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ARTICLE INFO ABSTRACT

Keywords: Hydrothermal carbonization (HTC) is a promising process for biomass valorization; however, optimizing HTC

Biomass o conditions and characterizing hydrochar through experimental methods remain costly and time-consuming.

Eygmt}:‘rmal carbonization Artificial intelligence (AI) and its related machine learning (ML) techniques provide an efficient and cost-
ydrochar

effective alternative, enabling efficient optimization and predictive analysis without extensive experimental
tests. In this study, an analysis-ready database (ARD) comprising 544 data points was constructed using the
authors’ previous research (41) and scattered data compiled from the literature (503). An ensemble of eight
diversified machine learning (ML) models was developed using biomass-agnostic properties and process con-
ditions to predict hydrochar properties including elemental analysis, proximate analysis, and hydrochar yield.
Tailor-made decision fusion models were developed for each target by merging the outputs of the best-
performing models. Furthermore, a set of interpretable machine learning (IML) and explainable AI (XAI) tech-
niques, leveraging feature importance analysis and SHapley Additive exPlanations (SHAP) values, indicated that
biomass fixed carbon (FC) content and process temperature are the most influencing features, which were then
considered as inputs for the ensemble models. The decision fusion models achieved high accuracy for target
prediction, surpassing the currently used models in the literature, with adjusted R? values ranging from 0.98 to
1.0. For outputs that are typically difficult to predict, such as hydrochar yield, the model achieved an adjusted R?
of 0.98, representing over a 5% improvement compared to the best-performing model reported in the literature.
All predictions were derived from white-box modeling by incorporating XAI into the ensemble-based learning,
ensuring greater model transparency and interpretability.

Machine learning
Ensemble learning
Decision fusion

1. Introduction Hydrothermal carbonization (HTC) is a thermochemical process

widely used for valorization of wet waste biomass since it does not

The generation of large quantities of wet biomass waste produced by
various activities has gained attention for use as feedstock in various
sustainable valorization processes. Dry-based thermochemical pro-
cesses, such as gasification, pyrolysis, and torrefaction, have been
commonly used to valorize low moisture-content biomass. However,
these processes are not economically profitable for high moisture-
content biomass (>50 wt%) due to the energy-intensive drying step [1].

require any drying step. It operates in a water medium at temperatures
ranging from 180 to 250°C, under autogenic pressure (2-10 MPa), with
residence times (RT) that range typically between 1 and 72h [2,3]. The
HTC conditions allow water to act as a solvent and catalyst, facilitating
reactions like hydrolysis, dehydration, decarboxylation, aromatization,
and polymerization [2]. The main HTC products are solid hydrochar, a
liquid fraction, and a (minor) gaseous fraction composed mainly of CO,
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[4-6].

Hydrochar has the potential for multiple end-uses thanks to its
distinctive properties, low inorganic content compared to raw biomass
and biochar, presence of microspheres, high heating value (HHV),
thermal stability, and hydrophobicity [7,8]. Initially, its applications
were primarily limited to soil amendment and solid fuels. However,
current advancements have expanded to end used such as adsorbent
applications, additives for anaerobic digestion, catalysts, carbon
sequestration, electrodes for supercapacitors and sodium-ion batteries
[7,9,10].

The diverse applications of hydrochar, which each require specific
properties and therefore process conditions, have pushed researchers to
find approaches to predict the properties of hydrochar in specific ap-
plications. Several prediction approaches have been used in the HTC
literature. Statistical approaches are the most common ones; linear and
non-linear regression models, design of experiments (DOE) and response
surface methodology (RSM), or other statistical methods such as the
Taguchi statistical method have been used for the prediction of hydro-
char properties [11]. However, the majority of statistical models are
case-specific and highly dependent on the experimental data they build
on, such as the used feedstock, process conditions (temperature, RT, and
biomass to water (B/W) ratio), type and design of the used reactor,
heating rate, and cooling rate. Hence, this dependency restricts the
predictive ability of these models to a limited range of experimental
conditions and hinders their broader applicability [11]. Kinetic and
computational fluid dynamics (CFD) models have been used primarily to
simulate the phenomena associated with the HTC process, with limita-
tions on the prediction of hydrochar properties. Generally, their pre-
diction is mainly limited to the hydrochar yield from a specific feedstock
and reactor (for the case of CFD models). Machine learning (ML) has
been adopted to overcome the previously mentioned limitations, relying
mainly on a large dataset from experiments to predict various hydrochar
properties. Hence, ML enables the development of generalized,
biomass-agnostic predictive models that are not constrained by specific
feedstocks, process conditions, or reactor configurations, allowing ac-
curate predictions across diverse scenarios. This is closely tied to the
concept of generalization, which refers to a model’s ability to perform
well on unseen or external data beyond the conditions it was trained on.
Generalization is critical for ensuring practical applicability across
diverse HTC setups [12].

As shown in Table 1, single and ensemble ML algorithms have been
used to predict hydrochar properties using various variables, outputs,
data points, and algorithms. Some studies have used single learners,
such as decision trees, Artificial Neural Networks (ANN), k-Nearest
Neighbours (KNN), and Support Vector Regression (SVR). Other studies
have used an ensemble ML approach, which combines several weak
learners to achieve enhanced prediction with respect to accuracy and
stability using models like Random Forest (RF), eXtreme Boost Gradient
(XGBoost), Gradient Boost Tree (GBT), Gradient Boost Regression (GBR)
as shown in Table 1 [13]. The majority of ensemble models used in the
HTC literature are tree-based and can be divided into bagging and
boosting techniques [14]. Among those, RF is the most commonly used
ensemble learning method using ‘bagging’, while XGBoost, GBT, and
GBR are the commonly used ‘boosting models’, as shown in Table 1.

Table 1 presents the test R? values reported for various models used
in the literature. Overall, model accuracy varies considerably depending
on the type of model employed and the specific output variable being
predicted. Notably, hydrochar yield emerged as one of the most chal-
lenging parameters to predict, with the highest reported R? in previous
studies reaching only 0.93. However, RMSE values are often omitted,
limiting a comprehensive understanding of model performance. In the
few cases where RMSE was reported, it typically ranged between 4.5 %
and 8 %, depending on the dataset and modeling approach. This rela-
tively modest performance compared to other studied properties is re-
flected in both R* and RMSE, and is largely due to the high uncertainty
inherent in experimental yield data and the limited generalization
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ability of single-model approaches across diverse biomass types and
process conditions. To address this limitation, our study reports both R*
and RMSE for hydrochar yield, enabling a more transparent and quan-
titative assessment of predictive accuracy.

While ensemble techniques such as RF and boosting methods have
been applied in some HTC prediction tasks, these approaches are typi-
cally limited to homogeneous model families (e.g., tree-based ensem-
bles). To the best of the authors’ current knowledge, no diversified
ensemble models have been used for predicting hydrochar properties
from HTC, which is considered an area for improvement in predicting
HTC outputs. Using ensemble diversified models, known as decision
fusion models, offers several advantages. Firstly, it combines predictions
from multiple models to enhance accuracy, as each model can identify
different patterns in the data, leading to better overall results when their
predictions are aggregated. Additionally, using a diverse set of models
helps to reduce overfitting [30], as each model comes with its own
unique bias and error. This diversity helps to balance out individual
biases, resulting in more reliable outcomes. Moreover, a single model
may struggle to perform well across noisy data, various data types, and
distributions. By employing a range of models, different aspects of the
data are addressed, making the system more resilient to data variations
and uncertainties within it [31].

While ML techniques are capable of predicting the outputs of HTC,
their black box nature often poses difficulties in interpreting the un-
derlying processes and results. Given that HTC involves complex in-
teractions between variables such as temperature, residence time, and
feedstock characteristics, understanding how each input influences the
output is critical for process optimization and reproducibility. There-
fore, white box modeling using interpretable machine learning (IML)
and explainable AI (XAI) approaches is increasingly important. White-
box modeling refers to transparent models whose internal structures
and mechanisms are explicitly explainable. Unlike black-box models,
white-box models allow users to interpret how input variables directly
influence outcomes, making them ideal for applications requiring
transparency and explainability (e.g., regulatory compliance or scien-
tific analysis) (Loyola-Gonzalez, 2019). Explainable AI (XAI) and IML
are related concepts, but they have distinct focuses. Interpretable ML
aims to understand the inner workings of the model itself, while
explainable AI focuses on providing understandable reasons for the
model’s decisions or predictions often after modeling. Hence, there is a
need to add interpretability and explainability to the current models for
a better understanding of the HTC process and the variables of interest
[32].

In the context of HTC, several studies have employed both IML
models and XAI techniques to assess feature importance after devel-
oping predictive models [21,22,27]. However, none of these studies
have integrated IML and XAI techniques in a combined framework for
systematic feature selection. In particular, SHAP (SHapley Additive
Explanations) has been widely applied as a post-hoc method to explain
the outputs of complex, black-box models. Nonetheless, the terminology
is often misused in the HTC literature, where SHAP-based methods are
incorrectly described as tools of interpretability rather than explain-
ability, despite their intended role in explaining the predictions of
non-transparent models.

Addressing the current knowledge gaps and areas for improvement,
the overall objective of this study is to develop a biomass-agnostic model
to predict hydrochar properties, while overcoming the limitations of
previous research in terms of accuracy and lack of models’ transparency
and explainability. The specific objectives are: (i) to develop an analysis-
ready database (ARD) by compiling experimental data from the authors’
research and from the literature, (ii) to integrate combined IML with XAI
with human expertise, providing a comprehensive understanding of how
process variables influence the HTC process and robust features selec-
tion, (iii) to design and compare the performance of eight different
single-output ML models for predicting hydrochar properties, and (iv) to
create tailored decision fusion models for each specific output based on



Table 1
Overview of various MLAs-based studies for hydrochar prediction.
Feedstock Input variable Output variable Number of Data Type of MLA Test R? Test hydrochar Test hydrochar Reference
(hydrochar related) points yield R2 yield RMSE
Sewage sludge and lignocellulosic biomass C,H, N, O, S, VM, FC, Ash, T, RT, SL, SSR C, H/C, O/C, N/C, HHV, FR, 221 XGB?, RF* 0.83-0.95 0.83 6.55 [13]
HY, EY
Woody biomass, herbaceous biomass, and food C,H,N, O, S, VM, FC, Ash, t HY, N/C, HHV, DHD, DCD, 296 ANN-PSO 0.84-0.98 0.86 5.46 [15]
wastes Ash
Sewage sludge C, 0O, T, RT, HHV, C, H - ANN 0.94-0.97 - - [16]
Municipal solid waste C, H, N, O, VM, FC, Ash, T, RT, WC. CCS, C, N/C, 0/C, H/C, 248 RF, SVM, DNN* 0.55-0.91 0.90 7.05 [17]
HHV, HY, CR, ER
Sewage sludge N, C, VM, FC, T N 138 ANN. 0.88-0.99 - - [18]
Cellulose, poplar, and wheat straw C,N,S,H, T, RT C 132 ANN, RF?-, SVR?-, 0.70-0.82 - - [19]
KNN
Poultry litter T, RT G, iP - ANN 0.83-0.91 - - [20]
Biomass, manure, agricultural waste, food waste, C, H, O, N, VM, Ash, FC, HHV; T, RT, SLR. HY, Ash, C, HHV, EY 333 RF, SVM, XGB" 0.83-0.99 0.88 4.47 [21]
sludge, algae and wood waste efficiency
Agricultural and forestry biomass, manure, sewage C, H, N, O, S, VM, FC, Ash, T, RT, WC C, H, N, O, S, Ash, HY 716 GBRY, RF 0.78-0.98 0.91 5.5 [22]
sludge, and food waste
Municipal sludge C,H, N, O, S, VM, FC, Ash, HHV. HHV, CR, ER 246 RF", GBT, ANN 0.65-0.98 - - [23]
Lignin, cellulose, food waste, sludge, and manure C, H, O, N content, VM, FC, WC, T, HR, Ht C, H, N, O, HY, C recovery, 497 DNN, RF, XGB* 0.75-0.95 0.93 5.68 [24]
ER, HHV
Sewage sludge C, H, N, O, VM, FC, Ash, TP of SS, T, RT, TP 185 RF 0.92-0.95 - - [25]
pH of the feedwater, DM,
Sewage sludge, food waste and manure C, H, N, O, FC, Ash, VM, T, RT, WC (all HY, HHV, ED, ER efficiency 248 SVRY, RF 0.88-0.96 0.88 7.83 [26]
data dry-based values)
Various biomass types C,H, N, O, S, FC, Ash, VM, T, RT, SLR C,H,N, O, S, Ash VM, FCHY, 536 DTR?, SVR 0.13-0.99 0.88 6.85 [27]
HHV
Various biomass types T, RT, SLR HHV 521 BO-GPR?, BO- 0.82-0.97 - - [28]
Ensemble, BO- DT
Sludge, rice straw, distiller’s grains, rice straw, C, H, O, TN, Ash, T, t, P, HR PY, HY, Ash, pH, TN, TP 226 SVM, ANN, RF" 0.82-0.96 0.90 - [29]

straw, and microalgae

Properties: Volatile matter (VM), fixed carbon (FC), ash content (Ash), carbon (C), hydrogen (H), oxygen (O), nitrogen (N), sulfur (S), solid to liquid ratio (SLR), dry matter content (DM), nitrogen content (N); total
phosphorus content (TP), total nitrogen content (TN), inorganic phosphorus (iP), SSR (ratio of sewage sludge in the mixture). Hydrochar yield (HY), Higher heating value (HHV), Fuel Ratio (FR), energy yield (EY), energy
densification (ED), energy recovery (ER) process yield (PY), dehydration degree (DHD), decarboxylation degree (DCD), carbon capture and storage (CCS), carbon recovery (CR). HTC conditions: Water biomass ratio (W/
B), Reaction temperature (T), reaction pressure (Pr), residence time (RT), heating rate (HR), heating time (Ht), SL (solid loading), water content (WC). MLAs: Support Vector Machine (SVM), Random Forest (RF), Artificial
Neural Network (ANN), Artificial Neural Network combined with Particle Swarm Optimization (ANN-PSO), Gradient Boosting regression (GBR), eXtreme Gradient Boosting (XGB), Deep Neural Networks (DNN), Support

Vector Machine regression (SVR), K nearest neighbors (KNN), Gradient Boosting Tree (GBT), Decision Tree Regression (DTR), Bayesian Optimization (BO), Decision Tree (DT), Gaussian Process Regression (GPR).

@ Best performance model
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the eight different single-output ML models while considering the inte-
gration of XAI for white-box-based learning (v) evaluate the models
using Root Mean Square Error (RMSE), the Coefficient of Determination
(R?), and the Adjusted R

2. Methodology
2.1. General approach

As depicted in Fig. 1, this study follows a human-centric approach,
characterized by the active involvement of a human expert throughout
all stages. Initially, data were collected from various sources and pre-
pared for analysis. These prepared data were subsequently modeled and
validated to ensure accuracy. Throughout each stage, collection, prep-
aration, modeling, and validation, the human expert interacts closely
with the data and modeling processes, providing mentorship, oversight,
and domain-specific insights to achieve accurate predictions.

2.2. Database development and construction

Fig. 2 outlines the process for developing and constructing an ARD.
The first step involved collecting data from various literature sources.
Next, the constraints and assumptions within these data were thor-
oughly analyzed. After that, various visualization techniques (simple
statistics), such as Pearson correlation and boxplots were applied to
provide insights about the data. The data were then cleaned by removing
voids and outliers. Important features were selected, and the final step

Accurate Predictions

Fig. 1. General approach.

Data Collection

Data Splitting

O

» E»

AnalyS|s of Database
Constraints & Assumptions

> & =2

Analysis ready database
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involved splitting the data into training and testing sets for further
analysis.

2.2.1. Database description

One of the key requirements for ML modeling is having a represen-
tative dataset in terms of both data quality and coverage across the
studied range. Although certain properties of biomass and hydrochar,
such as macromolecules and inorganic elements, are relevant for pre-
dicting hydrochar characteristics, they were excluded from this study
because they are not frequently measured in HTC studies, resulting in
limited data availability for a complete database construction for ML
modeling. Therefore, this study used the most commonly reported
biomass properties and process parameters. The main properties of the
considered raw biomass and hydrochar were the elemental analysis
(carbon (C), hydrogen (H), nitrogen (N), and oxygen content (O)),
proximate analysis (volatile matter (VM), fixed carbon (FC), and ash
content), and hydrochar yield. The considered operational parameters
for the dataset were reactor volume, water volume, temperature, RT,
stirring rate, biomass-to-water (B/W) ratio, and moisture content. The
full dataset can be visualized in supplementary data 2.

Typical uncertainty ranges for elemental analysis of CHN lie between
0.05 % and 0.5 %, while uncertainty for oxygen (O) is generally around
1 %. As for proximate analysis, the typical uncertainty is around
0.2-0.5 % for ash and ranges between 0.5 % and 1.5 % for VM and FC.
As for hydrochar yield, the uncertainty typically ranges from 1 % to 3 %
under controlled laboratory conditions, but this value may increase
when using heterogeneous biomass. The uncertainty is relatively high
due to mass losses that frequently occur during hydrochar yield mea-
surements [9,33].

The complete dataset is composed of 544 data points and was
compiled from 43 publications, including previous experimental work
from the authors of this work. These publications were considered
because they provide the complete analysis required for the database.
The keywords for collecting the dataset included hydrothermal
carbonization, lignocellulosic biomass, food waste, agricultural waste,
manure, and sewage sludge. To account for potential inconsistencies
between sources, only studies with well-documented process parameters
and complete input-output characterizations were included. These
included clearly reported values for HTC conditions, elemental and
proximate analyses, and hydrochar yield. This ensured a baseline level
of methodological comparability across studies.

The compiled database relies on published HTC studies and experi-
mental results that often employ pre-dried lignocellulosic biomass.

Data Visualization

V

«%

Removal of voids
and outliers

Features selection

Fig. 2. Construction of analysis ready database.
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Although it would have been more desirable to include a higher pro-
portion of wet biomass to better reflect industrial conditions, pre-drying
is commonly applied at the laboratory scale for practical reasons, pri-
marily to reduce variability, simplify handling, and control moisture-
related effects. This trade-off is widely adopted by researchers to
ensure reproducibility and data comparability. Nonetheless, approxi-
mately 10 % of the compiled dataset includes feedstocks such as sewage
sludge and manure, which were processed using their original moisture
content and thus more closely represent industrially relevant scenarios
where drying is not viable. The current database represents the most
comprehensive set of publicly available and consistently reported
input-output parameters to date. As the field evolves, the database re-
mains open to expansion to incorporate additional datasets involving
raw biomass with its original moisture content.

2.2.2. Database considerations

In order to maintain consistency and enhance the comparability of
the dataset, all data were gathered and processed on a dry basis. Addi-
tionally, the elemental and proximate analysis of the biomass and
hydrochar in the datasets were unified based on Eq. (1) and Eq (2),
respectively, where O and FC are calculated by difference (EN
15104:2011, ASTM D Standard 3172-73).

0=100%—C—H—-N-Ash (€]

FC =100% — VM — Ash 2

The following assumptions were also considered in the dataset
construction:

a) If the B/W ratio wasn’t provided in a study, it was calculated based
on the solid content and the water volume used. Additionally, for
experiments that used wet biomass without pre-drying, the B/W
ratio was determined using moisture content, added water volume,
and solids content.

b) If the biomass was dried as a pretreatment before the HTC process,
the moisture content was assumed to zero.

c) If the hydrochar yield wasn’t directly reported, the value was
extracted from the figures presented in the studies.

d) Sulfur content was not included in the dataset since it is often not
measured for biomass. However, new component percentages were
recalculated if sulfur content was provided, assuming the absence of
sulfur, as per Eq. 1.

e) Classification of biomass is done according to Section 1 in the sup-
plementary file.

2.2.3. Data visualization

A statistical analysis was performed to identify and categorize the
different types of biomass in the dataset. A boxplot combined with a
kernel density estimation was generated to visualize the distribution and
variability of different operating conditions, biomass properties, and
hydrochar properties. Moreover, Pearson correlation was calculated
using Eq. (3) to preliminarily describe the linear relationship between
input and output variables. Further, the p-value of the Pearson correla-
tion was also calculated to measure the statistical significance of the
obtained correlations [34].

L Y- DH-Y)
VE - 02/3 0 - 37

3

Where r represents the Pearson correlation coefficient, x and y corre-
spond to the selected variables to be examined, X and y represent their
corresponding means, and x; and y; denote the individual values of the
studied variables.
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Fig. 3. Feature selection process followed in this study.

2.3. Database preparation for AI modeling

2.3.1. Pre-processing

Several preprocessing steps should be applied to prepare an ARD, as
shown in Fig. 2. First of all, empty spaces and voids are removed to
ensure data cleanliness and accuracy. This step enables a fair compari-
son of models by ensuring that all models are evaluated on the same
dataset without giving an advantage to models that can handle missing
data. Secondly, outliers are removed based on data analysis and human
expertise. Moreover, feature importance is done using a weak learner to
define the important variables. Additionally, binning and stratification
of the dataset were used to ensure that different subgroups within a
dataset are proportionally represented in both the training and testing
sets; hence reducing bias and enhancing generalization. For certain
models, such as ANN, GPR, KNN, and SVR, standardization was applied.
Finally, the dataset was randomly split into training and testing sets,
80 % and 20 %, respectively.

2.3.2. Features selection

Conventional feature selection methods often rely solely on human
expertise, without incorporating explainability or interpretability. Other
conventional approaches include mutual information and feature
importance methods that do not involve permutation-based techniques.
In this study, a novel methodology was used to perform feature selection
based on three main pillars, domain knowledge, XAI and IML as illus-
trated in Fig. 3. At the beginning of the study, the human expert, with
their domain knowledge, can define the possible important features to
be studied. Then, with the help of XAI and IML, the most effective fea-
tures can be selected under the supervision of human experts, i.e., pro-
cess experts and data analysts.

Tree-based techniques used for feature selection are regarded as
semi-explainable methods due to only giving the relative importance of
each variable; therefore, an explainable technique was employed in the
current study to overcome this challenge [32]. In this study, SHapley
Additive exPlanations (SHAP) values were calculated to provide nu-
merical representations of the influence of each controlled variable on
the measured ones, including the interactions between different vari-
ables. Overall, the combination of interpretable and explainable tech-
niques merges their advantages and avoids their limitations.

The role of IML is to perform feature importance in order to make a
well-informed selection. Hence, a weak learner at the start of the study is
built to map the possible output variables to all the possible or available
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inputs. In the current study, random forest (RF) was developed to
perform this mapping. Afterwards, the relative importance of all the
input variables is evaluated via the embedded screening ability of RF.
These results give only the relative importance without highlighting the
sign or the direction of the variables’ impacts on the desired outputs.
Hence, the combination of IML with XAI can guarantee the best per-
formance for feature selection by providing both the magnitude and
direction of all the impacts [32]. As a way to develop the XAI model,
SHAP values (as one of the model agnostic methods) were evaluated
after modeling using RF. The SHAP Python package was adopted to
facilitate the evaluation. Readers interested in more explanation about
the mathematical background of feature importance evaluation using
tree-based models such as RF and the methodology to determine SHAP
values and its integration with ML models can refer to these studies
[35-41]. The results give the average SHAP values for the whole dataset
after being evaluated locally for each observation/data point. These
values give precise estimation of each variable’s impact magnitude and
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direction.

2.4. Modeling

2.4.1. Modeling overview

Hydrothermal carbonization is a complex process that involves
multiple interconnected physical and chemical phenomena with non-
linear relationships. Therefore, some models might be more suitable
than others in predicting specific properties of hydrochar.

Ensemble modeling and decision fusion have several advantages in
the context of HTC simulations. Ensemble methods can reduce the risk of
overfitting through prediction aggregation from multiple models,
resulting in accurate and reliable results [42]. Hence, this aggregation of
models improves robustness by mitigating the impact of errors from any
single model, ensuring more reliable results and the elimination of in-
dividual biases and errors, further improving performance [42].
Furthermore, ensemble modeling is particularly effective in dealing with

Table 2
Comparison between different machine learning models.
Model Architecture and Mechanism Advantages Limitations Reference
Decision tree o Single learner e Resultant tree is understandable e Cannot handle missing data [44,45]
e Root, internal, and leaves nodes and interpretable e Required class must be mutually
o Gini impurity/information gain to manage splitting e Data preparation is easier exclusive
e Pruning to avoid overfitting e Can use multiple data types such e Prone to overfitting
as numeric or categorical
Random forest e Ensemble of decision trees e Easy to implement e Prone to overfitting [46-48]
e Bagging method (bootstrapping+aggregation) o Few hyperparameters e Not suitable for small data sets
o Parallel ensemble algorithm o Flexible and scale well for large e Computationally expensive than
datasets DT
XGBoost e Ensemble of decision trees e Does not need data e Requires careful tuning of its [48,49]
e Depthwise (level wise) growth of decision trees normalization or feature scaling numerous hyperparameters
o Gradient boosting framework e Capable of handling missing data e Computationally expensive
o Sequential ensemble algorithm e Can output feature importance compared to DT and random forest
e Loss function contains regularization function that prevents e Can handle large datasets
overfitting e Less prone to overfitting
CatBoost e Ensemble of decision trees o Excellent performance with e Complex in implementation and [46,48,
e Symmetric growth of decision trees (balanced trees) categorical input data tuning of its numerous 50]
e Gradient boosting e Capable of handling missing data hyperparameters
e Ordered boosting) e Computationally expensive
e Ordered target statistics encoding compared to DT and random forest
LightGBM o Ensemble of decision trees e Fast compared to other ensemble e Can overfit with small training [48,49,51,
o Leafwise growth of decision trees learners datasets 52]
o Sequential ensemble algorithm e Low memory consumption o Leafwise splitting can lead to
e Gradient one side sampling (GOSS) e Higher accuracy than most overfitting
e Exclusive feature bundling boosting methods
e Histogram binning
Support vector e Single learner e Less risk of overfitting e Slow convergence for large datasets ~ [45,47,53,
regression e Support vectors e Able to handle multiple feature e Sensitive to data noise 54]
e Non-linear regression technique spaces o The resulting model, weight, and
e Kernel functions handle non-linearity impact of the variables are
e Regularization parameter to control trade-off between generally challenging to
achieving a low error on training data and minimizing the comprehend.
model complexity
K nearest o Single learner e Simple and fast algorithm e Computationally expensive for [45,55,
neighbor o Instant-based learning algorithm (lazy learner) that doesn’t e Handles noisy data large datasets 56]
(KNN) build a model during training. Instead, it stores all the training e Handles missing data e Features are given the same
regression instances and performs computation during prediction. importance
o It determines the similarity between instances using a distance e Oftenly requires standardization
metric e Requires large memory as it stores
o It uses majority voting or averaging of the K nearest neighbors all training data
e Non-parametric method, it makes no assumptions about the
underlying data distribution
Gaussian e Single learner e High flexibility to model e Choosing the right kernel function [57-59]
process e Probalistic model functions of any shape. might be complex and requires
regression e Bayesian non-parametric approach e Powerful tool to model, explore, domain knowledge
(GPR) e Incorporates uncertainty in prediction and exploit unknown functions e Computationally expensive for
e Hyperparameters learned from data using marginal likelihood large datasets
maximization
ANN o Input layer, hidden layer, output layer e Determine complex non-linear e Computationally expensive [45,
e Learning rate relationships between dependent e Black box characteristics 60-62]

Forward and backpropagation
Activation and loss functions
Regularization

and independent variables
Can be used for large datasets
Handles noisy data
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biases that arise from heterogeneous data sources. In the context of HTC,
where data originate from numerous studies with varying experimental
protocols, the combined predictions from diverse models help smooth
over inconsistencies and capture patterns, thus improving reliability
across diverse conditions [43].

In this study, 8 different machine learning models (DT, RF, XGBoost,
CatBoost, LightGBM, SVR, KNN, and ANN) were selected to evaluate
their performance in predicting hydrochar properties from HTC. These
models were chosen based on their wide and successful application in
various fields where tabular data are modeled. Additionally, the ma-
jority of selected tree-based models were chosen specifically for their
ability to handle experimental uncertainties through robustness to noisy
or inconsistent data, uncertainty quantification via probability estima-
tion, and ensemble-based predictions that effectively reduce variance.
Table 2 presents the 8 different machine learning models, detailing their
architecture, mechanisms, advantages, and disadvantages.

The objective is to assess the performance of each model individu-
ally, identifying which models could most accurately predict the desired
hydrochar properties. Once the best-performing models are identified,
they will be further utilized in ensemble learning and decision fusion
approaches. This strategy aims to combine the strengths of the top
models, enhancing predictive accuracy and robustness while providing a
more comprehensive understanding of the hydrochar properties.

To manage model complexity, only the best-performing individual
models for each target variable were selected for the ensemble decision
fusion step. In this framework, the machine learning algorithms are
trained independently, as there is no interaction between models during
the training phase. Instead, their outputs are aggregated post-training
through a decision fusion strategy. This avoided unnecessary over-
fitting and reduced computational error redundancy. Hyperparameter
tuning was performed using cross-validation, and RMSE was the opti-
mization criterion.

2.4.2. Single model hyperparameters optimization

For each single model, hyperparameter optimization was carried out
based on data science best practices. Table S-1 in the supplementary
materials illustrates the used models with their hyperparameters and
ranges. This study evaluated both grid search [63] and Optuna-based
Bayesian optimization [64] for hyperparameter tuning, using 5-fold
cross-validation and minimizing the RMSE as the optimization
objective.

Bayesian optimization methods optimize complex functions by
building a probabilistic model that efficiently explores the search space.
They balance exploration and exploitation, enabling the identification of
optimal solutions with fewer steps compared to traditional methods
[65]. In this study, Optuna’s default Tree-structured Parzen Estimator
(TPE) sampler was used. Each study was conducted for 50 trials, and no
pruning or early stopping was applied. Optimization was executed on a
personal HP ProBook laptop equipped with an Intel Core i7-1165G7
processor (2.80 GHz), 16 GB RAM, and integrated Intel Iris Xe graphics.
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2.4.3. Ensemble learning and decision fusion

After simulating the individual models, the most accurate ones
(determined by their performance on test data) were selected for ensemble
learning and decision fusion. Fig. 4 outlines the multi-step process used to
enhance predictive accuracy. Initially, in step 1, predictions from the most
accurate N models are aggregated through averaging, a technique that
leverages the strengths of each model while mitigating individual biases
[31]. In step 2, these averaged predictions are combined with the original
predictions from the best-performing models and fed into a stacked
learner. The same eight models were evaluated as stacked learners, and the
best-performing learner was selected for the second step. This stacked
learner, which acts as a meta-model, synthesizes the information from
multiple models, learning from previous prediction errors and leading to
significantly improved accuracy and robustness in the final predictions.
This process is iterative for every single output.

To ensure that the ensemble complexity was appropriate for the
dataset size, model inclusion in each fusion stage was determined by
empirical performance. Specifically, model selection was based on test
set evaluation metrics (e.g., RMSE and adjusted R?), and only the top
models were included in the averaging step. This data-driven selection
process avoided fixed or rule-based inclusion criteria and helped
maintain methodological flexibility across output variables.

Additionally, hyperparameter tuning for all models was conducted
using cross-validation embedded in Optuna-based Bayesian optimiza-
tion or grid search. Moreover, stratified binning was used for train-test
splitting to preserve the distribution of output variables across subsets,
minimizing sampling bias during evaluation.

2.4.4. Evaluation metrics

Several evaluation metrics were employed in this study to assess the
accuracy and variance of individual models and decision fusion models.
The RMSE was used to evaluate the accuracy of the models, with RMSE
offering an interpretable measure of prediction error in the same units as
the target variable. Additionally, the R? and adjusted R? were used to
assess the proportion of variance explained by the models. These metrics
together provide a robust evaluation of both the precision and gener-
alization of the models used in this study.

2.4.5. Model explainability

The optimized models are then integrated with the XAI method
mentioned earlier in Section 2.3.2, i.e., SHAP values determination. This
action converts the black-box models to white-box ones that give a clearer
picture of the modeling process by providing the weights of each input
variable regarding the prediction of different output variables. As the
modeling in this study is based on the fusion of various ML models,
therefore, SHAP values are determined for each individual model, and
then their average values are determined for the whole developed fused/
ensemble model. In addition, these values were evaluated for the final
fusion in order to determine the effect of models’ combination on the final
results.

7

Best performing models

\STEP1

AR\

Model 1 prediction

Model 2 prediction

.
.

Model N prediction .
Averaging

Average
Prediction

=

Final Prediction

./

/

STEP2

‘?;{%?

Best Learner

Fig. 4. Ensemble learning and decision fusion steps.



O.M. Abdeldayem et al.

o
o
o

.. i o°
oo
o

(‘: Feedstock Types
Agricultural residues
Food waste
Herbaceous biomass
Sewage sludge
Animal manure
Dairy manure
Organic municipal solid waste
Mushroom compost
Algae biomass
Forestry biomass

Fig. 5. Composition of the database.
2.5. Validation

In addition to the testing dataset, which represents 20 % of the full
database, an independent validation set was used to further validate the
developed ensemble model. This external validation dataset, consisting
of 27 experimental data points collected from various literature sources
and previous experiments done by the authors of this study, was not seen
by the model during training or testing. The validation dataset and the
corresponding results are provided in the supplementary materials.

2.6. Modeling aptitudes

The proposed modeling approach is highly feasible and reproducible
using standard computational resources (HP ProBook laptop equipped
with an Intel Core i7-1165G7 processor (2.80 GHz), 16 GB RAM, and
integrated Intel Iris Xe graphics) and open-source tools such as Python,
Optuna, and SHAP. Repeatability is ensured by a transparent method-
ology, including clearly defined preprocessing, feature selection, and
model evaluation steps. Reliability is strengthened through the use of
ensemble modeling, which reduces overfitting risks, and through vali-
dation with both internal testing and an external dataset of 27 unseen
data points. The explainable AI (e.g., SHAP values) enhances trans-
parency, making the approach suitable for scientific and practical use.

3. Results and discussions
3.1. Statistical analysis of the database

An analysis of the collected dataset was carried out to identify the
categories of biomass within it. Fig. 5 illustrates the distribution of
biomass categories within the database. The largest category was
lignocellulosic biomass, constituting almost half of the dataset, which
included agricultural waste, herbaceous biomass, and forestry biomass.
The rest was constituted of non-lignocellulosic biomass, mainly sewage
sludge and food waste, making almost 34 % together. Biomass such as
animal manure, dairy manure, organic municipal solid waste, mush-
room compost, and algae biomass had smaller proportions of the data-
set, contributing to the remaining portion of the dataset.

The data distribution was also analyzed using a boxplot combined
with a kernel density estimation for process conditions and elemental
and proximate analyses of biomass and hydrochar, as illustrated in
Fig. 6.

Fig. 6a presents the distribution of HTC operational parameters
within the database. The reactor volume ranges from 30 to 500 mL, the
water volume from 20 to 300 mL, and the stirring rate from O to
300 rpm. The B/W ratio varies between 0.04 and 0.25, while the
moisture content is mainly at 0 %, indicating that the majority of HTC
experiments are done in pre-dried conditions. The temperature varies
from 150 to 300 °C, and the residence time is from 4 to 250 mins. It is
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also important to note that the outliers in these operational parameters
are associated with specific experiments conducted under specific lab-
scale conditions, which are not in the typical range of HTC. However,
these outliers are not significant when considering the overall size of the
database.

For the elemental analysis of biomass in Fig. 6b, carbon content on a
dry basis ranges from 32 % to 55 %, hydrogen from 3.5 % to 7.5 %,
nitrogen from 0.2 % to 7.5 %, and oxygen from 22 % to 50 %. These
ranges align with those found in commonly used biomass types, as re-
ported by Vassilev et al. [66,67]. Regarding proximate analysis, volatile
matter content ranges from 60 % to 90 %, fixed carbon content from
0.2 % to 25 %, and ash content from 0.2 % to 32 %, all within the typical
ranges for biomass, as also reported by Vassilev et al. [66,67]. It is
important to note that elemental and proximate analysis distribution
and their outliers reflect the diversity of biomass types rather than dis-
crepancies among experiments in the literature. The majority of the
outliers across the elemental and proximate analysis of biomass corre-
sponded to sewage sludge, as illustrated in Figure S-1 in the supple-
mentary file.

Fig. 6¢ shows the distribution of hydrochar properties within the
database. For elemental analysis, hydrochar carbon content on dry basis
ranges from 27 % to 76 %, hydrogen content from 3 % to 8 %, nitrogen
content from 0.2 % to 6 %, and oxygen content from 2 % to 50 %. In the
proximate analysis, volatile matter ranges from 24 % to 90 %, fixed
carbon from 2 % to 57 %, and ash content from 1 % to 50 %. Hydrochar
yield varies between 19 % and 95 %. The wide ranges observed in the
hydrochar properties are attributed to significant variations in feedstock
characteristics and HTC operational parameters included in the data-
base. Other researchers have also noted a similar pattern in hydrochar
properties distribution [21,27]. Additionally, the presence of outliers is
primarily due to the inclusion of sludge, as shown in Figure S-1 in the
supplementary file.

The Pearson correlation between input features and output targets
was calculated as illustrated in Fig. 7. To improve clarity and brevity in
this figure and later figures, parameter names were annotated with the
suffix _B for features related to the biomass feedstock and _H for those
related to the hydrochar, allowing for more concise labeling without loss
of contextual meaning. Regarding the biomass and hydrochar relation-
ship, the ash content is the most distinctive, as it had a significant
negative correlation with most of the other elemental and proximate
analyses. This is due to the fact that Egs. (1) and (2) were utilized in the
construction of the database, and the increase in the ash content leads to
a decrease in the other contents. It is also important to mention that ash
content differs significantly from one biomass to another, as the inor-
ganic elements that constitute ash are different. However, ash is used
instead of inorganic elements, as data on these inorganic elements is not
available in most studies.

For process parameters, the temperature was the most influential
parameter on most hydrochar properties, which is consistent with the
literature [68]. When temperature increases, hydrochar yield, volatile
matter, oxygen, and hydrogen significantly decrease as volatile matters
are released, increasing dehydration reactions and lowering the hydro-
char yield [69]. The RT did not have a strong correlation with hydrochar
parameters within the used data range, similar to the findings of Zhu
et al. [24]. This can be attributed to the fact that the majority of ex-
periments were conducted in a relatively narrow range (4-250 mins)
with few experiments conducted at much longer RT. Another possibility
might be that linear correlation does not present RT well due to process
non-linearity. The other process parameters, such as B/W ratio, reactor
volume, water volume, and stirring rate, did not provide strong corre-
lations with the studied hydrochar properties. It is worth noting that this
step is only a preliminary one in order to provide a simple overview of
possible relationships and dependencies between different variables in
the available data. It is done to detect and remove any highly correlated
input variables to ease the process of robust feature selection afterwards.
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3.2. Feature importance

Fig. 8 provides a comprehensive analysis of feature importance and
explainability for C content, ash, and hydrochar yield, using feature
importance plots (Fig. 8a, b, ¢c) and SHAP values (Fig. 8d, f, g). Addi-
tional variables are presented in Figure S-2 in the supplementary file.
From Fig. 8a, it is evident that the fixed carbon (FC) content in the
biomass has the highest feature importance for the C content in hydro-
char, followed by process temperature and the biomass C content.
Fig. 8d and g together show the SHAP values (Fig. 8d) and their relative
influence (Fig. 8g). Based on the combined assessment of these figures,
biomass with higher FC and C content is more likely to produce
hydrochar with higher carbon content. Additionally, higher process
temperatures were observed to result in higher carbon content in the
hydrochar, aligning with previous experimental studies [9,70,71].

From Fig. 8(b, e, h), it is clear that the ash content in the biomass has
the highest feature importance and influence on the ash content in the
hydrochar. Temperature plays the most significant role in determining
hydrochar yield, as shown in Fig. 8a and b. Fig. 8c further indicates that
temperature negatively affects the hydrochar yield, which aligns with
previous experimental findings [72]. In addition, based on studying the
correlation between different input variables, some highly correlated
variables were not considered to have accurate predictions afterward.
For example, the reactor vessel (RV) is highly correlated with water
volume (WV), the input variable FC_B (calculated by difference) is
highly correlated with both VM_B and Ash_B, and the input variable H B
is highly correlated with C_B. Hence, among the previously mentioned
variables, only RV, FC_B, Ash B, and C_B were considered. Although
FC_B is calculated by difference, it was included due to its high feature
importance (as shown by Fig. 8a and b) and strong correlation with
VM_B and Ash_B, which makes it a valid choice. Moreover, ST were
removed due to having a high percentage of missing data in the raw
dataset and its lack of influence on the HTC process, which was
demonstrated by previous studies [73,74]. Based on the combination of
all these rules, methods of features selection, and with the guidance of
human expertise, the most effective/important input variables, in total,
are T, FC_B, O_B, N_B, Ash_B, C_B, RV, RT and BW. In the case of studying
hydrochar yield the most important ones are T, O_B, N_B, Ash_B, C_B,
RV, RT, and BW. For the Ash_h output variable, the most important input
variables are T, FC_B, O_B, N_B, Ash B and C_B. For the prediction of
carbon content in the produced hydrochar, T, FC_B, N_B, Ash_B, C_B and
RT are the most important variables to be used.

3.3. Model development and hyperparameters optimization

A summary of test predictions of the 8 studied single models is pre-
sented in Table 3. Additionally, the scatter plots of the training and
testing predictions are illustrated in the supplementary file from Figure
S-2 to S-9. The hyperparameters of the optimized most accurate models
are presented in the supplementary material, Tables S1-S8. As
mentioned before, these values were achieved through Bayesian
optimization.

For predicting CHON content, most models, such as KNN, SVR RF,
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XGBoost, Light GBM, and Catboost, showed high accuracy with a test R
varying between 0.87 and 0.97, which is similar to the findings obtained
in literature by Liu et al. [21] and Leng et al. [22]. One of the reasons for
the high predictability of these hydrochar properties is the low uncer-
tainty associated with their measurements in the experimental database
and the proper choice of ensemble models that can deal with un-
certainties in the used database. The ANN and decision tree models
provided poor prediction, especially for predicting H and O. The rela-
tively lower performance of the ANN is primarily attributed to the
relatively small size of the database used in this study, as ANN models
typically perform better with larger datasets and big data. The decision
tree model, which is a weak learner, tends to overfit the training data,
leading to significant variance in the test data and reduced prediction
accuracy. Additionally, the slightly lower R? and higher RMSE values in
the O predictions may be due to the fact that the experimental O data
were calculated by difference.

For proximate analysis predication, similar observations were
noticed. KNN, SVR random forest, XGBoost, Light GBM, and Catboost
showed high accuracy with a test R? varying between 0.82 and 0.98.
ANN, decision tree, and GPR provided lower accuracy.

The prediction accuracy for the hydrochar yield is low compared to
other parameters, mainly because of the relatively high uncertainty in
the hydrochar yield measurements, as previously described in Section
2.2.1. These inaccuracies in the data lead to reduced accuracy in sub-
sequent predictions by models. XGBoost, CATBoost, and Light GBM
provided the best test R of 0.90 and 0.89, which is slightly higher than
the findings of Liu et al. [21] and Djandja et al. [13] of 0.87 and 0.83
using XGBoost. The RMSE values for XGBoost and CatBoost in the cur-
rent study were 4.73 and 5.17, respectively, whereas the lowest RMSE
for hydrochar yield reported in the literature using a single model was
4.47 with XGBoost as illustrated in Table 1 by Liu et al., [21].

Overall, boosting ensemble models like CATBoost, XGBoost, and
Light GBM, outperformed the other models across most of the properties
studied. These models demonstrated better accuracy and robustness in
capturing complex patterns in the data, making them more reliable for
predicting the various properties under investigation.

3.4. Decision fusion models

As shown earlier in Fig. 3, the most accurate machine learning

Table 4
Models used in decision fusion for each hydrochar property.

Hydrochar properties ~ Models used

C CATBoost, XGBoost, Light GBM, SVR, KNN, Random forest
H CATBoost, XGBoost, Light GBM, KNN

N CATBoost, XGBoost, Light GBM, SVR, KNN, Random forest
o CATBoost, XGBoost, Light GBM, SVR

VM CATBoost, XGBoost, Light GBM

FC CATBoost, XGBoost, Light GBM, SVR

Ash CATBoost, XGBoost, Light GBM, SVR, Random forest
Hydrochar yield CATBoost, XGBoost

Table 3

Comparison of the different used single models for test data for R> and RMSE.
Model KNN SVR ANN Decision tree Random forest Light GBM XGBoost CATBoost
Properties R? RMSE  R? RMSE  R? RMSE  R? RMSE  R? RMSE R? RMSE  R? RMSE  R? RMSE
C 0.96 2.76 0.96 2.80 0.90 4.20 0.91 4.22 0.97 2.45 0.96 2.80 0.96 2.69 0.96 2.72
H 0.95 0.30 0.92 0.37 0.85 0.49 0.82 0.54 0.92 0.36 0.96 0.26 0.96 0.26 0.95 0.28
N 0.97 0.29 0.97 0.28 0.92 0.48 0.96 0.33 0.97 0.29 0.97 0.29 0.97 0.29 0.98 0.26
) 0.87 3.96 0.94 2.75 0.73 5.75 0.68 6.28 0.91 3.35 0.93 2.96 0.94 2.71 0.95 2.47
VM 0.83 5.41 0.87 4.77 0.84 5.51 0.56 8.75 0.82 5.51 0.92 3.75 0.88 4.48 0.91 3.94
FC 0.93 3.47 0.92 3.81 0.80 5.88 0.81 5.94 0.83 5.61 0.89 4.41 0.91 4.05 0.93 3.65
Ash 0.97 2.79 0.98 2.69 0.98 2.52 0.98 2.50 0.97 2.74 0.98 2.48 0.98 2.60 0.98 2.37
Hydrochar yield 0.78 7.21 0.74 7.78 0.68 8.49 0.56 10.10 0.80 6.76 0.83 6.46 0.90 4.73 0.89 5.17
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Fig. 9. Decision fusion models for different hydrochar properties.

models from the testing phase were selected for ensemble decision
fusion learning. Table 4 lists the models used in the decision fusion
process for each studied hydrochar property. Notably, CATBoost,
XGBoost, and LightGBM were included in most decision fusion models
due to their high predictive accuracy, as previously discussed in Section
3.3. Based on the results of the conducted trials using stacked learners,
CATBoost was used as the stacked learner for N, O, VM, FC, and ash
prediction, while XGBoost was used as the stacked learner for C, H and
hydrochar yield.

As shown by Fig. 9, the decision fusion models demonstrated
exceptionally high accuracy in predicting the test data, with adjusted
test R? values ranging from 0.98 to 1.0 across all the parameters studied.

To the best of the current author’s knowledge, this level of predictive
accuracy is significantly higher than that reported in other studies
investigating similar output parameters, as illustrated by Table 1,
particularly for challenging outputs, such as hydrochar yield. Previous
studies predicting hydrochar yield have reported test R? values for their
predictions ranging from 0.78 to 0.91, while in this study, the test R? was
0.98 [13,21,22,26,27]. Additionally, the RMSE for the hydrochar yield
in this study was 2.47 using the decision fusion ensemble model,
whereas RMSE values reported in the literature for individual models
ranged from 4.47 to 7.83 [13,21,22,26,27].

The fusion of multiple ML models enhances prediction accuracy
because, as previously mentioned, no single model can fully capture the
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Fig. 10. Mean SHAP values for decision fusion.
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complexity of the data [31]. Each ML model in this study is designed to
handle different aspects of data complexity and identify underlying
patterns within specific regions. By averaging and stacking the outputs
of these models, a consensus is formed, allowing for a more compre-
hensive understanding of the dataset’s overall pattern. This rationale
served as the primary motivation for adopting ensemble learning in the
present study.

The selection of specific models for each fusion configuration was
entirely data-driven. Models were ranked based on their test set per-
formance (adjusted R? and RMSE), and only the top performing models
were retained for fusion. This ensured that the ensemble models
remained compact and avoided unnecessary complexity, reducing the
risk of overfitting.

To further validate the obtained results, an independent dataset
compiled from both relevant literature and previous experimental work
conducted by the authors was utilized. As seen in Figure S11, the
developed models demonstrated high predictive accuracy, achieving R?
values ranging from 0.90 to 0.99, thereby confirming the robustness and
effectiveness of the proposed methodology.

While the currently developed decision fusion model is based on a
dataset that predominantly includes pre-dried biomass, this limitation
stems from the current practices in the existing HTC lab-scale literature.
Nonetheless, the model architecture is designed to be modular and
updatable. As more data become available, especially from experiments
using raw biomass with its original moisture content, the model can be
fine-tuned to improve its capabilities in the prediction of hydrochar
properties from wet raw biomass. Additional relevant variables can also
be incorporated into the feature space to enhance prediction accuracy
under varying conditions. This flexibility ensures that the model remains
robust and scalable as new insights and data emerge from both research
and industrial applications.

3.5. Model explainability

The SHAP values resulting from the ensemble models based on
averaging and final decision fusion are presented in Fig. 10. The selected
outputs are the carbon and ash contents in the produced hydrochar, as
well as the hydrochar yield. The carbon content in hydrochar increases
when the carbon content in the feedstock increases. Moreover, the
carbon content has an inverse relationship with the nitrogen and ash.
The model’s explainability further confirmed that temperature is the
highest influencing operating condition, followed by the residence time.
The carbon content tends to increase in the hydrochar at high temper-
ature and residence time, mainly due to the dehydration reactions that
increase the H/C and O/C ratios [75].

In the case of ash content in hydrochar, SHAP analysis revealed that
the ash content in the feedstock is the most dominant predictor. The
behavior of ash is highly dependent on the type and composition of the
inorganic elements present, which can vary significantly based on fac-
tors such as biomass species, cultivation conditions, soil type, etc. In the
case of the database used in this study, the observed SHAP patterns
suggest that the inorganic elements tend to concentrate in the hydrochar
across most of the studied samples; however, this result is totally
dependent on the inorganic elements composition in the ash content in
the specific samples used in the database and it might not reflect the case
in all other biomass samples outside of the database.

In the case of hydrochar yield prediction, based on the developed XAI
model, temperature exhibited the highest SHAP value across most target
variables, highlighting its dominant role in governing HTC reactions.
Mechanistically, increasing temperature accelerates thermal degrada-
tion pathways, such as dehydration and decarboxylation, which leads to
reduced hydrochar yield but increases FC and energy density [75,76]. In
addition, nitrogen content in the original biomass has the second most
significance on the hydrochar yield where biomass with higher nitrogen
contents tend to produce hydrochar with high hydrochar yield. With
respect to the effect of different developed models on the final prediction
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accuracy, CatBoost seems to have the biggest share, which means that in
future modeling tasks or relearning this model, will need extra care
during its hyperparameters re-optimization in order to have more ac-
curate and reliable predictions.

3.6. Future work

Although several studies have applied ML in the HTC of biomass,
several challenges remain that hinder its further development. A pri-
mary issue is the inadequate reporting of methods and results within the
current HTC literature. Key operational conditions of experiments are
often not fully disclosed, even when they are critical to understanding
the outcomes. Hence, this lack of information limits the broader appli-
cability and usability of the data provided.

Another challenge is the inconsistency in the used data across many
databases developed by previous researchers for predicting hydrochar
using ML. For instance, in previously used databases in literature, within
a single database, some entries may report the sum of CHONS and ash as
100 %, while others include only CHONS summing to 100 %. Such in-
consistencies and the lack of standardized databases hinder the accu-
mulation of collective knowledge and collaboration among researchers,
and potentially lead to inaccurate conclusions. To address this, it is
advisable to follow uniform standards while compiling data in
databases.

Furthermore, it is recommended that experimental studies include
more complete and comprehensive characterization analyses of known
properties influencing HTC behaviour, such as the presence of inorganic
elements and macromolecular compounds. Once sufficient reliable data
are available in the literature, ML modeling techniques can be more
effectively applied to extract further meaningful insights and enhance
predictive accuracy. Besides that, it is recommended that future studies
prioritize the use of wet biomass consistent with industrial HTC prac-
tices instead of pre-dried feedstock. This will improve the reliability of
experimental data and enhance the predictive performance of ML
models.

4. Conclusions

The study demonstrates the high predictive accuracy of decision
fusion via developing diversified ensemble models in predicting
hydrochar properties. These ensemble models achieved exceptional
adjusted R? values (0.98-1.0) across various parameters, outperforming
single models by capturing complex data patterns in different regions.
Decision fusion proved especially effective for challenging outputs like
hydrochar yield. In addition to accuracy, the study emphasizes the
importance of model explainability, using XAl to explain the influence of
key features and providing insights into how these features impact
predictions, enhancing model transparency. Additionally, by applying
the developed novel initial features selection methodology combining
IML and XAI with human expertise in the early stages, fixed carbon
content and process temperature were identified among the most
influential factors for hydrochar carbon content, while temperature was
crucial for the hydrochar yield. This novel feature selection approach
had a good impact on the ensemble modeling learning tasks afterwards.
Overall, decision fusion combined with XAI not only improved predic-
tive performance but also contributed to a better understanding and
explainability of the machine learning models in the HTC process.
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