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Appendix

Appendix A - Additions to the regression analysis

1 Introduction

This appendix has a threefold aim. Firstly it gives an overview of more detailed statistical methods applied
in regression analysis. Secondly it applies these methods to the results obtained in chapter 4. And thirdly, it
performs a renewed more detailed analysis on the data of chapter 4.

Regression analysis is used in several scientific fields as a statistical tool to estimate and analyze the
relation between a dependent variable and a number of independent, explanatory variables. Thus,
regression analysis can for instance be used to describe the demand for electricity, metals or other
commodities as a function of socio-economic variables such as GDP, population, price and further specific
variables for any of these commodities (Liu et al. 1991; Labson and Crompton, 1993; Burney, 1995;
Roberts, 1996; Moore et al. 1996; Ranjan and Jain, 1999; Guzman, et al. 2004; Mohamed and Bodger,
2005).

Regression analysis is used in this thesis for the analysis of the relative importance of different explanatory
variables on the shape of the inflow of different metals; and subsequently on the stock-in-use over time.
Regression analysis identifies the variables that are significant and contribute most to the dependent
variable. It further examines the effect of separate significant variables, and also their combined effect. The
fitting algorithm that determines the regression model parameters uses the ordinary least square (OLS)
criterion (Gijbels and Rousson, 2001). The optimal regression model, the adequacy of the model and the
significance of the variables are traditionally described in the following statistical parameters: the
coefficient of determination (Rz), the adjusted coefficient of determination (Rzadj), and the t- and F-
statistics.

Although these statistical terms are normally used in the application of the regression model and in the
determination of the significance of their individual variables, there are other statistical tests, which can be
used to further examine the adequacy of the outcome of the regression analysis. This particularly pertains to
the optimal number of explanatory variables, the degree of autocorrelation of the residues, the degree of
multicollinearity and the assumption of homoscedasticity, that is, that the residuals do have a constant
variance across observations. Below, these additional tests will be applied to the results of chapter 4.

In addition a new test round will be performed, using an adapted set of explanatory variables. The model
presented in chapter 4 analyses the relation between the inflow of Cathode Ray Tubes (CRTs) into the
stock-in-use as dependent variable and a number of socio-economic variables as explanatory variables. The
socio-economic variables used are Gross Domestic Product (GDP), population size and time. These
variables had been chosen on the basis of the above mentioned traditional statistical parameters: the
coefficient of determination (Rz), the adjusted coefficient of determination (Rzadj), and the t- and F-
statistics.

Although in the analysis of Chapter 4, GDP and population size appeared to be the most influential
variables and although this is also found in studies on other commodities (Liu et al. 1991 and Mohamed
and Bodger, 2005), the inclusion of these variables in one model is questionable due to the high probability
of multicollinearity between these two variables. This is the case because GDP is determined by the
product of population size and welfare per capita. Therefore below a new analysis will be performed using
population size and GDP per capita as explanatory variables.

In section 2 of this appendix a description will be given of the general aim and structure of regression
analysis. In section 3 an overview will be given of the possibilities for more in depth testing the adequacy
of the results of regression analysis. In section 4 these methods are applied to the results of chapter 4. In
section 5, a renewed analysis will be performed, using other sets of explanatory variables. And in section 6
conclusions are drawn.
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2 General aim and structure of regression analysis
2.1 Introduction

Regression analysis examines the strength of a relation between a dependent variable and a number of
independent variables, also called explanatory variables. The mathematical model of the relation between
the dependent variable and the explanatory variables is known as the regression model. The regression
model contains one or more unknown parameters that are estimated using the given data on the explanatory
variables. Eq. 1 describes the linear regression model that is used in the analysis:

Y(t)=ﬂ0+2?:lﬁixi(l)+€(t) ey

where Y(7) is the inflow of product into the product stock at time t, n is the number of explanatory variables,
Xi(t) is the explanatory variables at time t, f3; is the regression model parameter and &) is the residuals of
the regression model.

The fitting algorithm that determines the regression model parameters (’s) in Eq. (1) uses the ordinary
least square (OLS) criterion (Gijbels and Rousson, 2001). OLS is a mathematical optimization technique
that attempts to find the best function that minimizes the sum of the squares of the residuals.

2.2 The coefficient of determination (R?)

The coefficient of determination R” is a non-dimensional measure of how well a regression model describes
a set of data. R? is a measure of how much of the variance in the dependent variable is explained by the
explanatory variables in the regression model. Large values of R? indicate better agreement between the
model and the data. Eq. 2 gives the coefficient of determination (R?):

SS
R2 — reg _ 1— SSrex (2)
SS SS

tot tot

where SS,, is the regression sum of squares, SS is the total sum of squares and SS. is the residuals sum
of squares.

R’ does not restrict the number of explanatory variables. Adding another explanatory variable (thus
removing a degree of freedom) will always lead to an increase in the regression sum of squares (SS,,) (also
called explained sum of squares) and a decrease in the residuals sum of squares (SS;), consequently an
increase in R?. Therefore R by itself is not a good indication for the most optimal regression model.

This problem can be solved by replacing the coefficient of determination (R?) by the adjusted coefficient of
determination (Rzadj).

2.3 The adjusted coefficient of determination (Rzadj)

The adjusted coefficient of determination (Rzadj) also describes the total explained variance by the
explanatory variables but it penalizes adding too many additional variables (Glanz and Slinker, 1990).
Therefore Rzadj is used to find the optimal regression. Eq. 3 gives the adjusted coefficient of determination
(R*adj):

SS,%
Rzr:l_MSm- - (n—k-1) 3)
“ M S tot SS tot
(n—1)

where MS, is the residuals mean squares, MS,, is the total mean squares and k is the number of
explanatory variables in the regression equation.
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If another explanatory variable will be added, the number of explanatory variables (k) will increase and the
residuals sum of squares (SS,) will decrease. For R2adj to increase, the decrease in SS,. must be more than
the decrease of (n-k-1). The preferred model is the one with the highest Rzadj.

24 t-statistics and F-statistics

The t-statistics indicates whether or not each regression parameters is significantly different from zero. The
F-statistics indicates whether all explanatory variables taken together do significantly explain the dependent
variable. Eq. 4 and Eq. 5 give the t-statistics and F-statistics. The critical values for t-statistics and F-
statistics at different probability levels can be found in statistical books.

. ;Ti @)
MS
el )

where Sb; is the standard error of b; and MS,, is the regression mean square
3 Possibilities for further analysis

3.1 Introduction

In addition to the above-mentioned statistical measures, there are other statistical tests that can be used for
further examination of the adequacy of the regression model.

The first option for further improvement concerns the determination of the optimal regression model that is
the optimal number of explanatory variables. For this reason Akaikes Information Criterion (AIC) and
Schwartz Criterion (SIC) can be used. AIC is developed by Hirotsugu Akaike in 1971. SIC, also called
Bayesian information criterion (BIC) is developed by Schwartz in 1978. These two statistics have the same
function as Rzadj (Egelioglu et al. 2001 and Todeschini et al., 2004), but the SIC penalizes stronger for
adding additional explanatory variables.

The second option concerns the determination of autocorrelation of the residuals from regression analysis.
Autocorrelation of the residuals means that the model still can be improved and it leads to bias in the
estimates of statistical significance of the parameters estimates. For this aim the Durbin — Watson Statistics,
has been developed. Durbin — Watson Statistics is named after James Durbin and Geoffrey Watson.

Further points for improvement of regression analysis deal with the problem of multicollinearity and the
problem of heteroscedasticity.

Multicollinearity refers to a high linear relationship between the explanatory variables used in the
regression model. The best regression model is the model in which each of its explanatory variables
correlates highly with the dependent variable but minimally with the other explanatory variables.
Multicollinearity refers to a correlation between explanatory variables (R?) above 0.80. The problem
associated with multicollinearity is the resulting overfitting in the regression analysis model.
Multicollinearity however, does not affect the usefulness of a regression equation for purely empirical
description of data or prediction of new observations if no interpretation is made based on the individual
coefficient because multicollinearity problem does not result in biased coefficient estimates (Glanz and
Slinker, 1990) but it increases the standard error of the estimates. Multicollinearity is a computational
problem, that is, with existing perfect multicollinearity, the least square method can not be carried out
(Makridakis et al., 1998). Therefore, most computer statistical software programs warn against serious
multicollinearity (Glanz and Slinker, 1990).
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Heteroscedasticity is a violation of the assumption that the residuals of the regression has a constant
variance a cross observations (homoscedasticity). Also the violation of the assumption of homoscedasticity
does not invalidate the regression model because the estimators remain unbiased and strongly consistent,
but heteroscedasticity leads to an underestimation of the standard error thus deriving too narrow confidence
intervals or small P-value (White, 1980 and Long and Ervin, 2000).

There are several methods that can be used to reduce the effect of heteroscedasticity (Long and Ervin, 2000
and Mackinnon and White, 1985) and with the advent of robust standard errors, testing conditional
homoscedasticity is not as important as it used to be.

3.2 The optimal regression model

Akaikes Information Criterion (AIC)

Akaikes Information Criterion (AIC) as given by Eq. 6, can be used to find the optimal regression model.
AIC =2k —21In(L) (6)

where k is the number of explanatory variables in the regression equation and L is the likelihood function.

Assuming that the model errors are normally distributed, Eq. 6 can be written as given by Eq. 7:

AIC =2k — ZIn(SS 4 ) 7

In the present equation the regression model will only be improved as long as AIC is decreasing. Therefore,
the preferred model is the one with the lowest AIC value.

where n is the number of observations.

Schwartz Criterion (SIC)
Schwartz Criterion (SIC) as given by Eq. 8, can also be used to find the optimal regression model.
SIC = —21In(L)+ kIn(n) (8)

Assuming that the model errors are normally distributed, Eq. 8 can be written as given by Eq. 9:

SIC = —21n(SS 4 j +kIn(n) ©)

Comparable to above, SIC is decreasing as long as the regression model is improving by adding additional
explanatory variables. The preferred model is the one with the lowest value of SIC.

3.3 Autocorrelation of the residuals

Durbin — Watson Statistics

Eq. 10 gives the Durbin — Watson Statistics. The value of Durbin-Watson statistics always lies between 0
and 4. Ideally, when there is no autocorrelation, the value of Durbin-Watson statistics should be close to 2.

The critical values of Durbin — Watson Statistics, which are determined by the number of explanatory
variables and the number of observations, can be found in statistical books.
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ZT: (e, —€ )2

d==_ (10)

> (e, )’

t

where ¢, is the residuals associated with the observations at time t.
34 Multicollinearity

To test for multicollinearity, the correlation between the explanatory variables has to be checked. If the
correlation between two explanatory variables is high, that is R® higher than 0.80, the analysis is
confounded by multicollinearity (Glanz and Slinker, 1990). This can be solved by a more careful selection
or by redefinition of the explanatory variables, thus avoiding this problem.

3.5 Heteroscedasticity

Several tests can be used to examine heteroscedasticity such as Eyeball test, Breusch-Pagan test and others.
The Eyeball test is a graphic test used to test for heteroscedasticity by plotting the residuals of a regression
model against one or more of the explanatory variables X’s or the predicted dependent variable Y. The
assumption of homoscedasticity is not rejected if the dispersion of the residuals appears to be the same
across all value of X or Y.

The Breusch-Pagan test is used to test for heteroscedasticity by teststing whether the estimated residuals
from a regression analysis is dependent on the values of the explanatory variables. The squared residuals is

related to the explanatory variables. If the F-test confirms that the explanatory variables are jointly
significant then the assumption of no heteroscedasticity is rejected.

4 Results of further elaboration of regression analysis of chapter 4

In this section, the results of the further analysis, using the above tests, of the CRT’s inflow into
the stock-in-use will be presented.

4.1 The optimal regression model
The explanatory variables used in the analysis are Gross Domestic Product (GDP), Population (Pop), and a
Time variable (T). The time variable is used as a proxy for the combined influence of other variables on the

inflow trend. The fitting algorithm that determines the regression model parameters (o, B, B2, B3) in Eq.
(11) uses the ordinary least square (OLS) criterion (Gijbels and Rousson, 2001).

Y(t)= B, + B, - GDP(t)+ B, - Pop(t)+ B, -T(t)+ &lt) (11)

where Y(1) is the inflow of goods at time t, 3, is the overall mean response or regression intercept, 5;, [, [;
are the regression model parameters, GDP, Pop, and T are the explanatory variables and &7) is the residuals
of the regression model.

Table 1 shows the result of the regression analysis, together with the results of the AIC and SIC statistics.
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Table 1: Statistical analysis related to the regression analysis, using GDP, population and T as explanatory

variables

Estim Socio-economic R? Rzadj AIC SIC D/W t- t- t- F-

-ation  variables value value value value
1 GDP 0.48 043 91.05 9162 0.74 3.18 10.15
2 POP 0.68 0.65 84.70 85.26 1.06 4.84 23.49
3 Time 0.77 0.75 80.61 81.17 1.35 997  36.23
4 GDP, POP 0.70 0.64 86.02 87.15 1.24 -0.73 2.67 11.51
5 POP, Time 0.82 0.79 78.94 80.07 1.71 -1.80 2.85 2346
6 GDP, Time 0.78 0.73 82.13 83.26 1.48 -0.61 3.63 17.27
7 GDP, POP, Time  0.85 0.80 78.64 8034 2.07 1.32 -2.17 3.08 17.38

R? is used in the analysis as indication of the model that gives maximum explained variance by the
explanatory variables independent of the number of these variables. It is clear from Table 1 that the
maximum R? (R* = 0.85) was obtained when the three explanatory variables are included in the regression
model (estimation 7). Rzadj is similar to R? but it reaches the maximum with the optimal number of
explanatory variable. The maximum Rzadj (Rzadj = 0.80) was also obtained when the three variables are
included in the regression model. The t-statistics for the individual coefficients shows that in this model the
GDP and population are not significant. However, the F-statistics indicates that all the three explanatory
variables taken together are significant and contribute to the inflow. Therefore the optimal model is the
model that includes the three explanatory variables GDP, population and time.

4.2 Further tests for the optimal regression model

The optimal model in chapter 4 is determined using Rzadj. Other tests comparable to Rzadj can also be used
to find the optimal model such as the AIC and SIC tests. The SIC test however, penalizes adding additional
variable more than the AIC test. It is clear from estimation 7, when the three variables are included in the
regression model, that the AIC has the lowest value. With respect to the SIC test, the results show that SIC
has the lowest value when two variables are included in the model (estimation 5), however it is only
slightly lower than the one associated with estimation 7. Therefore, with the given set of explanatory
variables, the best model is the one that includes GDP, population and time as explanatory variables.

4.3 Autocorrelation of the residuals

The Durbin — Watson Statistics, also presented in table 1, shows no autocorrelation of the residuals from
regression analysis. So the estimates of statistical significance of the parameters are not biased.

44 Multicollinearity

The explanatory variables in the chosen model are tested for multicollinearity. The correlation between the
GDP and time is 0.69, and the correlation between the POP and GDP is 0.80. Both values are not above the
limit value set for multicollinearity. Therefore, the multicollinearity problem does not exist in the model
when GDP, population and time are used.

4.5 Heteroscedasticity

The chosen model is tested for heteroscedasticity using the Eyeball test and Breusch-Pagan test. The
Eyeball test is used to examine the regression model, including the GDP, population and time, for
heteroscedasticity. The residuals of the regression model are plotted against the explanatory variables and
the predicted value of the inflow. The results are shown in figure 1.

The variability of the residuals appears to be the same across all values of the explanatory variables and of
the predicted inflow. It is known that the dispersion of the residuals is increasing if the values of the
explanatory variables and of the predicted dependent variable Y are increasing when heteroscedasticity
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does exist; in the present model this is not the case. Therefore the assumption of homoscedasticity is not
rejected.

The regression model is also tested for heteroscedasticity using the Breusch-Pagan test. The squared
residuals are related to the explanatory variables (GDP, population and time). The F-test with a value of
0.26 indicates that all the explanatory variables taken together are not significant. The F-test confirms that
the explanatory variables together is not significant, therefore the assumption of no heteroscedasticity is not
rejected.
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Fig. 1: Plot of the residuals of the regression model against the explanatory variables using the Eeyball test
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5 Results when using per capita GDP (GDP/C) as explanatory variable

5.1 The optimal regression model

In this section a new analysis will be performed, based on a more strict preselection of explanatory
variables aiming at avoidance of correlation between explanatory variables. More specifically, GDP is
replaced by GDP per capita (GDP/C), thus avoiding overlap with POP. The results of the statistical tests

when GDP/C is used in the analysis are presented in table 2.

Table 2: Statistical analysis using GDP/C, population and T as explanatory variables

Estim  Socio-economic R’ R’ AIC SIC D/W t t- t- F-

-ation  variables value value value value
1 GDP/C 046 041 9154 92111 0.71 3.06 09.37
2 POP 068 0.65 8470 8526 1.06 4.85 23.49
3 Time 077 0.75 80.61 81.17 1.35 6.02 36.24
4 GDP/C, POP 070 0.64 86.01 87.14 1.24 -0.74  2.80 11.53
5 POP, Time 082 0.79 7894 80.07 1.71 -1.80 2.86 23.47
6 GDP/C, Time 078 0.73 82.17 8330 1.47 -0.59 374 1721
7 GDP/C,POP, Time 0.85 0.81 7853 80.22 2.09 1.36 2.21 3.11 17.56

It is clear from the estimation 7 in Table 2 that when all the three variables are included in the regression
model, not only R? but also Rzadj has the highest value (R2 = 0.85 and Rzad_i = 0.81). Comparably, AIC has
the lowest value in estimation 7. SIC still has its lowest value in estimation 5 with two explanatory
variables. The t-statistics for the individual coefficients shows that in this model the GDP/C and population
are not significant. However, the F-statistics indicates that all the three explanatory variables taken together
are significant and contribute to the inflow. Therefore the model with three explanatory variables is still the
optimal model.

If the results of the model that includes GDP/C are compared with the results of the model, which includes
GDP as explanatory variable, we can observe that the use of GDP/C gives slightly better results. However
there is no big difference between the two models.

5.2 Autocorrelation of the residuals

The Durbin — Watson Statistics in table 2 shows that there is no autocorrelation in the residuals of
regression analysis. So the estimates of statistical significance of the parameters are not biased.

53 Multicollinearity

The explanatory variables in the chosen model are tested for multicollinearity. The correlation between the
GDP/C and time is 0.66, and the correlation between the POP and GDP/C is 0.77, therefore, the
multicollinearity problem does not exist in the model.

54 Heteroscedasticity

The chosen model is tested for heteroscedasticity using the Eyeball test and Breusch-Pagan test.

The results of the Eyeball test are shown in figure 2. The variability of the residuals appears to be the same

across all values of the explanatory variables (GDP/C, population and time) and the predicted dependent
variable (inflow of CRTs). So also here the assumption of homoscedasticity is not rejected.
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When using the Breusch-Pagan test, the F-statistics shows a value of 0.26, which indicates that all the
explanatory variables taken together are not significant. The F-statistics confirms that the explanatory
variables are jointly not significant, therefore the assumption of no heteroscedasticity is not rejected.
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Fig. 2: Plot of the residuals of the regression model against the explanatory variables, when using GDP/C
instead of GDP in the regression model

6 Conclusions

The statistical methods presented in this appendix are more elaborate than those used in chapter 4.
However, there appears to be no change in the general conclusions drawn from the regression analysis. The
best model is the one that includes GDP (or GDP/C), population and time as explanatory variables.

The results of the additional statistical tests in this appendix did validate the results of this model. The
multicollinearity problem does not exist in the model. There appears to be no autocorrelation of the
residuals from the regression analysis. And the assumption of homoscedasticity is not rejected. Thus the
model including the three explanatory variables can be used.

Although the results obtained when GDP/C is used in combination with other explanatory variables in the

regression model appeared to be slightly better than those when GDP is used, there is no big difference
between the outcomes of the two models. Therefore the results of chapter 4 still hold.
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Appendix B - List of symbols in the thesis
Appendix B 1 - List of symbols in chapter 3

Finl)c’i is the inflow of a product into the ith product stock.
F"¢; is the inflow of the substance into the ith product stock.
SC is the substance content.
F™cis the total inflow of the substance into the consumption phase.
F°“'C,E,i is the outflow of the substance in the ith product due to emissions.
F*¢p.; is the outflow of the substance in the ith product due to the delay mechanism.
S¢; is the stock-in-use of the substance in the ith product.
in . is the inflow of the substance into the hibernating stock.
F*"y is the outflow of the substance from the hibernating stock.
F™p is the input of the substance into primary production processes (the extracted flow).
Ff’“‘p is the outflow of the substance from primary production processes (refined primary substances).
F", is the inflow of the co-produced substances into the economy.
F"ppis the total inflow of the substance into the production processes of all applications.
Finpp’i is the inflow of the substance into the production process of the ith product.
F"“'pp,i,p is the outflow of the substance in the produced ith product.
FOUtPP,i’A is the outflow of the substance to the air during the production process of the ith product.
F*"'pp,.w is the outflow of the substance to the water during the production process of the ith product.
F°“tpp,i,L is the outflow of the substance to landfill sites from the production process of the ith product.
Fi"sc,i is the amount of waste collected for recycling purposes.
Fi"inc,land,i is the inflow of the substance into incineration plants and landfill sites from the discarded ith
product.
Fi“i,,c,Dc,i is the inflow of the substance into incineration plants from the discarded ith product.
Fin]and’DC’i is the inflow of the substance into landfill sites from the discarded ith product.
F°‘"Sc’i is the outflow of the substance from the collection phase.
F°“'Sc,i,E is the emitted outflow from the collection phase.
F*"s¢,ir is the outflow which goes to the recycling processes.
S, is the stock of the substance in the collection phase.
F™g is the inflow of the substance into recycling processes
F*"yis the total outflow of the substance from recycling processes.
F°“'R,E is the emitted outflow of the substance.
F*"'g.w is the landfilled outflow of the substance.
F°“tR,CNI is the waste outflow used in other applications (non-intentional applications).
F°“'R,R is the outflow of the refined substance from recycling processes.
Fi"i,,c,t is the total inflow of the substance into incineration plants
Fi"inc,ome,s is the inflow of the substance into incineration plants from sources other than the discarded
products.
F°“'im”t is the total outflow of the substance from incineration plants.
F°“tinc”3 is the outflow of the substance from incineration plants in bottom ash.
F‘““im”F is the outflow of the substance from incineration plants in fly ash.
F*",c. is the emissions of the substance from incineration plants.
Fi"land,t is the total inflow of the substance into landfill sites from all sources.
Finla,,d,others is the inflow of the substance into landfill sites from sources other than the discarded products.
F*",na is the total outflow from landfill sites.
F™gr is the inflow of the substance into sewage treatment plants.
F°“'C,E,ST is the flow of the substance originating from the emissions during the use phase.
F°“tpp,E is the flow of the substance originating from the production processes.
F*"¢pasr is the flow of the substance originating from the consumption of food and animal products.
F*"s1ss is the outflow of the substance from sewage treatment processes in sewage sludge.
F"“'ST,W is the outflow of the substance from sewage treatment processes in water.
F*"'ss5 is the flow of the substance with sewage sludge applied to soil.
F‘““ss,mc is the flow of the substance with incinerated sewage sludge.
F"“'SS,L is the flow of the substance with landfilled sewage sludge.
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Fi"s,Y is the inflow of the substance through mixed primary resources.

F"“'S,x is the outflow of the substance to a specific destination.

F™; is the inflow of the substance into agricultural soil.

F°“'AD,S is the deposited flow from air into agricultural soil.

Fi“F,S is the flow of the substance through fertilizers into agricultural soil.

Fi“M,S is flow of the substance through manure into agricultural soil.

F°“'S,F00D is the uptake outflow of the substance from agricultural soil to food
F°“ts,FODDER is the uptake outflow of the substance from agricultural soil to fodder
F*s . is the leaching outflow of the substance from agricultural soil to water.
Fi"An is the inflow of the substance into animal production.

F°", . is the outflow of the substance from animal production.

Fi"CFA,An is the inflow of the substance into the consumption of food and animal products from animal
production.

Fi"CFA is the total inflow of the substance into the consumption of food and animal products.
F*cra is the total outflow of the substance from the consumption of food and animal products.
F°"'CFA,ST is the outflow of the substance from the consumption of food and animal products to sewage
treatment.

F"“‘pp,I,A is emissions from the production of different applications.

F"“‘im,A is emissions from the incineration process.

F°"'g 4 is emissions from the recycling processes.

F*"¢x is emissions from the use of different applications.

F*"'\1u.4 is emissions from non-intentional use.

F°", is the total outflow of the substance from air.

F°“'A,Ds is the deposited flow of the substance in soil.

F*"s pw is the deposited flow of the substance in water.

F°“tA,TF is the deposited flow of the substance outside the modelled system.
Foutpp’i’w is emissions from the production of different applications.

F™& w is emissions from the recycling processes to water.

F*"'\qu,w is emissions from non-intentional use to water.

F*", pw is the deposition from air to water.

F*"na.w is the leaching from landfill sites to water.

F*"s1.w is the effluent from sewage to water.

F™is the inflow into the stock in non-agricultural soil.

F*" is the outflow from the stock in non-agricultural soil.

F*"¢ g is emissions from the use of different applications to non-agricultural soil.
F"“‘NIU,A is emissions from non-intentional use to non-agricultural soil.

F*", ps is the deposition from air to non-agricultural soil.

F"“'land,s is the leaching from landfill sites to non-agricultural soil.

Fi"Res is the addition to the stock of resources.

F°"R. is the outflow of the substance from the stock of resources.

F™p is the inflow of the substance to its primary production processes.
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Appendix B 2 — List of symbols in chapter 6

AEEPC is air emissions from electricity production from coal
AEEPO is air emissions from electricity production from oil
AEIN is air missions from incineration plants

AEOHM is air emissions from other heavy metals production
AEQP is air emissions from oil production

BAC is bottom ash from coal fired power plants

BAIN is bottom ash from incineration

FAC is fly ash from coal fired power plants

FAIN is fly ash from incineration

LOHM is the landfilled stream from the production of other heavy metals
LSM is the landfilled stream of secondary materials (fly ash and bottom ash)
LSS is the landfilled stream of sewage sludge

MPR is mixed primary resources

RZP is refined zinc production

SEOP is soil emissions from oil production

SPIS is iron and steel slag

SS is sewage sludge

WEOHM is water emissions from other heavy metals production
WEOP is water emissions from oil production

WEST is water emissions from sewage treatment plants

WSIA is waste stream from intentional applications

WWOHM is waste water from other heavy metals production

Appendix B 3 — List of symbols in chapter 7

BAC is coal fired power plants bottom ash

BAIN is incineration bottom ash

FAC is coal fired power plants fly ash

FACAG is coal fired power plants fly ash applied in aggregates
FACAS is coal fired power plants fly ash applied in asphalt
FACB is coal fired power plants fly ash applied in building materials
FAIN:is incineration fly ash

LFAIN:is landfilled fly ash from the incineration plants

OHM is other heavy metals

SPIS is iron and steel slag

SS is sewage sludge

UFAIN is utilized fly ash from the incineration plants
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