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Abstract


The objective of this study was to analyze price variability and the factors influencing the formation of monthly prices of by-products of the wood industry in Poland between October 2017 and January 2025. The analysis considered the impact of economic variables, including energy commodity prices (natural gas and coal) and industrial wood prices, on the pricing of wood industry by-products. The adopted approach enabled the identification of key determinants shaping the prices of these by-products. The effectiveness of two tree-based regression models—Random Forest (RF) and CatBoost (CB)—was compared in the analysis. Although RF offers greater interpretability and lower computational requirements, CB proved more effective in modeling dynamic, time-dependent phenomena. The results indicate that industrial wood prices exerted a weaker influence on by-product prices than natural gas prices, suggesting that the energy sector plays a leading role in shaping biomass prices. Coal prices had only a marginal impact on the biomass market, implying that changes in coal availability and pricing did not directly translate into changes in the prices of wood industry by-products. The growing role of renewable energy sources derived from natural gas and wood biomass is contributing to the emergence of a distinct market, increasingly independent of the traditional coal market. In Poland, due to limited access to alternative energy sources, biomass plays a critical role in the decarbonization of the energy sector.
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1. Introduction


The growing challenges posed by climate change, the depletion of natural resources, and the urgent need for a transition toward sustainable development have significantly increased the relevance of the circular economy (CE) concept across many countries worldwide [1,2,3,4]. The circular economy can be defined as “a regenerative system in which resource input and waste, emissions, and energy leakage are minimized by slowing, closing, and narrowing material and energy loops” [5,6]. The fundamental objective is to minimize the consumption of primary raw materials through the repeated use of products and materials within the economic cycle.



The increasing pressure on environmental resources renders the forest sector critical in facilitating the transition to a circular economy. Specifically, the wood processing industry generates by-products beyond the core output, many of which can be reused after appropriate treatment. By-products generated during wood processing—such as sawdust, wood chips, and shavings—should be regarded as valuable secondary raw materials that can be reintegrated into the production cycle. Their use for bioenergy should be considered only at the final stage of the value chain.



Nonetheless, the use of biomass as an energy source constitutes a vital component of energy policy in many countries. It contributes to decarbonizing the energy sector, enhances energy security, and supports climate protection. Between 2010 and 2022, bioenergy consumption grew by an average of approximately 3% annually and continues to trend upward. Economic analyses have demonstrated that bioenergy production yields positive socioeconomic outcomes, including enhanced social welfare and reduced environmental degradation [7,8].



Climate protection and the deployment of renewable energy sources (RESs) gained formal legal significance with the signing of the Kyoto Protocol [9] and the Paris Agreement [10]. The European Union (EU) has committed to promoting the use of RES. Wood has been classified as a renewable energy source since the adoption of Directive 2009/28/EC of the European Parliament and of the Council of 23 April 2009 (Directive, 2009). These goals have been reinforced through EU Directive 2018/2001 (RED II) and the more recent Directive 2023/2413 (RED III), which emphasize the necessity of increasing the share of RESs in gross final energy consumption to 42.5% by 2030 [11,12,13]. Both RED II and RED III call for a coherent and unified approach to the use of renewable energy sources.



Modern bioenergy currently represents the largest renewable energy source globally, accounting for 55% of renewable energy consumption and over 6% of global energy supply. The Net Zero Emissions by 2050 (NZE) scenario anticipates a rapid increase in bioenergy use to replace fossil fuels by 2030. Substantial efforts are required to accelerate the deployment of modern bioenergy in alignment with NZE targets. This entails an annual implementation growth rate of 8% between 2022 and 2030, while ensuring that bioenergy production does not result in adverse social or environmental impacts [14].



Bioenergy has a positive impact on sustainable development. The effect of per capita biomass energy consumption on sustainability is both positive and statistically significant, whereas the influence of non-renewable energy consumption is negative [15]. It has been shown that biomass energy can improve environmental quality in high-income countries, while it tends to have adverse environmental effects in middle- and low-income countries [16,17]. In 2017, forest biomass accounted for approximately 69% of the total biomass used for energy production [18].



Forest biomass is considered one of the renewable and sustainable energy sources that can be utilized for the generation of electricity, heat, and biofuels [19]. Furthermore, the use of forest biomass and by-products from the wood processing sector for renewable energy production offers several advantages: energy can be produced at both small and large scales, and biomass energy can provide a more stable and consistent supply to the power grid compared to intermittent sources such as solar or wind energy [20,21,22].



Currently, wood industry enterprises and energy sector actors compete for access to wood and its processing by-products. It remains difficult to accurately quantify the share of wood in Poland—particularly wood industry by-products—that is allocated to material uses and further processing (i.e., cascading use of wood) versus the share used for energy purposes (i.e., bioenergy production) [23,24]. The end use of wood residues is largely determined by market conditions (supply and demand), and the market mechanism significantly influences the pricing of wood biomass. Wood industry enterprises, depending on their network of business relationships, storage and logistics capacities, and—above all—economic considerations (i.e., achieving optimal sales prices), sell by-products of wood processing in accordance with economic rationality.



According to Munis et al. [25], price modeling represents one of the most critical and sensitive challenges, as it influences future revenues, which are typically dependent on price behavior over time. It also provides statistical insights into the dynamics of the analyzed market [26]. Price reflects product interest and indicates market development directions. It results from the interaction between supply and demand and serves as the best available predictor for future trends [27].



Multifaceted analyses of wood and wood-based product prices have long been a prominent subject of academic inquiry [28,29,30,31,32,33,34,35]. Numerous models, including hybrid models, have been tested for their effectiveness in forecasting wood prices, analyzing market integration, and evaluating price convergence [36,37,38]. In recent decades, several forecasting methods have been proposed, including ordinary least squares regression (OLS), vector autoregression (VAR), autoregressive integrated moving average (ARIMA), and artificial neural networks [39,40,41]. Most wood price forecasting studies have been based on traditional statistical or econometric models [42,43,44].



In price modeling, the identification of factors that significantly influence price formation is of critical importance. In the case of wood industry by-products, such factors may include energy carriers and industrial roundwood. Real-time price forecasting and the identification of inter-variable dependencies can assist enterprises in mitigating risk and making informed market decisions regarding the sale or purchase of biomass for operational needs.



In our study, we applied advanced machine learning algorithms—Random Forest (RF) and Gradient Boosting (GB)—to model the relationships between energy commodity prices, industrial wood prices, and the prices of wood processing residues. Although RF and GB are not classical time series models and do not inherently learn temporal dependencies (such as seasonality or autoregression), they can be effectively used in time series analysis provided that the input data is appropriately structured—for example, by introducing lag features. In our case, we incorporated such transformations, which enabled the models to capture time dynamics within a nonlinear framework.



RF and GB models are well suited for identifying complex, nonlinear relationships and variable interactions, making them powerful tools for exploratory analysis in commodity markets. Additionally, we employed interpretability metrics—such as feature importance analysis in RF and SHAP (SHapley Additive exPlanations) values in GB—which allowed us to identify the key determinants shaping the prices of wood industry by-products. Notably, SHAP values offer both global and local model interpretability, enabling the assessment of variable influence not only in general terms but also at specific time points or under particular market scenarios.



The Random Forest algorithm has been widely used in various applications, including estimating poverty levels or wheat biomass yield [45,46]. RF has also been successfully applied in forecasting precious metal prices [47] and Japan’s gross domestic product (GDP) [48]. Within the RF framework, careful tuning of the number of decision trees and split functions can reduce model complexity and enhance computational efficiency, resulting in an improved integrated classifier.



Classical XGBoost models have been used to forecast crude oil prices [49] and corporate sales performance [50]. Classification and regression trees (CARTs) have been applied to predict exchange rate movements [51]. To evaluate seasonal effects, trends, and autocorrelation in price series, classical time series models such as ARIMA, SARIMA, and Prophet are also commonly employed.



The prices of wood industry by-products are shaped by the interaction of numerous variables, most notably the prices of complementary and substitute goods. They are also influenced by global market trends, EU regulatory frameworks promoting renewable energy sources (RESs)—including subsidy and incentive systems—geopolitical factors (such as the war in Ukraine), local production conditions, and other externalities. In recent years, prices of energy carriers, particularly fossil fuels, have experienced significant volatility and upward pressure, largely due to decarbonization policies and rising carbon emission allowance prices under the EU Emissions Trading System (EU ETS). These price shifts have been further exacerbated by geopolitical tensions and supply chain disruptions caused by the COVID-19 pandemic and the war in Ukraine. There is evidence that the prices of wood industry by-products have been subject to competing pressures from both the wood processing and energy sectors, which vie for access to these resources.



In Poland, research on by-products of the wood processing industry has primarily focused on production potential, supply, end-use directions, and supply chains [52,53,54]. Few studies have addressed the economic analysis of these by-products. Economic and technical issues related to the use of biomass in co-firing processes within the energy sector were examined by Piwowar et al. [55]. Wanat et al. [56] presented a valuation method for sawmill residues, considering their processing into briquettes, pellets, or energy. This approach enables a multidimensional profitability assessment of different wood waste utilization strategies. Izdebski et al. [57] analyzed the economic viability of ethanol production strategies in Poland based on various lignocellulosic sources. The prices of wood by-products (wood chips) were studied by Čermák et al. [58], who, in their 2013–2019 analysis, demonstrated a significant correlation between moisture content, calorific value, and chip prices. The authors found that lower moisture content was associated with a higher calorific value and unit price. Górna et al. [59] conducted price forecasting for wood processing by-products in Poland. Their study applied the ARIMA model and the multiplicative Winters–Holt model to forecast prices of sawdust, wood chips, and bark, and used the Diebold–Mariano test to evaluate forecasting accuracy. It was shown that ARIMA was more effective for “stable” products, while the WH model yielded better results for products with fluctuating prices.



To date, studies conducted in Poland have not explicitly focused on seasonality analysis or on identifying the causal factors driving price variability in wood industry by-products, leaving a notable gap in the literature. An important question that remains unexplored is the extent to which these prices are influenced by macroeconomic factors such as roundwood prices (for industrial processing) versus fossil fuel prices (coal and natural gas), which remain the dominant energy carriers in Poland. A novel aspect of the present study is the application of machine learning models based on decision trees—Random Forest (RF) and Gradient Boosting (GB)—with particular emphasis on interpretability metrics, such as variable importance analysis in RF and SHAP values, to identify the key determinants shaping the prices of wood industry by-products in Poland. These relationships have been underexplored in prior research.



The objective of this study was to analyze selected factors influencing the price formation of wood industry by-products in Poland. The study comprised (1) an analysis of price levels and their seasonality, and (2) an assessment of the significance of economic variables—such as energy commodity prices (natural gas and coal) and industrial wood prices—for the formation of wood by-product prices. The applied methodology enabled the identification of key biomass price determinants and allowed for an evaluation of the extent to which fluctuations in fossil fuel and industrial wood prices may have driven increased interest in biomass as an alternative energy source.



Potential Sources of Energy and Bioenergy in Poland


Poland’s heat production is the most coal-dependent among European countries. Thermal energy for heating and industrial purposes is primarily generated from conventional energy sources, including hard coal, lignite (14.5 million tons), heating oil (mazut), natural gas, biomass, and municipal waste. Renewable energy sources (RESs)—such as heat pumps, solar panels, and geothermal systems—currently play only a marginal role.



In Poland, district heating is commonly provided by combined heat and power (CHP) plants or heating plants that supply large urban populations. Poland ranks as the second-largest district heating market in the European Union, with a total district heating network length of 21,701 km, accounting for one-fourth of the country’s total heat supply.



Fuel consumption for heat production in cogeneration in 2022 was as follows: hard coal (186,548,701 GJ) and lignite (4,047,859.81 GJ), together accounting for approximately 61% of the fuel mix. Biomass also played a significant role (47,837,825.05 GJ; 15.2%), followed by natural gas (27,598,345.08 GJ; 8.76%). Other fuels, including heating oil, accounted for 8.56%, with the remainder attributed to miscellaneous sources [60].



The cost of heat offered by district heating companies in Poland is closely linked to the type of fuel used in the production process. In 2022, heat prices increased by 34.4% compared to 2021. The largest increases were observed for heat produced from natural gas (38%) and coal (35%), while heat from biomass increased by 23%. At the same time, the unit cost of fuels used for heat production rose sharply: coal prices increased by 83%, natural gas by 164%, biomass by 189%, and other fuels by 236% compared to the previous year [60].



In recent years, Poland has processed approximately 40 million m3 of wood annually [61], with the primary supplier being the State Forests National Forest Holding (SF NFH) (Figure 1).



The species composition of Polish forests is dominated by coniferous trees, with pine being the most common and widely processed species, accounting for over 61% of the total wood volume. Other significant species include spruce (5.6%), fir (4.4%), beech (6.9%), oak (6.6%), and birch (4.7%), while all other species collectively represent 10.8% of the total volume [61]. On the primary timber market, several assortments are available that may be allocated for energy purposes [62]. These include the following: S2 AP—medium-sized general-purpose firewood, M2 ZE—wood residues in chip form, M2 BE—wood residues in bale form, M2—small-diameter fuelwood, and S4—firewood. In 2023, the assortments M2 ZE, S2 AP, M2, and S4 jointly accounted for approximately 20% of the total wood volume sold by the State Forests National Forest Holding (approx. 40 million m3), with S4 being the dominant category, mostly directed toward the retail market.



In addition to domestic supply, Poland also imports wood. In 2023, 4.2 million m3 of wood was imported, of which 43% was firewood and 57% was roundwood, while exports amounted to 2.2 million m3. Biomass, particularly wood pellets, is also imported from international markets, including the United States, Canada, and Belarus. In 2023, the European Union imported a total of 4.89 million metric tons (MMTs) of wood pellets, valued at USD 1.32 billion, with more than 50% originating from the United States [63].



The significant volume of annually generated wood residues, combined with the classification of wood as a strategic resource in Poland [24], underscores the importance of rational resource management. It is estimated that around 8.0 million m3 of industrial wood residues is generated annually. Approximately 40% of the wood processed in Poland each year is potentially suitable for energy use [64]. The sawmilling industry processes roughly 25 million m3 of wood annually, with by-products accounting for about 30% of the volume, including approximately 18% in the form of wood chips, 8% sawdust, and 8% bark [64].



Forest and industrial wood residues—including sawdust, chips, offcuts, and trimmings—referred to as “clean” wood waste, are widely used in European countries (including Poland) as a feedstock for engineered wood products, primarily particleboard and fiberboard [23]. It is estimated that about 6.4 million m3, or 87% of total clean industrial residues in Poland, is utilized for material and energy purposes, primarily by wood processing plants [23].



The supply of post-consumer recovered wood is estimated at approximately 5.3 million m3. Additionally, residues from forestry operations (non-industrial) and agricultural plantations amount to around 3.8 million m3 and 0.4 million m3, respectively. Consequently, Poland generates approximately 18 million m3 of wood waste annually, varying in origin, form, and physical properties. A growing trend has emerged in Europe toward both material use (39%) and energy recovery (34%) of post-consumer wood waste. Material recycling is primarily applied to so-called “clean” residues [65].





2. Materials and Methods


2.1. Data Sources


The dataset comprised monthly price data for the following categories:



Fossil fuels—hard coal (for the heating sector): This reflects the PSCMI2 index for energy-grade coal fines (class 23-26/08) sold to industrial and municipal heating plants, other industrial consumers, and domestic buyers. The price is reported on a “loco mine” basis—i.e., prior to transport from the mine and excluding excise tax, insurance, and delivery costs. It represents the volume-weighted average of all transactions invoiced on the Polish thermal coal market within a given calendar month [66].



Fossil fuels—natural gas: This is based on the PPEgasDA index, which reflects the volume-weighted average price of all gas delivery transactions concluded for the following gas day. The transactions are executed on the Day-Ahead Gas Market (Next Day Market (NDMg)) of the Polish Power Exchange (The Polish Power Exchange (PPE)) [66].



Prices of roundwood (W0) and firewood (S4) were obtained from the Forest Data Information System (FDIS) of the State Forests National Forest Holding (SF NFH).



Prices of wood industry by-products (wood chips, including pulpwood chips, sawmill chips, sawdust, and bark) were compiled from multiple sources, including the trade journal Biomasa [67], market research conducted among wood industry enterprises in Poland, and publications from the Central Statistical Office of Poland and SF NFH [68,69,70,71,72,73,74,75,76]. The data obtained from industry journals were compared with information derived from other literature sources [59] as well as confidential data provided by leading enterprises in the Polish wood industry. This triangulation enabled the identification of data consistent with the aggregated values reported by the Central Statistical Office of Poland and the State Forests National Forest Holding (SF NFH). The classification of product structure was considered the most reliable reference and served as the basis for determining the prices of by-products (wood chips, including pulpwood chips, sawmill chips, sawdust, and bark).



The study utilized arithmetically averaged prices derived from data published in an industry journal, supplemented by mean values confirmed through interviews—conducted under confidentiality agreements with representatives of the ten largest wood industry enterprises in Poland (these companies account for approximately 20% of the national timber processing volume, making them a significant and representative sample for modeling macroeconomic relationships). The market analysis was conducted through direct interviews mainly with representatives of sawmills in Poland, accounting for approximately 20% of the domestic demand for wood processing [77]. The resulting data were compared with statistical information recognized in the literature as a validated and valuable reference for the pricing of wood by-products.




2.2. Methods


Monthly price data of wood industry by-products for the period of October 2017–January 2025 were analyzed. The dataset was divided into two distinct periods: (1) a phase of moderate price dynamics (October 2017–August 2021), and (2) a phase of intense price increases (September 2021–January 2025). This temporal decomposition was based on a noticeable shift in price levels following the third quarter of 2021. To analyze seasonality and price volatility, spiral plots (i.e., polar diagrams) were employed, which enable the visualization of recurring monthly patterns and their intensity over time. The conducted analysis revealed significant differences between the identified periods in terms of average price levels.



The analysis compared the performance of two tree-based regression models—Random Forest (RF) and CatBoost (CB)—in forecasting the dependent variable, which was the price of wood industry by-products (biomass).



The dependent variable was defined as the average price of three types of wood-based residues: pulpwood chips, sawmill chips, and sawdust/shavings. Despite observable differences in price levels and volatility among these materials, the averaging approach was considered justified due to their shared industrial and energy-related applications, as well as the need to stabilize the time series in light of the limited number of observations. The use of a synthetic price indicator also enables a clearer assessment of the influence of global macroeconomic and energy-related variables on the wood by-product markets. Data sources were harmonized and shared a common monthly frequency, consistent with the observation interval of the dependent variable (biomass price). Data transformed into a tabular format, in which each month was assigned the corresponding values of the relevant eco-nomic indicators. The dataset was then processed into a unified time series structure with monthly resolution, with the following layout: one observation = one month = one vector of input features.



2.2.1. CatBoost and Random Forest for Time Series Forecasting


Both algorithms belong to the family of decision tree methods and are primarily used for regression and classification tasks. The key difference between them lies in their structure and learning strategies. Random Forest is based on the principle of bagging (bootstrap aggregating), in which multiple independent decision trees are constructed using random subsets of data and features, and their predictions are aggregated (via averaging or majority voting). This approach reduces model variance and enhances resistance to overfitting. In contrast, CatBoost implements gradient boosting, in which trees are built sequentially, with each new tree trained to correct the errors of its predecessors by minimizing a loss function using gradient information. A distinctive feature of CatBoost is the application of so-called ordered boosting, which mitigates overfitting, particularly in the case of small datasets.



To analyze the temporal influence of explanatory variables on biomass prices, both previously described models—CatBoost (CB) and Random Forest (RF)—were applied, incorporating the specific characteristics of time series data [78,79,80]. This approach enabled not only accurate forecasting of biomass prices, but also laid the foundation for subsequent feature importance analysis using SHAP (SHapley Additive exPlanations) values, which allow for the interpretation of each variable’s contribution to model predictions [81,82].



To account for delayed effects of energy-related variables, different lag values—1, 3, and 6 months—were tested for each input variable. Based on model performance metrics, the lag configurations yielding the highest predictive accuracy were selected. The dependent variable was the price of wood industry by-products in Poland, calculated as the average price of sawmill and pulpwood chips and sawdust/shavings (bark prices were excluded due to their predominant use in the horticultural sector).



To capture the delayed macroeconomic and energy-related effects on biomass prices, the regression models included lagged values of the explanatory variables at 1-, 3-, and 6-month intervals. The selection of these specific lag periods was informed by both substantive reasoning and empirical testing.



From a market dynamics perspective, the response of biomass prices to changes in economic conditions (e.g., natural gas, oil, and electricity prices, as well as inflation) is not immediate. Processes such as adjustments in the energy mix, contract renegotiations, and shifts in demand from the energy sector typically unfold gradually and with some inertia. Therefore, it was assumed that relevant predictive signals may emerge with a temporal delay of several months. A 1-month lag captures short-term market reactions, the 3-month lag reflects typical quarterly economic cycles, and the 6-month lag was introduced as potentially indicative of medium-term trends in energy policy and bulk procurement decisions.



The lag structure was further supported by preliminary correlation and partial autocorrelation (PACF) analyses, which indicated statistically significant dependencies within these time intervals. This approach enabled more accurate modeling of delayed causal relationships and improved the predictive performance of the regression models. The independent variables included the following: the price of coal for heating purposes, the price of natural gas, and the price of industrial roundwood. The variable “S4 wood price” was found to have no significant impact on model performance and was therefore excluded from the dataset. The input data were structured as a time series, in which explanatory variables incorporated experimentally selected lags: coal prices (6-month lag), natural gas prices (6-month lag), and industrial roundwood prices (3-month lag). These selected lags effectively captured temporal dependencies between the predictors and the target variable (biomass price).




2.2.2. General Form of the Model


Let (      y   t    ^   ) denote the predicted value of the dependent variable (biomass price) at time t, and let X(1) represent i-th explanatory variable (e.g., the price of coal, natural gas, or industrial roundwood). The general form of the time series regression model can be expressed as follows:


      y   t    ^  = f     X   t −   l   1       1     ,   X   t −   l   2       2     , … ,   X   t −   l   n       n        



(1)




where:



	
      y   t    ^   —the predicted value of the dependent variable at time t;



	
    X   t −   l   j       j      —the value of the j j-th explanatory variable with a time lag of lj;



	
N—the number of explanatory variables;



	
lj  ∈ N  —the selected time lag for variable Xn, determined empirically.






In the context of our model, the tested lag values were lj   ∈   1 , 3 , 6    .




2.2.3. Model Performance Metrics


Stratified 10-fold cross-validation was used to validate the models.



To evaluate the predictive accuracy of the models, four key error and goodness-of-fit metrics were used:



Mean Absolute Error (MAE):


MAE = (1/n) ∑ᵢ |yᵢ − ŷᵢ|



(2)







Root Mean Squared Error (RMSE):


  RMSE   =    ( 1 / n )  ∑ i  ( y ᵢ − ŷ ᵢ  ) 2    



(3)







Mean Absolute Percentage Error (MAPE):


MAPE = (100%/n) ∑ᵢ|(yᵢ − ŷᵢ)/yᵢ|



(4)







Coefficient of Determination (R2):


R2 = 1 − [∑ᵢ (yᵢ − ŷᵢ)2/∑ᵢ (yᵢ − ȳ)2]



(5)




where:




	
n—number of observations;



	
yᵢ—observed value;



	
ŷᵢ—value predicted by the model.









2.2.4. CatBoost Model—Hyperparameters


The CatBoost model was optimized using the following set of hyperparameters, selected to balance predictive accuracy and computational efficiency:




	
Number of trees: 100;



	
Learning rate: 0.3;



	
Maximum tree depth: 6;



	
Regularization strength: 3;



	
Feature fraction: 1 (all features used for each tree);



	
Training reproducibility: Enabled—a fixed random seed or deterministic settings were applied.








The hyperparameters of the CatBoost model were selected empirically based on preliminary test runs aimed at optimizing predictive performance while avoiding overfitting. The relatively high learning rate (0.3), combined with a modest number of trees (100), ensured rapid convergence and stable performance in terms of MAE and R2. Although no full grid search or Bayesian optimization was conducted due to the limited sample size, the chosen configuration consistently provided the best results among the tested alternatives. To further control model complexity, the maximum tree depth was restricted to 6, allowing the model to capture relevant nonlinear relationships without excessive risk of overfitting. Additionally, a regularization strength of 3 was applied to penalize overly complex tree structures, further enhancing generalization [77,78]. The small differences between training and validation errors and the stability of residual distributions confirm the robustness of this parameter setup.




2.2.5. Random Forest Model—Hyperparameters


In the configuration used in this study, the Random Forest model consisted of 10 decision trees. No restrictions were imposed on the maximum depth of the trees or the number of features considered at each split. This setup allowed each tree to freely develop a structure tailored to the data, increasing model flexibility at the cost of a potential risk of overfitting. Additionally, a minimum of 5 samples per leaf node was enforced to prevent overly granular splits, introducing a form of regularization [80].




2.2.6. Analysis of Feature Contributions Using SHAP


To evaluate the influence of individual explanatory variables on the decisions made by the regression models, a method based on Shapley values from cooperative game theory was employed. This approach enables the interpretability of “black-box” models such as CatBoost (CB) and Random Forest (RF) by attributing to each input variable its contribution to the final prediction value for each observed instance.



SHAP values were computed for all instances in the dataset, allowing for the assessment of both the average impact of each feature on the model’s output and the variability of that impact depending on the feature’s value. Visualization of the results through SHAP summary plots (in terms of R2 and MAE) and dependence plots further enabled the identification of the direction of influence—i.e., whether an increase in a given variable resulted in a higher or lower predicted biomass price [81,82].



Insights obtained from the SHAP-based interpretation were subsequently used to better understand the nature of the modeled relationships and to evaluate the model’s consistency with expert knowledge of the energy commodities market.



The SHAP value for feature j is defined as follows:


    φ   j   =   ∑  S   ⊆   N \   j           S   !     p −   S   − 1   !   p !        f   S   ∪     j       −   f   S        



(6)




where:



	
φⱼ—SHAP value for feature j;



	
N—the set of all features;



	
S—a subset of features not including feature j;



	
p—the total number of features;



	
f(S)—the model prediction using only the features in subset S;



	
f(S ∪ {j})—the model prediction after adding feature j to subset S.









3. Results


3.1. Analysis of Volatility and Price Seasonality Wood Industry By-Products


In the period under review, the highest prices were those of pulpwood chips (223 PLN/m3) and sawdust, with an average value of 199 PLN/m3. The highest maximum prices were those of sawdust (550 PLN/m3). Within biomass, the highest variability was observed in sawdust prices (51%) throughout the period under review (Table 1).



3.1.1. Seasonality of Pulpwood Chips’ Prices


During the period from October 2017 to August 2021, the lowest prices (PLN 160–170) for the sale of pulpwood chips were recorded in January, February, and March (indicated by blue segments). The color scale—from blue (lowest prices) to yellow (highest prices)—visualizes seasonal changes and the gradual increase in prices throughout the annual cycle. A steady price rise was observed from March to May, followed by peak values in June, July, and August (210–220 PLN/m3). In September, the prices began to decline, stabilizing in November and December within the range of 200–210 PLN/m3. The second period (September 2021–January 2025) was characterized by greater price volatility. The lowest prices (150–200 PLN/m3) were again observed in January through March (blue segments). However, from March onward, the price increase was more pronounced compared to the first period. A sharp rise occurred in the summer months (June to August), with prices reaching 350–400 PLN/m3. After the summer, prices remained at higher levels than in the first period (250–300 PLN/m3), without returning to previous lows. This second period demonstrated both a substantial price increase (up to 400 PLN/m3) and greater volatility. Notably, during the autumn and winter months, prices did not return to the low levels observed in the earlier period, indicating a sustained upward trend in pulpwood chip prices in Poland (Figure 2).




3.1.2. Seasonality of Sawmill Chips’ Prices


During the first period, the lowest prices for sawmill chips (130–145 PLN/m3) were recorded in January, February, March, and October (marked in blue segments). A gradual price rise was observed from March through May, with peak values reached in June, July, and August (165–170 PLN/m3). From September onward, the prices declined and stabilized in November and December at PLN 155–165. In the second period, the lowest prices (150–200 PLN/m3) were again observed in January–March (blue segments). During June–August, the prices surged to PLN 350–400 and afterwards remained at elevated levels of PLN 250–300. Overall, the second period showed a significant increase: the maximum price reached 165–170 PLN/m3 in the first period versus 350–400 PLN/m3 in the second. Moreover, after the summer peak, prices stayed higher (250–300 PLN/m3), suggesting a continued upward trend (Figure 3).




3.1.3. Seasonality of Sawdust Prices


During the first period, the lowest sawdust prices (100–110 PLN/m3) were observed in January, February, and March (blue segments). A gradual price increase followed from March through May, with peak levels of 150–160 PLN/m3 achieved in June–August. Prices then declined and stabilized from September to November. In the second period, prices were significantly higher, reaching 150–200 PLN/m3 in January–March, and exhibited greater price volatility than in the first period. June through August saw prices surge to 500–550 PLN/m3, after which they declined to the 300–400 PLN/m3 range, without reverting to previous lows—remaining nearly double the earlier levels. Price fluctuations during the second period were considerably more pronounced (a maximum difference of 400 PLN/m3), indicating a highly volatile market (Figure 4).




3.1.4. Seasonality of Bark Prices


In both observed periods, the seasonality of bark prices followed a similar annual cycle, with the lowest prices occurring during the winter months (January–February and February–March), and the highest during the summer months (June–August). In the second period, prices were higher overall (ranging from 105 to 295 PLN/m3), particularly in the summer—approximately 170 PLN/m3 higher on average compared to the first period. Additionally, the second period displayed larger price amplitudes and greater fluctuations during the spring and summer months (March–May), indicating heightened market volatility relative to the first period (Figure 5).





3.2. Analysis of the Relationship Between Prices of Wood-Industry By-Products and the Prices of Fossil Fuels and Industrial Processing Timber


The impact of fossil fuel prices (coal and natural gas), as well as industrial timber prices, on wood biomass (wood industry by-product) prices was assessed. To this end, regression-based machine learning models—CatBoost (CB) and Random Forest (RF)—were employed. These models were used to forecast the average biomass price (biomass_av) based on historical input data: coal, natural gas, and industrial timber prices with time lags of 3 and 6 months. This approach enabled the estimation of nonlinear dependencies and the identification of delayed effects of energy-related variables on the biomass market.



To enhance the interpretability of the results, the SHAP (SHapley Additive exPlanations) method was applied, allowing for an evaluation of the contribution of individual features to each prediction. The analysis of SHAP values enabled the identification of the most influential variables in shaping biomass prices from a global perspective (i.e., across the entire dataset).



In the context of time series modeling, the CB model better captured nonlinear and lagged relationships among variables. This resulted in a higher coefficient of determination (R2) and lower prediction errors (MAE, MAPE, and RMSE) compared to the RF model (Table 2). The models for biomass pricing included the following: coal for heating (6-month lag), natural gas (6-month lag), and industrial timber (3-month lag). The CB model achieved an R2 of 0.901, explaining 90.1% of the variance in the data. In contrast, the RF model reached an R2 of 0.813—a weaker yet still robust result. The CB model also exhibited superior predictive performance with lower RMSE (23.648) and MAE (13.826) values (Table 2).



Overall, the CB model demonstrated a better fit and served as the basis for subsequent variable impact analysis. Although RF offers greater interpretability and a lower computational cost, CB proved more effective in modeling dynamic, time-dependent phenomena.



The feature importance analysis indicates that the natural gas price with a 6-month lag (Gas 6) has the most significant impact on the model’s performance, as evidenced by the largest decrease in R2 (approximately 0.75) upon its removal. This suggests that Gas 6 is the most influential variable. The price of industrial timber with a 3-month lag (Wood 3) is the second most important variable, with an R2 decrease of about 0.45. Conversely, the price of coal for heating with a 6-month lag (Coal 6) has a relatively minor effect, causing an R2 decrease of approximately 0.15. An SHAP (SHapley Additive exPlanations) analysis was employed to assess the contribution of each feature to the model’s predictions. The SHAP summary plot illustrates the influence of each feature on the model’s output across all observations. In this plot, the color of each point corresponds to the feature value (red indicating high values and blue indicating low values), and the horizontal axis represents the SHAP value, indicating the direction and magnitude of the feature’s impact on the prediction.



The analysis revealed that Gas 6 has a predominantly positive influence on biomass price predictions, with higher gas prices (indicated by the red points) often associated with higher predicted biomass prices. Wood 3 exhibited a more balanced effect, with both positive and negative SHAP values observed, although positive impacts were more prevalent. Coal 6 showed the least influence, primarily negative, with occasional positive effects (Figure 6).



These findings underscore the critical role of energy-related variables, particularly natural gas prices, in forecasting biomass prices. The application of an SHAP analysis provides a transparent and interpretable approach to understanding the model’s decision-making process, highlighting the importance of specific features in the predictive model.



The figure illustrates the influence of individual variables on the predictive accuracy of the model, quantified by the increase in mean absolute error (MAE) upon the exclusion of each feature (Figure 7). The most critical variable identified was the natural gas price with a 6-month lag (Gas 6), whose removal led to the most substantial rise in MAE, underscoring its pivotal role in model accuracy. The industrial timber price with a 3-month lag (Wood 3) also significantly contributed to the model, though its impact was less pronounced than that of Gas 6. In contrast, the coal price for heating with a 6-month lag (Coal 6) exhibited the lowest effect on prediction error, indicating its marginal informational value within the dataset.



The feature importance analysis, based on the decrease in the coefficient of determination (R2), revealed that the removal of the variable “natural gas price (lag 6)” resulted in the most significant decline in R2, indicating its critical role in explaining biomass price variability (Figure 8). Conversely, the variable “coal price for heating (lag 6)” exhibited the lowest impact on R2, suggesting that six-month lagged coal prices provide limited information useful for analyzing and forecasting wood industry by-products.



Notably, the results obtained through various approaches—the SHAP analysis, MAE error change, and R2 decrease—were consistent, unequivocally highlighting the dominant role of natural gas price (lag 6) in the predictive model. This consistency across independent interpretative methods enhances the reliability of the conclusions regarding the significance of this variable.





4. Discussion


The global estimated annual potential of post-consumer forest residues amounts to 371 million dry tons, compared to 406 million dry tons of post-industrial residues from the wood industry [22]. From the total global wood biomass production, firewood (for energy purposes) constitutes approximately 23% [83]. In Poland, the potential supply level of post-industrial wood residues for processing and energy use can be estimated based on the volume of processed wood raw material (approximately 40 million m3 of wood is processed), but it is difficult to determine precisely due to their potentially multifaceted applications. Until recently, by-products of the wood industry (post-industrial biomass) were often treated as waste and made available free of charge to interested parties. Currently, within the context of the circular economy (CE) trend and shifting priorities over recent decades towards the sustainable management of wood industry by-products (sawdust, bark, and wood chips), these materials have become sought-after resources competing across various industrial sectors.



In recent years, new energy vehicles (NEVs) have played an increasingly important role in the transformation of the transport sector and in the growing demand for renewable energy sources [84,85]. Biomass, as a highly accessible energy source with strong integration potential into local energy systems, can serve a stabilizing function in this context. Studies indicate that the development of NEVs not only reshapes energy consumption profiles but also fosters the use of locally available renewable resources, including biomass particularly within circular economy frameworks and distributed energy systems [86,87,88]. Also, the integration of wood industry residues into biorefinery supply chains is gaining momentum across Europe [89]. The increasing demand for high-quality woody residues suitable for biochemical conversion is expected to raise their market value, reduce their availability for energy purposes, and contribute to greater price volatility—particularly in regions with limited biomass supply. Moreover, logistics and the mobilization of geographically dispersed feedstocks are likely to significantly influence biomass price dynamics [90,91].



Therefore, the analysis of supply and pricing of wood industry by-products, as well as their forecasting, holds significant importance, especially for producers and potential buyers in the pulp and paper, panel, and energy industries.



Prices reflect the annual demand for wood residues and their market value. The COVID-19 pandemic and subsequent recovery caused strong turbulence in the biomass market and beyond [92]. In Poland, significant fluctuations in biomass prices were observed from the second half of 2021 onwards, particularly between September 2021 and January 2025. All analyzed biomass types exhibited price increases during this period, with sawdust experiencing the most pronounced surge (a peak of 550 PLN/m3 compared to 160 PLN/m3 in the initial period). A distinctive feature of the prices of analyzed industrial residues is their strong seasonality, reflecting periodic price fluctuations depending on the season [93]. The lowest prices for wood industry by-products were recorded in winter (January–March), and the highest in the summer months (June–August). The most stable prices were noted for pine bark, which showed moderate price growth. Paper and sawmill wood chips followed similar trends, reaching peaks during summer. All biomass types displayed a similar seasonal pattern: low prices in the winter that increased in the spring, peaked in the summer (June–August), and declined in the autumn. Between September 2021 and January 2025, biomass price increases occurred earlier than prior to 2021 (April–May). Sawdust exhibited the most volatile price pattern, with the strongest increases during the second period and no return to lower price levels after the spring–summer peak, suggesting lasting market changes (rising biomass demand regardless of season).



It can be reasonably concluded that the seasonality of prices results from biomass availability, which increases during the processing season, and higher supply volumes stimulate price growth. Changes in the perception of wood industry by-products and growing demand from the energy sector stimulate prices. Therefore, both demand and supply sides strive for rational resource management, influenced by raw material storage capacities and the development of efficient supply chains. The results of wood industry by-product price studies can be utilized at the decision-making stage in purchasing and sales. They enable better inventory and warehouse space management within economic entities and maximize sales profit through supply chain optimization.



We verified the impact of the most popular fossil fuel prices in Poland, as well as industrial wood prices, on biomass prices. Using CatBoost (CB) and Random Forest (RF) regression models, the influence of fossil fuel prices and wood for industrial processing was assessed. The analyses demonstrated the higher effectiveness of the CB model, which more accurately captures nonlinear relationships between variables (R2 = 0.901). Additionally, the MAE, MAPE, and RMSE error metrics were more favorable (lower) compared to those obtained by the RF model. According to Friedman [94], Gradient Boosting Machine (GBM) algorithms, based on boosting principles, effectively reduce bias and variance in predictive models. These GBM characteristics are considered useful for addressing bias and variance issues in predictive modeling results, especially when machine learning algorithms are applied to small datasets [95].



Cha et al. [96] (2021) utilized RF and GBM in waste management and demolition waste generation forecasting. The applied models showed varying performance across different product types. GBM exhibited excellent predictive performance for roofing tiles and slates, whereas RF methods were superior for predictive models of bricks, glass, and ceramics. In our study, prices of wood industry by-products were averaged; future research should detail analyses for specific biomass types using larger datasets and longer time horizons.



Among the variables included in the CB model, natural gas prices lagged by six months (lag 6) were the most significant determinant of biomass price levels. An SHAP value analysis indicated that natural gas prices critically influenced the model’s ability to explain price variability in biomass. This suggests a dominant role of the energy sector in biomass demand and pricing. The high SHAP value for this variable is interpreted in light of a few interconnected phenomena. The prices of by-products from the wood processing industry, such as sawdust and wood chips, are influenced not only by seasonal fluctuations in energy demand but also by the instruments of the European Union’s climate policy. Abrell et al. [97] demonstrated that a carbon tax can serve as an effective regulatory tool for reducing CO2 emissions. Specifically, the rising prices of CO2 emission allowances (EUAs) within the EU Emissions Trading System (EU ETS) have contributed to increased demand for natural gas (a trend further reinforced by the post-COVID rebound in industrial production). However, the energy crisis in the EU triggered by the war in Ukraine, along with shifts in national strategies regarding natural gas import sources, led to a significant rise in gas prices. This, in turn, intensified interest in biomass as an alternative feedstock to natural gas, resulting in the substitution of fossil fuels in both the district heating and combined heat and power (CHP) sectors. The surge in fossil fuel prices, particularly those of natural gas, has stimulated the development of biomass-based CHP installations, thereby increasing demand for wood industry by-products. Furthermore, in industrial sectors, particularly within CHP plants, the response to changes in natural gas prices appears to be delayed, most likely due to contractual cycles and procurement procedures. This is consistent with the observed lag of approximately six months in price responsiveness.



Currently, natural gas in Europe is considered an alternative and transitional renewable energy source. Its significant share in the total gross available energy clearly indicates its importance for energy security in EU countries, including Poland [98]. It was established that between the first half of 2021 and the first half of 2022, EU gas prices rose on average by over 34%, with peaks up to 150%. Bohdan et al. [98] noted that Polish natural gas prices were significantly affected by purchase prices of energy commodities on the Polish Power Exchange (TGE) and foreign market prices. According to Guotao et al. [99], with the promotion of renewable energy, the dominance of natural gas is limited due to its high price volatility. The results indicate that high natural gas prices are more likely to promote the development of cheap, non-renewable energy production than renewable energy under low-emission tax policies. Research by Zych et al. [100] suggests that from Poland’s perspective, considering international events impacting gas prices, gas investments are economically unjustified under current conditions (NPV −891 million EUR) and unlikely to be justified under predicted changes (NPV −691 million EUR), with justification only in unlikely global scenarios (NPV 2.37 billion EUR). Presently, natural gas remains a necessary transitional energy source for Poland’s energy structure transformation despite high prices. Its role in the energy mix is expected to decline over decades under current EU climate policy assumptions.



Although the study focuses on the Polish market, its findings may have broader applicability in countries with similar energy structures and a comparable role of biomass in the energy mix. Due to limited access to alternative energy sources and the growing importance of wood biomass in the decarbonization process, Poland serves as a representative example of an economy undergoing an energy transition. The strong influence of natural gas prices on the prices of wood industry by-products, identified in the analysis, may also be relevant for other Central European countries where the energy sector is partially based on biomass [101]. The use of both primary and secondary biomass is critical to low-emission strategies, particularly in regions with substantial forest resources. Given the considerable variation in national energy strategies, natural resource availability, and market structures, further research is needed at both the regional and national levels.



Apart from gas prices, industrial wood prices lagged by three months also influenced the market for wood industry by-products (biomass), confirming assumptions about relationships between the primary wood market and processing residues, attributable to resource substitution.



Analyses revealed a surprisingly low impact of coal prices on prediction accuracy—coal is not a significant predictor of wood industry by-product (biomass) prices. In addition to energy carrier prices, environmental factors such as prolonged droughts, forest fires, pest outbreaks (e.g., bark beetle infestations), or storm damage can significantly affect both the availability and quality of biomass resources [102,103]. These disturbances may disrupt local and global supply chains, reduce harvested timber volumes, alter future tree species composition, and consequently influence the wood market and the pricing of wood industry by-products.



Currently, EU countries are moving away from fossil fuels, particularly phasing out coal due to high energy production costs (ETS 2). The need to limit global warming to 2 °C will likely result in the complete phase-out of coal-fired electricity production without carbon capture and storage (CCS) [104]. Decarbonization and the energy transition in Poland, heavily dependent on coal, have economic consequences, including rising energy and heat prices. Due to Poland’s limited natural conditions for wind and solar renewable energy sources (and lack of nuclear power plants), the role of biomass as an alternative energy source is expected to grow.



Moreover, in comparison to other renewable energy sources, biomass and by-products of the timber industry represent a relatively stable form of energy supply, which can be utilized independently of weather conditions. In the face of extreme meteorological conditions, this feature becomes critically important for ensuring the continuity of energy provision. Under such circumstances, a key role is played by distributed restoration strategies within integrated multi-energy distribution systems (MDSs), which enable the coordinated recovery of both electricity and thermal energy at the local level [105]. However, the effectiveness of these strategies depends not only on the availability of local energy sources but also on the resilience of transmission infrastructure to systemic failures. In this context, advanced technical protection systems such as extended pole differential current-based relaying for bipolar line-commutated converter high-voltage direct current (LCC-HVDC) transmission lines are gaining increasing importance [106]. The implementation of such protection mechanisms allows for rapid fault localization and isolation, which are essential for maintaining large-scale energy transmission stability under system disturbances. This has further implications for local energy markets, including the biomass sector, which is increasingly regarded as a strategic energy security buffer during disruptions in the supply of other primary energy sources.




5. Conclusions


Prices of wood industry by-products exhibited both volatility and seasonality. The highest average prices during October 2017–January 2025 were recorded for pulpwood chips (223 PLN/m3) and sawdust (199 PLN/m3). The prices of wood industry by-products, primarily pulpwood chips, were approximately 10% lower than those of industrial (large-dimension) timber. A high degree of price variability was observed for wood industry by-products, ranging between 28% and 51%.



The price analysis was based on monthly data, which underscores the importance of long-term observations. During the period from October 2017 to August 2021, the prices of by-products from the wood industry exhibited greater stability and predictability compared to the period from September 2021 to January 2025, which was characterized by significant volatility and a consistent upward trend. Among the analyzed by-products, sawdust prices displayed the highest variability. In the first period, prices ranged from 100 to 160 PLN/m3, while in the second period, they fluctuated widely between 150 and 550 PLN/m3. During the summer months (June–August) in the first period, sawdust prices reached values of 150–160 PLN/m3, whereas in the second period, they peaked at 500–550 PLN/m3. Overall, the prices of wood industry by-products demonstrated seasonal variation. The prices of wood chips intended for pulp and sawmill use, as well as sawdust, tended to reach their highest levels between June and August and their lowest levels between January and March.



The Gradient Boosting and Random Forest models demonstrated high effectiveness in forecasting biomass prices, achieving R2 values of 0.901 and 0.813, respectively. The corresponding MAE values were 13.83 PLN/m3 for Gradient Boosting and 21.44 PLN/m3 for Random Forest, indicating a solid level of predictive accuracy given the volatility of the target variable. The inclusion of lagged explanatory variables (1, 3, and 6 months) significantly improved the prediction accuracy, confirming the relevance of delayed market responses to macroeconomic shifts in the biomass sector.



The SHAP analysis revealed that the most influential predictor was the natural gas price with a six-month lag. Natural gas prices exert the strongest influence on prices of wood industry by-products. The EU’s decarbonization policy, including subsidies allocated for the energy transition, may drive increased demand for alternative energy sources, including wood industry by-products, consequently leading to price increases. Moreover, it appears that rising gas prices, partly due to reduced availability, may stimulate demand for wood industry by-products and contribute to price escalation.



Large-diameter industrial timber and wood industry by-products in the processing sector often exhibit substitution characteristics. Nonetheless, wood prices had a lower impact on the prices of by-products than natural gas prices, suggesting a dominant influence of the energy sector on biomass prices. Changes in industrial wood prices, however, translated rapidly (within three months) into changes in by-product prices.



Coal used for heating has only a minor effect on the biomass market. This indicates that changes in coal availability and prices do not directly translate into changes in wood industry by-product prices. It is likely that coal consumption for energy purposes will decline in line with EU policy due to increasing energy production costs.



The growing role of renewable energy, natural gas, and wood biomass shapes a distinct market independent from the traditional coal market. The renewable energy market, including bioenergy, is promoted as an independent alternative, which is reflected in the negligible impact of coal prices on wood industry by-product prices.



Wood availability currently represents a significant challenge for the economies of many countries; therefore, rational management of this resource in both primary and secondary markets is essential to ensure economic development and enhance socio-environmental benefits.



In Poland, biomass—including wood biomass from industrial residues (wood industry by-products) and post-consumer wood—plays a key role in the decarbonization of the energy sector due to limited access to alternative energy sources. Accordingly, national policy should promote afforestation and efficient bioenergy production technologies.
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Figure 1. Total supply of wood by SF NFH (mln m3 in the years 2017–2024). Own study based on data presented on the Forest Data Bank (FDB). 
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Figure 2. Polar diagrams illustrating the variability and seasonality of pulpwood chips’ prices (PLN/m3) across two periods ((a) October 2017–August 2021; (b) September 2021–January 2025). 
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Figure 3. Polar diagrams illustrating the variability and seasonality of sawmill chips’ prices (PLN/m3) across two periods ((a) October 2017–August 2021; (b) September 2021–January 2025). 
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Figure 4. Polar diagrams illustrating the variability and seasonality of sawdust prices (PLN/m3) across two periods ((a) October 2017–August 2021; (b) September 2021–January 2025). 
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Figure 5. Polar diagrams illustrating the variability and seasonality of bark prices (PLN/m3) across two periods ((a) October 2017–August 2021; (b) September 2021–January 2025). 
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Figure 6. SHAP summary plot—influence of variables on prediction. Source: own study. 
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Figure 7. Feature importance—the impact of variables on the increase in MAE. Source: own study. 
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Figure 8. The impact of removing a variable (feature) on the decrease in R2. Source: own study. 
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Table 1. Descriptive statistics—prices of by-products of the wood industry in Poland compared to the prices of fossil fuels, firewood (S4), and wood for industrial purposes.
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	Assortment
	N
	Mean.
	Med.
	Min.
	Max.
	Q1
	Q3
	Stand. Dev.
	Coef var.





	Pulpwood chips PLN/m3
	88
	223
	200
	101
	400
	200
	220
	61
	28



	Sawmill chips PLN/m3
	88
	187
	150
	101
	400
	150
	180
	71
	38



	Bark PLN/m3
	88
	168
	125
	100
	300
	120
	220
	66
	39



	Sawdust PLN/m3
	88
	199
	154
	100
	550
	136
	225
	101
	51



	S4 PLN/m3
	88
	108
	102
	96
	129
	100
	111
	11
	10



	Industrial wood (roundwood) PLN/m3
	88
	247
	208
	189
	359
	197
	301
	56
	23



	Fossil fuels (coal) PLN/t
	88
	368
	264
	209
	741
	250
	482
	169
	46



	Natural gas PLN/MWh
	88
	183
	122
	28
	920
	80
	212
	171
	93







Source: own study.













 





Table 2. Evaluation metrics for assessing the performance of tree-based regression models—Random Forest (RF) and CatBoost (CB) (comparative analysis).
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	Model
	MSE
	RMSE
	MAE
	MAPE
	R2





	CatBoost
	559.226
	23.648
	13.826
	0.062
	0.901



	Random Forest
	1061.097
	32.574
	21.436
	0.093
	0.813







Source: own study.
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