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Abstract 
Gradient Boost Regression reveals that real GDP is the variable that has the highest feature importance, 
followed by education level, total employment and life expectancy in feature importance ranking. 
Simultaneously, in the context of feature importance, Slovakia and Germany play a special role in predicting 
municipal waste recycling rates due to their contrasting positions. Maintaining negative correlations, these 
two countries account for a significant portion of the first principal component that governs the variation of 
variables including recycling rates. Moreover, the groupings of European countries in the context of PCA 
biplot or feature importance ranking can be compared with those by recycling rates only or by Ward’s 
hierarchical cluster analysis used in other studies. Partial Dependence Plots (PDP) more clarify the 
association of each variable with the recycling rates. Country specific dummy variables enhance model 
performance measured by RMSE or 𝑅2, which can be useful in facilitating integrated and well-coordinated 
policy design, not only at EU level but also at each national level. 
Keywords: Recycling Rates, Gradient Boost Regression, Feature Importance, Partial Dependence Plot, 
European Countries, PCA, Multiple Linear Regression. 

 
Introduction 
Waste Framework Directive (Directive (EU) 2018/851) mandates a 55% recycling rate for municipal waste, 
which is binding for all EU member states and must be achieved by 2025. More ambitious goals are: 
A 60% municipal waste recycling target by 2030 and a 65% municipal waste recycling target by 2035. These 
regulations are part of the EU's broader efforts under the Circular Economy Action Plan aimed at reducing 
the environmental impact of waste and fostering a more circular economy. Benefits of meeting EU recycling 
targets are broad from environmental protection and climate action, resource independence and job 
creation to improved quality of life. Simultaneously, the penalties of not meeting targets range from 
infringement procedures to financial disincentives. 
 
Despite these clear policy directives, substantial recycling performance gap persists among EU member 
states, ranging from 13.3% to 66.7% in 2022, which in turn invokes better understanding for broad socio-
economic conditions enabling efficient recycling system. In this study, economic factors such as real GDP, 
total employment, employment in ICT along with socio-economic factors such as education level and life 
expectancy are integrated as a set of features to broaden the association structures with recycling rates of 
member states while special attention is paid to the role of country wise heterogeneity. 
 
Literature Review 
A literature review of the determining factors for recycling rates in European countries highlights the 
multidimensional influences on recycling outcomes, especially within the context of differing economic, 
institutional, demographic, and policy environments. 
 
Key Economic Determinants 
Economic prosperity, commonly measured as real GDP per capita, consistently emerges as a strong positive 
factor for higher recycling rates [1-3]. Economically wealthy countries tend to have more resources to invest 
in recycling infrastructure and greater public engagement. A strong positive association between GDP per 
capita and recycling performance in the EU is reported, a finding echoed across 25 European countries and 
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across 27 countries from 2000 to 2019 [4-6]. This points to economic wealth as a key factor in recycling and 
circular performance [3]. Private investment in circular economy sectors also promotes recycling 
performance [1]. However, higher incomes might lead to greater waste generation, making the relationship 
complex [1]. 
 
Institutional and Policy Drivers 
Effective environmental taxation, government spending on environmental protection are significant factors 
[1,2]. Environmental taxes and targeted R&D funding can foster innovation and efficiency in recycling 
systems. Several empirical studies have consistently shown that environmental taxation correlates positively 
with recycling outcomes in the EU [3,4]. Based on this evidence, it is highlighted that such taxes not only 
encouraged cleaner production but also supported investments in recycling infrastructure [7].  
 
Moreover, government expenditures can directly fund the development of robust recycling infrastructure, 
including advanced material recovery facilities and efficient collection systems, while also supporting public 
awareness campaigns that foster pro environmental behaviors [8]. Their efficacy is often amplified when 
combined with external incentives, such as monetary rewards or social influence, which are well-established 
predictors of recycling participation [9,10]. However, some research finds that public expenditure does not 
always translate into better recycling, partly due to inefficiencies or time lag before the benefits of R&D are 
realized [1]. 
 
Socio-Demographic and Educational Factors 
Urban population size and population density demonstrate complex associations with recycling rates. High 
urbanization may negatively impact recycling due to structural and logistical pressures in densely populated 
areas [1, 2].  
 
Higher levels of educational attainment in the population correlate positively with recycling activity, 
indicating that more informed citizens are more likely to engage in sustainable behaviors [2,4]. Studies 
indicate that while urbanization and population growth contribute to higher waste generation, effective 
community participation in waste management, including recycling, can mitigate these effects [11].  
 
This perspective is further supported by observations that public participation is critical for the success of 
waste recovery activities, highlighting the dual challenge of motivating participation while sustaining 
involvement [12]. In the European context, population density is revealed to significantly affect municipal 
waste management efficiency, while population growth is reported as a key driver of rising recycling 
volumes in China [13,14]. 
 
Sectoral and Technological Influences 
The sectoral structure of the economy-such as proportion of agriculture, industry, or services also shapes 
recycling outcomes. Increased agricultural intensification is linked to lower recycling rates in some contexts, 
while other studies find positive effects depending on the specific waste stream [2,15]. Also, technological 
capacity and investments in advanced recycling methods are considered pivotal for high recycling rates [16]. 
 
Additional Insights 
Cluster analyses show advanced recycling countries such as Germany, France, Italy, and Spain combine high 
recycling rates with favorable economic and institutional conditions [1]. On the other hand, countries lagging 
often share characteristics such as lower GDP, limited private investment, and weaker institutional 
frameworks [1]. 
 
Therefore, macro-level factors such as economic strength, investment in R&D and environmental sectors, 
educational attainment, and political commitment play crucial roles in recycling performance across 
European countries [3]. The complex interplay of these factors underscores the need for integrative and 
well-coordinated policy design at both national and EU levels.     
 
Data 
Most data sets are from Eurostat (2025). Dependent variable is recycling rate of municipal waste from 2015 
to 2022, where some values of 2023 and 2024 are added by other sources such as European Environment 
Agency (EEA). Figure 1 summarizes dependent variable after classifying the values into three groups (A: 
above 50%, B: 30%~50%, C: below 30%). Approximately half of recycling rates of countries from 2015 to 
2024 belong to Group B.  
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Figure 1. Recycling rate of municipal waste from 2015 to 2024: A: above 50%, B: 30%~50%, C: below 30%.   

 
Summary statistics of features related with recycling rate and thus selected in this study are given in Table 1. 
Except for real GDP per capita, other features are somewhat indirectly associated with the dependent 
variable, some of which might be affected by dependent variable. ICT employment is included as it is 
possible that technological innovation and digitalization can be a driving force in the waste management 
sectors [17]. Tertiary education can be positively correlated with the recycling rate and thus selected as an 
explanatory variable [18]. Citizens of countries with higher life expectancy can be more concerned with 
environmental issues and thus life expectancy is added [19]. Higher recycling rates can reduce domestic net 
greenhouse gas emissions, suggesting the possibility of negative association [20]. Although straightforward 
relation is vague, output of the agricultural industry can indicate economic development level, which in turn 
is closely related with recycling rate of European countries [21]. In 2020, about 1.8 million people were 
employed in municipal waste recycling and related activities [22], suggesting that total employment and 
recycling rate can be positively associated. Nominal labor productivity can be a proxy for economic 
development and technological capacity and thus can be positively associated with the recycling rate [1]. 
Many other features that are already assessed as significant are not included in this study, while the features 
that are vague in their link with recycling rate are intentionally added to broaden the scope of possible 
explanatory variables.   
 

Table 1. Summary statistics of explanatory variables. 

 
 

  
Figure 2. Recycling rate with year. Figure 3. Recycling rate with life expectancy. 
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Line graph of Figure 2 reveals clearly increasing pattern of recycling rate as time passes. The steep growth 
after 2023 might be related with a measurement error because the values in this range is substituted from 
other sources to fill the gap in Eurostat. Figure 3 of line plot shows overall increasing pattern but fluctuation 
is very high.  
 

  
Figure 4. Recycling rate with education level.                   Figure 5. Recycling rate with ICT employment. 

 
Line plot of education levels measured by the population of educational attainment exhibits increasing 
pattern after some threshold of 12000, whereas the pattern is very unpredictable below this level. In Figure 
5, association is more unclear, especially below the threshold level of 1000.    
 

  
Figure 6. Recycling rate with real GDP.     Figure 7. Recycling rate with greenhouse gas 

emission. 
 
Overall upward sloping in Figure 6 and downward sloping in Figure 7 after some threshold levels can be 
observed but the pattern is ambiguous before these turning points.  
 

  
Figure 8. Recycling rate with agriculture output.                     Figure 9. Recycling rate with total employment. 
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Similar characteristics such as high volatility below certain level and slight increase after that level are 
repeated in Figure 8, 9 which can in turn contribute to the formation of country clusters or impair the 
significancy of these variables. In case of nominal labor productivity, the relationship is more complex. 
Within the range of high volatility, tendency is vague. Beyond this volatile region, both increasing tendency 
or decreasing tendency is possible given different starting point.   
 

 
Figure 10. Recycling rate with labor productivity. 

 

 
Figure 11. Correlation heatmap of 10 features. 

 
Correlation heat map without country wise dummy variables in Figure 11 shows that relatively higher 
positive and negative correlation are mingled.  
 

  
Figure 12. Correlation heatmap of 10 features with country wise dummy variables. 
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Similar pattern is repeated in Figure 12 with country wise dummy variables. As is expected, the distribution 
of correlations varies by country.  
 
To more closely look into the interplay, recycling rates are grouped into three categories, integrated in 
segmented bar chart of each variable from Figure 13 to Figure 30.   
  

  
Figure 13. Life expectancy bar chart (i). Figure 14. Life expectancy bar chart (ii). 

 
Figure 14 visualizes that the proportion of higher recycling rates increases as life expectancy rises, as is 
expected since life expectancy is positively associated with economic development level. 
  

  
Figure 15. Year bar chart (i). Figure 16. Year bar chart (ii). 

 
The proportion of low recycling rates decreases while that of high rates increases over time. The frequencies 
of the values of 2023 and 2024 is due to data gap in Eurostat.    
  

  
Figure 17. ICT employment bar chart (i).   Figure 18. ICT employment bar chart (ii). 

 
 



International Journal of Recent Innovations in Academic Research 

 261 

Interestingly, the percent of low recycling rates is almost zero when the number of ICT employment is above 
300 or the population of educational attainment is above 15k according to Figure 18 and 20.  
  

  
Figure 19. Education level bar chart (i).   Figure 20. Education level bar chart (ii). 

  

  
Figure 21. Real GDP bar chart (i).      Figure 22. Real GDP bar chart (ii). 

 
Real GDP is a key variable most widely investigated. Figure 21 and 22 shows that as real GDP per capita 
increases, the portion of high recycling rates increases while that of low rates decreases.  
 

  
Figure 23. Bar chart of greenhouse gas emission 

(i).                           
Figure 24. Bar chart of greenhouse gas emission 

(ii).                            
 
The countries with high recycling rates are placed in the range of greenhouse gas emissions from 4 to 13 
only, while those with low rates are clustered above 30 tones.  
 
As the output of agricultural industry increases above 25k, the countries with high recycling rates almost 
disappear as in Figure 25 and 26. 
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Figure 25. Bar chart of agricultural output (i).                           Figure 26. Bar chart of agricultural output (ii).                            

 

  
Figure 27. Total employment bar chart (i).                           Figure 28. Total employment bar chart (ii).               

 
Likewise, the portion of countries with lower recycling rates becomes almost zero when the total 
employment increases above the threshold level of 10k.   
  

  
Figure 29. Labor productivity bar chart (i).                           Figure 30. Labor productivity bar chart (ii).                            

 
When nominal labor productivity is above 120, the countries with low recycling rates disappear. However, 
positive correlation between recycling rates and labor productivity is unclear because the Group B 
dominates above the value of 170.    
   
First Data Inspection: Multiple Linear Regression Model 
As the first data inspection, multiple linear regression model without country wise dummy variables is 
applied. Since adjusted 𝑹𝟐 is only 0.424, some key variables seem to be missing. The sign life expectancy is 
unexpected, indicating that overall goodness of fit is not satisfactory.  
 
Resulting regression line is given below with the output table and residual plot added in appendix as Table 8, 
9 and Figure 44.   
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Recycling rate = 90.828(25.213)  - 0.814(0.327) *Life_expectancy + 0.043(0.009) *Employment_ICT + 3.436 ∗

10−4
(4.367∗10−5)*RGDP - 0.295(0.129)*Greenhouse_gas_emissions - 1.723 ∗ 10−4

(8.519∗10−5)*Agricuture_output 

– 7.719 ∗ 10−4
(3.741∗10−4)*Employment_total 

 
Country wise dummy variables can help to capture the heterogeneity of countries, enhancing model 
performance measured by adjusted 𝑅2, which is jumped into 0.920 from 0.424, along with the significant 
drop of RMSE from 11.190 to 4.162. More importantly, the set of significant explanatory variables are 
remarkably changed. The resulting regression line with country dummy variables is given as:  
 
Recycling rate =  −1548.809(205.653)   + 0.803(0.102) *Year - 0.002(2.648∗10−4) *Education + 1.100 ∗

10−4
(2.868∗10−5)*RGDP – 0.179(0.019)*Labor_productivity + 14.281(1.726)*Austria + 14.709(1.975)*Belgium -

 24.9092.015 *Bulgaria -  28.869(1.961) *Croatia -  43.041(1.944) *Cyprus + 64.578(9.912) *France - 

9.765(1.901) *Czechia - 29.423(1.973) *Estonia - 9.619(1.565) *Finland +  116.115(13.153) *Germany -

30.551(1.935) *Greece-  15.107(1.919) *Hungary -  32.703(1.874) *Iceland + 70.722(9.225) *Italy -

 23.155(2.004) *Latvia -  10.716(1.901) *Lithuania -  45.111(1.917) *Malta + 19.723(2.525) *Netherland-

 6.244(1.602) *Norway + 25.215(5.593) *Poland -  18.841(1.889) *Portugal -  23.430(2.933) *Roma-

 16.049(1.806)*Slovakia + 41.201(7.376)*Spain 

 
The signs of coefficients of variables such as education and labor productivity are still unpredicted, which 
comes from the gap between groupings of recycling rates as in the segmented bar chart and raw values in 
one route or from possible nonlinearity in the other route. Still possible one more aspect is that there can 
exist time lags in case of the education and nominal labor productivity.  
 
The population size of educational attainment does not directly indicate same year community awareness of 
environmental protections. Moreover, the speculation that nominal labor productivity is related with the 
same year technological capacity for recycling is not substantiated.  
 
In case of nominal labor productivity, this ambiguous relation is already observed in line plot and segmented 
bar chart. Therefore, further investigations are required to more accurately capture the relations.   
 
Second Data Investigation: Factor Analysis 
Below Figure 31 is a biplot from principal component analysis (PCA). The clustering of features such as ICT 
employment, agricultural output, total employment and education is positively correlated with the recycling 
rate, which forms the main part of the first principal component.  
 
Real GDP, labor productivity and life expectancy also have positive correlation with recycling rates, while 
greenhouse gas emissions are almost uncorrelated with recycling rates, all of which make up the second 
principal component.  
 
The relative contributions to the first component by ICT employment, agricultural output, total employment 
and education are high and similar (0.93~0.97), contrasting to the smallest effect of year (0.05~0.1) in terms 
of the overall variation of variables. Recycling rate is linked to both of two components. Real GDP forms the 
main part of the second principal component. Component loadings of these 10 variables are given in Table 2. 
 

Table 2. Component loadings of PCA. 
Variable Principal component 1 Principal component 2 
Year 0.1074149 0.05391665 
Life expectancy 0.36019388 0.70097293 
Employment_ICT 0.97212441 -0.13229856 
Education 0.95603946 -0.23925003 
RGDP 0.15398861 0.93816334 
Greenhouse gas emission -0.10073901 0.46330619 
Agricultural output 0.93850353 -0.17619556 
Employment total 0.96341804 -0.21425861 
Labor productivity 0.18991947 0.88190638 
Recycling rate 0.5011269 0.41019944 
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Figure 31. Recycling rate PCA biplot without country wise dummy variables. 

 

 
Figure 32. Recycling rate PCA biplot with country wise dummy variables. 

 
The relation of variables is almost unchanged when country wise dummy variables are added as in Figure 
32. Interesting observation is that countries are classified into several groups along with 10 features. 
Groupings of European countries based on this PCA analysis is summarized in the following table.  
 
In the context of the variability of 10 features, countries in Group1 are slightly negatively correlated with 
both the countries in Group 2 and Group 3. The relation between Group 2 and Group 3 are rather ambiguous, 
ranging from positive to negative correlations in this context.  
  

Table 3. Groupings of European countries based on clustering on PCA biplot. 
Group 1 Italy, France, Spain, Germany 
Group 2 Poland, Slovenia, Estonia, Czechia, Greece, Malta, Cyprus, Estonia, Portugal, Slovakia, 

Croatia, Lavia, Hungary, Bulgaria, Roma, Luxembourg, Lithuania  
Group 3 Iceland, Norway, Denmark, Ireland, Netherland, Switzerland, Finland, Sweden, Austria 

 
The countries in Group 3 are more positively correlated with greenhouse gas emissions, real GDP, and life 
expectancy, while these countries are almost uncorrelated with recycling rate. Simultaneously, the countries 
in Group 2 are negatively correlated with the features such as greenhouse gas emissions, real GDP, and life 
expectancy.  
 
To compare groupings by PCA and those by 2022 recycling rate values, Table 4 is added.  
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Table 4. Groupings of European countries based on 2022 recycling rates. 
Group 1 (above 50%) Germany, Slovenia, Belgium, Netherland, Switzerland, Austria  
Group 2 (30%~50%) Italy, France, Spain, Poland, Hungary, Luxembourg, Lithuania, Norway, 

Denmark, Ireland, Finland, Sweden  
Group 3 (~30%) Estonia, Czechia, Greece, Malta, Cyprus, Portugal, Slovakia, Croatia, Latvia, 

Bulgaria, Roma, Iceland 
 
Final Data Inspection: Gradient Boost Regression 
Gradient regression usually refers to using the gradient descent algorithm to optimize a regression model, 
often linear regression, by adjusting model parameters step by step to minimize errors between predictors 
and actual data [23]. It works by computing the gradient of a loss function-which quantifies prediction error-
relative to the model’s parameters, then moving these parameters in the direction that reduces error most 
efficiently, like rolling downhill toward the lowest point of a valley [23]. 
 
For linear regression, the loss function commonly used is mean squared error, and the updates to parameter 

values look like: 𝜃𝑛𝑒𝑤 =  𝜃𝑜𝑙𝑑 −  𝜂
𝜕

𝜕𝜃
𝐿𝑜𝑠𝑠 where 𝜃 is the parameter 𝜂 is the learning rate, and the partial 

derivative is the gradient [13-23].  Gradient descent avoids heavy matrix operations and scales better with 
high-dimensional data, making it computationally efficient and feasible for big data scenarios [23]. Gradient 
descent bypasses matrix inversion issues since it updates parameters incrementally without needing matrix 
inversion. However, interpretability is limited in gradient descent.     
 
To assess gradient boost regression performance, several measures are calculated:  
 

RMSE = √
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖̂)2𝑛

𝑖=1  

 

𝑅2= 1 - 
∑ (𝑦𝑖−𝑦𝑖̂)2𝑛

𝑖=1

∑ (𝑦𝑖−𝑦̅)2𝑛
𝑖=1

 

 

MAE score = 
1

𝑛
∑ |𝑦𝑖 − 𝑦𝑖̂|

𝑛
𝑖=1   

 
When the measures in Table 5 and Table 6 are compared, noticeable gains of model performance are 
identified, especially in 𝑅2 improvement from 0.87 to 0.99, which is also demonstrated in two gradient boost 
regression lines of Figure 33 and 34, where magnitudes of residuals are remarkably reduced when dummy 
variables are added.      
 

Table 5. Gradient boost regression outcome without country wise dummy variables. 

 
 

Table 6. Gradient boost regression outcome with country wise dummy variables. 
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Figure 33. Plot of gradient regression with country 

wise dummy variables. 
Figure 34. Plot of gradient regression without 

country wise dummy variables. 
 

Feature importance indicates how valuable each feature is in constructing the boosted decision trees that 
comprise the model. Feature importance is calculated by summing the amount of loss reduction attributed to 
splits using a given feature [13-23]:  
 

𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒𝑗 = ∑ ∑ 𝐼(𝑣𝑚,𝑘  = 𝑗  ) × ∆𝐿𝑚,𝑘
𝑇𝑚
𝑘=1

𝑀
𝑚=1 (𝑠𝑚,𝑘)  

 
Where, 
 
M = The total number of trees 
𝑇𝑚 = The number of internal nodes in trees m  
I (∙) = Indicator function which is 1 if the node k in tree m splits on feature j, and 0 otherwise. 
𝑣𝑚,𝑘 = Feature used for the split at node k in tree m  
∆𝐿𝑚,𝑘 = Reduction in the loss function such as mean squared error achieved by the split 𝑠𝑚,𝑘 

 
With these procedures, feature importance is calculated, where features with higher importance scores have 
more impact on predictions.  
 

Table 7. Feature importance of gradient boost regression. 
Feature name  Feature 

importance 
Feature 

importance 
ranking 

Feature 
name 

Feature 
importance 

Feature 
importance 

ranking 
RGDP 0.3932 1 Poland 0.0009 21 
Education 0.1492 2 Greece 0.0006 22 
Employment total  0.1192 3 Ireland 0.0005 23 
Slovakia 0.0672 4 Croatia 0.0004 24 
Germany 0.0460 5 Denmark 0.0004 25 
Life expectancy 0.0361 6 Cyprus 0.0001 26 
Portugal 0.0294 7 Hungary 0.0001 27 
Greenhouse gas emissions 0.0238 8 Bulgaria 0.0000 28 
France 0.0231 9 Czechia 0.0000 29 
Latvia 0.0227 10 Slovenia 0.0000 30 
Employment ICT 0.0213 11 Netherland 0.0000 31 
Year 0.0202 12 Austria 0.0000 32 
Roma 0.0126 13 Finland 0.0000 33 
Agriculture output 0.0080 14 Malta 0.0000 34 
Labor productivity 0.0075 15 Switzerland 0.0000 35 
Italia 0.0060 16 Belgium 0.0000 36 
Spain 0.0043 17 Estonia 0.0000 37 
Labor productivity 0.0043 18 Iceland 0.0000 38 
Lithuania 0.0020 19 Norway 0.0000 39 
Luxembourg 0.0009 20  
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Among the 9 variables, real GDP has the highest feature importance, followed by education, total 
employment, life expectancy, greenhouse gas emissions and so on. Interesting observation is that Slovakia 
and Germany play a special role in predicting municipal waste recycling rates in European countries. These 
two countries with the negatively correlated dummy variables are placed in the counterpart in terms of the 
first principal component in PCA biplot, thereby governing the important variations of all variables, playing a 
special role in predicting municipal waste recycling rates. Germany represents a leading group with high 
recycling rates, while Slovakia exhibits rapid recent improvement and effective policy shifts in enhancing the 
rates.  
 
For further interpretation, partial dependence plot (PDP) is applied [13-23]. PDP is defined as: 
 

𝑓𝑆̂(𝑥𝑆) = 𝐸𝑋𝐶
[𝑓(𝑥𝑆 , 𝑋𝐶)] = ∫ 𝑓(𝑥𝑆 , 𝑋𝐶  )𝑑𝑃(𝑋𝐶)  

 
Where, 
 
𝑥𝑆 = Variable to be plotted as PDP to capture its effect on dependent variable 
𝑋𝐶  = Variables to be held fixed except for 𝑥𝑆 after learning is completed 
 
By integrating out and thus marginalizing 𝑋𝐶 , we can derive the effect of set S on the dependent variable. 
With these procedures, PDP of features are derived as in Figure 32 to Figure 40. Most of variables reveal 
complex non-linearity in the interplay with dependent variable. Among these, real GDP demonstrates three 
regions where rapid growth, slight increase, almost constant after a threshold point of around 33000. That 
is, at a low level of real GDP, the rise of real GDP moves together with the steep increase, followed by slight 
increase of recycling rates; however, the marginal effect of increase in real GDP is almost constant after some 
level. In case of education level, both increasing and decreasing portions coexist, while for the case of 
nominal labor productivity, most domains are comprised of decreasing or constant portions. 
 

  
Figure 35. PDP of year.                            Figure 36. PDP of life expectancy. 

  

     
Figure 37. PDP of ICT employment.             Figure 38. PDP of education level. 
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Figure 39. PDP of real GDP.                   Figure 40. PDP of greenhouse gas emission. 

 

  
Figure 41. PDP of agriculture output.          Figure 42. PDP of year employment total. 

 

 
Figure 43. PDP of labor productivity. 

 
Conclusion  
From feature importance ranking and partial dependence plots obtained from gradient boost regression, 
two observations are noticeable. Firstly, real GDP, education level, total employment, life expectancy are key 
features in explaining and predicting municipal waste recycling rates. Secondly, Slovakia and Germany play a 
special role because Germany has a leading position among the group of countries with high recycling rates, 
while Slovakia demonstrates rapid recent improvement and policy shift in enhancing recycling rates.  
 
Careful attention is paid to the improvement induced by dummy variables in terms of measurement scores 
or dispersions of residual plots. Although a sticking point related with the unexpected signs of coefficients of 
variables, education level and nominal labor productivity, is mitigated by the feature importance and partial 
dependence plots, evidence based further clarification is remained.   
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Appendix 
 

Table 8. Output table of multiple linear regression without country wise dummy variables (i). 

 
 

Table 9. Output table of multiple linear regression without country wise dummy variables (ii). 
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Figure 44. Residual plot of MLR without dummies. 

 
Table 10. Output table of multiple linear regression with country wise dummy variables (i). 

 
 

Table 11. Output table of multiple linear regression with country wise dummy variables (ii). 
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Figure 45. Residual plot of MLR with dummies. 
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