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A B S T R A C T

Biomass pyrolysis is a complex process, quite challenging to model physically and Modern AI methods could 
improve its prediction and characterization. However, AI model construction requires high-quality datasets. 
Existing datasets in literature, usually only a few hundred records, are inadequate for robust AI applications.

A first goal of the study was to make best use of the currently available body of experimental data on fixed bed 
non-catalytic biomass pyrolysis by comprehensively compiling available data from nearly 160 sources into a new 
dataset of 1137 records. Each record was carefully standardized to overcome inconsistencies in terminology and 
lack of uniformity among different sources. This extended dataset (including biomass properties, pyrolysis 
operating conditions, and bioliquid yield), integrating previous ones, is intended to promote community-based 
data sharing. The compiled dataset was characterized by remarkable data sparsity, due to lack of complete
ness of the original data.

A second goal was benchmarking different regression and data imputation models to assess the predictive 
ability of ML applied to the collected dataset. The most accurate estimates were obtained by leveraging a subset 
of about 500 instances without missing values, resulting in a Mean Absolute Error (MAE) of 2.28. Application of 
ML to the entire dataset with imputed missing data yielded a less accurate estimate (MAE = 3.45), a feature that 
underlines the criticality of missing data imputation, and of the sparsity of the dataset.

A third and mostly relevant goal was the critical assessment of Explainable Artificial Intelligence (XAI) 
techniques that come into play when ML is aimed at evaluating the importance and directional trends of selected 
features. XAI tools, namely Partial Dependence Plots (PDP) and SHAP, have been applied to the dataset to assess 
their trustworthiness to support mechanistic inference of the importance and directional trends of key biomass 
properties and process operational parameters on pyrolysis yields. The result of this analysis is far from satis
factory. Significant discrepancies across studies, inconsistencies among different methods and somewhat erratic 
trends in PDP plots reflect the challenge in achieving consistent mechanistic insights from purely data-driven 
approaches, suggesting the adoption of physics-informed machine learning embodying physico-chemical re
lationships to improved Explainable AI.

1. Introduction

In recent years, the energy sector has become increasingly digital and 
it is clear that further digitalization will be a key feature of the energy 
transition. Artificial intelligence (AI) is recognized as a key enabler to 
help the acceleration of the global energy transition. According to IEA 
report, in the coming years, AI will be decisive and will radically 
transform global energy systems, making them more interconnected, 

reliable and sustainable [1].
The development of renewable sources will help us cope with the 

current energy problems in the coming decades. However, large-scale 
applications can lead to uncertainties that threaten the reliability and 
stability of energy systems; in fact, renewable energy is characterized by 
strong volatility, intermittence and randomness. Therefore, forecasting 
renewable energies is essential to mitigate related uncertainties. Among 
the various forecasting techniques, the data-driven ones are attractive 
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for their ability to shed light on hidden complex relationships among 
variables and for the ability to express them without using complex 
mathematics.

Artificial intelligence (AI) has recently triggered a paradigm shift in 
numerous sectors around the world. Machine Learning (ML), a branch of 
AI, is having a rapid spread in recent years, and represents a promising 
tool to manage some of uncertainties that characterize the renewable 
energy context. ML includes a set of techniques, mathematical models 
and algorithms able to extract information, identify patterns and predict 
potential outcomes of complex systems [2]. The use of ML techniques is 
being explored in the context of renewable energy for design, optimi
zation, management, distribution and policymaking [3]. However, the 
use of these techniques in the energy sector is still limited to specific 
sectors. The literature suggests that most of the artificial intelligence 
developments for forecast application in the field of renewables are 
concentrated on the prediction of solar or wind energy [4]. Therefore, 
the true potential still remains to be expressed.

Among different kinds of renewable energies, bioenergy, abundant 
and sustainable, has attracted considerable focus [5]. Thermochemical 
conversion, such as pyrolysis, a process transforming biomass into bio
fuels cost-effectively and efficiently, has gained traction [6–8]. In py
rolysis, the feedstock is heated under an inert or oxygen-starving 
environment to produce bio-oil, biochar, and non-condensable gas. If 
upgraded appropriately, bio-oil could be an alternative to fossil fuels and 
a convenient source of platform chemicals. The diversity of biomass 
resources and the varying pyrolysis conditions dictate bio-oil properties 
[9], and modelling this process using ML can allow the prediction of bio- 
oil properties that derive from different biomass waste and can also 
enable plant optimization.

Artificial neural networks have been used to support pyrolysis 
modelling in the reduction of detailed or semi-lumped kinetic models, 
achieving a computational cost reduction by four orders of magnitude 
compared to the direct solution of the model, while keeping substan
tially unchanged the prediction accuracy [10]. This approach enables 
the integration of detailed kinetic models into broader and more 
comprehensive simulations, which also account for transport phenom
ena, thereby facilitating the optimization of pyrolysis processes at an 
industrial scale. Applications of pyrolysis related to sewage sludge are 
also highlighted, as in [11], where machine learning is employed 
alongside experimental data gathered from thermogravimetric analysis 
(TGA) to optimize process parameters, thus improving the yield of the 
desired products. Additionally, studies such as [12] illustrate the use of 
machine learning, appropriately integrated with physics-based simula
tion in Aspen Plus, for modeling other thermochemical processes, such 
as gasification.

Most of the relevant literature [13–16] on the application of ML 
techniques to the quantitative assessment of biomass pyrolysis focuses 
on predicting product yields, primarily bio-oil, to a lesser extent bio- 
char, and less frequently bio-gas. A vast body of data refers to non- 
catalytic tests carried out in fixed bed pyrolyzers, the most diffused 
type, although an increasing number of observations refer to fluidized 
beds systems. Most of the tested biomass is of lignocellulosic nature. The 
input generally used for the prediction of the outputs are ultimate (UA) 
and proximate analysis (PA) coupled with pyrolysis conditions, such as 
pyrolysis temperature (PT), heating rate (HR) and average particle size 
of the biomass (PS). In a limited number of cases only, macro- 
components of biomass (Cellulose − Ce, Hemicellulose − He, and 
Lignin − Li) have been considered as input data, probably because 
quantitative assessment of biomass macro-components requires more 
demanding analysis than PA and UA. Many authors have employed 
classical ML techniques [17–21] for predicting bio-oil production, 
demonstrating its feasibility; however, some contrasting results have 
been observed. The analyses by different research groups regarding the 
significance of various inputs vary, especially concerning the relative 
importance of Proximate Analysis (PA) and Ultimate Analysis (UA).

This study aims at contributing to better application of ML tools to 

prediction and interpretation of biomass pyrolysis along three paths.
First, an extended dataset for fixed-bed pyrolysis of biomass is made 

publicly available after an extensive review of the scientific literature. 
The resulting dataset compiles 1137 records from 160 original sources. 
It is offered to the scientific community with the hope that future studies 
may benefit from a community-based approach to data sharing, so as to 
avoid having many small datasets scattered throughout literature. As 
also encouraged in [22], sharing quality data across diverse research 
communities is a prerequisite for practically implementing ML ap
proaches in the biorefinery sector. During the data collection phase, 
inconsistencies in the terminology were identified in the literature. 
Moreover, incomplete and sparse experimental dataset may jeopardize 
effective application of ML methods, even when tools for missing data 
imputation are used.

Second, benchmarking of alternative prediction and missing data 
imputation methods has been accomplished with the aim of assessing 
ML predictive ability. The criticality of data sparsity and of the closely 
associated missing data imputation methods is recognized highlighting 
the urgent need for more consistent practices and standardized ap
proaches in reporting experimental data.

Third, the potential of ML methods to support interpretative analysis 
of pyrolysis data, by characterization of the importance and directional 
trends of selected features, has been assessed. A critical comparison of 
studies based on application of Explainable AI methods to pyrolysis 
highlights discrepancies and inconsistencies that shed doubt, at present, 
on the trustworthiness of Explainable Artificial Intelligence (XAI) 
methods for interpretative purposes. Open challenges and research 
priorities related to AI applications in Pyrolysis are also presented and 
discussed.

2. Material and methods

As highlighted above, it was important to create a dataset in the field 
of biomass pyrolysis in order to unify the different datasets in the 
literature and boost the AI sector for bio-energy applications by creating 
a more comprehensive dataset. The following section presents the 
dataset and shows how the missing data was handled on the dataset and 
the establishment of a machine-learning benchmark on bio-liquid yield. 
Section 2.1 presents the dataset and proposes data collection guidelines 
to develop a common framework. Section 2.2 describes the missing data 
imputation frameworks, while Section 2.3 describes the models used for 
regression on the bio-liquid yield. Finally, Section 2.4 outlines the 
experimental setup.

2.1. Data collection

The dataset,1 named Pyris, used in this work was compiled from 
experimental data obtained from about 160 research articles available in 
literature regarding non-catalytic biomass pyrolysis in fixed bed re
actors, using nitrogen as sweep gas, for a total of 1137 observations. 
Specifically, the dataset was a combination of 4 different datasets 
already available in the literature from different research groups 
[19,21,23,24] and a further extension carried out by the authors. Any 
observation is labelled by type of the tested residual biomass; most of the 
biomasses present in the dataset belong to the Plantae kingdom (99.6 %) 
except for only 4 observations belonged to Bacteria and Chromista 
kingdoms. Table B.5 in the appendix shows a classification of the 
biomass for family from a taxonomy point of view, specifying the rela
tive abundance and the different biomass type. Lacustrine alga, Spir
ulina Sp. (Phormidiaceae family) and Nannochloropsis (Eustigmataceae 
family) are the only types of biomasses not belonging to plantae 
kingdom. Asteraceae, Betulaceae, Poaceae, Oleaceae, Brassicaceae, and 

1 The dataset is available to reviewers upon request and will be made public 
after acceptance.
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Fabaceae are the families mainly represented in the dataset (56.2 %) 
which include biomass type such as safflower seed, sunflower bagasse, 
hazelnut shells, olive residues etc.

For each observation 18 different features have been collected which 
can be classified in: 1. biomass properties; 2. pyrolysis conditions; and 3. 
pyrolysis performances. Biomass properties in turn can be categorized in 
Proximate analysis (Ash, Fixed Carbon and Volatile matter on dry 
basis),2 Ultimate analysis (Carbon − C, Hydrogen − H, Nitrogen − N, 
and Oxygen − O calculated by difference), and macro-components 
(cellulose − Ce, hemicellulose − He, and lignin − Li) typical of ligno- 
cellulosic biomass have been collected, all expressed as percentages on 
a mass basis.

Pyrolysis temperature (◦C) and Heating rate (◦C/min) have been 
considered for understanding the effect of pyrolysis conditions on pro
cess performance. Furthermore, the biomass particle size was classified 
as pyrolysis conditions rather than being considered as an intrinsic 
property of biomass. This choice was made since it has significant effects 
on the biomass heating rate and hence on the overall pyrolysis 
performance.

A separate discussion must be made for the Sweep gas flow rate. it is 
remarkable that some previous studies included this variable in their 
analysis. It is likely that the sweep gas flow rate affects bioliquids yield 
via its effect on concentration and residence time of pyrolytic vapours in 
the pyrolytic converter. To properly assess the influence of this variable, 
which is inherently extensive − i.e. dependent on the scale of the 
apparatus − the sweep gas flow rate should be scaled by reference to 
variables expressing the reactor size or capacity. This has not been done 
in previous studies, raising some concern as to the reliability of the 
predictions. The impact of the sweep gas flow rate was not considered in 
the present study as it was not possible to define a meaningful scaling 
parameter that could be applied to both continuous and discontinuous 
operation of pyrolytic converters. This point is worth of consideration in 
future studies.

The quantitative distinction between the organic phase and the 
aqueous phase requires a separation process, for example by extraction 
or centrifugation, which not all experimental campaigns carry out. 
Consequently, the authors decided to compile the dataset reporting the 
value of bio-liquid as pyrolysis yield, and where a distinction between 
the organic and aqueous phase is present, the authors combined the data 
to obtain the total bio-liquid. This choice allowed to have a higher 
number of observations available.

The bio-liquid yield, calculated as total condensed product (organic 
+ aqueous phases) and expressed as weight percentage respect to the 
initial mass of biomass, has been considered as main feature for the 
characterization of pyrolysis in a fixed bed reactor. Obviously, also other 
properties are crucial to understand the possible utilization and/or 
upgrading of the bio-liquid, such as organic phase compositions, pH, 
viscosity, pour point and flash point etc., however these latter are re
ported only very occasionally, and sometimes measured under different 
conditions. For these reasons, the hydrogen and oxygen content of the 
organic phase, although they have been collected and present in the 
dataset, they are not considered in this work.

With bio-liquid yield, the other output investigated in this work was 
the aqueous phase yield expressed as weight percentage of the aqueous 
phase respect to the initial biomass, albeit presenting a number of ob
servations approximately one third of that relating to bio-liquid (413 
observations). Table B.6 in the appendix shows a sample of the dataset 
described above. The relative abundance of the different features in the 
dataset is reported in the Tab.B.7 in the appendix.

Concerning the biomass properties, the Ultimate analysis is practi
cally always present with a few exceptions, the Proximate analysis 
shows an abundance of about 88 % on the total of observations, while 

macro-components have an average abundance of about 65 %. 
Conversely, the 4 features used for the characterization of the pyrolysis 
process the abundance is 100 %. The management of the missing data 
are discussed in the following paragraph. In the end, Table 1 and Fig. 1
report the statistical characteristics of the collected data, including 
mean, standard deviation, minimum and maximum values, quartiles, 
and correlations, which will be useful for the discussion of results and 
experimental setup. Finally, considering the intrinsic correlation that 
exists among some variables as they are calculated as a difference from 
the others (such as for example the data relating to the proximate and 
ultimate analysis), fixed carbon, oxygen and hemicellulose were pre
ventively excluded from the dataset used for the training.

2.2. Missing data imputation

The current study collected data from the literature, and various 
public datasets were integrated into a unified dataset. Unfortunately, 
due to incompleteness of several records, the compiled dataset resulted 
in a fairly sparse matrix. This matrix needed to be managed to construct 
a machine learning system to predict bio-liquid yield using biomass 
properties and operating conditions.

The missing data problem was addressed in addition to basic 
methods as imputing with mean by employing two distinct strategies: 
imputing with Generative Adversarial Networks [25] or using an itera
tive method in a round-robin fashion. GAIN approaches the missing data 
imputation problem by leveraging the Generative Adversarial Networks 
(GANs) framework [26]. The method utilizes two neural networks: the 
generator and the discriminator. The generator aims to impute missing 
values, while the discriminator attempts to distinguish between imputed 
and observed elements. These two networks are trained in an adversarial 
game where the generator learns to produce increasingly plausible data 
to fool the discriminator, and the discriminator becomes better at 
detecting imputations. The trained generator is used to fill in missing 
values. The iterative method in a round-robin fashion, as explained in 
the scikit-learn iterative-imputer doc,3is a framework inspired on [27], 
that is described in the following. The term’round-robin’ describes a 
situation where resources are allocated in an equal, cyclic manner; in 
this case, each variable is addressed in turn, with the missing values 
being filled using the remaining variables as predictors.

Each missing value was initially provisionally populated using basic 
estimates such as the variable’s mean, median, or mode. Subsequently, a 
variable with missing values (for this explanation, this will be referred to 
as Variable A) was selected, and its preliminarily filled values were 
treated as missing once again. The other variables were then used to 
predict the missing values for Variable A, including those that initially 
had missing values but were replaced with estimates in the first step. 
This process is repeated for all variables until the convergence criteria 
are met. In this study, this step involved the use of two imputation 
models using the imputation strategy described above: Random Forest 
[28] (also known as MissForest when used to impute missing data) and K- 
Nearest Neighbors (KNN) [29]. Random Forest is also used for the 
regression task, which will be better described in the subsequent section; 
the K-Nearest Neighbors (KNN) algorithm was used only in the data 
imputation framework to impute missing values, and it is based on the 
mean of the nearest K points.

2.3. Regression models

Among the regression models used to establish a benchmark on bio- 
liquid yield are XGBoost (XGB), Multilayer Perceptron (MLP), Support 
Vector Regressor (SVR), and Mixture of Experts (MoE), and a concise 
overview is provided. Random forests (RF) offer an enhancement over 
bagged trees by introducing a minor modification that reduces the 

2 All the pyrolysis tests in the dataset were carried out on previously dried 
biomass. 3 https://scikit-learn.org/stable/modules/impute.html#iterative-imputer.
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correlation among the trees. Bagging is the foundation for random for
ests, an ensemble technique where models are trained on various data
sets created through bootstrapping (re-sampling with replacement) and 
aggregated. In Random Forest, each time a split in a tree is deliberated, a 
random selection of m predictors is drawn from the entire pool of p 
predictors to serve as split candidates. Typically, m is chosen to be 
approximately the square root of p [30]. While Support Vector Machines 
are traditionally recognized for classification, they can be effectively 
adjusted to handle regression tasks and, in this case, are referred to as 

Support Vector Regressor (SVR). Part of the method involves an ‘epsilon- 
insensitive’ error measure. The error measure dismisses errors below a 
certain threshold, called epsilon. This characteristic means that only 
errors of significant size are considered when adjusting the model. Such 
an approach can be visualized by imagining a region around a line 
where any data point inside the area is not considered an error [31]. In 
SVR, two key hyperparameters are crucial: epsilon, which defines the 
error insensitivity threshold, and a regularization parameter that bal
ances model fit and complexity to prevent overfitting. Boosting is a 

Table 1 
Mean, Standard Deviation, min and max values and quartiles of the collected data.

Mean Minimum value first quartile second quartile 
(median)

third quartile Maximum value Standard deviation

Ash(wt%) 5.60 0.11 2.33 5.68 7.29 40.08 3.82
FixedCarbon(wt%) 15.86 0.11 11.98 14.88 17.11 78.55 8.04
Volatiles(wt%) 78.54 10.86 75.79 78.85 83.00 95.98 9.36
C(wt%) 49.21 19.49 44.82 48.50 52.70 79.77 6.51
H(wt%) 6.50 2.41 5.89 6.23 6.74 10.59 1.14
O(wt%) 40.78 10.49 34.53 41.63 48.03 54.12 8.42
N(wt%) 2.89 0.17 0.87 1.87 4.40 22.50 2.66
Cellulose(wt%) 34.45 5.75 27.20 32.49 43.00 60.62 11.47
Hemicellulose(wt%) 27.81 3.40 19.40 25.52 36.55 51.34 10.82
Lignin(wt%) 22.80 0.80 15.00 26.11 30.10 50.40 11.18
T(◦C) 513.70 300.00 450.00 500.00 550.00 900.00 89.64
HeatingRate(◦C/min) 66.60 5.00 7.00 20.00 50.00 800.00 116.10
ParticleSize(mm) 0.80 0.10 0.45 0.64 1.00 10.00 0.58
FlowRate-Nitrogen (ml/min) 117.95 0.00 0.00 100.00 100.00 2000.00 216.35
Bio Liquid yield (wt%) 40.63 11.00 33.40 40.75 47.83 80.70 9.88
O-Biooil (wt%) 25.29 8.50 19.65 25.21 29.35 49.28 8.01
H-biooil (wt%) 8.37 1.85 7.30 8.24 9.03 12.10 1.49
Aqueous phase (wt%) 17.11 3.89 11.60 14.44 23.02 40.01 7.37

Fig. 1. Correlation matrix of the data collected.
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robust machine-learning framework primarily used in supervised 
learning. It functions by aggregating multiple weak predictors to form a 
strong predictor. These weak predictors are typically decision trees. The 
algorithm learns iteratively from the mistakes of the previous predictors 
and adjusts the predictions based on these errors. The process continues 
for a predefined number of iterations. The final model is the weighted 
sum of all the predictors [30,32]. The perceptron model represents the 
foundational structure in neural networks. At its simplest, it consists of 
an input layer that elaborates and spreads the input information to an 
output layer. However, the multilayer perceptron (MLP) becomes 
essential for more complex applications. Multilayer neural networks are 
constructed with several sub-layers, where each node in one layer is 
connected with every node in the subsequent layer. Instead of relying 
solely on linear functions, MLP can utilize diverse functions like the 
sigmoid, hyperbolic tangents or relu in its hidden layers. The training of 
MLP employs backpropagation. This method processes inputs in the 
forward phase to produce a predicted output and then compares it to the 
actual label. In the backward step, errors from this comparison lead to 
weight adjustments, enhancing the neural’s training [33].

The Mixture of Experts (MoE) model [34] in machine learning is an 
ensemble approach where multiple specialized models, or’experts,’ 
tackle different parts of a complex problem. A key component is the 
gating network, which determines which expert handles which data 
instance based on its characteristics. This approach allows each expert to 
focus on a specific subset of the task. MoE models are beneficial in 
natural language processing, where they can adaptively address various 
aspects of language but can also be applied to tabular data.

2.4. Experimental setup

To establish model benchmarks on the regression of bio-liquid yield 
on the novel dataset introduced, the experiments were conducted in 
both scenarios of the original dataset with imputed missing values and 
with a subsample of all rows without missing values, resulting in 
approximately 500 instances, to highlight the performance differences 
with or without the noise induced by data missingness.

From the original dataset, three imputed dataset versions were pro
duced; the imputation was performed with GAIN, MissForest and KNN. 
Iterative Imputer from scikit-learn was used to implement data impu
tation with MissForest and KNN, while PyTorch was used to implement 
GAIN. XGBoost, Random Forest, Support Vector Regressor, Multilayer 
Perceptron, and a Mixture of Experts were utilized to achieve bio-liquid 
yield regression on the imputed data and were implemented respectively 
using the libraries xgboost for XGB, scikit-learn for RF, SVR, and MLP 
and PyTorch for MoE. Variables with a Pearson correlation coefficient 
less than 0.3 in absolute value were considered to have negligible cor
relations [35]. Choosing non correlated features is necessary for a proper 
interpretability analysis conducted in the below sections. The selection 
of variables was made considering the correlation matrix of the dataset 
without missing to make a robust choice concerning the problem of 
missing values.

The experimental setup was designed to evaluate the performance of 
different machine learning models on the dataset using 10-fold cross- 
validation (CV). The test set was not utilized during the hyper
parameter optimization process in each CV step to avoid data leakage. It 
was only used once to estimate the model’s generalization error.

Hyperparameters for each machine learning model were optimized 
using genetic algorithms to ensure optimal performance; unlike [24], 
genetic algorithms were used to optimize hyperparameters and not for 
feature selection. The hyperparameters optimized for each model were 
as follows: 

• Xgboost: depth, learning rate, and the number of trees.
• Random forest: depth and number of trees.
• Support vector regressor: epsilon and regularization parameter.

• Multilayer perceptron: number of layers, number of neurons per 
layer, learning rate, and epochs.

• Mixture of Experts: number of layers, number of neurons per layer, 
learning rate, epochs and number of experts.

The search for genetic algorithms was constructed to maximize a 
fitness function, equal to minus the mean absolute error among pre
dicted and actual values, calculated for each cross-validation iteration 
on the validation set, obtained in each cross-validation step by further 
dividing the training into training and validation with an 80–20 ratio. 
The genetic algorithm was implemented using the “Con
tinuousGenAlgSolver” class from the general library. The parameters 
used for the genetic algorithm were set equal to the default ones for 
mutation rate, selection rate, and selection strategy. Meanwhile, the 
population size was 25 instead of 10 (default) for a broader spectrum of 
possible hyperparameters. The maximum generations were set to 10 
instead of 200 both to avoid overfitting on the validation set and 
because, after ten generations, the research procedure started to 
converge; the number of genes was set equal to the number of hyper
parameters to optimize. The learning rate and regularization parameters 
were initialized on a logarithmic scale base 10. The code can be accessed 
at the following link4.

3. Results and discussion

As explained, it was crucial to gather various datasets found in the 
literature, resolve discrepancies, consolidate them into a single dataset 
with additional instances, and share it with the ambition of fostering a 
community-based approach among researchers who may be interested 
in implementing the dataset by sharing additional data. Section 3.1 of
fers a comprehensive dataset benchmark, elucidating each model’s 
performance metrics for predicting bio-liquid yield. Section 3.2 dis
cusses the significance of the features and elucidates the trends of bio- 
liquid yield as a function of these individual variables. Section 3.3 dis
cusses some critical aspects of AI applications in Pyrolysis and the open 
challenges defined on the shared dataset to encourage the development 
of machine and deep learning algorithms tailored for the Pyrolysis 
domain.

3.1. Model benchmarks

Comparisons were made among XGB, MLP, MoE, RF, and SVR on the 
original data where missing values were filled with various missing-data 
imputation frameworks and with a reduced dataset with only instances 
without missing values, resulting in a dataset of about 500 samples. The 
study was conducted on these two scenarios to understand how missing 
values impact the models’ performance and the downstream interpre
tative analysis. It was observed that XGB model, with GAIN as a missing 
data imputation framework, emerged as the most proficient for esti
mating bio-liquid yield, as displayed in Table 2 in the context of the 
original dataset. XGB performed better with the reduced dataset, as 
shown in Table 3.

In Tables 2 and 3 are shown as best performances, a mean squared 
error, root mean squared error, mean absolute error and r-squared 
respectively of 32.17 ± 4.21, 5.66 ± 0.38, 3.45 ± 0.34 and 0.66 ± 0.04 
for the bio-liquid yield for the original dataset and 17.80 ± 11.54, 4.21 
± 1.21, 2.28 ± 0.58 and 0.80 ± 0.12 for the bio-liquid yield for the 
reduced dataset.

Fig. 2 reports the parity plots of predicted values of the bio-liquid 
yield versus actual observed values in these two scenarios; in both 
cases the regression model employed was XGB. It should be noted that in 
this context of tabular data with about one thousand samples, although 
not in a proper Big Data context, the most successful methodologies have 

4 https://github.com/priamus-lab/PYRIS.
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not been those involving the use of deep models, such as the use of 
Mixture of Experts as a predictive model, which could require even 
hundreds of thousands of instances in a dataset to achieve optimum 
performance.

As can be seen from Tables 2 and 3, the performance metrics in the 
case of the experiments on the reduced dataset without missing values 
improve, and this is linked to the fact that noise in the data is reduced; in 
particular, this aspect will be emphasised even more in the interpret
ability analysis, as shown in the following section, highlighting the fact 

that more robust handling of missing data to reduce noise in the dataset 
becomes a critical task.

Results indicate that a system based on machine learning can reliably 
estimate the bio-liquid yields produced by fixed-bed pyrolysis, with 
fairly good performance metrics even in such a context of a large and 
heterogeneous dataset, helping to deal with the inherent uncertainties 
present in the process, due to variable properties of the biomasses and 
different operating conditions.

Table 2 
bio-liquid yield benchmark on the original dataset.

imputation 
model

prediction 
model

Mean 
squared 
error

Root 
mean 
squared 
error

Mean 
absolute 
error

R2

GAIN MoE 170.83 ±
17.54

13.07 ±
0.65

11.54 ±
0.68

0.00 
±

0.27
XGB 32.17 ±

4.21
5.66 ±
0.38

3.66 ±
0.33

0.66 
±

0.04
RF 33.82 ±

4.57
5.80 ±
0.39

3.97 ±
0.25

0.65 
±

0.05
SVR 53.50 ±

12.32
7.26 ±
0.88

4.45 ±
0.43

0.45 
±

0.10
MLP 51.20 ±

8.19
7.13 ±
0.57

5.10 ±
0.50

0.47 
±

0.06
Miss Forest MoE 172.49 ±

31.37
13.13 ±
1.15

10.56 ±
0.91

0.00 
±

0.32
XGB 43.81 ±

10.67
6.57 ±
0.83

3.45 ±
0.34

0.54 
±

0.10
RF 34.22 ±

5.77
5.83 ±
0.50

3.73 ±
0.36

0.64 
±

0.06
SVR 68.03 ±

8.88
8.23 ±
0.54

5.06 ±
0.39

0.29 
±

0.09
MLP 56.16 ±

6.06
7.48 ±
0.40

5.33 ±
0.28

0.41 
±

0.07
KNN MoE 164.87 ±

20.52
12.84 ±
0.78

10.36 ±
0.79

0.00 
±

0.35
XGB 54.94 ±

9.51
7.39 ±
0.63

3.75 ±
0.35

0.42 
±

0.12
RF 40.88 ±

5.04
6.38 ±
0.39

4.05 ±
0.35

0.57 
±

0.06
SVR 71.28 ±

7.22
8.43 ±
0.43

5.21 ±
0.20

0.25 
±

0.14
MLP 64.28 ±

6.23
8.00 ±
0.39

5.82 ±
0.30

0.32 
±

0.10
Mean MoE 167.12 ±

20.74
12.92 ±
0.79

10.53 ±
0.85

0.00 
±

0.32
XGB 40.78 ±

9.11
6.34 ±
0.71

3.58 ±
0.33

0.57 
±

0.09
RF 34.30 ±

5.60
5.84 ±
0.47

3.71 ±
0.37

0.64 
±

0.06
SVR 60.10 ±

9.36
7.73 ±
0.59

4.76 ±
0.44

0.37 
±

0.09
MLP 56.65 ±

16.80
7.46 ±
1.02

5.22 ±
0.46

0.39 
±

0.21

Table 3 
bio-liquid yield benchmark on the reduced dataset without missing data.

model mean squared 
error

root mean squared 
error

mean absolute 
error

R2

MoE 169.93 ± 40.14 13.03 ± 1.46 10.63 ± 1.61 0.00 ±
0.41

XGB 17.80 ± 11.54 4.21 ± 1.21 2.28 ± 0.58 0.80 ±
0.12

MLP 47.49 ± 13.64 6.82 ± 0.97 5.01 ± 0.88 0.48 ±
0.14

SVR 44.33 ± 17.83 6.50 ± 1.42 3.86 ± 0.76 0.52 ±
0.17

RF 23.10 ± 14.09 4.61 ± 1.34 3.07 ± 0.64 0.75 ±
0.15

Fig. 2. Predicted versus observed bio-liquid yield. Top) reduced dataset 
without missing data (468 records); Bottom) original dataset (1137 records).
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3.2. Effect of input variables on bio-liquid yield, using Explainable 
Artificial intelligence (XAI)

Further to the development of a system capable of predicting bio- 
liquid yields from waste biomass, it would be desirable to open up 
these black-box systems to understand how the system produces outputs 
as a function of inputs, giving more reliability to the predictive system 
by showing whether its outcomes are compatible with domain knowl
edge by leveraging methods from Explainable Artificial Intelligence 
(XAI). Partial Dependence Plots (PDP) are the most recurrently used 
interpretability methods in scientific literature [21,36–38] on machine 
learning applications to pyrolysis. If features of a machine learning 
model are correlated, the partial dependence plot cannot be trusted. The 
computation of a partial dependence plot for a feature strongly corre
lated with other features involves averaging predictions of artificial data 
instances that are unlikely in reality with the possibility to bias the 
estimated feature effect [39]. Accordingly, the set of variables chosen 
between proximate, ultimate, macro-components and operating condi
tions is such that the correlations between the variables are negligible, 
that is below the threshold of 0.3 in absolute values [35]. Ash, H/Ceff,5

Cellulose, Lignin, Temperature, HeatingRate, ParticleSize were selected 
for this analysis. The PDP plots for the different features that predict the 
bio-liquid yield are reported in Fig. 3. The dataset used for the inter
pretative analysis is the reduced version without missing values, 
resulting in approximately 500 samples, both because, on this dataset, 
the metric performances of prediction were better as shown in Table 2 
and 3 and because, as Fig. A.6 in the appendix also shows, the PDP 
produced on the full dataset imputed with GAIN sometimes produced 
results that differed from the domain knowledge, due to the noise 
introduced by the presence of missing data. The discussion of the PDP 
plots in Fig. 3 is reported in the section below in a schematic manner and 
individually for each input variable, making specific reference to the 
behaviour shown in the range between fifth and ninety-fifth percentiles 
(see Table 1). The reference percentile values are reported in brackets 
next to each variable for convenience. The results obtained in this study 
are compared with similar findings from other research groups, as 
summarized in Table 4, and appropriately discussed according to the 
pyrolysis mechanism.

The MAE calculated with ten-fold cross-validation was assumed as 
reference error, equal to about 2 % of the bio-liquid yield. Below this 
threshold, any variation in the trend is considered insignificant because 
it is below the inherent model‘s noise.

Feature importance was reproduced using XGBoost and SHAP 
(SHapley Additive exPlanations) [41], as illustrated in Fig. 4. The 
feature importance for XGBoost was derived using the XGBoost library 
in Python, utilizing the’importance type’ parameter set to’weight’, 
which counts the number of times features appear across the trees. On 
the other hand, SHAP provides a more robust approach to feature 
importance assessment [42]. It relies on the Shapley values from game 
theory, ensuring a fair distribution of importance across features. A 
critical mathematical property that sets SHAP apart is its consistency. If 
a model changes in a way that makes a feature more critical, the SHAP 
value for that feature will not decrease [43]. This property makes SHAP 
reliable for feature importance analysis compared to traditional 
methods like those used by XGBoost. The SHAP values were generated 
using the SHAP library. Table 4 suggests that many studies addressing 
machine learning applied to biomass pyrolysis utilized the importance 
of the Random Forest feature to determine the significance of variables. 
However, in the light of the consistency property explained in [43], and 
considering the contradictions that emerge when comparing Random 
Forest with SHAP, see Fig. 4, together with the consideration that SHAP 

is a more robust theoretical framework [43], it may be advisable to 
adopt SHAP feature importance. The use of non-robust interpretability 
methods, as well as the use of small datasets, could explain the recurrent 
discrepancies in establishing the importance of features, as shown in 
Table 4.

3.2.1. Biomass properties
Ash: The PDP plot reveals a negative effect on bio-liquid yield with 

increasing ash content in the biomass. This was also observed by others 
[20,44], and is consistent with the role of ash as catalyst promoting 
secondary cracking of pyrolysis vapors reducing liquid yield as well as 
liquid quality [45]. A slightly positive effect may be observed for ash 
content lower than 6 %, although variations are within a 2 % error 
range. A similar trend has also been identified by other research groups 
[19,24]. Fig. 4 shows that the effect of ash on the bio-liquid yield is 
important for both methods. This agrees with the results of some authors 
[19,20,44] and disagrees with others [21,38,46]. H/Ceff: As documented 
in the literature [47–50], the increase in this parameter appears to have 
a positive effect on the production of bio-liquids, conversely limiting the 
production of coke. The PDP graph confirms that the trained model is 
able to predict this behavior, with the exception of a first point which 
however falls within the error of the model. The importance of this 
parameter is also confirmed by the analysis of the future importance 
with both the XGboost and SHAP methods (see Fig. 4). Direct compar
ison of this feature with other authors is not possible because the H and C 
values are generally used separately for training. Carbon appears to have 
a low impact for some research groups [19,20,46], while for others it has 
a medium–high impact [21,24,38,44]. Similarly, for hydrogen, different 
relevance is found by the different research groups.

Cellulose and Lignin: These two features have a negative effect on the 
production of bio-liquid, with a greater impact of cellulose. The fate of 
cellulose and lignin during pyrolysis results from the competition be
tween primary decomposition reactions, leading to bio-liquid, and sec
ondary polymerization of vapors, leading to biochar formation, where a 
crucial role is played by the reaction conditions [51,52]. The negative 
effect in this case could be explained in the light of the prevailingly slow 
pyrolysis conditions typical of fixed beds, and by the accumulation of 
biochar [53,54] with fairly small H/Ceff ratio [55] that may favour the 
production of further bio-char at the expense of bio-liquid.

3.2.2. Pyrolysis conditions
Temperature, T: The effect of temperature on the yield of pyrolysis 

products is among the most studied in the literature, with observations 
typically converging toward an indication of 500–550 ◦C as the tem
perature range within which bio-liquid yield is maximized. The PDP 
graph is fully consistent with this observation. The SHAP method ranks 
the importance of temperature at a medium level, while XGboost sug
gests it to play a more important role.

Heating rate: Like T, the heating rate is considered one of the key 
operational variables, much like a “knob” to switch from slow to fast 
pyrolysis, which involves a greater yield of bio-liquid as its value in
creases. This is consistent with indications of the model reported in the 
PDP graph. The SHAP method indicates that the heating rate is of me
dium importance, whereas XGBoost ranks it among the least influential 
variables. A certain spread in the importance of this variable is reflected 
also by previous studies, that attribute high importance [20,21,46], 
moderate importance [19,38] with only a few attributing low impor
tance to this parameter [44].

Particle size: According to the SHAP method, this variable has a low 
impact, with its variability well within the range of the error of the 
prediction model. The effect of particle size reported by other research 
groups is rather erratic, with some studies indicating a non-monotonic 
trend [19–21,24].

5 hydrogen/carbon effective ratio: the choice to use this variable depends on 
the fact that it appears to play an important role in converting biomass to liquid 
fuels efficient [40].
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Fig. 3. Partial dependency plots (PDP) for bio-liquid yield developed on the reduced dataset without missing data with respect to biomass properties and operating 
conditions. The solid line is only a guide-to-eye.
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3.3. Critical discussion on application of AI to pyrolysis data

There is considerable effort to integrate AI into scientific research. AI 
can be a powerful tool for generating predictions in scientific and 

engineering fields. However, caution must be exercised to avoid using it 
naively, as uncontrolled application of AI in the fields of natural and 
engineering science can raise several threats [56]. There is evidence of 
considerable over-optimism in scientific claims based on machine 

Table 4 
Comparison of feature importance and effects on bio-liquid yield across studies. Feature importance is shown as [position]/[total variables] (e.g., 3/8 is third of 8). 
Effects on yield: Negative (↘), Positive (↗), non-monotonic trend with a minimum (↘↗), with a maximum (↗↘), Not reported (NR). Symbols: + analysis based on H/ 
C ratio; * distinguishes slow and fast pyrolysis; U for ultimate analysis; P for proximate analysis; ** indicates analysis on reduced dataset without missing values; *** 
analysis based on H/Ceff. ratio. SHAP, RF F.I., and PDP refer to feature importance methods: SHAP values, Random Forest importance, and Partial Dependence Plots.

Numberof observations Ash Cellulose Lignin Hydrogen T Heating 
rate

Particle Size Flow rate 
nitrogen

XAI

This 
work

468 (reduced)** 1137 
(original)

3/7 
↘

1/7 
↘

6/7 
↘

2/7*** 
↗

5/7 
↗↘

4/7 
↗

7/7Fluctuations in error 
margins

NR SHAPPDP

[46] 122 5/8 2/8 
↗

7/8 NR 1/8 
↗↘

NR 8/8 6/8 
↗

RFF.I. 
PDP

[21] 282 NR NR NR 1/7 
↘↗

7/7 
↗↘

2/7 
↗

3/7 
↘↗

NR RFF.I. 
PDP

[20] 292 3/6 
↘

NR NR NR 6/6 
↗↘

1/6 
↗

4/6 
↘↗

5/6 
↗

SHAPPDP

[44]* 217 3/ 
13 
↘

NR NR 7/13 + 2/ 
13 
↗↘

NR NR NR SHAPPDP

[38] 322 NR NR NR NR 1/8 
↗↘

3/8 
↗↘

NR NR PDP

[24] U 263 NR NR NR ↘↗ ↗↘ ↗ ↗ ↗ PDP
[24] P 263 ↗↘ NR NR ↘↗ ↗↘ ↗ ↗ ↗ PDP
[19] 264 3/7 

↗
NR NR NR 7/7 4/7 

↗
5/7 
↘↗

6/7 
↗↘

RFF.I. 
PDP

Fig. 4. Comparison of variable importance methods: the importance of variables for predicting bio-liquid yield is obtained with XGB; feature importance is computed 
using SHAP. This comparison highlights the contradictions between two methods of XAI, emphasizing the robustness of SHAP.
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learning model performance [57], likely due to a poor understanding of 
the limits of machine prediction in fields outside computer science. Hog 
and Villars [58] express the warning that, from an epistemological 
perspective, AI is judged to be performant solely based on its metrics on 
the data. At the same time, in the fundamental sciences, a model is 
considered good not only if it agrees with the experimental data, but also 
if its formal structure is sound and if it may be well integrated with other 
theories. They recognize that machine learning has developed signifi
cantly within industrial and commercial contexts where “forecasting” is 
prioritized over “understanding”, and emphasize that a crucial effort in 
machine learning for natural and engineering sciences should regard 
making it more “physically aware” to enhance its reliability. It has been 
argued [59] that the acceptance of AI models in the context of process 
engineering is contingent upon their alignment with domain knowledge. 
When restricting these general warnings to the case at hand, namely 
pyrolysis of biomass, results in sections 3.2 indicate that the use of 
commonly available Explainable AI methods does not bring new and 
significant insights for biomass pyrolysis, at least at their present stage of 
development. Introducing more “Physics-Awareness” in the AI pipeline 
might improve data interpretability by XAI. No step has been made so 
far, in this as well as in previous studies [17,19–21,24,38,44] along this 
track. This will certainly be a priority in future studies.

Moreover, critical issues were found in the present study during data 
collection, due to lack of uniformity and/or standardization. The very 
liquid product of pyrolysis lacks an unambiguous definition, as terms 
like bio-oil and bio-liquid are often used indiscriminately. In some 
studies, bio-oil and bio-liquid are used interchangeably to denote the 
whole stream of condensable products issuing from the pyrolyzer. In 
other cases, bio-oil refers to the hydrophobic organic phase, whereas 
bio-liquid refers to all the condensable matter, which embodies also the 
aqueous fraction consisting of water (initial moisture plus pyrolysis 
water) and the hydrophylic water-miscible fraction of the organic 
compounds. In compiling the data, the authors followed the latter 
definition, by assuming bio-liquids as the total condensed products and 
bio-oil as the hydrophobic water-immiscible fraction of the bio-liquid. 
Retrieval of data from the open literature is also frequently hampered 
by the circumstance that data are presented exclusively in graphic rather 
than tabulated form, which makes their reading not immediate (indeed 
in many cases specific software was used to the extraction of graphic 
data). More generally, lack of homogeneity in the data entails an 
intrinsic difficulty in collecting them, impacting both on the quality of 
the final dataset which may be affected by errors, and on the difficulty of 
implementing systems for automatic data collection. Data collected from 
various laboratories might not uniformly report all measurements, 
especially regarding biomass properties, hence, the dataset exhibits 
some sparsity. The problem of handling missing data, as demonstrated in 
this study, is particularly crucial because the noise introduced by the 
presence of data sparsity not only deteriorates the performance of the 
models but also jeopardizes the interpretability analysis. Therefore, 
considering that in AI literature, when sharing datasets with the scien
tific community, the related tasks are also defined [60], the open chal
lenges related to this dataset are better discussed here. In the light of the 
above arguments, it would be highly advisable, therefore, to have some 
sort of agreement of the biomass pyrolysis scientific community, as in 
other areas, in terms of common definitions and usability of data, so as to 
encourage the growth of a common dataset instead of many small in
dependent ones. This is also one of the objectives of this work with the 
sharing of the PYRIS dataset.

No doubt, the most challenging goal is pursuing AI beyond fore
casting purposes as a tool to clarify relationships among variables and to 
support mechanistic inference. This goal is very ambitious and, as 
already discussed, still problematic. Directional trends in one-way par
tial dependence between variables and scoring of the importance of 
parameters vary significantly from study to study. One of the main 
reasons is the use of small and scattered datasets, a limitation that we 
tried to overcome by sharing with the community a more extended 

dataset encompassing various datasets present in the literature. More
over, it must be considered that purely data-driven approaches can 
produce physically inconsistent solutions [61]. Table 4 demonstrates 
how different machine learning solutions have proposed trends of bio- 
liquid yields relative to input variables in a inconsistent manner. This 
risk must be emphasized and calls for additional research and devel
opment of novel algorithms to produce physically informed solutions. 
This is being done in the context of AI applications for biomass gasifi
cation, where a physics-informed neural network method (PINN) has 
been developed to predict biomass gasification products by embodying 
physical constraints in the loss function, providing physically feasible 
predictions in [62,63].

4. Conclusions

The application of machine learning to the prediction of yield and 
quality of products from biomass pyrolysis has been recently demon
strated. However, issues have arisen due to the lack of a large reference 
dataset, with only many small datasets scattered throughout the litera
ture. Moreover, various studies show discrepancies regarding the 
different trends that models reproduce regarding bio-liquid yield rela
tive to biomass properties and process operational conditions. The 
present study tries to overcome the shortcomings of using small datasets 
by reporting an extended dataset of 1137 independent records based on 
experiments of non-catalytic fixed bed pyrolysis of biomass (mostly of 
lignocellulosic nature). The dataset includes the properties of the 
biomass (proximate and ultimate analysis), pyrolysis conditions (py
rolysis temperature, heating rate, particle size), and yield of the bio
liquid (assumed as the sum of the organic and aqueous phase). The 
dataset, the largest of its kind, embodying previously published ones, is 
shared with the scientific community as a basis for further studies, 
thereby encouraging a community-based approach.

The study highlights some critical issues associated with data 
retrieval from published literature. There is a certain degree of hetero
geneity in the definition of the variables, such as the lack of a standard 
definition of the liquid products of the pyrolysis process, and discrep
ancies in the presentation of the data, either in tabular or graphical form. 
Moreover, published studies might not uniformly report all measure
ments, especially regarding biomass properties, giving rise to sparse 
datasets. Although missing data algorithms may be used to manage 
sparse information, this may only happen at the expense of accuracy of 
the models, especially as far as Explainable Artificial Intelligence is the 
aim of the study. Standardization in the definition of variables, better 
uniformity in the presentation of results, completeness of data are crit
ical prerequisites for application of AI-based tools for automatic data 
retrieval from scientific articles.

The present study experiments were conducted in two scenarios: the 
original dataset with missing data imputed and a subset without missing 
data. In the first scenario, the overall best performance was achieved 
using the imputed dataset with GAIN and the XGBoost regression model, 
resulting in a mean absolute error (MAE) of 3.66 and an R-squared of 
0.66. In the second scenario, the best regression model was again 
XGBoost, yielding a MAE of 2.28 and an R-squared of 0.80. The analysis 
of the PDP plots highlighted better congruence between the influence of 
the different variables on the investigated bio-liquid yield and chemical- 
physical mechanisms relevant to pyrolysis in the scenario of the data 
subset without missing data. In contrast, inconsistencies emerged during 
model interpretability analysis of the original dataset with imputed 
data, caused by the missing data noise and documented in the Appendix.

Comparison of results generated by the various research groups, 
reported in Table 4, highlight remarkable discrepancies in feature 
importance and directional trends. The source of these discrepancies has 
been discussed, possibly related to the characteristics of the different 
datasets, in terms of size and distribution of the data, and to the use of 
less robust XAI methods, such as the feature importance of Random 
Forest instead of SHAP [43]. Closely related to the previous issue, are the 
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discrepancies between the different studies in the way machine learning 
models represent the relationships between variables through one-way 
partial dependence analysis. This criticality reflects a more general 
caution about using purely data-driven machine learning for interpre
tative analysis, and the possibility that ML models lead to predicted 
trends that are inconsistent with the physical constraints. This finding 
stimulates further research on the development of physics-informed 
machine learning tools that embodies physico-chemical relationships 
and constraints pertinent of the specific domain.
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Appendix A 

Fig. A.5 reports, for completeness, the dataset’s correlation matrix without missing data utilized for interpretability analyses. Fig. A.6 shows the 
PDP plots obtained using the entire dataset, whose missing data were imputed using GAIN (Generative Adversarial Imputation Nets). The presence of 
missing data certainly alters the trend predicted by the PDP plots of the selected variables compared to the case in the total absence of missing data, 
particularly for ash, lignin, and cellulose. These variables present a non-negligible number of missing data equal to 12, 36, and 23 %, respectively, 
which almost certainly influences their influence in the model. The remaining variables, however, maintain a similar trend both in the presence and in 
the absence of missing data, probably because they practically do not present missing data. Ultimately, this discussion highlights that the importance 
of managing missing data is certainly an open challenge for pyrolysis.

Fig. A.5. Correlation matrix of the reduced dataset without missing values.
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Fig. A.6. Partial dependency plots (PDP) for bio-liquid yield developed on the original dataset with missing data completed with GAIN with respect to biomass 
properties and operating conditions. The solid line is only a guide-to-eye.

A.E. Pascarella et al.                                                                                                                                                                                                                           



Fuel 394 (2025) 135000

13

Appendix B 

Table B.5 shows a classification of the biomass for the family from a taxonomy point of view, specifying the relative abundance and the different 
biomass types in the collected dataset. A sample of the dataset and the relative abundance of the different features in the dataset are also reported 
respectively in Tab. B.6 and Tab. B.7.

Table B5 
Classification by family and relative percentage of abundance of the biomasses present in the dataset.

Family 
(Taxonomy)

% Biomass

Aceraceae 0.6 % maple fruit
Anacardiaceae 0.4 % pistachio shell and seed
Apiaceae 2.5 % ferula orientalis l.
Arecaceae 1.9 % oil palm tree waste
Asphodelaceae 2.4 % eremurus spectabilis
Asteraceae 14.4 % safflower seed, cirsium arvense, sunflower bagasse, o. acanthium l, onopordum acanthium, xanthium strumarium
Betulaceae 11.5 % hornbeam shell, hazelnut bagasse, hazelnut cupula, hazelnut shells
Boraginaceae 0.2 % anchusa azurea stalks
Brassicaceae 6.4 % rapeseed, rapeseed oil cake
Calophyllaceae 0.2 % calophyllum inophyllum cake, mesua ferrea seed
Chenopodiaceae 0.2 % sugar beet bagasse
Chlorellaceae 0.2 % chlorella vulgaris
Euphorbiaceae 2.8 % euphorbia macroclada, euphorbia rigida, babool seedsjatropha curcas cake
Eustigmataceae 0.1 % nannochloropsis
Fabaceae 6.1 % soybean cake, soybean oil cake, glycyrrhiza glabra l, liquorice, pongamia glabra seed
Lauraceae 2.6 % laurel, laurel extraction residues, avocado seeds
Linaceae 0.3 % flax straw, linseed
Malvaceae 0.3 % jute dust, cotton stalk
Mimosaceae 2.6 % acacia cincinnata, acacia holosericea, acacia mangium, acacia nilotica
Oleaceae 6.7 % oilseed, olive bagasse, olive cake, olive residue
Pedaliaceae 2.8 % sesame stalk
Phormidiaceae 0.3 % lacustrine alga, spirulina sp
Pinaceae 4.7 % pine barks, pine chips, pine nedless, white-pine
Poaceae 11.1 % arundo donax, oat straw, napier grass, lemon grass, miscanthus, rice husk, rice straw, switchgrass, bamboo, moso bamboo, sugarcane bagasse, 

wheat straw, corn stalks, corncob
Posidoniaceae 0.1 % posidonia oceanica
Punicaceae 1.1 % pomegranate seeds
Ranunculaceae 1.3 % black cumin, black cumin seed cake
Rosaceae 3.3 % almond shell waste, apricot seed kernel, apricot kernel shell, apricot pulp, cherry seed, peach pulp
Rutaceae 1.6 % orange bagasse
Sapotaceae 1.5 % mahua seed, manilkara zapota seed
Scenedesmaceae 1.1 % s. dimorphus
Scrophulariaceae 1.7 % paulownia wood
Solanaceae 3.0 % tobacco residues, potato skin
Theaceae 0.1 % tea waste
Vitaceae 4.1 % grape bagasse
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Table B6 
Sample of the dataset.

Ash(wt 
%)

FixedCarbon 
(wt%)

Volatiles 
(wt%)

C(wt 
%)

H(wt 
%)

O(wt 
%)

N 
(wt 
%)

Cellulose 
(wt%)

Hemicellulose 
(wt%)

Lignin 
(wt%)

T 
(◦C)

HeatingRate 
(◦C/min)

ParticleSize 
(mm)

FlowRate- 
Nitrogen 
(ml/min)

yield 
(wt 
%)

O- 
Biooil 
(wt%)

H- 
biooil 
(wt%)

Aqueous 
phase

Ref.

5.19 5.19 89.63 53.10 6.20 39.90 0.80 42.20 19.40 34.20 550 300.00 0.45 100.00 39.40 19.70 9.10 13.20 [64]
7.84 26.94 65.22 39.34 5.81 53.30 1.54 43.16 30.31 17.02 350 30.00 0.65 0.00 29.38 24.90 5.80 25.00 [65]
7.05 17.67 75.28 45.92 6.21 40.09 6.90 28.58 41.40 4.99 400 5.00 2.00 30.00 53.90 18.37 8.48 39.67 [66]
11.69 11.42 76.89 48.97 6.38 41.63 3.02 22.84 44.01 27.61 500 10.00 0.60 100.00 35.42 17.25 8.10 13.51 [67]
1.04 17.18 81.79 47.33 6.37 45.93 0.37 29.57 17.01 47.97 500 50.00 0.50 150.00 42.30 26.50 8.24 16.00 [68]
1.23 16.61 82.16 52.48 7.58 35.30 4.54 32.06 28.59 29.08 400 5.00 2.00 25.00 43.00 21.07 8.59 31.00 [69]
7.26 10.81 81.93 52.43 6.09 40.86 0.62 28.50 32.50 32.60 500 7.00 0.47 100.00 45.91 27.28 8.02 21.91 [70]
7.33 13.82 78.85 52.90 6.30 40.40 0.40 31.20 45.20 18.10 300 7.00 0.50 200.00 37.04 22.90 7.30 22.84 [71]
5.06 20.23 74.71 51.17 7.95 35.11 5.32 37.14 10.44 26.73 450 35.00 0.85 200.00 48.21 10.54 10.35 8.46 [72]
7.93 11.40 80.67 47.40 5.30 45.50 1.80 42.00 14.70 36.00 550 40.00 0.70 100.00 35.46 20.30 8.90 16.96 [73]
3.90 11.90 84.20 42.00 6.10 47.40 0.40 32.00 19.20 18.80 600 6.00 2.00 100.00 49.74 29.40 9.10 12.74 [74]
12.10 14.56 73.35 51.65 6.20 40.10 2.05 16.11 44.25 9.20 550 7.00 0.60 100.00 42.39 25.32 7.92 15.39 [75]
3.96 7.81 88.24 60.81 10.15 25.95 3.09 26.90 27.70 11.80 600 300.00 0.70 50.00 61.96 14.20 11.95 4.46 [76]
1.13 22.07 76.79 44.73 6.12 48.28 0.87 44.25 24.79 22.61 500 50.00 0.70 100.00 51.00 25.21 8.67 21.50 [77]
1.93 14.88 83.19 49.65 7.54 38.13 4.03 26.98 25.52 39.67 400 5.00 3.20 30.00 42.20 25.40 8.21 33.32 [78]
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Table B7 
Variable percentages in the dataset.

Variables %

Proximate analysis Ash(wt%) 88
Fixed Carbon(wt%) 88
Volatiles(wt%) 88

Ultimate analysis C(wt%) 100
H(wt%) 99
O(wt%) 99
N(wt%) 96

Macro-Components Cellulose(wt%) 77
Hemicellulose(wt%) 57
Lignin(wt%) 61

Pyrolysis Conditions T(◦C) 100
HeatingRate(◦C/min) 100
ParticleSize(mm) 100
FlowRate-Nitrogen(ml/min) 100

Pyrolysis Performances Bio liquid yield(wt%) 93
O-Bio oil(wt%) 27
H-bio oil(wt%) 21
Aqueous phase (wt%) 36

Data availability

The dataset is available to reviewers upon request and will be made 
public after acceptance.
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