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increased from about 119.5 million tonnes in 2009–150.5 
million tonnes in 2023 (an increase of roughly 26%). Over 
the same period, Europe’s production rose more modestly, 
from 28.5 to 32.0 million tonnes (about 12%), and its 
share of global CWP production declined from approxi-
mately 23.8%–21.3%. European output also fell by 8.6% 
relative to its 2021 peak, underscoring the region’s expo-
sure to structural constraints and external shocks. In 2023, 
Sweden (8.29 million tonnes) and Finland (7.00 million 
tonnes) together accounted for nearly 48% of Europe’s 
CWP production, indicating substantial concentration and 
cross-country heterogeneity that a multi-country framework 
should account for (FAO 2025). At the technological core of 
this industry, CWP is predominantly produced via the Kraft 
process, which remains the dominant global route due to 

Introduction

The pulp and paper industry represents a cornerstone of 
Europe’s forest-based bioeconomy, combining high capital 
intensity, long investment cycles, and strong links to energy 
systems, trade, and industrial competitiveness. According 
to FAOSTAT, global chemical wood pulp (CWP) output 
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Abstract
Chemical wood pulp production plays a strategic role in Europe’s forest-based bioeconomy, given its strong linkages with 
energy consumption, industrial structure, and international trade. Understanding the key determinants of production is 
therefore essential for designing policies that support both industrial competitiveness and sustainability. This study aims 
to identify the macroeconomic, structural, trade, and energy-related drivers of chemical wood pulp production across 
Europe, using a balanced panel of eleven countries over the period 2009–2023. To capture both structural relationships 
and potential nonlinearities, the analysis integrates panel data econometric techniques with machine learning methods. 
Specifically, conventional panel regression models are complemented by an Extreme Gradient Boosting (XGBoost) frame-
work, with Shapley Additive Explanations (SHAP) employed to enhance model interpretability. The econometric results 
indicate that electricity consumption and chemical wood pulp exports are significant, positive determinants of production. 
A notable structural asymmetry emerges: countries characterized by a higher presence of small and medium-sized enter-
prises exhibit higher production levels, whereas greater industrial concentration in the hands of large firms is negatively 
associated with output. In addition, GDP is found to be negatively related to chemical wood pulp production in European 
economies, suggesting a partial decoupling of aggregate economic growth from resource-intensive manufacturing activi-
ties. The machine learning results corroborate these findings, demonstrating strong predictive performance and revealing 
nonlinear interactions that are not adequately captured by linear models. From a policy perspective, the results highlight 
the importance of securing reliable and affordable energy supply, supporting the resilience and adaptability of small 
and medium-sized enterprises, and fostering export-oriented strategies to sustain the long-term performance of Europe’s 
chemical wood pulp industry.
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fibre strength, durability, and recyclability (Del Rio et al. 
2022; Ramos et al. 2022; Urdaneta et al. 2024). Although 
Kraft pulping is energy intensive, internal energy recovery, 
most notably through black liquor combustion, has progres-
sively improved energy self-sufficiency and reduced carbon 
intensity (Balkissoon et al. 2023; Evelyn et al. 2025). Con-
sequently, CWP production is closely aligned with Europe’s 
low-carbon bioeconomy objectives and longer-term indus-
trial transition pathways (Lipiäinen et al. 2022; Lintunen et 
al. 2024).

Against this backdrop, the European pulp and paper 
sector faces increasing pressure from energy prices, envi-
ronmental regulation, and global trade dynamics. Recent 
EU bioeconomy strategies emphasize the strategic role of 
forest-based industries in achieving climate neutrality while 
maintaining industrial competitiveness and value creation 
within Europe (CEPF 2025). At the same time, energy-
intensive production processes and export-oriented market 
structures expose CWP producers to external shocks and 
structural constraints, reinforcing the need for robust empir-
ical evidence on the drivers of production performance 
across European economies.

Despite its strategic importance, the empirical literature 
on CWP production remains fragmented. Existing studies 
often examine individual determinants, such as macroeco-
nomic activity, energy use, or trade exposure (Kando and 
Buongiorno 2009; Ince et al. 2011), or rely on single-coun-
try settings (Fracaro et al. 2012; Shabbir et al. 2022) and 
linear time-series frameworks (McCarthy and Lei 2010), 
limiting their ability to capture cross-country heterogeneity 
and complex interactions. Moreover, European macro-panel 
applications pose well-documented econometric challenges, 
including cross-sectional dependence and heterogeneous 
production structures, which require careful methodological 
treatment to ensure valid inference. Recent applied research 
in energy and sustainability has therefore called for ana-
lytical frameworks that combine econometric identification 
with complementary data-driven approaches to better reflect 
real-world complexity (Islam et al. 2022; Ali et al. 2025b).

Against this background, this study aims to identify 
the macroeconomic, structural, trade-related, and energy-
related determinants of chemical wood pulp (CWP) produc-
tion across Europe using a multi-country panel framework. 
We analyse annual data for 11 European countries for 2009–
2023. CWP output is modelled as the dependent variable, 
and four theoretically motivated covariates are considered: 
gross domestic product (GDP), the number of pulp and paper 
enterprises (MOPE), CWP exports (CWPE), and electricity 
consumption (EC). A distinctive feature of the study is its 
explicit treatment of industrial structure by distinguishing 
production systems characterised by a larger SME presence 

from those exhibiting greater concentration among large 
firms, allowing us to test for structural asymmetries.

Methodologically, the study adopts a dual analytical 
strategy. Panel econometric models provide interpretable 
parameter estimates while addressing key macro-panel 
challenges, whereas Extreme Gradient Boosting (XGBoost) 
is used as a complementary machine learning approach to 
capture potential nonlinearities and interaction effects. This 
combined strategy reflects a growing strand of empirical 
research that integrates econometric inference with machine 
learning validation to enhance robustness and policy rele-
vance in complex production settings (Ali et al. 2024).

The results indicate that electricity consumption and 
exports exert significant positive effects on CWP production 
across Europe. In contrast, higher aggregate income levels 
are associated with lower domestic CWP output, suggesting 
a degree of structural decoupling between economic growth 
and resource-intensive manufacturing in higher-income 
economies. Industrial structure also matters: production is 
higher in countries with a greater SME presence, whereas 
greater concentration among large firms is associated with 
lower output.

The novelty of this study lies in providing an integrated 
assessment of European CWP production that jointly 
considers macroeconomic conditions, energy use, trade 
exposure, and industrial structure within a unified econo-
metric–machine-learning framework. By explicitly address-
ing cross-sectional dependence and structural heterogeneity, 
the analysis offers new insights into the production dynam-
ics of a key bioeconomy sector.

The remainder of the paper is structured as follows. “Lit-
erature review” reviews the theoretical and empirical litera-
ture and identifies the research gaps addressed by the study. 
“Data and Methods” describes the data, variables, and meth-
odological framework. “Results and Discussion” presents 
and discusses the empirical results. “Discussion: Interpreta-
tion and Comparison of Econometric and Machine Learn-
ing Results” concludes with policy implications, the study’s 
limitations, and directions for future research.

Literature review

Theoretical foundations of chemical wood pulp 
production

Chemical wood pulp production can be viewed through the 
lens of the forest-based bioeconomy, in which industrial 
output is jointly shaped by resource endowments, energy 
inputs, trade exposure, and industrial structure (Arnič et al. 
2024; Smith-Hall et al. 2024). From a production-theoretic 
standpoint, pulp manufacturing is characterised by high 
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capital intensity, pronounced scale economies, and strong 
reliance on energy inputs—particularly electricity and pro-
cess heat (Klugman et al. 2007; Luhas et al. 2019). These 
characteristics place CWP production at the intersection of 
industrial organisation and the energy–production nexus lit-
erature (Klugman et al. 2007; Wang et al. 2025).

From a trade-theoretic perspective, export-oriented manu-
facturing can benefit from scale economies and learning-by-
exporting, while gaining access to larger markets, especially 
in resource-based industries where domestic demand may 
be limited (Chaldun et al. 2024; Akhtar et al. 2025). At the 
same time, export exposure may amplify vulnerability to 
external shocks, energy-price volatility, and cross-country 
regulatory differences. Recent work in sustainability eco-
nomics further suggests that, in higher-income economies, 
resource-intensive production may partially decouple from 
aggregate GDP growth as economic activity shifts towards 
services and knowledge-intensive sectors (Antonelli et 
al. 2023; Chaldun et al. 2024; Reis Mourão and Popescu 
2025). This tension between growth, trade, energy use, and 
structural transformation motivates an integrated empirical 
assessment of CWP production.

Macroeconomic and trade determinants of pulp and 
paper production

A substantial body of empirical literature has examined the 
relationship between macroeconomic activity and pulp and 
paper production (Szabó et al. 2009; Ochuodho et al. 2017; 
Kuzminov and Lobanova 2021; Han et al. 2024; Xian et al. 
2025). Studies focusing on major producer countries con-
sistently report strong associations between output, income 
levels, and trade performance, underscoring the role of 
export demand in sustaining production capacity (Zhang 
et al. 2012; Tang et al. 2015; Jaunky and Lundmark 2017; 
Shen and Lovrić 2022). Export-oriented strategies have 
been shown to generate production multipliers in forest-
based industries, reinforcing the relevance of international 
trade for sectoral growth (Chao and Buongiorno 2002; 
Haile et al. 2021).

Nevertheless, evidence from advanced European econ-
omies (e.g., Sweden and other EU countries) suggests 
that higher income levels do not necessarily translate 
into increased domestic pulp production (Karlsson 2025; 
Nikou and Sardianou 2025). Several studies, such as those 
by Karlsson (2025), document a weakening relationship 
between GDP growth and resource-intensive manufactur-
ing output, largely attributed to structural rationalisation as 
older, emissions-intensive plants are phased out in favour 
of fewer, more efficient units. Furthermore, stringent envi-
ronmental regulation can impose compliance costs and 
input-reallocation trade-offs; reducing undesirable outputs 

(e.g., pollution) often requires reallocating inputs, poten-
tially dampening conventional productivity growth (Li et al. 
2025). Consequently, trade openness may further decouple 
domestic production from emissions via offshoring and out-
sourcing channels (Mitić et al. 2024). These mixed findings 
indicate that macroeconomic effects on the pulp sector are 
context-specific, varying between developed and develop-
ing economies depending on their level of development, 
industrial structure, and regulatory environment (Su et al. 
2025; Xian et al. 2025).

Energy use and industrial output in resource-based 
industries

Energy consumption constitutes a critical input in chemi-
cal pulping processes, with electricity demand playing a 
central role in determining production scale and cost com-
petitiveness. Although improvements in energy efficiency 
and internal energy recovery have mitigated the sector’s 
exposure to energy-market volatility (Lipiäinen et al. 2022; 
Shabbir et al. 2022), the relationship between energy costs 
and industrial output remains multifaceted. The theoretical 
literature offers two contrasting perspectives. Standard cost-
competitiveness arguments, often discussed alongside the 
pollution haven hypothesis, suggest that rising energy and 
compliance costs erode competitiveness, leading to lower 
output or relocation (Copeland and Taylor 2004). Con-
versely, the Porter hypothesis posits that such cost pressures 
can spur innovation, potentially enhancing operational effi-
ciency and long-run productivity (Porter and van der Linde 
1995; Andre et al. 2023; Cali et al. 2023).

Recent empirical evidence indicates that these effects 
are heterogeneous across energy sources and time horizons. 
For instance, Cali et al. (2022) distinguish between energy 
sources and find that electricity price increases often impair 
manufacturing performance, whereas fuel price increases 
may, in some contexts, raise productivity by accelerating the 
replacement of inefficient capital. Moreover, the effects of 
energy shocks involve dynamic adjustment: short-run cost 
burdens can give way to efficiency gains as firms adapt their 
production and energy-management strategies (Andre et al. 
2023).

Accordingly, the energy–output nexus is frequently 
nonlinear and asymmetric, challenging simple linear gen-
eralisations. Recent studies employing advanced economet-
ric and machine-learning approaches also underscore the 
importance of flexible modelling strategies when energy 
variables interact with macroeconomic and risk factors 
(Ali et al. 2025a, c). Although these contributions focus on 
environmental indicators, the methodological implication is 
clear: assessing the role of energy inputs in industrial per-
formance similarly requires analytical frameworks capable 
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approaches can deliver more nuanced insights than either 
method alone (Ali et al. 2024). Despite their increasing 
prominence in the broader energy–industry literature, such 
integrated frameworks remain rare in analyses of pulp and 
paper production, particularly in European applications.

Research gap and contribution

In summary, the existing literature points to three interre-
lated gaps. First, comprehensive cross-country analyses of 
chemical wood pulp (CWP) production in European coun-
tries remain limited, particularly those that jointly consider 
macroeconomic conditions, energy inputs, trade exposure, 
and industrial structure. Second, the role of the firm-size dis-
tribution—specifically, SME prevalence versus large-firm 
concentration—in shaping aggregate CWP output is still 
insufficiently understood. Third, methodological integration 
remains limited, as few studies combine panel econometrics 
with machine-learning methods while explicitly addressing 
cross-sectional dependence and structural heterogeneity.

This study addresses these gaps by developing an inte-
grated econometric–machine-learning framework to analyse 
CWP production across Europe. By combining interpretable 
structural inference with predictive modelling, the analysis 
provides a more granular account of how macroeconomic, 
trade, energy, and industrial-structure factors jointly shape 
production dynamics in a key forest-based bioeconomy 
sector.

Data and methods

Data description and variable construction

This study utilizes a balanced panel dataset covering 11 
European countries from 2009 to 2023, compiled from 
Eurostat, FAOSTAT, and the World Bank. The analysis 
focuses on the determinants of CWP production.

The dependent variable is the natural logarithm of CWP 
output (in metric tons), allowing for elasticity interpretation 
and variance stabilization (Wooldridge 2016; Neykov et 
al. 2022; Dabbous et al. 2023; Farnsworth 2023; Montes-
Pajuelo et al. 2024). GDP, expressed in constant 2015 USD, 
is also log-transformed to capture the non-linear relation-
ship between economic size and industrial output (Baltagi 
2008a). The use of logarithmic transformations further miti-
gates scale effects and potential heteroskedasticity, which 
are common in macroeconomic panel datasets. Table 1 
reports the descriptive statistics of the variables used in the 
analysis.

Table 1 presents the original log-transformed variables 
in levels, reflecting the economic scale and dispersion of 

of capturing nonlinearities and heterogeneous effects, rather 
than relying solely on traditional linear models.

Industrial structure, firm size, and production 
outcomes

Beyond macroeconomic and energy factors, industrial 
structure is increasingly recognised as an important yet rela-
tively understudied determinant of output and productivity 
in the pulp and paper industry. Firm-level studies document 
that scale economies, technological intensity, and organisa-
tional design are associated with productivity and output 
dynamics (Ottosson and Magnusson 2013; Johansson et 
al. 2021; Wang and Liu 2023). However, the direction of 
scale effects remains ambiguous: large integrated produc-
ers may benefit from capital deepening and technological 
advantages, whereas fragmented, SME-dominated industry 
structures may foster flexibility, innovation, and regional 
embeddedness.

Empirical evidence on the relationship between firm 
concentration and pulp production remains limited, particu-
larly in multi-country settings. Existing studies often rely 
on firm-level or single-country data, which constrains the 
generalisability of findings across heterogeneous European 
production systems. As a result, the role of industrial struc-
ture, specifically the tension between concentration and 
fragmentation in shaping aggregate CWP output, remains 
insufficiently understood, underscoring the need for anal-
yses that explicitly account for firm-scale regimes (e.g., 
SME-intensive versus large-firm-concentrated systems).

Methodological approaches and empirical gaps

Most of the existing literature relies on linear econometric 
models applied to time-series data or pooled panel settings. 
While these approaches offer interpretability, they often 
do not adequately account for cross-sectional dependence, 
slope heterogeneity, and nonlinear interactions that are 
common in macro-panel datasets. Recent contributions in 
energy and environmental economics therefore emphasise 
second-generation panel techniques and robustness diag-
nostics when analysing cross-country data (Nosheen et al. 
2021; Aydin et al. 2023). This methodological rigour is illus-
trated by Islam et al. (2022), who explicitly address cross-
sectional dependence and heterogeneity in their assessment 
of energy-related drivers of sustainable development in 
ASEAN economies.

In parallel, a growing strand of empirical research 
integrates econometric modelling with machine learn-
ing to enhance predictive accuracy and uncover complex 
relationships. Studies that combine traditional inference 
with machine-learning-based validation show that hybrid 
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To summarize the dataset, Table 2 presents the definitions 
and measurement units of all variables used in this study.

Table 2 summarizes the dataset, while Fig. 1 illustrates 
the evolution of ln(CWP ) from 2009 to 2023. The time 
series is notably stable, with average values decreasing 
slightly from 5.62 to 5.54, suggesting capital intensity and 
historical path-dependency typical of the pulp sector. Minor 
disruptions around 2009 and 2021 likely reflect the Euro-
zone debt crisis and the COVID-19 pandemic, respectively, 
further supporting the panel data approach, where cross-
sectional variation dominates temporal change.

Variable selection reflects both theoretical and empiri-
cal considerations. Electricity consumption (EC) indicates 
operational scale in energy-intensive production systems 
(Virtanen et al. 2013; Fresner et al. 2017; Golmohamadi 
2022). The logarithm of GDP serves as an indicator of a 
country’s overall macroeconomic strength. Meanwhile, 
exports of chemical wood pulp (CWPE) reflect the sec-
tor’s integration into global markets and its sensitivity to 
foreign demand. Firm count (MOPE) measures industrial 

chemical wood pulp production and its key determinants 
across the sampled European countries. The statistics reveal 
substantial heterogeneity across countries, particularly in 
export volumes (CWPE) and electricity consumption (EC), 
underscoring the structural diversity of the European pulp 
and paper industry.

Table 1  Descriptive statistics of log-transformed variables (levels)
Variable Obs Mean Std. Dev Min 25% Median 75% Max
ln(CWP) 165 5.596 1.01 3.684 4.695 6.074 6.21 6.945
ln(GDP) 165 11.786 0.511 10.608 11.521 11.718 12.266 12.568
MOPE 165 99.194 96.596 7 18 51 174 355
CWPE 165 53,708 120,486 0.051 101.224 6768 24,732 571,000
EC 165 195,376 147,804 54,148 82,425 125,004 310,251 510,774

Table 2  Definitions and descriptions of variables
Variable Label Unit Description
CWP ln_cwp Tons Natural logarithm of total 

annual domestic chemi-
cal wood pulp production

GDP ln_gdp Costant 
2015 
US$

Log-transformed real 
GDP at constant 2015 
US$

Number of 
Pulp & Paper 
Enterprises

mope Count Manufacturing base size

Chemical Wood 
Pulp Exports

cwpe Tons Annual export volume of 
chemical wood pulp

Electricity 
Consumption

ec GWh Annual energy 
consumption

Fig. 1  Time trend of chemical wood pulp (lnCW P ) production
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natural logarithm of their average annual CWP genera-
tion from 2009 to 2023, between around 8.5 and 16. This 
geographical division allows for comparisons of industrial 
intensity across the region.

There is a clear geographical pattern: High levels of 
ln(CWP ) are seen for Finland and Sweden, expected from 
their internationally integrated pulp and paper sectors and 
large forest endowments. Italy, Switzerland, and Slovenia 
are found at the other end of the scale, and they represent a 
more restricted or diversified industrial production orienta-
tion. The Central European economies, especially Germany, 
Austria, and France, lie mid-range, indicating the character-
istics of production to be moderate but consistent.

The bottom-right bar graph shows the nominal annual 
CWP output expressed in metric tonnes for the given time 
period. Compared to the log-transformed graph show-
ing only orders of magnitudes, the bar graph shows abso-
lute quantities, and the dominance of Finland and Sweden 
emerges, with their average annual outputs being more 
than 7 million tonnes. These two countries contribute sig-
nificantly to the overall European production, an indication 

capacity but may obscure heterogeneity if treated as a con-
tinuous regressor. Therefore, we categorize countries as 
MOPElow (≤ 100firms) and MOPEhigh (> 100) to 
capture scale-driven nonlinear effects.

Figure 2 shows that countries with MOPEhigh exhibit 
higher median ln(CWP ), suggesting structural and techno-
logical distinctions, such as economies of scale, production 
chain integration, and energy efficiency intensity (Rappo-
selli et al. 2024). Stratification by firm count also enables 
analysis of asymmetric production responses, consistent 
with best practices in structural heterogeneity modelling 
(Mahapatra and Irfan 2024; Steinbrunner 2024; Wang et al. 
2024a, b; Mishra and Acharya 2025).

Geographic scope and spatial variation of ln(CWP)

To place the empirical model in context, the map in Fig. 3 
shows the geographical scope of the analysis, including 
eleven countries selected for consideration on the basis 
of available data and their respective output of CWP gen-
eration. The countries are shown in colours indicating the 

Fig. 2  Distribution of ln(CWP) across countries segmented by the number of pulp and paper enterprises (MOPE) The boxplot illustrates higher 
median and lower dispersion for the MOP Ehigh group, suggesting a stronger and more concentrated production structure
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We begin with the following log-linear panel model 
specification:

ln (CWPit) =δ + φ1 ln (GDPit) + φ2MOPElow
it + φ3MOPEhigh

it

+ φ4CWPEit + φ5ECit + uit
� (1)

where, i = 1, . . . , N , indexes countries, t = 1, . . . , T , 
indexes years. δ denotes the model’s constant term. φ1, . . . , φ5 
represent the elasticities of the explanatory variables. The 
composite error term uit is decomposed as follows:

uit = µi + λt + εit � (2)

Here, µi captures time-invariant country-specific effects, 
λt represents time-specific shocks common to all coun-
tries, and εit idiosyncratic disturbance term assumed to be 
that is independently and identically distributed with zero 
mean and constant variance, εit ∼ IID

(
0, σ2)

. It is further 
assumed that the regressors are strictly exogenous for all 
countries and for all time periods with zero mean and con-
stant variance. E (εitXit) = 0 for all i and t.

easily seen visually, and this is important for the interpreta-
tion of the following econometric findings.

Econometric modelling and estimation techniques

The inherent structure of the dataset, encompassing obser-
vations from multiple countries over an extended period, 
renders it particularly well-suited for analysis using a panel 
data econometric model. This specific specification has the 
added advantage of allowing the model to handle unob-
served heterogeneity between the countries and provide 
more accurate estimates using the cross-sectional and time 
dimensions of the dataset (Baltagi 2008a, 2021; Wooldridge 
2010; Croissant and Millo 2019).

Panel data methods are preferred over pure cross-sec-
tional or time-series approaches because they reduce omit-
ted variable bias arising from unobserved, time-invariant 
country characteristics and improve estimation efficiency 
(Aydoğan and Yıldırım 2025).

Fig. 3  Study area map depicting country-level classification of mean ln(CWP) and average annual output (tonnes), 2009–2023
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where, Zit represents the variable in levels, and ρ is the 
autoregressive coefficient under test, and εit is the error 
term. The null hypothesis of both test is H0 : ρ = 0, i.e., 
implying the presence of a unit root (non-stationarity), 
while the alternative suggests stationarity.

Model estimation and selection procedure

Following the diagnostic stage, we estimate the panel 
regression model using pooled OLS, fixed effects (FE), and 
random effects (RE) estimators.

The pooled OLS model assumes full homogeneity across 
cross-sectional units and ignores unobserved heterogeneity, 
which may result in biased estimates when country-specific 
effects are present (Wooldridge 2010).

The FE estimator controls for all time-invariant unob-
served heterogeneity via the within transformation, ensur-
ing consistent estimation when regressors are correlated 
with country-specific effects.

The RE estimator is included for comparison purposes, as 
it offers efficiency gains under the strict exogeneity assump-
tion. Model selection is guided by formal specification tests 
rather than ad hoc criteria.

To determine the appropriate estimator, we employ: (i) 
the Chow test, (ii) the Hausman test (Hausman 1978), and 
(iii) the Breusch–Pagan LM test.

Together, these tests ensure that the chosen economet-
ric specification appropriately reflects the underlying data-
generating process and provides both statistical validity and 
economic interpretability.

Panel regression models

We begin with traditional panel data regression models, 
including: (a) Pooled Ordinary Least Squares (Pooled OLS), 
(b) Fixed Effects (FE), (c) Random Effects (RE).

The Pooled OLS model assumes complete homogeneity 
across all country-year observations, ignoring unobserved 
heterogeneity and structural breaks. While computationally 
straightforward, the model is vulnerable to omitted variable 
bias in cases where country-specific effects influence the 
dependent variable but are not accounted for (Wooldridge 
2010).

To solve this problem, we use the Fixed Effects (FE) 
model that controls for all the unobserved heterogeneity 
that persists over time using the application of the within 
transformation. The FE model is specified as:

ln (CWPit) − ln (CWPit) = φ1

[
ln (GDPit) − ln (GDPit)

]

+ . . . + (uit − ui)
� (4)

This two-way error structure explicitly allows for both 
country-specific heterogeneity and common temporal 
shocks, which is particularly relevant in a European con-
text characterised by shared economic cycles and policy 
regimes.

Preliminary diagnostics and trend adjustments

Prior to estimating the panel regression model, we perform 
a series of preliminary diagnostic tests to verify the valid-
ity of key econometric assumptions. These include tests for 
cross-sectional dependence, panel unit root and stationar-
ity, heteroskedasticity, and serial correlation, each of which 
could compromise the consistency and efficiency of coef-
ficient estimates if unaddressed. As emphasized by Bal-
tagi (2008a) and Wooldridge (2010), failure to account for 
such properties may result in spurious relationships, biased 
standard errors, and potentially invalid policy implications. 
Conducting these diagnostics is essential because ignoring 
such properties may lead to biased coefficient estimates, 
inconsistent standard errors, and misleading statistical infer-
ence, especially in multi-country macro-panel settings.

Cross-sectional dependence

Given the shared institutional and economic setting of 
European countries, we test for cross-sectional dependence 
(CSD) using Pesaran’s CD test (Pesaran 2021). The pres-
ence of cross-sectional dependence would indicate com-
mon shocks or spillover effects, thereby justifying the use 
of robust variance estimators or second-generation panel 
techniques.

Panel unit root tests and stationarity

To avoid spurious regressions, it is essential to assess the 
stationarity properties of the panel data, particularly when 
macroeconomic variables such as GDP or electricity con-
sumption known to exhibit stochastic trends are involved 
(Wooldridge 2010). We employ two first-generation panel 
unit root tests to evaluate the presence of non-stationarity 
across variables: (i) the Levin et al. (2002) test, which 
assumes a common autoregressive root across units, and (ii) 
the Im et al. (2003) test, which allows for heterogeneous 
autoregressive dynamics across countries. Employing 
both tests allows us to assess stationarity under alternative 
assumptions regarding homogeneity and heterogeneity in 
autoregressive dynamics across countries.

The general form of the unit root test can be written as:

∆Zit = ρZit−1 +
ρ∑

k=1
∅k∆Zit−k + εit � (3)

1 3

72  Page 8 of 22



European Journal of Forest Research (2026) 145:72

RMSE =

√
1
N

N∑
i=1

(
ln (CWP )it − ̂ln (CWP )it

)2
� (6)

MAE = 1
N

N∑
i=1

∣∣∣ln (CWP )it − ̂ln (CWP)it
∣∣∣ � (7)

To address the common criticism that machine learning 
models lack interpretability, SHAP values are employed to 
decompose predictions into additive feature contributions, 
thereby linking predictive performance with economic 
interpretation and policy relevance.

By integrating panel econometric models with machine 
learning techniques, the methodology combines inferen-
tial transparency with predictive flexibility. This hybrid 
approach allows the study to overcome the limitations of 
single-method strategies and provides a more comprehen-
sive understanding of the drivers of chemical wood pulp 
production across Europe.

Results and discussion

Preliminary statistical relationships: correlation 
structure and visual diagnostics

Prior to the implementation of the panel regression frame-
work, a Pearson correlation analysis was undertaken to 
explore the preliminary linear relationships between the 
dependent variable and the core explanatory factors. This 
step provides conceptual insights into the pairwise associa-
tions and serves as an initial diagnostic tool for detecting 
potential multicollinearity among the regressors. The cor-
relation matrix is illustrated in Fig. 4 as a heatmap, visually 
representing the magnitude and direction of the bivariate 
coefficients.

The findings reveal a moderately strong positive associa-
tion between ln(CWP) and EC (r = 0.56), aligning with 
the well-documented energy-intensive characteristics of the 
pulp production industry (Posch et al. 2015; Lawrence et 
al. 2019; Andersson et al. 2021; Lipiäinen et al. 2022). In 
contrast, the association between ln(CWP ) and CWPE 
is weaker (r = 0.29), suggesting that export volumes may 
play a secondary, though still relevant, role in explaining 
variation in output. Similarly, the link between ln(CWP ) 
and ln(GDP ) appears weak at r = 0.22, perhaps reflecting 
a decoupling of pulp production from aggregate economic 
growth in advanced industrial contexts.

A robust positive correlation is also observed between 
ln(GDP) and MOPEhigh (r = 0.75), indicating that 
economically advanced countries typically host a greater 
number of large-scale pulp and paper firms. By contrast, 

This transformation removes δ and any unobserved effects 
µi, ensuring consistent estimation of φ parameters when 
unobserved effects are correlated with the regressors. Alter-
natively, the Random Effects model treats these unobserved 
effects µi as randomly distributed across countries and 
incorporates them into the composite error term. This model 
is more efficient than FE if the strict exogeneity assumption 
holds, i.e., if Cov (xit, µi) = 0.

To determine the appropriate model, we apply three stan-
dard specification tests:

(i)	 The Chow test for structural stability, assessing the 
validity of Pooled OLS relative to FE,

(ii)	 The Hausman test (Hausman 1978), evaluating whether 
the FE or RE estimator is consistent, and

(iii)	The Breusch–Pagan Lagrange Multiplier (LM) test, 
which tests the null hypothesis of no significant panel 
effects.

Together, these tests determine whether the selected model 
correctly identifies the underlying data structure and offers 
both statistical precision and economic interpretability in 
describing disparities in the production of CWP in different 
nations.

Machine learning estimation: XGBoost

To account for non-linear interactions and saturation effects, 
we implement Extreme Gradient Boosting (XGBoost); a 
scalable, tree-based ensemble learning method (Chen and 
Guestrin 2016). Unlike linear panel estimators, XGBoost 
does not impose additive or linear functional forms and 
is therefore well suited to capturing complex interactions 
among macroeconomic, trade, and energy variables. The 
model specification is given by:

̂ln (CWPit) =
K∑

k=1

fk (xit)

=
K∑

k=1

fk

(
ln (GDPit) , MOPElow

it , MOPEhigh
it , CWPEit, ECit

)� (5)

Here; ln ̂(CWPit) is the predicted value of ln(CWPit), fk 
represents the kth decision tree in the model, K is the total 
number of trees, and xit is the vector of explanatory vari-
ables for country i and year t. Each function fk ∈ F  belongs 
to the space of regression trees and is learned by minimizing 
a regularized objective function that penalizes both predic-
tion error and model complexity.

The model is trained using 80% of the dataset and evalu-
ated on the remaining 20% using the following metrics: 
RMSE- Root Mean Squared Error (6), MAE- Mean Abso-
lute Error (7), and R2.
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Panel regression model results

Before proceeding to panel-specific diagnostic tests, poten-
tial multicollinearity among the explanatory variables is 
assessed using variance inflation factors (VIF) (Table 3).

the strong negative correlation between MOPEhigh and 
MOPElow (r = −0.65) underscores their functional 
divergence and supports their inclusion as distinct categori-
cal variables in the regression model.

Although these bivariate findings offer preliminary 
insights, they do not account for unobserved heterogene-
ity, structural dynamics, or endogenous interactions among 
variables. Accordingly, the analysis proceeds to panel-spe-
cific multivariate estimations to rigorously evaluate these 
relationships within a controlled and temporally dynamic 
framework.

Table 3  Variance inflation factors (VIF)
Variable VIF
ln(GDP) 2.85

MOPElow 4.13

MOPEhigh 3.68
CWPE 2.22
EC 1.58

Fig. 4  Heatmap of pairwise Pearson correlations among model variables (non-detrended). The colour gradient illustrates the strength and direction 
of relationships, ranging from –0.65 to + 1.00
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Wooldridge 2010; Herwartz et al. 2023), and provides the 
empirical foundation for the estimation procedure.

Results from the detrended model

After implementing the detrending procedure to address 
issues of non-stationarity and cross-sectional dependence, 
the panel regression was re-estimated using the result-
ing stationary residual series. Among the three estimated 
specifications; Pooled Ordinary Least Squares (OLS), Fixed 
Effects (FE), and Random Effects (RE), the Pooled OLS 
model emerged as the preferred choice, based on formal sta-
tistical tests and superior model performance.

Specifically, the Chow test for structural stability 
(F-stat = 1.07, p = 0.34) did not reject the null hypoth-
esis of parameter homogeneity across countries, thereby 
supporting the appropriateness of the pooled estima-
tor. The Breusch–Pagan Lagrange Multiplier (LM) test 
(χ2 = 2.45, p = 0.117) also revealed no statistically signif-
icant panel-level random effects, diminishing the rationale 
for adopting the RE specification. Finally, the Hausman test 
comparing FE and RE estimators (χ2 = 5.28, p = 0.071) 
indicated that the differences in coefficients were not statis-
tically significant, implying that while the RE model is not 
inconsistent, it also fails to offer efficiency gains under weak 
panel effects.

Taken together, the results strongly support the selection of 
the Pooled OLS specification as the most empirically robust 
model. It accounts for approximately 54.6% of the varia-
tion in the detrended CWP output (adjustedR2 = 0.546), 
as shown in Table 5.

Model selection based on Chow, LM, and Hausman tests 
supports the pooled specification. All standard errors are 
heteroskedasticity-robust.

The estimated coefficient for ln(GDPit) is nega-
tive and statistically significant at the 1% level 
(φ1 = −0.483, p = 0.006), This somewhat counterintui-
tive finding may suggest a structural transformation within 
high-income economies, where industrial activity is pro-
gressively shifting toward service-oriented sectors or less 

All VIF values remain well below conventional threshold 
levels, indicating that multicollinearity does not pose a con-
cern for coefficient stability or statistical inference.

Cross-sectional dependence and panel stationarity

Given the economic interconnectedness of European coun-
tries, CSD is likely. Pesaran’s CD test confirms significant 
residual correlation across countries (Table  4), indicating 
shared shocks and spillovers that violate the independence 
assumption of first-generation unit root tests.

Indeed, both Levin-Lin-Chu (LLC) and Im-Pesaran-
Shin (IPS) tests fail to reject the null of non-stationarity 
(p > 0.05), suggesting the presence of unit roots under con-
ventional assumptions. However, differencing is avoided 
to preserve long-term relationships and the interpretabil-
ity of log-linear elasticities. Instead, a detrending strategy 
is employed to retain structural variation while removing 
deterministic trends.

Detrending strategy for stationarity and model integrity

To address CSD and non-stationarity without compromis-
ing model interpretability, we detrend the data (Phillips and 
Moon 2000; Breitung 2001; Westerlund 2015; Herwartz et 
al. 2023) by removing country-specific linear trends. This 
avoids the distortions associated with differencing and 
maintains elasticity interpretation. The final estimation 
model is expressed as:

n (CWPit) =δ + φ1 ln (GDPit) + φ2MOPElow
it + φ3MOPEhigh

it

+ φ4CWPEit + φ5ECit + uit (Detrended) � (8)

Within this specification, uit denotes the composite error 
term, capturing country-specific, time-specific, and idio-
syncratic disturbances. This detrended formulation ensures 
that all included variables achieve stationarity while main-
taining their logarithmic transformation and preserving the 
interpretability of coefficient estimates. This approach con-
forms to established methodological standards for macro-
panel estimation (Baltagi and Kao 2001; Baltagi 2008b; 

Table 4  Results of cross-sectional dependence and unit root tests
Variable Pesaran CD p value (CD) LLC Test

(Z-stat)
p value (LLC) IPS Test

(W-stat)
p value (IPS)

ln(CWP) 85.66 0.0000 − 1.12 0.131 − 0.75 0.2262
ln(GDP) 88.74 0.0000 − 0.87 0.194 − 0.41 0.3410
MOPE_low 11.34 0.0068 − 1.34 0.090 − 0.98 0.1634
MOPE_high 12.68 0.0054 − 1.01 0.157 − 0.63 0.2672
CWPE 84.07 0.0000 − 0.95 0.172 − 0.59 0.2844
EC 82.45 0.0000 − 1.2 0.115 − 0.78 0.2143
All variables exhibit statistically significant cross-sectional dependence (p < 0.01), while stationarity is not attained at levels based on the results 
of both Levin–Lin–Chu (LLC) and Im–Pesaran–Shin (IPS) tests
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The Breusch–Godfrey LM test, employed to detect first-
order serial correlation, yields a highly significant result 
(LM = 96.36, p < 0.001thereby confirming the presence of 
autocorrelation in the residuals. This finding is further cor-
roborated by the Durbin–Watson statistic, which registers a 
value of 0.533, substantially below the conventional bench-
mark of 2, indicating pronounced positive autocorrelation.

Regarding heteroskedasticity, the Breusch–Pagan test 
yields a test statistic of 9.80 with a p value of 0.081, hover-
ing around the 10% significance threshold. While the result 
does not definitively confirm substantial heteroskedastic-
ity, it does imply that residual variance may vary across the 
observed values.

The Jarque–Bera test applied to the residuals of the 
detrended pooled OLS model indicates a rejection of the 
null hypothesis of normality at the 5% significance level 
(JB = 8.81, p = 0.012). Deviations from normality are com-
mon in macro-panel data and do not invalidate the con-
sistency of the OLS estimator. Importantly, the use of 
heteroskedasticity- and autocorrelation-robust standard 
errors ensures reliable statistical inference even under non-
normal error distributions.

Taken together, the diagnostic results point to notable 
violations of the assumptions of homoskedasticity and 
residual independence, an outcome not entirely unex-
pected in macro-panel data characterized by persistence 
and inter-country spillovers. As such, employing robust 
standard error estimators is warranted to mitigate the effects 
of these assumption breaches. Subsequent estimations rely 
on Driscoll–Kraay standard errors, which are specifically 
designed to account for both heteroskedasticity and autocor-
relation in panel datasets exhibiting cross-sectional depen-
dence (Hoechle 2007).

Robust estimationtion

To address autocorrelation and potential heteroskedastic-
ity identified in diagnostics, three alternative standard error 
estimators were applied: classical (unadjusted), Driscoll–
Kraay, and country-clustered (Table  7). Results across all 
methods are highly consistent both in sign and statistical 
significance, indicating robust inference.

pulp-intensive manufacturing, thereby weakening the tradi-
tional link between GDP and CWP output.

A central contribution of this study lies in its decom-
position of the manufacturing landscape into MOPElow 
and MOPEhigh, categorizing countries by the scale 
of their pulp and paper sectors, those with 100 or fewer 
enterprises versus those exceeding that threshold. The 
coefficient on MOPElow is positive and highly signifi-
cant (φ2 = 0.0231, p < 0.001), indicating that small and 
medium-sized enterprises play a constructive role in pulp 
production, possibly owing to their operational agility and 
greater responsiveness to regional market conditions. By 
contrast, the coefficient on MOPEhigh is negative and 
statistically significant (φ3 = −0.0118, p < 0.001), which 
may reflect diminishing marginal returns, coordination 
complexities, or regulatory rigidities typically associated 
with large-scale industrial structures.

Both CWPE and EC yield statistically significant and 
positive coefficients (p < 0.001), estimated at 4.94e-6 and 
1.53e-6, respectively. Although the absolute magnitudes of 
these coefficients may seem small due to the units of mea-
surement (tonnes and GWh, respectively), their economic 
implications are substantial. These findings underscore the 
critical importance of export orientation and energy avail-
ability as fundamental drivers of output within wood-based 
industrial systems.

Model assumption diagnostics

To evaluate the statistical soundness of the detrended Pooled 
OLS specification, a series of post-estimation diagnostic 
tests were conducted to examine adherence to key assump-
tions of panel regression namely, autocorrelation, hetero-
skedasticity, and error independence. The corresponding 
diagnostic test results are summarized in Table 6.

Table 5  Estimated coefficients from the detrended Pooled OLS regression model
Variable Coef Std.Err t P >|t| [0.025 0.975]
const − 0.0000 0.0530 − 0.0000 1.0000 − 0.1047 0.1047
log_gdp_detrended − 0.4834 0.1758 − 2.7494 0.0067 − 0.8307 − 0.1362
mope_low_detrended 0.0231 0.0029 7.9677 0.0000 0.0174 0.0288
mope_high_detrended − 0.0118 0.0015 − 7.7638 0.0000 − 0.0148 − 0.0088
cwpe_detrended 4.94e-6 0.0000 7.5045 0.0000 0.0000 0.0000
ec_detrended 1.53e-6 0.0000 3.3853 0.0009 0.0000 0.0000

Table 6  Post-estimation diagnostic test results for the detrended 
pooled OLS model
Test Test Statistic p value
Breusch-Godfrey (Autocorr.) 96.3578 0.0000
Breusch-Pagan (Heterosk.) 9.8014 0.0810
Durbin-Watson 0.5333 –
Jarque–Bera 8.81 0.012
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RMSE, MAE, and the coefficient of determination R2, as 
summarised in Table 8.

The model yielded an RMSE of 0.130, an MAE of 
0.065, and an R2 of 0.979, indicating that approximately 
98% of the variation in ln(CWP ) was accurately explained 
by the predictive algorithm. These metrics suggest a remark-
ably good fit, with minimal average deviation between the 
predicted and actual values.

To further evaluate model calibration, Fig. 5 presents a 
scatter plot comparing predicted and actual ln(CWP ) val-
ues within the test sample.

The resulting distribution exhibits a dense clustering 
around the 45-degree identity line, confirming the close 
alignment between predicted and actual values. Minor dis-
crepancies appear predominantly at the lower end of the 
production spectrum, where the model tends to slightly 
underpredict output for observations with exceptionally low 
production levels. Nevertheless, the overall symmetry and 
low dispersion of predictions underscore the model’s capac-
ity to effectively extract latent patterns embedded within the 
dataset.

Overfitting control

To determine the extent to which the XGBoost model is 
prone to overfitting, we examined the trajectory of RMSE 
across successive boosting iterations for both the training 
and test subsets. Figure  6 illustrates the RMSE trends 
across 100 boosting rounds, separately for the training and 
test sets.

The results reveal a sharp decline in RMSE for both 
datasets during the initial 20 boosting rounds, followed by 
a plateau phase in which the curves level off and maintain a 
nearly parallel trajectory. While, the training RMSE con-
tinues to decline gradually, the test RMSE stabilizes at a 
relatively low and consistent level. This behaviour is char-
acteristic of a well-calibrated model that effectively cap-
tures underlying structure in the data without succumbing to 
overfitting or spurious noise.

The absence of any substantial divergence between the 
training and test error curves supports the conclusion that the 
model achieves an optimal bias variance trade-off, thereby 
retaining strong generalisation performance throughout the 
boosting process.

The coefficient on ln(GDP ) remains negative (− 0.483) 
under all specifications, confirming the previously identi-
fied structural shift in high-income economies. While its 
significance is modestly reduced with Driscoll–Kraay and 
clustered errors (with standard errors of 0.189 and 0.196, 
respectively), the direction and economic interpretation 
remain stable.

MOPElow retains its strong and significant positive effect 
(φ2 = 0.0231), reinforcing the role of small-to-medium 
enterprises in CWP  output. Conversely, MOPEhigh 
remains negative and significant (φ3 = −0.0118), suggest-
ing persistent inefficiencies or diminishing scale effects 
among larger producers.

Although the coefficients for CWPE and EC are 
numerically small due to their units (tonnes and GWh), they 
are consistently positive and statistically significant across 
all estimators, underlining the importance of export integra-
tion and energy access in pulp production.

Overall, the robustness of these results across multiple 
error specifications validates the empirical integrity of the 
linear model and establishes a solid benchmark for the 
machine learning analysis that follows.

Machine learning estimation: XGBoost prediction 
model results

To enrich the panel regression analysis and capture poten-
tial nonlinearities in predictor interactions, we employed the 
XGBoost algorithm to model ln(CWP ) output. The model 
retained the same five explanatory variables as in the econo-
metric framework: (ln(GDP ), MOPElow, MOPEhigh, 
CWPE, EC).

Overall predictive accuracy

To evaluate the out-of-sample performance of the XGBoost 
model, 80% of the dataset was allocated for training, while 
the remaining 20% served as a holdout sample. Model per-
formance was assessed using standard metrics, including 

Table 8  Test performance of the XGBoost Model
Metric Value
RMSE 0.130
MAE 0.065

R2 0.979

Variable Coefficient Std. Err. (Unadjusted) Std. Err. (Driscoll-Kraay) Std. Err. (Clustered)
ln(GDP) − 0.483 0.176 0.189 0.196
MOPE_low 0.0231 0.0029 0.0031 0.0033
MOPE_high − 0.0118 0.0015 0.0016 0.0017
CWPE 4.94e-6 6.58e-7 6.72e-7 7.01e-7
EC 1.53e-6 4.53e-7 4.75e-7 4.89e-7

Table 7  Robust estimation results 
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reinforces its suitability as a dependable forecasting tool for 
chemical pulp production modelling.

Explaining model predictions with SHAP values

To enhance interpretability and address the limitations of 
black-box modelling, SHAP is used to quantify each pre-
dictor’s contribution to the XGBoost outputs. Grounded in 
cooperative game theory, SHAP decomposes model predic-
tions into additive feature contributions, offering both global 
and observation-specific insight (Lundberg and Lee 2017).

Figure 7 illustrates the SHAP summary plot, where each 
point represents a country–year observation. The horizontal 
axis shows the SHAP value, i.e., the marginal effect of each 
predictor, while the colour gradient indicates feature mag-
nitude (blue: low, red: high). Variables are ranked by their 
mean absolute SHAP values.

Cross-validation stability

To assess the model’s ability to generalise across varying 
data segments, a five-fold cross-validation procedure was 
implemented, allowing performance assessment across dis-
tinct training test splits. Table 9 provides a summary the 
RMSE, MAE, and R2 values obtained for each cross-
validation fold.

Although Folds 2 and 5 demonstrate slightly reduced R2 
values ranging between 0.87 − 0.92, the model exhibits a 
consistent level of predictive performance across all parti-
tions. The mean RMSE of 0.225 and the average R2 of 
0.942 suggest that the model sustains a high level of pre-
dictive accuracy and exhibits limited error variability, even 
within the more challenging data folds.

Such robustness across validation folds highlights the 
underlying stability of the model’s learned structure and 

Fig. 5  Scatter plot of XGBoost predictions vs observed ln(CW P ) in the test sample
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and MOPElow also exert meaningful, though less domi-
nant, effects. Conversely, MOPEhigh and year contribute 
minimally, aligning with earlier panel results that suggested 
diminished marginal influence.

SHAP thus not only ranks feature relevance but also 
reveals directionality and nonlinear dynamics, offering a 
powerful interpretative complement to the model’s predic-
tive accuracy, critical for informed policy formulation in 
industrial strategy.

Robustness of model performance to hyperparameter 
settings

To test the generalisability of the XGBoost model, we 
assessed its performance across a wide range of hyperpa-
rameter combinations, focusing on the number of boost-
ing rounds (n_estimators) and the maximum tree depth 
(max_depth) (Fig. 8)A randomized grid search was con-
ducted, averaging across multiple learning rates to account 
for interaction effects.. .

The heatmap demonstrates that RMSE values remain 
consistently low and stable, ranging from 0.178 to 0.202, 
across a substantial portion of the hyperparameter space. The 
optimal configuration yielding the lowest RMSE (0.178) 
corresponds n_estimators = 171, max_depth = 4, and a 
learning rate of 0.067. Notably, incremental performance 
improvements taper off beyond roughly 150 boosting itera-
tions, indicating a saturation threshold in marginal predic-
tive returns.EC and CWPE are the most influential predictors, 

with higher values driving up predicted output. ln(GDP ) 

Table 9  Five-fold cross-validation results for the XGBoost model
Fold RMSE MAE R2

1 0.1302 0.0649 0.9755
2 0.3065 0.1299 0.9170
3 0.1527 0.0720 0.9763
4 0.1830 0.0792 0.9692
5 0.3535 0.1339 0.8703
Mean 0.2252 0.0960 0.9425

Fig. 7  SHAP summary plot showing predictor contributions to ln(CW P ) across country-year observations

 

Fig. 6  Comparison of train and test RMSE over the number of boost-
ing iterations in the XGBoost model
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the discussion highlights both areas of convergence with the 
literature and instances where the present results diverge, 
offering context-specific explanations grounded in Europe’s 
structural, institutional, and policy environment.

The econometric results reveal a negative and statistically 
significant relationship between ln(GDP ) and ln(CWP ) 
production, a finding that contrasts with traditional growth–
industry narratives which often posit a positive association 
between aggregate economic expansion and industrial out-
put (McCarthy and Lei 2010; Hujala et al. 2013; Charles et 
al. 2024; Liang et al. 2025). However, this result is strongly 
aligned with recent literature emphasizing structural trans-
formation, deindustrialization, and economic decoupling 
in advanced economies (Van Neuss 2018; Montagna et 
al. 2025). Studies focusing on European and high-income 
contexts document that GDP growth increasingly reflects 
expansion in services, digital activities, and high-value 
manufacturing rather than scale-intensive, resource-based 

Furthermore, no signs of overfitting are detected, even 
with increased depth or complexity. Performance peaks 
with moderate complexity (max_depth between 4 and 6), 
while shallow or excessively deep trees offer diminishing 
returns.

These results confirm that XGBoost’s performance is 
robust to parameter tuning, supporting its use in forecasting 
and bolstering the reliability of the study’s insights.

Discussion: interpretation and comparison 
of econometric and machine learning results

This section interprets the empirical findings by explic-
itly relating each estimated determinant of chemical wood 
pulp (CWP) production to existing empirical and theoreti-
cal research, while also contrasting insights derived from 
econometric and machine learning approaches. In doing so, 

Fig. 8  Cross-validated RMSE heatmap for XGBoost performance across varying values of n_estimators and max_depth averaged over dif-
ferent learning rates
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openness, logistics infrastructure, and market power, all 
of which favour European producers in global pulp value 
chains (Wang et al. 2024a, b).

Electricity consumption (EC) also displays a consis-
tently positive and significant effect on CWP production, 
reinforcing the characterization of chemical pulping as 
an energy-intensive industrial process. This result is fully 
consistent with prior empirical evidence linking industrial 
output to energy availability and cost structures (Anser et 
al. 2024). Notably, the persistence of this relationship after 
detrending suggests that energy dependence is structural 
rather than cyclical. Although recent empirical inquiries 
suggest that the ‘technique effect’ and efficiency mandates 
can decouple energy use from industrial growth (Caglar et 
al. 2024; Gajdzik et al. 2024), and specifically reduce energy 
intensity in the pulp and paper sector through technological 
upgrades (Chauhan and Mohanasundari 2025), the Euro-
pean pulp sector’s reliance on continuous-process technolo-
gies and electrified production systems likely sustains this 
dependence, particularly under increasingly volatile energy 
markets shaped by geopolitical tensions and decarboniza-
tion policies.

Comparing econometric and machine learning results 
further enriches the interpretation of these findings. The 
panel regression framework provides clear elasticity-based 
interpretations and facilitates hypothesis testing, making 
it well suited for identifying average marginal effects and 
policy-relevant relationships. In contrast, the XGBoost 
model achieves substantially higher predictive accuracy 
and captures nonlinear interactions and threshold effects 
that linear models cannot easily detect. This distinction 
mirrors findings in the broader macroeconomic and indus-
trial forecasting literature, where machine learning models 
consistently outperform traditional econometric approaches 
in prediction tasks (Furukawa et al. 2024; Sofianos et al. 
2025). Importantly, the SHAP-based interpretation confirms 
that EC and CWPE are the most influential predictors of 
CWP production, thereby reinforcing the econometric con-
clusions rather than contradicting them. At the same time, 
SHAP results reveal heterogeneity in the influence of GDP 
and firm structure across observations, offering a plausible 
explanation for why average econometric effects may mask 
context-specific dynamics.

Overall, the convergence between econometric infer-
ence and machine learning interpretability strengthens con-
fidence in the study’s findings. Where discrepancies with 
existing research arise, they can largely be explained by 
Europe’s unique socioeconomic and political context, char-
acterized by advanced stages of structural transformation, 
stringent environmental regulation, integrated energy mar-
kets, and strong export orientation. By explicitly comparing 
results across methods and against the relevant literature, 

industries (Lagakos and Shu 2023; Aituar et al. 2025). In this 
sense, the negative GDP coefficient observed in this study 
supports the decoupling hypothesis identified in multiple 
European-focused analyses, where material-intensive pro-
duction stagnates or declines despite continued economic 
growth (Huttmanová et al. 2024; Ziemblinska et al. 2025). 
While some earlier studies report positive GDP–industrial 
output linkages (McCarthy and Lei 2010; Hujala 2011), 
such discrepancies can be attributed to differences in devel-
opment stages, sectoral composition, and policy regimes. 
In Europe, stringent environmental regulation, high labour 
costs, and the strategic shift toward a circular bioeconomy 
appear to weaken the traditional GDP–output nexus for pulp 
production.

Firm structure emerges as a critical determinant of CWP 
output, with the econometric estimates indicating a posi-
tive and significant effect of MOPElow and a negative 
effect of MOPEhigh. This pattern is broadly consistent 
with firm-level and sectoral literature emphasizing the role 
of small and medium-sized enterprises (SMEs) in driving 
adaptability, incremental innovation, and regional embed-
dedness (Sikandar et al. 2024; Albuquerque et al. 2025). 
Studies examining scale effects similarly note that smaller 
firms often outperform large incumbents in environments 
characterized by regulatory complexity and rapidly evolv-
ing market conditions (Liao et al. 2025; Mac Clay et al. 
2025). Conversely, the negative association between large 
firm concentration (MOPEhigh) and output aligns with 
research documenting diminishing returns to scale, coor-
dination inefficiencies, and reduced innovation responsive-
ness in highly concentrated industrial structures (Aghion et 
al. 2024; Fan et al. 2025; Sarin et al. 2025). While some 
studies as Lah and Kotnik (2025) find positive scale effects 
in capital-intensive industries, the divergence observed here 
can be explained by Europe’s institutional context, where 
environmental compliance costs, energy price volatility, and 
labour rigidities disproportionately burden large, central-
ized producers (Kalantzis et al. 2025).

Export orientation, captured by CWPE, exhibits a posi-
tive and statistically robust relationship with CWP produc-
tion, corroborating a substantial body of trade-oriented 
literature. Research on global pulp markets consistently 
emphasizes that access to international demand is a key 
driver of production sustainability, particularly in regions 
facing stagnant or declining domestic consumption (Hay-
afune and Tachibana 2024; Heydenreich 2024). The pres-
ent findings by Allevi et al. (2024) align closely with these 
studies, suggesting that European producers rely on export 
channels to maintain output levels amid structural changes 
in internal markets. Where discrepancies arise in the lit-
erature such as weaker export effects in emerging econo-
mies, they can largely be attributed to differences in trade 
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of the sector underscores the importance of trade logistics, 
market diversification strategies, and continued integration 
into global value chains within the framework of the EU’s 
bioeconomy and decarbonisation agenda.

Despite its contributions, this study is subject to sev-
eral methodological and empirical constraints. The reli-
ance on macro-panel indicators limits the ability to capture 
plant-level technological heterogeneity and organisational 
dynamics, while potential bidirectional interactions between 
industrial activity and energy use cannot be fully ruled out. 
Moreover, the findings reflect the institutional and policy 
environment of Europe and should be interpreted cau-
tiously when extrapolated to emerging or resource-abundant 
economies.

Future research could therefore extend the present 
framework by incorporating firm- or plant-level micro-
data to explore productivity mechanisms in greater depth, 
by employing causal identification strategies to address 
endogeneity more explicitly, and by conducting compara-
tive analyses across world regions to determine whether 
the observed decoupling, energy dependence, and export-
orientation patterns represent Europe-specific behaviour or 
a broader global industrial transition.
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the analysis provides a nuanced and context-aware under-
standing of the drivers of chemical wood pulp production 
in Europe.

Conclusion and policy implications

This study examined the macroeconomic, structural, and 
trade-related determinants of chemical wood pulp (CWP) 
production across eleven European economies between 
2009 and 2023 by integrating econometric panel estima-
tion with machine learning–based predictive modelling. 
The joint analysis of GDP, electricity consumption, export 
intensity, and enterprise-scale heterogeneity provides a 
comprehensive and contextually grounded understanding of 
the production dynamics of the European pulp sector.

The econometric results show that electricity consump-
tion and export orientation exert persistently positive and 
statistically significant effects on CWP output, confirm-
ing the structurally energy-intensive and trade-dependent 
nature of the industry. The decomposition of firm structure 
into MOPElow and MOPEhigh reveals an asymmetric 
scale pattern whereby smaller and more distributed produc-
tion structures contribute positively to output, while highly 
concentrated industrial configurations are associated with 
declining marginal performance. The negative relationship 
observed between GDP and pulp production suggests a 
decoupling process characteristic of mature European econ-
omies, where economic growth increasingly derives from 
service-based and knowledge-intensive sectors rather than 
resource-dependent manufacturing activities.

These findings are reinforced by the machine learning 
analysis. The XGBoost model demonstrates strong predic-
tive accuracy, while SHAP-based interpretation confirms the 
dominant role of energy consumption and export intensity 
and reveals heterogeneous marginal effects of GDP and firm 
structure across countries. The convergence between infer-
ential and predictive evidence strengthens the robustness of 
the empirical results and enhances their policy relevance.

Taken together, the results indicate that the sustainabil-
ity and competitiveness of the European pulp sector are 
closely linked to energy security, export-market integration, 
and the structural configuration of the industrial base. Poli-
cies that stabilise electricity costs, support energy-efficient 
production systems, and mitigate exposure to volatility in 
European energy markets appear essential for maintain-
ing industrial output capacity. Likewise, the evidence sug-
gests that reinforcing the operational resilience of small and 
medium-sized enterprises, rather than promoting excessive 
concentration among large incumbents, may foster produc-
tivity, innovation responsiveness, and regional industrial 
stability. At the same time, the strong export dependence 
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