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Medium density fiberboard (MDF) production creates environmental burdens mainly through resin consumption, 
energy intensive pressing, and material losses. This study developed a Grey Wolf Optimizer (GWO) enhanced machine 
learning framework to predict global warming potential (GWP) and primary energy demand (PED) using directly 
controllable MDF process variables. Resin ratio, waste ratio, press temperature, press pressure, and press time were 
used as inputs, while GWP and PED were defined as outputs. A dataset of 60 production scenarios was used to train 
four GWO optimized models: CatBoost, Gradient Boosting Machine, Random Forest, and Extra Trees Regressor. Model 
performance was evaluated using R, R², RMSE, RMSRE, RRMSE, MAE, and MAPE. GWO CatBoost achieved the best 
GWP prediction performance with test values of R² = 0.9467, RMSE = 10.81, MAE = 8.31, and MAPE = 1.46%, while 
GWO GBM provided the highest PED accuracy with R² = 0.9214, RMSE = 173.92, MAE = 153.23, and MAPE = 2.22%.  
SHapley Additive exPlanations (SHAP) analysis identified resin ratio as the dominant predictor for both outputs, 
followed by press time and press temperature, while waste ratio and press pressure had smaller but meaningful 
effects.  Individual Conditional Expectation (ICE) results showed that higher resin content and more energy intensive 
pressing conditions generally increased GWP and PED. Overall, the proposed framework provides a rapid and 
explainable decision support tool for environmentally informed MDF process optimization. 

 

 
1. Introduction 
Medium density fibreboard (MDF) is an engineered wood 
panel used in numerous applications within interior 
components and the construction sector. Consequently, its 
production-related environmental impacts are becoming 
increasingly significant in building scale assessments [1]. The 
growing demand for sustainable building materials is 
accelerating circularity-focused approaches, such as utilising 
wood waste in panel production, and placing panels like MDF 
at the centre of the resource efficiency agenda. New 
applications where MDF can be used as a functional 
component in interior spaces require the material to be 
directly linked to its energy and environmental performance 
[2]. Pressing conditions and mat properties in MDF 
production play a decisive role in the structure and quality 
indicators of the board, necessitating the systematic 
management of production control variables [3]. 

 
In energy intensive steps such as fibre drying, efficiency 
variations dependent on temperature and duration 
demonstrate that energy performance in production processes 
must be considered alongside process parameters [4]. When 
the entire production cycle is considered, it is evident that the 
total environmental impact is influenced by holistic process 
management, as energy consumption is sensitive to process 
settings. Life cycle assessment quantifies the environmental 
impacts of a product throughout the processes from raw 
material procurement for a specific functional unit to its exit 
from the production facility, providing a robust framework 
for identifying the primary sources of impact in MDF 
production [5]. Cradle to gate assessments comparing MDF 
with similar panel products show that the environmental 
impact is concentrated particularly in the production of raw 
materials and auxiliary materials and in the board production 
stage, with transport having a relatively limited share [6].  
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Systematic literature reviews on wood based panels 
emphasise that the results of studies in fundamental categories 
such as climate change are sensitive to production scenarios 
and data sets, and therefore methodological consistency is 
critical [7]. Industrial LCA reports prepared using the sector 
average approach show that the declaration unit is mostly 
considered as one cubic metre of finished MDF and that 
energy and binder usage are clearly reflected in the results [8]. 
In interpreting the climate impacts of wood and wood based 
products in the construction sector, it is considered that 
carbon sequestration and scenario assumptions, in addition to 
emissions during the production phase, also influence the 
perception of outcomes [9]. The latest PCR documents 
published for EPD production in construction products aim to 
strengthen data consistency with module definitions and 
reporting expectations, and to increase the comparability of 
LCA outputs for panel products [10]. The EN 15804 A2 
compliant PCR approach contributes to standardisation in 
areas such as system boundaries, data quality and 
communication formats for wood and wood-based products, 
thereby promoting the use of LCA outputs [11]. 
 As a significant portion of the environmental impact in 
MDF production is associated with the production and use of 
binding chemicals, the resin composition and ratio are among 
the fundamental components of sustainable production 
strategies [12]. Recent reviews on the integration of lignin 
into adhesives demonstrate that lignin can be incorporated 
into resin systems due to its functional groups and has the 
potential to reduce dependence on fossil based components 
[13]. Research into entirely bio based and formaldehyde free 
adhesive alternatives has revealed that new binding 
chemistries represent an important area of research in terms 
of applicability and environmental performance within the 
panel industry [14]. Current analyses evaluating the techno-
economic and cradle to gate environmental impacts of bio-
adhesives together show that the transition to binders must be 
addressed not only in environmental terms but also in terms 
of scalability and cost [15]. Evaluations conducted on the 
industrial-scale production of new lignin based polymers and 
resins indicate that lignin-derived solutions are positioned as 
a potential pathway for transitioning to different adhesive 
technologies [16]. Studies comparing the life cycle impacts of 
formaldehyde based adhesives reveal that the choice of binder 
can create significant differences in climate impact and 
energy indicators [17]. Studies examining the cradle to gate 
profiles of bio-based adhesives as alternatives to traditional 
resins indicate that the choice of binder is one of the primary 
areas of intervention for environmental improvement in panel 
products [18]. However, LCA applications may struggle to 
provide rapid decision support based on production 
parameters due to the increasing computational load as data 
collection costs and the number of scenarios rise [19]. 
 Comprehensive reviews compiling studies that use LCA 
and machine learning together show that ML methods are 
increasingly being used in stages such as inventory 

estimation, impact estimation, and interpretation support [20]. 
A recent review systematically comparing the performance of 
machine learning algorithms in LCA studies reports that 
different model families can excel in different data types and 
that model selection depends on the problem structure [21]. 
Studies addressing ML based decision support in the context 
of prospective LCA demonstrate that it is possible to generate 
forecasts with limited data in early stage technology and 
process design, and that this accelerates scenario scanning 
[22]. Recent studies on LCA integration in the early design 
phase reveal that the need for rapid assessment has become 
particularly evident in decisions regarding building products 
and components, increasing the demand for data driven tools 
[23]. Methods based on estimating LCA labels with limited 
inputs offer an approach that enables the acceleration of LCA 
calculations in the early phase and the rapid elimination of 
alternatives [24]. Studies applying LCA and ML integration 
in concrete design examples demonstrate that environmental 
indicators can be estimated with high accuracy using 
appropriate validation strategies and that the design space can 
be rapidly scanned [25]. Machine learning-based models 
enable the exploration of large parameter spaces by providing 
low latency predictions in systems requiring expensive 
computation or experimentation, thereby strengthening 
scenario-based decision support [26]. However, the reliable 
use of models depends on the explainable reporting of 
variable contributions and the generation of interpretations 
consistent with engineering intuition. Recent studies 
demonstrating explainability approaches such as SHAP 
through concrete applications reveal that making variable 
importance and interactions visible increases the 
transferability of model outputs to decision makers. 
 Although previous studies have made substantial 
contributions to the environmental assessment of MDF and 
wood based panel production, several limitations remain in 
the current literature. Most existing LCA studies report 
environmental impacts for fixed production scenarios and 
identify critical process stages, such as resin consumption, 
electricity use, and pressing operations. However, these 
studies generally do not provide a rapid predictive framework 
that links directly controllable production variables with 
environmental indicators. Similarly, studies on lignin based 
adhesives and waste utilization mostly focus on material 
substitution potential, technical feasibility, or comparative 
environmental performance. In contrast, the combined effects 
of resin ratio, waste fibre ratio, and pressing conditions on 
GWP and PED are rarely evaluated within the same decision 
space. In addition, although the integration of machine 
learning methods into LCA studies has increased, their 
application to MDF production remains limited. This 
limitation is particularly evident in terms of explainable 
models that reveal the direction and relative contribution of 
individual production parameters to environmental impacts. 
 To address this gap, this study develops interpretable 
machine learning proxy models that predict, with high 
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accuracy and in a short time, the global warming potential and 
primary energy demand indicators for one cubic metre of 
MDF. Directly controllable production variables, including 
resin ratio, waste ratio, press temperature, press pressure, and 
press time, were used as model inputs. The study offers a 
practical decision support approach that reduces the data 
collection and computational costs associated with 
conventional life cycle assessment applications as the number 
of production scenarios increases. The fundamental 
contribution of the study is that it does not merely report 
environmental indicators. It also disaggregates the effects of 
production control variables using explainability tools and 
demonstrates with numerical evidence which parameters 
should be prioritized in environmental improvement 
strategies. By addressing climate impact and energy demand 
indicators simultaneously, the study reveals relationships that 
single metric assessments may overlook and demonstrates 
that environmental eco efficiency can be managed by jointly 
adjusting production parameters. Therefore, the current 
research provides a data driven and actionable framework that 
links sustainability goals in MDF production to operational 
decisions. In this context, the originality and significance of 
the study are embodied in the following elements: 
• By utilising process variables that can be directly adjusted 

in MDF production, GWP and PED indicators for one 
cubic metre of product can be predicted in a short time. 

• Through explainability analysis, the contributions of resin 
ratio, waste ratio, and pressing conditions to 
environmental outputs are quantitatively separated, and 
key improvement levers are prioritized. 

• Considering GWP and PED indicators together makes the 
relationships between climate impact and energy demand 
visible within the same decision space. 

• Evaluating lignin based resin ratio and waste utilization 
rate together with process parameters enables resource 
efficiency and low carbon targets to be linked with process 
management. 

• In addition to reporting model performance, the outputs 
generate insights that can be directly transferred to 
operational decisions, such as production window 
selection and parameter prioritization. 

 
2. Research Background 

2.1. Medium density fibreboard (MDF) production 
Medium density fibreboard (MDF) is a composite panel 
production process based on separating wood raw material 
into fibres, combining them with binding resins, and pressing 
them under high temperature and pressure. The production 
process generally begins with debarking and chipping logs. 
The resulting wood chips are separated into fibres in 
defibrators using steam and mechanical action. At this stage, 
synthetic resins such as urea formaldehyde and additives such 
as paraffin are added to the fibres to impart water repellent 
properties. The resin coated fibres are dried in a drying unit 
to the appropriate moisture level and then spread to form a 
homogeneous fibre mat. The fibre layer is compressed in hot 
presses under specific temperature, pressure and pressing 
time conditions to form MDF boards. In these production 
stages, the resin ratio, pressing conditions, and the amount of 
waste generated during production directly affect both 
product quality and the energy consumption and 
environmental impact of the production process. Therefore, 
the MDF production process is considered a production 
system where critical parameters are controlled in terms of 
resource efficiency and environmental performance 
improvement (Fig. 1). 

 

 
Fig. 1. MDF production process 
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2.2. Machine learning (ML) algorithms and 
optimization 

2.2.1. Random forest (RF) 
Random Forest (RF) is a machine learning method that 
improves predictive accuracy by combining multiple decision 
trees. In this approach, numerous training subsets are 
generated through random sampling of the original dataset. 
At each node of the trees, splits are performed using randomly 
selected predictor variables, allowing diverse decision 
structures to be formed. This mechanism reduces correlation 
among trees and enhances the generalization capability of the 
model. During the training process, prediction errors are 
monitored and utilized to estimate the relative importance of 
the variables. The mathematical formulation of the final RF 
prediction is presented in Eq. (1). 

𝑦𝑦�(𝑥𝑥) =
1
𝑇𝑇
� ℎ𝑡𝑡(𝑥𝑥)
𝑇𝑇

𝑡𝑡=1

 (1) 

 Here, T represents the total number of trees in the forest, 
ht(x) represents the output given by the t-th decision tree to 
the input, and 𝑦𝑦�(x) represents the final prediction of RF. 
Accordingly, the RF approach is regarded as a machine 
learning method capable of achieving high predictive 
performance in the analysis of complex datasets. [27]. 

2.2.2. Gradient boosting machine (GBM) 
Gradient Boosting Machine (GBM) is a machine learning 
technique in which decision trees sequentially improve the 
model by correcting the errors of previous trees. The process 
begins with a simple decision tree, and the model is iteratively 
updated by learning from the residual errors produced at each 
stage. In each iteration, the algorithm adjusts the model by 
focusing on the mistakes made in the previous step, thereby 
progressively improving predictive performance. The GBM 
algorithm advances by considering both the direction and 
magnitude of the error rate, allowing new trees to be added in 
a way that minimizes these errors. This sequential learning 
structure enables GBM to capture complex relationships 
within the data with high accuracy when the model is properly 
constructed. The formulation of the model at the mth iteration 
is presented in Eq. (2). 
𝐹𝐹𝑚𝑚(𝑥𝑥) = 𝐹𝐹𝑚𝑚−1(𝑥𝑥) + 𝜈𝜈𝑚𝑚ℎ𝑚𝑚(𝑥𝑥) (2) 

 Here, Fm(x) m-th iteration model, F(m-1)(x) previous 
model, hm(x) m-th added weak learner, and ν represents the 
learning rate [28]. 

2.2.3. Extra trees regressor (ETR) 
Extra Trees Regressor (ETR) is an ensemble learning method 
that produces predictions by averaging the outputs of multiple 
decision trees. In this approach, both the selection of variables 
and the determination of split points are performed randomly 
during tree construction. This high level of randomness 
reduces the correlation between individual trees and improves 
the overall predictive performance of the model. At the same 

time, the method helps decrease the risk of overfitting. Owing 
to this structure, the ETR algorithm provides a flexible 
modeling framework that is robust to noise and variability in 
the data. The mathematical representation of the final output 
produced by the ETR model is presented in Eq. (3). 

𝑓𝑓(𝑢𝑢) =
1
𝐾𝐾
�𝑔𝑔𝑘𝑘(𝑢𝑢)
𝐾𝐾

𝑘𝑘=1

 (3) 

 Where; K the total number of trees, gk(u) the estimate of 
the k-th extra tree, u represents the input vector [29]. 

2.2.4. CatBoost 
CatBoost (Categorical Boosting) is a gradient boosting 
algorithm based on decision trees and is being developed as a 
powerful machine learning method that provides high 
accuracy. This algorithm is based on the boosting approach, 
and the model is created by sequentially training decision 
trees used as weak learners. Each new tree is trained to reduce 
the prediction errors of the previous model, thereby iteratively 
improving the model. One of the most important features of 
the CatBoost algorithm is that it reduces data leakage and 
limits the overfitting problem by using the ordered boosting 
approach. The algorithm also incorporates special techniques 
for processing categorical variables, thereby reducing the 
need for data pre-processing. Thanks to these features, 
CatBoost can successfully model non-linear relationships in 
complex data structures and offers high generalisation 
performance [30]. The model structure in the CatBoost 
algorithm is based on binary decision trees. Within this 
structure, each leaf node is assigned a specific value, and this 
value represents the predicted target output for the relevant 
data point. Thus, the model enables the prediction of the target 
variable through the leaf nodes formed by the decision trees. 
The mathematical representation of a decision tree is 
expressed in Eq. (4). 

ℎ(𝑥𝑥) = �𝑏𝑏𝑗𝑗1�𝑥𝑥∈𝑅𝑅𝑗𝑗�

𝐽𝐽

𝑗𝑗=1

 (4) 

 Here, Rj denotes the data regions corresponding to the leaf 
nodes of the decision tree. Following this stage, statistical 
values relating to the target variable are calculated for each 
region (Eq. 5). 

𝑥𝑥�𝑘𝑘𝑖𝑖 =
∑  𝑛𝑛
𝑗𝑗=1 1�𝑥𝑥𝑗𝑗𝑖𝑖=𝑥𝑥𝑘𝑘𝑖𝑖 �𝑦𝑦𝑗𝑗 + 𝑎𝑎𝑎𝑎

∑  𝑛𝑛
𝑗𝑗=1 1�𝑥𝑥𝑗𝑗𝑖𝑖=𝑥𝑥𝑘𝑘𝑖𝑖 � + 𝑎𝑎

 (5) 

 Subsequent calculations are performed with the aim of 
minimising the loss function of the base predictor (Eq. 6). 

ℎ𝑡𝑡 = arg𝑚𝑚𝑚𝑚𝑚𝑚
ℎ∈𝐻𝐻

1
𝑛𝑛
�  
𝑛𝑛

𝑘𝑘=1

�−𝑔𝑔𝑡𝑡(𝑥𝑥𝑘𝑘 ,𝑦𝑦𝑘𝑘) − ℎ(𝑥𝑥𝑘𝑘)�2 (6) 

2.2.5. Grey wolf optimizer (GWO) 
The Grey Wolf Optimizer (GWO) is a metaheuristic 
optimization algorithm inspired by the social hierarchy and 
cooperative hunting behavior of grey wolves. In this 
algorithm, candidate solutions are categorized into four 
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hierarchical groups: alpha, beta, delta, and omega. The alpha 
wolf represents the best solution found so far, while the beta 
and delta wolves assist in guiding the search process toward 
promising regions of the solution space. The omega wolves 
follow the leading groups and contribute to the exploration of 
new search areas. Key hunting behaviors of grey wolves, such 
as encircling prey, tracking its movement, and attacking at the 
appropriate moment, are modeled mathematically within the 
algorithm. During the optimization process, control 
parameters are gradually reduced to shift the search from 
global exploration to local exploitation. Owing to these 
mechanisms, GWO demonstrates effective performance in 
solving complex optimization problems [31]. The 
mathematical formulation describing the prey encircling 
behavior of grey wolves is presented in Eq. (7). 
𝐷𝐷��⃗ = �𝐶𝐶 ⋅ 𝑋𝑋𝑝𝑝����⃗ (𝑡𝑡) − 𝑋⃗𝑋(𝑡𝑡)�𝑋⃗𝑋(𝑡𝑡 + 1) = 𝑋𝑋𝑝𝑝����⃗ (𝑡𝑡) − 𝐴𝐴 ⋅ 𝐷𝐷��⃗  (7) 

 Where t repetition, 𝐴𝐴 and 𝐶𝐶 coefficient vectors, 𝑋𝑋𝑝𝑝����⃗  the 
location of the prey, 𝑋⃗𝑋 shows the location of the gray wolf. 
Accordingly, vectors 𝐴𝐴 and 𝐶𝐶 are calculated using Eq. (8). 
𝐴𝐴 = 2𝑎⃗𝑎 ⋅ 𝑟𝑟1���⃗ − 𝑎⃗𝑎  𝐶𝐶 = 2 ⋅ 𝑟𝑟2���⃗  (8) 

 Where 𝑎⃗𝑎 decreases linearly from 2 to 0 throughout the 
iterations. 𝑟𝑟1���⃗  and 𝑟𝑟2���⃗  are vectors randomly selected from the 
interval [0,1]. At this stage, the best three solutions are 
recorded, and the best search position update is performed. 
The mathematical equations related to the update are 
presented in Eqs. (9, 10 and 11). 
𝐷𝐷𝛼𝛼�����⃗ = �𝐶𝐶1����⃗ ⋅ 𝑋𝑋𝛼𝛼����⃗ − 𝑋⃗𝑋�,𝐷𝐷𝛽𝛽����⃗ = �𝐶𝐶2����⃗ ⋅ 𝑋𝑋𝛽𝛽����⃗ − 𝑋⃗𝑋�,𝐷𝐷𝛿𝛿����⃗

= �𝐶𝐶3����⃗ ⋅ 𝑋𝑋𝛿𝛿����⃗ − 𝑋⃗𝑋� (9) 

𝑋𝑋1����⃗ = 𝑋𝑋𝛼𝛼����⃗ − 𝐴𝐴1����⃗ ⋅ �𝐷𝐷𝛼𝛼�����⃗ �,𝑋𝑋2����⃗ = 𝑋𝑋𝛽𝛽����⃗ − 𝐴𝐴2����⃗ ⋅ �𝐷𝐷𝛽𝛽����⃗ �,𝑋𝑋3����⃗
= 𝑋𝑋𝛿𝛿����⃗ − 𝐴𝐴3����⃗ ⋅ �𝐷𝐷𝛿𝛿����⃗ � 

(10) 

𝑋⃗𝑋(𝑡𝑡 + 1) =
𝑋𝑋1����⃗ + 𝑋𝑋2����⃗ + 𝑋𝑋3����⃗

3
 (11) 

 
3. Methodological Overview 

3.1. General framework 
The general framework presented in Fig. 2 shows the 
modelling of the relationship between production parameters 
of the MDF production process and environmental impact 
indicators using machine learning methods. An 
experimentally generated dataset was used in the first stage of 
the study. In this dataset, the variables representing the 
production process-resin ratio, waste ratio, press temperature, 
press pressure, and press time-were defined as input 
parameters. Global warming potential and primary energy 
demand, representing environmental performance, were 
considered as model outputs. 
 Following the preparation of the dataset, the database was 
organised during the data processing stage and adapted to suit 
the model development process. At this stage, the dataset was 
divided into two subsets: training and testing. Eighty per cent 
of the total data was used for model training, while twenty per 
cent was set aside as test data to evaluate the model's 
generalisation performance. This allows the prediction 
performance of the developed models on previously unseen 
data to be objectively evaluated. Four different machine 
learning algorithms were used in the model development 
phase. 

 

 
Fig. 2. General framework for study 
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These are Random Forest, Gradient Boosting Machine, Extra 
Trees Regressor, and CatBoost methods. Hyperparameter 
optimisation was applied to improve the performance of these 
models and determine the most suitable model structures. The 
Grey Wolf Optimizer algorithm was used in the 
hyperparameter optimisation process. This algorithm is a 
meta-heuristic optimisation method that mimics the hunting 
behaviour of grey wolves and determines the most suitable 
parameter combination by iteratively updating the model 
parameters in the search space. Following the optimisation 
process, machine learning models were trained using the best 
hyperparameters obtained, and final prediction models were 
created. In the final stage, these models were used to predict 
GWP and PED values. Thus, the relationship between 
production parameters and environmental impacts was 
revealed based on data, and a modelling framework capable 
of rapidly predicting the environmental performance of the 
MDF production process was established. 

3.2. Data gathering and description 
The dataset used in this study was developed by combining 
systematically defined MDF production scenarios with life 
cycle assessment calculations. A total of 60 production 
scenarios were generated by varying the main controllable 
process parameters within predefined ranges, including resin 
ratio, waste fibre ratio, press temperature, press pressure, and 
press time. For each scenario, GWP and PED outputs were 
obtained using the LCA model developed in SimaPro. 
 The functional unit was defined as 1 m³ of MDF to ensure 
comparability with conventional panel production systems. 
The system boundary was set as cradle to gate and covered 
modules A1 to A3, including raw material supply, transport, 
and manufacturing processes. The MDF production system 
was structured into process modules consisting of raw 
material preparation and fibre separation, fibre drying, 
stepwise heating, resin application and mixing, forming and 
pre pressing, hot pressing, trimming and sanding, 
conditioning, and internal logistics. These modules were 
separately defined in SimaPro to enable traceable modelling 
of material and energy flows throughout the production line. 
Electrical and thermal energy inputs were recorded according 
to energy carrier as kWh and MJ. Resin systems, additives, 
water use, and process related emissions were assigned to the 

relevant production modules. Environmental indicators were 
calculated in accordance with the LCA framework of ISO 
14040, and GWP and PED were selected as the output 
variables for the machine learning models because they 
represent the climate impact and primary energy requirement 
of MDF production. Statistical information regarding these 
data is provided in Table 1. 
 The relationship between production parameters and 
environmental indicators enables the MDF production 
process to be evaluated in terms of both material usage and 
energy consumption. The input variables used in this study 
represent the fundamental operational conditions of the 
production system, while the output variables demonstrate the 
effects of these conditions on environmental performance. In 
particular, the resin ratio, waste fibre ratio, and pressing 
parameters play a significant role in determining the 
environmental impacts arising from the production process. 
Therefore, analysing the relationships between these 
parameters and environmental impact indicators is critical to 
understanding the sustainability performance of the 
production system. The resin ratio refers to the amount of 
lignin phenol formaldehyde-based binder used in the study 
within the fibre mixture. Lignin-based resins are considered a 
more sustainable alternative to traditional phenol 
formaldehyde systems because they contain a biomass-
derived component. However, resin production and use can 
directly affect the global warming potential of the production 
system. Changes in resin quantity can also affect the pressing 
conditions required during panel formation and indirectly 
alter energy consumption. The waste fibre ratio represents the 
level at which recycled fibres are incorporated into the raw 
material mixture during the production process. This 
parameter plays an important role in reducing primary raw 
material use and can increase resource efficiency. Although 
the use of waste fibres has the potential to reduce 
environmental burdens associated with raw material 
procurement, differences in fibre quality can create additional 
energy requirements during production. This situation can 
have an impact on environmental indicators related to energy 
consumption. Press temperature, press pressure and press 
time are the fundamental operational parameters representing 
the hot pressing stage of the MDF production process. 

 
Table 1. Data description and statistical values 

Items Type Units Min Max Mean SD 

Resin ratio (lignin) Input % 6,04 11,85 9,11 1,70 
Waste ratio Input % 0,68 29,08 14,32 7,92 
Press temperature Input oC 166 209,7 186,71 13,33 
Press pressure  Input MPa 2.04 4,92 3,47 0,92 
Press time Input s 144 316 222,96 54,53 
GWP Output kg CO₂-eq/m³ 435,6 621,5 526,8 48,15 
PED Output MJ/m3 5408 7978 6743,3 633 
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These parameters determine the physical conditions 
necessary for the compression of fibres and the curing of the 
binder during panel formation. Changes in pressing 
conditions can directly affect the amount of thermal and 
mechanical energy used in the production process. Therefore, 
these parameters have a significant impact on primary energy 
demand in particular. Global warming potential and primary 
energy demand are used as environmental performance 
indicators in this study. Global warming potential represents 
the impact of greenhouse gas emissions generated during the 
production process on climate change, while primary energy 
demand refers to the total amount of energy used in the 
production system. Analysing the relationships between input 
parameters and these environmental indicators enables the 
identification of operational conditions that increase or 
decrease environmental impacts in the production system. 
This relationship also forms the fundamental data structure 
that allows machine learning models to predict environmental 
impact indicators based on production parameters. 
 A Pearson correlation matrix was created to determine the 
linear relationships between the parameters used in the study. 
The results of the Pearson correlation analysis reveal linear 
relationships between the process parameters used in the 
MDF production process and environmental impact 
indicators. Examination of the correlation matrix shows that 
certain production parameters have a more pronounced effect 
on global warming potential and primary energy demand. 
According to the results, there is a strong positive relationship 
between the resin ratio and environmental impact indicators. 
The correlation coefficient between the resin ratio and global 
warming potential is calculated as 0.71, while the correlation 
coefficient with primary energy demand is determined as 
0.74. This indicates that the production and use processes of 
lignin phenol formaldehyde-based binders play a significant 
role in environmental impacts. It is understood that an 
increase in the resin ratio could lead to a significant increase, 
particularly in the total energy requirement and greenhouse 
gas emissions of the production system. More limited positive 
relationships are observed between the waste fibre ratio and 
environmental indicators. The correlation coefficient between 
the waste ratio and global warming potential is calculated as 
0.33, while the correlation coefficient with primary energy 
demand is 0.39. These values indicate that waste fibre use has 
a moderate relationship with environmental impacts. 
Although waste fibre use has the potential to reduce primary 
raw material consumption, additional processing 
requirements in the production process can affect energy 
consumption. When examining pressing parameters, it is seen 
that pressing time shows a stronger relationship with 
environmental indicators than other parameters. The 
correlation coefficient between pressing time and global 
warming potential is 0.60, while the correlation coefficient 
with primary energy demand is 0.59. This result indicates that 
pressing time has a significant effect on the amount of energy 

consumed during production. The correlation values between 
press temperature and press pressure and environmental 
indicators remain at a lower level. While there is a 
relationship of approximately 0.31 between press temperature 
and both environmental indicators, the correlation 
coefficients with press pressure are calculated as 0.33 and 
0.28. In addition to Pearson correlation analysis, 
multicollinearity among the input parameters was evaluated 
using the variance inflation factor. The VIF values were 
calculated together with the model performance metrics for 
both the training and test datasets. The mean VIF values were 
1.048 for the training dataset and 1.788 for the test dataset. 
Both values were well below the commonly accepted 
threshold value of 5, indicating that there was no serious 
multicollinearity among the input variables. Therefore, all 
process parameters were retained in the model development 
stage, and variable removal was not required. When 
examining the relationship between environmental impact 
indicators, a strong positive correlation is observed between 
global warming potential and primary energy demand. The 
correlation coefficient between these two variables is 
calculated as 0.95. This indicates a strong linear relationship 
between energy consumption and greenhouse gas emissions 
in the production process. In other words, an increase in the 
amount of energy used in the production system directly 
causes an increase in global warming potential (Fig. 3). 
Overall, the correlation analysis results show that the resin 
ratio and press time parameters have more pronounced effects 
on the environmental performance of the MDF production 
process. It is understood that these parameters are critical 
process variables that can affect both energy consumption and 
emission levels in the production system. Therefore, 
optimising these parameters offers significant potential for 
developing improvement strategies aimed at reducing 
environmental impacts. 

3.3. Data preprocessing and hyperparameters tuning 
Data quality and methodological consistency are essential for 
developing reliable machine learning models. In this study, 
the dataset consisted of 60 production scenarios generated 
through systematically defined MDF process parameters and 
corresponding LCA calculations. Since all scenarios were 
created within predefined operational ranges, all observations 
were retained in the modelling process. The input variables 
were resin ratio, waste fibre ratio, press temperature, press 
pressure, and press time, while the output variables were 
Global Warming Potential and Primary Energy Demand. 
 The dataset was divided into training and test subsets 
using a random splitting procedure. To ensure reproducibility, 
the random state was fixed at 42. Eighty percent of the dataset 
was allocated to model training, while the remaining twenty 
percent was reserved as an independent test set to evaluate 
predictive performance on unseen data.  
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Fig. 3. Pearson correlation matrix 

 
To prevent input variables with larger numerical ranges from 
dominating the model development process, min max 
normalization was applied to the input variables by scaling 
them to the range of 0 to 1. The normalization parameters 
were determined from the training data and then applied to 
the test data using the same transformation. This procedure 
was applied only to the input variables, namely resin ratio, 
waste fibre ratio, press temperature, press pressure, and press 
time. The output variables were kept in their original units so 
that model performance could be evaluated directly in kg CO₂ 
equivalent per m³ for GWP and MJ per m³ for PED. The 
training data were used for model fitting and hyperparameter 
optimisation, whereas the test data were used only for the 
final performance assessment. This procedure enabled the 
generalisation performance of the developed models to be 
evaluated separately from the optimisation process. Since the 
performance of machine learning models is strongly affected 
by hyperparameter selection, hyperparameter optimisation 
was performed during model development. For this purpose, 
the Grey Wolf Optimizer algorithm was used to search for the 
most suitable hyperparameter combinations of the Random 
Forest, Gradient Boosting, Extra Trees, and CatBoost models. 
The objective function of the GWO based optimisation was 
defined as the minimisation of the five fold cross validated 
mean squared error calculated on the training dataset. In the 
GWO procedure, the population size was set to 50 wolves, 

and the maximum number of iterations was set to 100. The 
stopping criterion was defined as reaching the maximum 
number of iterations. During the optimisation process, 
candidate solutions represented different hyperparameter 
combinations within the predefined search ranges given in 
Table 2. To improve the reliability and reproducibility of 
model evaluation during optimisation, a five fold KFold cross 
validation procedure with shuffling and a fixed random state 
of 42 was applied on the training dataset. This approach 
allowed the model performance to be tested across different 
training and validation partitions. 
 As a result of the optimisation process, the best 
hyperparameter combinations were determined separately for 
each model and each environmental output. Since Global 
Warming Potential and Primary Energy Demand were 
modelled as separate target variables, different optimum 
hyperparameter values were obtained for each output. The 
hyperparameter search ranges and the best parameter values 
obtained from the optimisation process are presented in Table 
2. 

3.4. Model evaluation metrics 
Various performance metrics were used to evaluate the 
prediction performance of the machine learning models 
developed in this study.  
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Table 2. ML model hyperparameters 

GWO-ML models Hyper-parameter Ranges of values Best values (GWP) Best values (PED) 
GWO-RF n_estimators [20 - 1000] 234 225 

max_depth [3 - 12] 7 12 
min_samples_split [4 - 16] 4 4 
min_samples_leaf [2 - 10] 2 2 

 max_features [0.3 – 0.9] 0.625 0.725 
GWO-GBM n_estimators [20 - 1000] 718 891 

learning_rate [0.01 - 0.2] 0.044 0.021 
max_depth [3 - 12] 9 9 
subsample [0.6 - 1.0] 0.6 0.6  
min_samples_split [2 - 10] 7 8 

GWO-ETR n_estimators [20 - 1000] 987 240 
max_depth [3 - 12] 7 8 
min_samples_split [4 - 16] 4 4 
min_samples_leaf [2 - 10] 2 2  
max_features [0.3 – 0.9] 0.865 0.9 

GWO-CatBoost iterations [20 - 1000] 1000 787 
depth [3 - 12] 3 3 
learning_rate [0.01 - 0.2] 0.077 0.026 
l2_leaf_reg [3 - 20] 3 3 
Bagging_temperature [0 - 1] 0 0.523 

These metrics enable the assessment of the model's fit 
between actual values and predicted values from different 
perspectives. The performance metrics given in Table 3 were 
used to determine model accuracy, error magnitude, and 
relative error levels. In addition to these performance metrics, 
the generalization gap indicators given in Table 3 were used 
to evaluate the consistency between the training and test 
performances. The coefficient of determination (R²) indicates 
the proportion of variance explained by the model and shows 
the extent to which the model predictions are consistent with 
the actual values. An R² value close to 1 indicates that the 

model can explain the variability in the data set to a large 
extent. Therefore, the R² metric was used to evaluate the 
explanatory power of the models developed in this study. 
Root mean square error (RMSE) represents the square root of 
the average of the squares of the differences between the 
predicted values and the actual values. This metric measures 
the absolute error magnitude in model predictions and 
penalises large errors more heavily. Therefore, the RMSE 
value is used as an important performance indicator to 
evaluate the accuracy of model predictions. 

 
Table 3. Performance metrics and generalization gap indicators used in the study 

Performance metrics Formulas 

Coefficient of determination (R2) 
𝑅𝑅2 = 1 −

∑  𝑛𝑛
𝑖𝑖=1 (True𝑖𝑖 − Predicted𝑖𝑖)2

∑  𝑛𝑛
𝑖𝑖=1 �True𝑖𝑖 − Trueavg �

2  

Root mean squared error (RMSE) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �
1
𝑛𝑛�  

𝑛𝑛

𝑖𝑖=1

(True𝑖𝑖 − Predicted𝑖𝑖)2

 
Root Mean Squared Relative Error (RMSRE) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �
1
𝑛𝑛�  

𝑛𝑛

𝑖𝑖=1

�
 True 𝑖𝑖 −  Predicted 𝑖𝑖

 True 𝑖𝑖
�
2

× 100 

Relative Root Mean Squared Error (RRMSE) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
�1
𝑛𝑛∑  𝑛𝑛

𝑖𝑖=1 (True𝑖𝑖 − Predicted𝑖𝑖)2

∑  𝑛𝑛
𝑖𝑖=1 True𝑖𝑖

× 100 

Mean Absolute Percentage Error (MAPE) 
MAPE =

1
𝑛𝑛�  

𝑛𝑛

𝑖𝑖=1

�
True𝑖𝑖 − Predicted𝑖𝑖

True𝑖𝑖
� 

Coefficient of determination gap (ΔR²) ΔR² = R²training − R²test 
Root mean squared error gap (ΔRMSE) ΔRMSE = RMSEtest − RMSEtraining 
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The root mean square relative error (RMSRE) calculates 
prediction errors by normalising them with actual values. This 
metric allows for the relative evaluation of error values. Thus, 
it enables the comparison of model performance across 
datasets with different scales. In this study, the RMSRE 
metric was used to evaluate the relative error level of model 
predictions. The relative root mean square error (RRMSE) is 
obtained by normalising the RMSE value according to the 
mean of the observations. This metric allows the model error 
to be evaluated according to the overall size of the dataset. 
Thus, model performance can be interpreted independently of 
the scale of the dataset. The mean absolute percentage error 
(MAPE) represents the average magnitude of the difference 
between the predicted values and the actual values as a 
percentage. This metric facilitates the interpretation of model 
performance by allowing the model prediction error to be 
expressed as a percentage. In this study, the MAPE metric 
was used to evaluate the error level of model predictions as a 
percentage. The coefficient of determination gap (ΔR²) and 
root mean square error gap (ΔRMSE) were also calculated to 
provide an additional quantitative basis for evaluating model 
generalization and possible overfitting. When these 
performance metrics are evaluated together, the machine 
learning models developed can be comprehensively analysed 
in terms of both absolute error magnitude and relative error 
level. This allows for a reliable assessment of the extent to 
which the models can accurately predict environmental 
impact indicators such as Global Warming Potential and 
Primary Energy Demand. 
 

 
4. Results 

4.1. Assessment of machine learning (ML) models 

4.1.1. Performance of machine learning (ML) models for 
global warming potential (GWP) 

Figs. 4 and 5 present the Global Warming Potential (GWP) 
prediction behaviour of the RF and ETR models. Both models 
provide a generally acceptable agreement between 
experimental and predicted values, with most predictions 
remaining close to the ideal line. The RF model shows a 
relatively wider error spread, particularly in the prediction 
ratio and residual variation plots, which indicates that its 
predictions fluctuate more noticeably across the dataset. The 
ETR model displays a slightly more compact error structure 
than RF and follows the experimental trend more consistently 
in several regions of the dataset. Nevertheless, both models 
show certain deviations in the test region, suggesting that their 
predictive response is less stable than the boosting based 
models. Therefore, RF and ETR can be considered reliable 
baseline ensemble models for GWP estimation, but their 
performance should be interpreted mainly through the 
quantitative metrics rather than visual agreement alone. 
 Figs. 6 and 7 illustrate the GWP prediction results of the 
GBM and CatBoost models. The GBM model exhibits a 
balanced prediction pattern, with limited residual dispersion 
and a close overlap between experimental and predicted 
trends across both training and test regions. This indicates that 
GBM captures the variation in GWP values without 
producing pronounced deviations for most observations.  

 

 
Fig. 4. Performance evaluation of the RF model developed for GWP estimation 
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Fig. 5. Performance evaluation of the ETR model developed for GWP estimation 

 

 
Fig. 6. Performance evaluation of the GBM model developed for GWP estimation 

 
CatBoost, on the other hand, provides an almost exact fit in 
the training region, but its test predictions show more visible 
local deviations. This pattern suggests a stronger adaptation 
to the training data, although the final judgement requires 
support from independent test metrics. Compared with RF 
and ETR, the boosting based models provide a more 
concentrated prediction structure, particularly in the scatter 
and residual plots. However, the graphical results are used 

here only as complementary diagnostic evidence. The 
comparative performance of the models is evaluated 
primarily through test set statistics and cross validation 
results. 
 When GWP prediction performances are evaluated 
together, it is seen that all four models generally produce 
successful results.  
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Fig. 7. Performance evaluation of the CatBoost model developed for GWP estimation 

 
In all models, experimental and predicted values are 
positioned close to the ideal line, and error levels remain 
limited. However, some relative differences between the 
models are noteworthy. Although the RF and ETR models 
produced highly accurate predictions, their error distributions 
and Pred./Exp. ratios show a wider spread compared to GBM 
and CatBoost. The GBM model stands out with a more 
balanced error distribution and a mean error closer to zero, 
while the CatBoost model is seen to deliver the most stable 
results, particularly due to the tighter clustering of data points 
around the 1 reference line and the prediction curve closely 
following the experimental trend. Overall, while all models 
demonstrate reliable performance, it can be said that the GBM 
and, in particular, the CatBoost models offer superior 
performance in terms of error stability and prediction 
consistency for GWP estimation. 
 To evaluate model performance, the metrics R, R², RMSE, 
RMSRE, RRMSE, and MAPE were examined. Upon 
reviewing the table, it is observed that all models achieved a 
high level of accuracy in terms of GWP prediction. Notably, 
the GWO CatBoost and GWO GBM models stood out in the 
training dataset with very low error values and high R² values. 
The CatBoost model showed an almost error-free fit in the 
training data. When evaluating the test data set results, it is 
seen that all models exhibit strong generalisation 
performance. However, the highest coefficient of 
determination (R² = 0.947) and the lowest error values were 
obtained in the GWO CatBoost model. The GWO GBM 
model also performed similarly well. The GWO RF and 
GWO ETR models produced reliable results but showed 
slightly lower performance in terms of error metrics 

compared to the other two models. Overall, it can be seen that 
the most successful model for GWP estimation is GWO 
CatBoost, followed by the GWO GBM model. 
 For the GWP output, the most notable result was obtained 
from the GWO CatBoost model, which produced an almost 
perfect fit in the training dataset. The training R² and RMSE 
values were 1.000 and 0.07, respectively. Since such a high 
training performance may raise concerns about overfitting, 
the result was evaluated together with the independent test 
performance and the generalization gap indicators presented 
in Table 3. Despite the near perfect training fit, GWO 
CatBoost maintained a strong predictive performance on the 
test dataset, with a test R² of 0.947 and a test RMSE of 10.81. 
The ΔR² value was 0.053, which was the lowest among the 
evaluated models. This indicates that the decrease in 
explanatory performance from training to test data was 
relatively limited. However, the increase in RMSE from 0.07 
to 10.81 shows that the training result should not be 
interpreted alone as evidence of generalization. GWO GBM 
also provided a strong alternative for GWP prediction, with a 
test R² of 0.921 and a test RMSE of 13.14. Although its test 
performance was slightly lower than that of GWO CatBoost, 
it showed a consistent predictive pattern. GWO RF and GWO 
ETR produced test R² values of 0.851 and 0.873, respectively, 
indicating acceptable but comparatively lower predictive 
performance. Taken together, the GWP results suggest that 
GWO CatBoost provided the highest test accuracy within the 
investigated experimental domain. Nevertheless, because of 
its near perfect training fit, the model was interpreted by 
considering both the test results and the generalization gap 
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indicators rather than relying only on the training 
performance (Table 4). 

4.1.2. Performance of machine learning (ML) models for 
primary energy demand (PED) 

For PED estimation, the RF and ETR models show 
comparable prediction behaviour, with both models capturing 
the general variation pattern of the experimental data. The 
scatter plots indicate that the predictions are mostly 
positioned within the ±10% error range, which supports an 
acceptable level of agreement between measured and 
predicted PED values. However, the residual and prediction 
ratio plots reveal that both models exhibit noticeable 
fluctuations across the dataset. This variation is more evident 
in the test region, where local deviations between 
experimental and predicted values become more pronounced. 
The ETR model appears to provide a slightly narrower error 
distribution than RF, but the overall prediction behaviour of 

the two models remains similar. Accordingly, RF and ETR 
can be interpreted as models that adequately reflect the main 
PED response, while their relatively wider residual variation 
indicates a lower level of prediction consistency compared 
with the best performing models. This observation is 
consistent with the quantitative performance results, where 
both models yielded acceptable but comparatively higher 
error values (Figs. 8 and 9). 
 A more compact prediction structure is observed for GBM 
and CatBoost in Figs. 10 and 11. The GBM model follows the 
experimental PED profile with relatively small deviations 
across most observations and maintains a balanced 
distribution around the reference line in the prediction ratio 
plot. Its residual pattern also indicates that large errors are 
limited to a smaller number of observations. CatBoost 
presents a very close fit in the training region, which is 
reflected by the dense clustering of prediction ratios around 1 
and the narrow residual distribution.  

 
Table 4. Performance metrics for GWP 

Models Dataset R R2 RMSE  RMSRE 
(%) 

RRMSE 
(%) 

MAPE 
(%)  

ΔR² ΔRMSE 

GWO-RF Training 0.981 0.932 12.26 2.376 2.347 1.880 0.081 5.80 
Test 0.988 0.851 18.06 3.141 3.314 2.515 0.081 5.80 

GWO-ETR Training 0.985 0.958 9.59 1.846 1.835 1.476 0.085 7.08 
Test 0.992 0.873 16.67 2.859 3.05 2.261 0.085 7.08 

GWO-GBM Training 0.998 0.996 3.13 0.599 0.599 0.406 0.075 10.01 
Test 0.960 0.921 13.14 2.339 2.410 1.933 0.075 10.01 

GWO-CatBoost Training 1 1 0.07 0.013 0.013 0.013 0.053 10.74 
Test 0.990 0.947 10.81 1.870 1.983 1.460 0.053 10.74 

 

 
Fig. 8. Performance evaluation of the RF model developed for PED estimation 
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Fig. 9. Performance evaluation of the ETR model developed for PED estimation 

 

 
Fig. 10. Performance evaluation of the ETR model developed for PED estimation 

 
In the test region, however, several local deviations are 
visible, indicating that the model response becomes less 
uniform for unseen observations. When the two models are 
considered together, GBM provides a more balanced error 
structure across the full dataset, whereas CatBoost shows 
stronger agreement in the training subset but a more variable 
response in the test subset. 
 When the PED prediction performances are evaluated 
together, it is seen that all four models successfully represent 

the experimental values and generally achieve a high level of 
accuracy. In all models, the data points are positioned close 
to the ideal line, the ratio between the predicted and 
experimental values is largely clustered around 1, and the 
error values remain within limited ranges. However, some 
differences in error distribution and stability are noticeable 
between the models. While the RF and ETR models produced 
robust and balanced results, their error spread appears slightly 
wider compared to GBM and CatBoost.   
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Fig. 11. Performance evaluation of the ETR model developed for PED estimation 

 
The GBM model stands out with a more symmetric error 
distribution and a more balanced prediction trend throughout 
the dataset. Although the CatBoost model closely follows the 
experimental curve, error fluctuations become more 
pronounced in the latter part of the test dataset compared to 
other models. Overall, all models demonstrated reliable 
performance in terms of PED estimation; however, the GBM 
model showed relatively superior performance in terms of 
error stability and overall consistency. 
To evaluate the PED prediction performance, the accuracy 
and error levels of the models were analyzed using various 
performance metrics. Upon examining the table, it is observed 
that all models achieved high explanatory power values for 
PED prediction. It is noteworthy that the highest performance 
in the training dataset was achieved by the GWO CatBoost 
model, which stood out with low error values and a high R² 
coefficient. When evaluating the test data set results, it is seen 
that the GWO GBM model has the highest explanatory 
coefficient (R² = 0.921) and shows a balanced performance in 
terms of error metrics. The GWO RF and GWO ETR models 
also produce reliable results, but their error values are slightly 
higher than those of other models. Overall, it can be said that 
the GWO GBM and GWO CatBoost models yield more 
successful results in PED prediction. 
 For the PED output, the comparison of the models 
indicated a different performance pattern from that observed 
for GWP. In this case, GWO GBM showed the most balanced 
relationship between training and test results. The model 
achieved an R² value of 0.984 in the training dataset and 0.921 
in the test dataset. Its RMSE values were 78.81 for training 
and 173.92 for testing. The relatively low ΔR² value of 0.063 
suggests that the predictive structure learned from the training 

data was largely preserved in the test dataset. Although GWO 
CatBoost also showed high test performance, with a test R² of 
0.911, its training performance was considerably higher. The 
training R² and RMSE values were 0.998 and 28.39, 
respectively, while the test RMSE increased to 185.16. This 
larger error increase indicates that the model fitted the 
training data more strongly than GWO GBM. Therefore, its 
PED prediction performance was interpreted more cautiously. 
GWO RF and GWO ETR showed moderate predictive 
performance for PED, with test R² values of 0.811 and 0.863, 
respectively. These models retained predictive ability on the 
independent test dataset, but their performance was lower 
than that of GWO GBM and GWO CatBoost. Overall, the 
PED results indicate that the model with the highest training 
performance was not necessarily the most balanced option in 
terms of generalization. In this output, GWO GBM provided 
a more stable relationship between training and test 
performance. Therefore, it was considered to present a more 
reliable generalization pattern for PED estimation within the 
studied experimental range (Table 5). 

4.2. SHAP and ICE analysis 

4.2.1. SHAP and ICE analysis for global warming 
potential (GWP) 

The SHAP method was applied to the CatBoost model, which 
yielded the best performance in GWP output, to explain the 
model's decision mechanism and reveal the relative 
contributions of production parameters to environmental 
impact. The findings clearly indicate that the most influential 
variable in GWP estimation is Resin Ratio Lignin (%). This 
variable is followed by Press Time (s), Press Temperature 
(°C), Waste Ratio (%), and Press Pressure (MPa).  



Journal of Construction Engineering, Management & Innovation 2026 9(2):691 

691-16 
 

Table 5. Performance metrics for PED 
Models Dataset R R2 RMSE  RMSRE 

(%) 
RRMSE 
(%) 

MAPE 
(%)  

ΔR² ΔRMSE 

GWO-RF Training 0.986 0.943 149.29 2.289 2.224 1.789 0.132 120.59 
Test 0.948 0.811 269.88 4.05 3.926 3.491 0.132 120.59 

GWO-ETR Training 0.988 0.965 116.82 1.798 1.740 1.410 0.102 112.61 
Test 0.955 0.863 229.43 3.392 3.337 2.964 0.102 112.61 

GWO-GBM Training 0.992 0.984 78.81 1.226 1.174 0.927 0.063 95.11 
Test 0.968 0.921 173.92 2.517 2.530 2.221 0.063 95.11 

GWO-
CatBoost 

Training 0.999 0.998 28.39 0.434 0.423 0.357 0.087 156.77 
Test 0.959 0.911 185.16 2.757 2.693 2.235 0.087 156.77 

 
The importance graph based on average absolute SHAP 
values reveals that the resin ratio has a stronger effect than all 
other variables. This indicates that resin content is the primary 
determinant of GWP. The distribution graph shows not only 
the order of importance but also the direction of the effect. 
Low resin ratios were mostly associated with negative SHAP 
values. This result indicates that low resin ratios contribute to 
reducing the GWP value. Conversely, high resin ratios are 
associated with positive SHAP values. This indicates that as 
the resin ratio increases, the GWP estimate rises. Similarly, 
high Press Time values also mostly produced positive SHAP 
values. This finding suggests that as the pressing time 
increases, the GWP tends to increase. In the Press 

Temperature variable, high temperature values are also 
generally seen to contribute positively. This result indicates 
that an increase in temperature has an increasing effect on 
GWP. The Waste Ratio and Press Pressure variables have a 
more limited effect. However, high values in these two 
variables have mostly contributed to increasing GWP. 
Overall, the results show that GWP is particularly sensitive to 
resin ratio and energy-intensive pressing conditions. 
Therefore, the most important areas for intervention in terms 
of environmental improvement are optimizing the resin ratio, 
reducing the pressing time, and controlling the pressing 
temperature (Fig. 12). 

 

 
 

 
Fig. 12. SHAP charts of the best model for GWP 
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 The ICE graphs obtained for GWP reveal that model 
predictions show similar trends across all observations and 
that the environmental impact is particularly sensitive to 
increases in production parameters. When the graphs are 
evaluated overall, it is observed that with an increase in the 
Resin Ratio (Lignin) (%) variable, most GWP predictions rise 
significantly in most observations. This indicates that the 
resin ratio has a strong and mostly positive effect on GWP. A 
similar trend is observed for Press Time (s). As press time 
increases, a significant portion of the curves move upward, 
with more pronounced increases in GWP estimates occurring 
at higher time intervals. The Press Temperature (°C) graph 
shows that GWP generally increases as temperature rises, but 
the effect becomes more pronounced in certain ranges. This 
suggests that temperature has a non-linear but clearly 
enhancing effect. The lines for Waste Ratio (%) are more 

moderate but still mostly upward. This finding indicates that 
an increase in the waste ratio has an enhancing effect on 
GWP. For the Press Pressure (MPa) variable, the upward 
trend is maintained, but the magnitude of the effect is more 
limited compared to other variables. The fact that the curves 
are not completely parallel indicates that the variables do not 
produce the same intensity of effect on different observations 
and that there are observation-dependent interactions in the 
model. Overall, these ICE results reveal that GWP is most 
sensitive to resin content, press time, and press temperature, 
while waste ratio and press pressure contribute in a secondary 
but still enhancing manner. Therefore, optimization of resin 
usage, reduction of pressing time, and careful control of 
temperature conditions should be prioritized as intervention 
areas in improvement strategies aimed at reducing GWP (Fig. 
13). 

 

 
Fig. 13. ICE graphs of the best model for GWP 
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4.2.2. SHAP and ICE analysis for primary energy 
demand (PED) 

The evaluation of the PED output using the SHAP method on 
the GBM model that delivers the best performance was 
conducted to explain the model's decision structure and reveal 
the effects of production parameters on primary energy 
demand. The results obtained clearly show that the most 
effective variable in PED estimation is Resin Ratio Lignin 
(%). This variable is followed by Press Time (s). Press 
Temperature (°C) and Waste Ratio (%) show a similar level 
of impact, while Press Pressure (MPa) stands out as the 
variable with the lowest contribution. The importance graph 
based on average absolute SHAP values reveals that the resin 
ratio and press time have a significantly higher explanatory 
power than the other variables. The scatter plot clearly shows 
the direction of this effect. Low Resin Ratio Lignin values 
were mostly associated with negative SHAP values. High 
values produced strong positive SHAP contributions. This 
indicates that as the resin ratio increases, the PED prediction 
increases significantly. Similarly, high Press Time values are 
mostly associated with positive SHAP values, suggesting that 
longer pressing times have an increasing effect on PED. In the 
Press Temperature variable, high temperature values 
generally contribute positively. This finding indicates that 

temperature increases have an upward effect on energy 
demand. For Waste Ratio, low values are mostly associated 
with negative SHAP contributions, while high values are 
associated with positive contributions. This result indicates 
that an increase in the waste ratio has a negative effect on 
PED. Although the Press Pressure variable has a more limited 
effect compared to the others, the fact that high pressure 
values mostly produce positive SHAP contributions suggests 
that this variable also plays a role in increasing energy 
demand. Overall, the results show that PED is particularly 
sensitive to resin ratio and pressing time, while temperature 
and waste ratio also contribute in a secondary but meaningful 
way. Therefore, the primary strategies for improving energy 
performance should be optimizing the resin ratio, reducing 
the pressing time, carefully controlling the press temperature, 
and lowering the waste ratio (Fig. 14). 
 ICE graphs created based on the GBM model for PED 
show that primary energy demand generally responds with an 
upward trend to all production variables and that this response 
includes stronger threshold behaviors in some variables. 
Specifically, in the Resin Ratio (Lignin) (%) graph, the 
upward shift of the curves with more pronounced jumps after 
certain intervals reveals that an increase in the resin ratio has 
a strong and non-linear effect on PED. 

 

 
 

 
Fig. 14. SHAP charts of the best model for PED 
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Similarly, along the Press Time (s) variable, most of the 
curves rise steadily, indicating that longer press times 
systematically increase energy demand. The pattern obtained 
for Press Temperature (°C) suggests that the increase in 
temperature contributes more significantly, especially in the 
medium and high ranges. The sudden directional changes 
observed in some sections indicate that the model's response 
to temperature is not constant but more sensitive within 
specific process ranges. The Waste Ratio (%) graph also 
reveals that PED is sensitive to increases in the waste ratio. In 
most curves, a gradual increase is observed as waste levels 
rise from low to high, supporting the role of material losses in 
increasing energy demand. In the Press Pressure (MPa) 
variable, while the upward trend is maintained, the steeper 
slopes indicate that the effect of this parameter on PED is 

weaker than other variables but still positive. Looking at the 
curves as a whole, the fact that the lines run largely parallel 
indicates that the model establishes a similar general response 
structure across observations, while the divergences in some 
intervals indicate interactions between variables and 
observation-specific heterogeneity. In conclusion, these 
graphs reveal that PED is primarily driven by resin content, 
press time, and press temperature, with the waste ratio acting 
as an additional driving force and press pressure playing a 
more secondary role. Within this framework, reducing resin 
usage, shortening processing time, optimizing temperature 
conditions, and limiting waste generation can be considered 
priority areas for improvement in production strategies aimed 
at enhancing energy performance (Fig. 15). 

 

 
Fig. 15. ICE graphs of the best model for PED 
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5. Discussion 
In this study, GBM, ETR, CatBoost, and RF models 
optimized with GWO were used to predict GWP and PED 
outputs from controllable process variables in MDF 
production. The results showed that the best performance for 
GWP was achieved with the CatBoost model, while the best 
performance for PED was achieved with the GBM model. 
When SHAP and ICE analyses were evaluated together, it 
was observed that the strongest effect on both outputs was 
related to the resin ratio, followed by press time and press 
temperature. Although the waste ratio and press pressure were 
also effective, their contribution was more limited. These 
findings indicate that the environmental load in MDF 
production is strongly dependent not only on material usage 
but also on energy intensive pressing conditions. This general 
trend is largely consistent with the current LCA literature. In 
a cradle to gate LCA study conducted for melamine-coated 
MDF production in Turkey, it was shown that the fiber 
preparation stage is the main critical point and that UF resin 
and electricity consumption significantly increase 
environmental impacts [5]. A study comparing MDF and 
particleboard in China also reported that MDF has a higher 
environmental impact, with resin consumption and electricity 
usage among the main reasons for this [6]. In the current 
study, the resin ratio emerged as the dominant variable on 
both GWP and PED, while press time and temperature also 
ranked high, which is consistent with these results. However, 
what distinguishes this study is that it not only identifies 
critical points in production at the process level but also 
makes them predictable and rankable directly through 
production variables. The findings regarding the waste ratio 
are also consistent with the literature. It has been reported that 
redirecting wood waste to panel production can provide 
environmental benefits, but this depends on appropriate 
quality and process conditions [32]. According to this study, 
the increase in environmental burden with rising waste rates 
in the current model reflects inefficiency in the waste 
generation phase, while the literature indicates that waste can 
be transformed into a circular advantage when managed 
properly. 
 The dominance of resin content as a key variable is 
supported not only by LCA studies but also by publications 
focusing on machine learning and process optimization in 
wood based materials. A recent study compiling machine 
learning applications in wood materials has demonstrated that 
ML has become a powerful tool, particularly in the areas of 
property prediction, defect detection, and optimized design 
[33]. The compilation combining LCA with machine learning 
also emphasizes that ML methods can be effectively used in 
environmental impact prediction and optimization scenarios 
[34]. Within this framework, the current study contributes to 
the literature by utilizing machine learning in wood composite 
production not only for quality or mechanical performance 

but also for directly estimating environmental indicators such 
as GWP and PED. Furthermore, making model decisions 
explainable using SHAP and ICE enhances the methods 
applicability for industrial decision support. 
 The findings indicate that environmental improvement in 
MDF production should not be interpreted through a single 
process parameter but through a complementary process 
management approach. Reducing resin content, optimizing 
press time and temperature, limiting unnecessary pressure 
loads, and reducing waste at source while directing it to 
appropriate recovery scenarios should be considered 
collectively. However, the applicability of the developed 
models is limited to the production scenarios, input parameter 
ranges, and LCA assumptions considered in this study. 
Therefore, the models should not be extrapolated beyond the 
investigated ranges of resin ratio, waste fibre ratio, press 
temperature, press pressure, and press time. Since GWP and 
PED values were calculated based on the defined cradle to 
gate LCA framework, the results are also dependent on the 
selected system boundary, inventory structure, and process 
assumptions. In addition, the models were developed using a 
limited dataset consisting of 60 scenarios. Therefore, further 
validation with larger datasets and industrial scale production 
data is required before the models can be generalized to 
different MDF production systems. Within these boundaries, 
the proposed framework should be interpreted as a process 
specific decision support tool that complements conventional 
LCA reporting through data driven and explainable machine 
learning. 
 
6. Conclusions 
In this study, machine learning models capable of quickly, 
reliably, and transparently estimating the GWP and PED 
indicators—directly controllable process variables in MDF 
production—were developed. RF, ETR, GBM, and CatBoost 
algorithms optimized with GWO were compared. The 
performance results obtained showed that CatBoost was the 
best model for GWP prediction. This model produced R² = 
0.9467, RMSE = 10.81, MAE = 8.31, and MAPE = 1.46% 
values in the test data. GBM achieved the best performance 
in PED prediction. The GBM model achieved R² = 0.9214, 
RMSE = 173.92, MAE = 153.23, and MAPE = 2.22% on the 
test data. These results show that the developed models can 
predict both environmental indicators with a high level of 
accuracy. 
 Interpretability analyses have demonstrated that the 
results are not only accurate but also explainable. According 
to SHAP and ICE analyses, the resin ratio had the strongest 
impact on both GWP and PED. This variable was followed 
by press time and press temperature. Waste ratio and press 
pressure also contributed to a lesser extent but still 
significantly. In particular, the fact that an increase in resin 
ratio has a significant enhancing effect on both outputs 
indicates that a significant portion of the environmental 
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burden in MDF production is related to binder usage and 
energy-intensive process conditions. The fact that increases 
in press time and temperature also raise GWP and PED values 
clearly demonstrates the critical role of process parameters in 
environmental performance. 
 The main contribution of this study is that it presents a 
data-driven decision support framework that can predict and 
interpret the results of classical life cycle assessments based 
on production parameters, rather than simply reporting these 
results. This reduces the computational load required for 

scenario analysis, while also making priority areas for 
environmental improvement numerically visible. 
Consequently, optimizing the resin ratio, carefully managing 
the pressing time and temperature, reducing waste generation, 
and holistically controlling the process window emerge as key 
strategies for reducing both the climate impact and energy 
demand in MDF production. In this regard, the study 
demonstrates that environmental eco-efficiency in wood 
composite production can be improved through explainable 
machine learning-supported process management. 
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