochar yield (Figure 5),
temperature is the variable that divides the entire dataset most precisely. Three pathways
leading to high biochar yield are observed on the decision tree. Among them, it is possible to
obtain high biochar yield with a pyrolysis temperature below 752.6 K for biomass including
less than 84.2% volatile matter with a very high accuracy (Gini Index = 0.188) and with a
good number of samples (95 samples). Lower pyrolysis temperature leading to high biochar
yield is an expected result considering the fact that heavy hydrocarbon components of the
biomass are decomposed into liquid and gas products at high temperatures, as discussed
elsewhere [27]. On the other hand, in the case of a pyrolysis temperature greater than
752.6 K, it is possible to have a high biochar yield if the carbon content of the biomass is less
than 43.7% (Gini Index = 0.320). However, if the carbon content of the biomass is higher than
43.7%, volatile matter should be less than 67.6%, and the pyrolysis temperature should be
kept between 752.6 K and 1023.2 K to lead to high biochar yield (Gini Index = 0.386).

The generalization ability of the tree is further checked on the test set, and a confusion
matrix is built to show the accuracy of classification (Table 2). The table shows that 33 out
of 40 pieces of data with low yield are correctly classified (a recall value of 0.83), while the
classification for high yield is even more successful, with 24 out of 25 correct classifications
(a recall value of 0.96). On the other hand, the precision values for low yield and high
yield are found to be 0.97 and 0.77, respectively. Finally, f1 scores (the harmonic average
of the recall and precision values) for low and high yields are found to be 0.89 and 0.86,
respectively, indicating a very high degree of generalization accuracy.
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Table 2. Confusion matrix of the decision tree model for biochar yield over the test set.

Experimental Data Predictions Classification
Accuracy (Recall)

Class Number of Data
(Support) Low High

low 40 33 7 33/40 = 0.83
high 25 1 24 24/25 = 0.96

precision 33/34 = 0.97 24/31 = 0.77
F1 score 0.89 0.86

The decision tree model developed for bio-oil yield begins with fixed carbon content as
the root node (Figure 6). Four pathways leading to high bio-oil yield can be observed on the
tree. First, if the fixed carbon content of the biomass is less than or equal to 12.0% and the H
content is greater than 5.3%, it is possible to reach a high bio-oil yield with a considerably
high accuracy (Gini Index = 0.158). On the other hand, if the fixed carbon content of the
biomass is greater than 12.0% and the nitrogen content is less than or equal to 0.21%, it is
also possible to reach a high bio-oil yield with even higher accuracy (Gini Index = 0.100).
In the case of fixed carbon greater than 12.0% and nitrogen content greater than 0.21%,
several other factors (like H wt.%, C wt.%, ash content, and temperature) play a role in the
determination of bio-oil yield, and the tree grows further down with these variables.
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As in the previous case, the generalization ability of the tree is further verified on
the test set. The confusion matrix (Table 3) shows that 17 out of 25 low-yield entries are
correctly classified (a recall value of 0.68), while 25 out of 32 high-yield entries are correctly
classified (a recall value of 0.78). Although the statistical accuracy of the bio-oil yield is
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slightly lower than that of the biochar yield, the results are still acceptable given that the
decision tree was never exposed to the test set during its construction.

Table 3. Confusion matrix of the decision tree model for bio-oil yield over the test set.

Experimental Data Predictions Classification
Accuracy (Recall)

Class Number of Data
(Support) Low High

low 25 17 8 17/25 = 0.68
high 32 7 25 25/32 = 0.78

precision 17/24 = 0.71 25/33 = 0.76
f1 score 0.69 0.77

Finally, the optimal decision tree structure for the biogas yield is shown in Figure 7.
This time, the tree starts with the maximum particle diameter as the root node. In the case
of the maximum particle diameter being greater than 6.5 mm, it is not possible to reach
a high biogas yield. On the other hand, if the maximum particle diameter is less than or
equal to 6.5 mm and the pyrolysis temperature is greater than 912 K, a high biogas yield can
be achieved with a very high accuracy (Gini Index = 0.054). When the pyrolysis temperature
is less than 912 K, there are two other paths leading to a high biogas yield, one of which
requires the H content of the biomass to be less than or equal to 5.8% and the minimum
particle diameter to be less than or equal to 0.15 mm (Gini Index = 0.136). On the other hand,
if the H content of the biomass is higher than 5.8%, fixed carbon content and minimum
particle diameter play a role in reaching a high biogas yield. However, this path cannot be
considered reliable, due to its low accuracy (Gini Index = 0.47). When the confusion matrix
of the biogas yield over the test set (Table 4) is examined, it is found that both low and high
yields are classified with very good accuracy, having f1 scores of 0.82 and 0.86, respectively.

Table 4. Confusion matrix of the decision tree model for biogas yield over the test set.

Experimental Data Predictions Classification
Accuracy (Recall)

Class Number of Data
(Support) Low High

low 27 21 6 21/27 = 0.78
high 30 3 27 27/30 = 0.90

precision 21/24 = 0.88 27/33 = 0.82
f1 score 0.82 0.86

4.3. Association Rule Mining

In this section of the work, the association rule mining technique is utilized to collect
and analyze the relationships between descriptor variables and target variables in order
to identify the patterns that can lead to very high and very low yields [34]. Accordingly,
nine descriptor variables are determined to be influential in achieving very high biochar
yield. The support, confidence, and lift values of those variables are summarized in Table 5
and plotted in Figure 8. As explained in the Section 3.2, variables having a lift value greater
than 1 indicate a positive correlation between a descriptor variable and the target variable
(i.e., increasing the value of the descriptor increases the value of the target), whereas a lift
value less than 1 indicates a negative correlation. In instances of a very high biochar yield, it
is observed that ash content is the variable with the highest lift (the highest positive impact),
as also reported by Venderbosch and Prins [30]. The rest of the variables having a positive
influence are moisture, N, H, fixed carbon contents, and maximum particle diameter. It
is also observed that C and O contents and minimum particle diameter affect the biochar
yield negatively.
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Likewise, the results of association rule mining for very high bio-oil yield are sum-
marized in Table 6 and plotted in Figure 9. It is observed that six descriptor variables are
influential in achieving very high bio-oil yield, among which maximum particle diameter
has the smallest lift, meaning that biomass with bigger particles does not turn into bio-oil
efficiently, as also discussed by Akhtar et al. [28]. On the other hand, volatile matter is
found to be the variable with the highest positive effect, followed by pyrolysis temperature,
in achieving a very high bio-oil yield, as also argued by Omar et al. [29]. It has also been
discovered that high O and H contents in biomass favor a very high bio-oil yield, while a
high C content in biomass has a negative effect on bio-oil yield.
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Table 5. Association rule mining parameters for biochar yield.

Support Confidence Lift

ash (wt%) 0.31 0.69 1.39
moisture (wt%) 0.28 0.61 1.22

N (wt%) 0.28 0.61 1.21
H (wt%) 0.30 0.58 1.16

fixed carbon (wt%) 0.30 0.57 1.14
maximum particle diameter (mm) 0.28 0.52 1.05

O (wt%) 0.20 0.48 0.96
minimum particle diameter (mm) 0.24 0.43 0.86

C (wt%) 0.23 0.41 0.83
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Table 6. Association rule mining parameters for bio-oil yield.

Support Confidence Lift

volatile matter (wt%) 0.34 0.59 1.18
temperature 0.22 0.55 1.11

O (wt%) 0.30 0.54 1.10
H (wt%) 0.21 0.54 1.08
C (wt%) 0.28 0.48 0.97

maximum particle diameter (mm) 0.21 0.43 0.88

Finally, Table 7 and Figure 10 present a summary of the results of association rule
mining for very high biogas yield. It is observed that the lift value of the pyrolysis tempera-
ture (1.57) is the greatest among the other descriptor variables. This means that increasing
the pyrolysis temperature results in a very high biogas yield, which is most likely due
to the cracking of the volatiles in the biomass at high temperatures, as also discussed by
Guedes et al. [25]. On the other hand, fixed carbon has the least lift (0.95), indicating a
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negative association with the biogas yield. Likewise, a high moisture content in the biomass
influences the biogas yield negatively.
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Table 7. Association rule mining parameters for biogas yield.

Support Confidence Lift

temperature (K) 0.29 0.77 1.57
minimum particle diameter (mm) 0.30 0.63 1.27

O (wt%) 0.24 0.57 1.15
C (wt%) 0.31 0.56 1.14

volatile matter (wt%) 0.27 0.53 1.07
maximum particle diameter (mm) 0.26 0.49 1.00

moisture (wt%) 0.21 0.48 0.97
fixed carbon (wt%) 0.25 0.47 0.95

5. Conclusions

In this work, a database with 324 data points was formed using the experimental
results from the slow pyrolysis process reported in 37 articles. Variables related to the
proximate and ultimate analysis of biomass as well as some operational variables were used
as the descriptors, together with three target variables (biochar, bio-oil, and biogas yields).
Three distinct machine learning methodologies were applied to extract useful information
from the database: SHAP analysis to find the importance of descriptors, decision tree
classification to find the combination of variables leading to high yields, and association
rule mining to identify the variables associated with very high levels of the yields.

The SHAP analysis revealed that pyrolysis temperature is the most significant variable
influencing biochar, bio-oil, and biogas yields. Among many findings of the decision tree
classification, it is of note that the most generalizable path for high biochar yield requires
the pyrolysis temperature to be lower than 752.6 K and the biomass to include less than
84.2% volatile matter. If the fixed carbon content of the biomass is less than or equal
to 12.0% and the hydrogen content is greater than 5.3%, it is possible to achieve a high
bio-oil yield with a high degree of accuracy. As an example of a path leading to high
biogas yield, the maximum particle diameter should be less than or equal to 6.5 mm, and
the pyrolysis temperature should be greater than 912 K. Finally, association rule mining
discovered associations between different levels of the descriptors and very high levels
of the yields. For instance, maximum particle diameter has the lowest lift for very high
bio-oil yield, suggesting that biomass with larger particles cannot be converted into bio-oil
efficiently. Finally, it is of note that machine learning techniques can aid in determining the
optimal conditions for the pyrolysis process to produce biochar, bio-oil, and biogas in a
more sustainable manner. The information provided by machine learning can subsequently
serve as a framework for the development of future projects.
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Appendix A

Table A1. Details related to the publications used to extract data.

Reference Paper Publication
Year

Number
of Data

Extracted
Biomass Type

Range of
Operating

Temperature (K)

Maximum
Biochar

Yield (wt%)

Maximum
Bio-Oil

Yield (wt%)

Maximum
Biogas

Yield (wt%)

Pütün et al. [39] 2002 8 soybean—cake 673–973 30.1 30.4 30.1
Şensöz and Can

[40] 2002 10 pine chips 573–823 29.0 30.9 23.6

Demirbas [41] 2004 39
olive husk,

corncob, tea
waste

466–1204 43.5 - -

Onay and Koçkar
[42] 2004 10 rapeseed 673–973 24.6 49.6 30.5

Pütün et al. [43] 2005 7 cotton stalk, 673–973 30.3 23.8 32.0

Demirbas [44] 2006 32

hazelnut,
walnut,
almond,

sunflower seed
shells

500–1200 44.4 39.5 77.0

Demiral and
Şensöz [45] 2006 13 hazelnut

bagasse 623–773 35.0 33.2 32.0

Şensöz et al. [46] 2006 8 olive bagasse 623–823 38.1 37.7 30.3

Asadullah et al.
[47] 2007 7

sugarcane
bagasse 573–873 77.0 66.1 17.8

Sánchez et al. [48] 2009 2 rape,
sunflower 823 36.0 34.0 41.0

Abnisa et al. [49] 2011 15 palm shell, 673–1073 34.8 46.0 47.5

Fu et al. [50] 2011 20

maize stalk,
rice straw,

cotton straw,
rice husk

873–1273 32.1 51.4 61.6

Duman et al. [51] 2011 8 cherry seed 573–873 40.0 30.6 21.7
Açıkalın et al. [52] 2012 5 pistachio shell, 623–923 30.6 52.8 29.7

Alper et al. [53] 2014 12
cornelian

cherry stones,
grape seeds

573–1073 53.9 47.3 34.8

Yorgun and Yıldız
[54] 2015 9

Paulownia
wood

(Paulownia
tomentosa)

623–873 31.5 29.5 29.0

Biswas et al. [55] 2017 16

corn cob,
wheat straw,

rice straw, rice
husk

573–723 43.3 47.3 39.8

Sakthivel and
Ramesh [56] 2017 3 calophyllum

inophyllum 723–823 38.3 47.5 22.6

Yang et al. [57] 2018 4 municipal
solid waste 723–1123 33.6 47.1 24.7

Mulimani and
Navindgi [58] 2018 10

de-oiled seed
cake of

madhuca indica
623–873 44.2 38.8 32.0

Patel et al. [59] 2019 3

biosolids from
a water

recycling
facility

773–1173 44.7 36.8 40.8

Sahoo et al. [60] 2020 21

rice straw,
wheat straw,

sugarcane
bagasse

623–923 39.7 52.6 37.7

Vieira et al. [61] 2020 3 rice husk 573–773 35.9 36.8 25.5

Setter et al. [62] 2020 3 coffee husk
briquettes 623–723 39.8 31.9 33.6

Setter et al. [63] 2020 3 sugarcane
bagasse 573–773 43.4 31.9 41.3

Sakhiya et al. [64] 2021 4 rice straw 573–873 57.9 39.5 26.0

del Pozo et al. [65] 2021 3 coffee
silverskin 553–773 80.5 15.7 22.4
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Table A1. Cont.

Reference Paper Publication
Year

Number
of Data

Extracted
Biomass Type

Range of
Operating

Temperature (K)

Maximum
Biochar

Yield (wt%)

Maximum
Bio-Oil

Yield (wt%)

Maximum
Biogas

Yield (wt%)

Maniscalco et al.
[66] 2021 3

low-density
polyethy-

lene/polypropylene
mixture

693–773 20.9 62.1 37.9

Lampropoulos et al.
[67] 2021 3 olive kernel 573–1073 59.8 41.2 33.8

Patra et al. [68] 2021 4 food waste 573–873 52.8 42.8 22.7

Selvarajoo et al.
[69] 2022 5

citrus peel
(lemon and

orange peels)
573–973 53.6 44.9 62.0

Kaur et al. [70] 2022 5 citronella
waste 573–773 34.1 37.7 36.8

Baghel et al. [71] 2022 4 prosopis juliflora 573–873 63.6 38.5 32.1
Mukhambet et al.

[72] 2022 3 flax straw
waste 673–873 43.2 40.4 39.9

Hosseinzaei et al.
[73] 2022 9

pistachio shell,
orange peel,

saffron petals
623–723 50.0 50.0 45.0

de Almeida et al.
[74] 2022 5

sugarcane
(bagasse,

straw), treated
biomass

723–923 36.8 50.3 28.5

Abdullah et al. [75] 2023 5 banana
pseudo-stem 673–873 42.7 45.3 27.3
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