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Research Paper 

The responsibility of waste production: Comparison of European waste 
statistics regulation and Dutch National Waste Registry 
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a Faculty of Architecture and the Built Environment, Delft University of Technology, Julianalaan 134, Delft, the Netherlands 
b Amsterdam Institute of Advanced Metropolitan Solutions, Gebouw 027W, Kattenburgerstraat 5, Amsterdam, the Netherlands   

A R T I C L E  I N F O   

Keywords: 
Waste producers 
Waste statistics regulation 
Waste statistics 
Circular economy 

A B S T R A C T   

The announcement of a new Circular Economy Action Plan as part of the European Green Deal policy has created 
an urgent need for the reliable information on resource flows to monitor and support the transition. An updated 
Monitoring Framework is set to rely as much as possible on European Statistics, however at this point there are 
no changes introduced in supranational statistics regulations. This raises a question whether regulations that 
have been created before the paradigm shift are still able to supply us with statistics necessary to inform policy 
makers about current successful practices, remaining barriers, positive and negative impacts of the transition and 
overall progress towards the set goals. This paper focuses on the Waste Statistics Regulation, specifically the 
relationship between the types of waste and economic activities which are considered to be the waste producers. 
Dutch National Waste Registry is used as a case study to compare the guidelines on pan-European waste data 
collection to the actual waste reports. The task of this publication is to explore to which extent the guidelines 
available in the Waste Statistics Regulation correspond to the operational reality. To do so it presents a 
computational method to link waste producers to their economic activities using a national Trade Registry. An 
extensive discussion of the results provides insights and recommendations for the future guidelines of waste 
statistics to support circular economy transition.   

1. Introduction 

Waste generation and its treatment is often the starting point for 
monitoring the transition towards a circular economy (CE) as it repre-
sents the final stage of the undesired linear economy.The ability to 
prevent waste disposal and generate secondary materials for a long time 
has signified success in preventing material losses and protecting the 
environment (Melosi, 2004). However, environmental research in the 
last two decades has exposed that waste recycling alone is not sufficient 
to achieve a sustainable economy in the light of increasing global 
resource scarcity (Geyer et al., 2016) putting waste prevention, material 
reuse and upcycling higher on the political agendas than ever before 
(Morseletto, 2020). 

To support the paradigm shift in 2020 the European Commission 
(EC) has announced a new Circular Economy Action Plan (CEAP) as part 
of the European Green Deal policy (European Commission, 2020). 
Streamlining the regulatory framework requires a monitoring frame-
work that is able to inform policy makers about current successful 
practices, remaining barriers, positive and negative impacts of the 

transition and overall progress towards the set goals. The new CEAP 
outlines that an updated Monitoring Framework will rely as much as 
possible on European Statistics (European Commission, 2020), however 
at this point does not announce if changes in supranational statistics 
regulations would be introduced. 

To date, the EC Regulation No 2150/2002 on Waste Statistics enables 
Eurostat to collect statistics from member states on 1) waste generation 
per economic sector and household consumption; 2) waste treatment by 
waste category and type of treatment and 3) number and capacity of 
recovery and disposal facilities (per NUTS 2 region) and population 
served. Each country is free to choose and apply any data collection 
method as long as it complies to the provided guidelines. 

A number of reports aimed at evaluating the transition on the EU 
level emphasise that significant variations of data quality and the lack of 
harmonisation in data collection methodologies between the member 
states hinder effective monitoring and knowledge transfer (Hanssen 
et al., 2013; Deloitte, 2017; Nuss et al., 2017). At the same time the most 
common methodology used to provide waste statistics is to scale up data 
collected from a sample of companies to a whole sector. Waste treatment 

* Corresponding author at: Faculty of Architecture and the Built Environment, Delft University of Technology, Julianalaan 134, Delft, the Netherlands. 
E-mail address: r.sileryte@tudelft.nl (R. Sileryte).  

Contents lists available at ScienceDirect 

Waste Management 

journal homepage: www.elsevier.com/locate/wasman 

https://doi.org/10.1016/j.wasman.2022.07.022 
Received 19 August 2021; Received in revised form 22 April 2022; Accepted 17 July 2022   

mailto:r.sileryte@tudelft.nl
www.sciencedirect.com/science/journal/0956053X
https://www.elsevier.com/locate/wasman
https://doi.org/10.1016/j.wasman.2022.07.022
https://doi.org/10.1016/j.wasman.2022.07.022
https://doi.org/10.1016/j.wasman.2022.07.022
http://crossmark.crossref.org/dialog/?doi=10.1016/j.wasman.2022.07.022&domain=pdf
http://creativecommons.org/licenses/by/4.0/


Waste Management 151 (2022) 171–180

172

statistics are often collected directly from the waste treatment facilities 
and therefore disconnected from the waste producers. 

This way of reporting statistics works well within the traditional 
linear economy where waste is a post-factum problem and needs to be 
dealt with after it has already occurred. However, promoting and sup-
porting such circular economy strategies as waste prevention, design for 
reuse, prolonged lifespan, etc. involve companies from the full supply 
chain. Governments need to create a coherent set of incentives and in-
crease coordination among all relevant stakeholders (OECD, 2021). 
Therefore as much information as possible is necessary to identify the 
right stakeholders by understanding which economic sectors they 
belong to and to understand which interventions can be made to deal 
with which kinds of waste before it is effectively disposed of. At the 
moment the expected correspondence between the types of waste and 
economic sectors that produce them is provided by the ”Manual for the 
Implementation of the Regulation (EC) No 2150/2002 on Waste Sta-
tistics”. However, it is not known how well these expectations reflect the 
operational reality of waste production and disposal. 

The Netherlands is one of the few member states whose waste data is 
not based on sample surveys but on consistent waste registration from 
every company that has a waste permit (Deloitte, 2017). These com-
panies are statutorily required to register all transported waste, 
including its producer, waste characteristics, transport methods and 
final treatment. The caveat of the current system is that companies 
involved in the waste chain are reported only by their name and address 
without using unique identifiers able to link the available data with 
other business registries. 

The Dutch Chamber of Commerce registry holds information about 
all companies and their economic activities and could be used to 
enhance the waste registry with the relevant information. However, 
there is no key yet that connects both databases. Company names 
typically have multiple spelling variations, they often have different 
administrative and operational locations, moreover, multiple companies 
can be registered at the exact same location. Finally, the waste registry 
contains spelling and factual errors with regards to companies’ names 
and addresses. 

Within this scope this paper explores to which extent the guidelines 
available in the Waste Statistics Regulation are reflected in the available 
data and if they can be turned into computational rules to improve the 
quality of linking. A computational method is used to link waste pro-
ducers to their economic activities based on name similarity and geo-
spatial proximity. Finally, a discussion is provided on the consequences 
that legal and operation discrepancies on the waste producer re-
sponsibility might have on supporting CE transition. 

2. Related Work 

Linking waste production to the responsible economic sectors is a 
common subject in Material Flow Analysis (MFA) (Brunner and 
Rechberger, 2016) studies. Those studies aim to quantify material flows 
and stocks in a system with strictly defined temporal and geographic 
boundaries. Regional MFAs typically aim to quantify material supply, 
export, consumption and disposal over a chosen period of time. MFA 
follows the law of conservation of mass and can be framed as a mass 
balancing exercise where bottom-up data is combined with top-down 
highly aggregated numbers (Gao et al., 2020; Nuss et al., 2017). 
Input–output tables are used to couple financial information with 
physical waste data and to link waste with economic activity. However, 
Salemdeeb et al. (2016) discuss that the used method cannot effectively 
distinguish between direct and indirect waste generation and being a 
top-down, economy-wide approach aggregating the whole economy 
into only 21 industrial sectors, it cannot distinguish sufficiently product 
groups or individual companies. 

Region-wide granular bottom-up datasets that describe material 
input–output nodes are rare and no published examples could be found 
that aim to link waste producers to their economic sectors on a legal 

entity level. Nevertheless, linking diverse registries of legal entities 
without a common identifier is a common problem arising in various 
fields. Identifying records that correspond to the same real-world entity 
appears under the names of entity resolution, linkage, matching, merge, 
purge or deduplication (Burdick et al., 2015). 

A rule-based matching approach using both entity name and address 
similarity can be found in such domains as the investigation of health- 
related behaviours dependent on living environments (Hirsch et al., 
2020; Mendez et al., 2014), validating names and addresses of trans-
portation and logistic entities (Guermazi et al., 2020), matching obser-
vations across financial datasets (Cohen et al., 2018; Burdick et al., 
2015), identifying same entities in patent files (Medvedev and Ulanov, 
2011; Magnani and Montesi, 2007). Most of them conclude that domain 
expert knowledge integration improves or would improve matching 
results (Pilania and Kumaran, 2019; Cohen et al., 2018; Choi et al., 
2017; Antoni et al., 2018; Schild, 2016; Mendez et al., 2014; Magnani 
and Montesi, 2007). 

This paper further builds on the existing examples of entity matching 
using standard computational methods to evaluate name similarity and 
geospatial proximity between potential matches. Therefore, the novel 
contribution of this work is not in the domain of entity matching but 
within the discussion regarding the adequacy of the European Waste 
Statistics Regulation to support the desired transition towards the cir-
cular economy. To date, no published study of the waste allocation to 
the economic sectors according to the Eurostat method could be iden-
tified. The lack of such studies is likely influenced by the high sensitivity 
of the relevant datasets which are typically not available for research 
purposes. This study is thus the first one to uncover the discrepancies 
between the legal and operational responsibility for waste production. 

3. Methods 

To explore to which extent the guidelines available in the Waste 
Statistics Regulation are reflected in the available data, the companies 
registered as waste producers are first linked to the trade registry to 
assign each of them to an economic sector. The computational entity 
linkage process follows six phases as defined by Köpcke and Rahm 
(2010): data preprocessing, indexing, pairwise comparisons, classifica-
tion, manual review, evaluation, and refinement. A random sample of 
1000 companies (8% of the full dataset) evenly distributed throughout 
the whole geographical study area is used to calibrate the individual 
parameters of the algorithm. The same sample is used for manual review 
and validation to evaluate how well each set of matches represents 
correct links between the entities in two datasets. 

After the evaluation of the matching algorithm, all matches are 
assigned to confidence groups according to how likely the matching is to 
be correct. The group which has been matched with the highest confi-
dence is then used to investigate how the lower confidence matches 
could or could not be improved on the basis of the Waste Statistics 
Regulation. Additional rules that could improve the matching results are 
derived from the ”Manual on Waste Statistics” (Eurostat, 2013) that 
guides the data collection process in Member States. The importance is 
not so much to obtain the highest possible matching score but to un-
derstand the reasons behind the unsuccessful matches as they reveal the 
differences between the official guidelines and the operational reality of 
data collection and waste disposal. 

3.1. Data Sources 

The first dataset, further referred to as ”the LMA dataset”, consists of 
digitised waste reports filtered for all waste produced in Amsterdam 
Metropolitan Areas (AMA) in 2018 according to the registered postcode 
of a waste producer. The filtered dataset consists of 208,133 reports. The 
reports are collected with regard to the EU Regulation (EC) No 2150/ 
2002, amended by Regulation (EU) No. 849/2010, which mandates 
Member States to produce statistics relative to the generation, recovery 
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and disposal of waste. The reports represent a chain of waste manage-
ment from the original waste producer all the way to the final treatment 
destination. 

Waste producers in the LMA dataset often have two related ad-
dresses: an administrative address and a waste disposal address. Since 
the waste disposal address does not necessarily have to be officially 
associated with the waste disposing party (e.g., in the case of con-
struction companies or other service providers), linking is performed 
based on the administrative address only. Finally, 8.25% of all waste 
reports marked as en route collection have been excluded from the 
matching as these represent the same waste stream collected from 
multiple companies and waste collector instead of the waste disposer 
registered as a waste producer. In addition to the name and address, 
entities from the LMA dataset have a list of EWC (European Waste 
Classification) codes that describe which wastes they have disposed of. 

If the effective waste disposal address is different from the entity’s 
administrative address and the regulations are followed correctly, using 
the disposal address for linking the two datasets should point not to the 
entity responsible for the disposal but to an entity in which premises the 
waste is generated and could be considered an indirect waste producer. 
If the administrative address is different from a disposal address, it 
means that the entity effectively responsible for waste generation has 
provided a service to the one at whose premises the waste has been 
generated. It is, however, not obligatory to register the customer who 
has received the provided service, therefore indirect waste producers are 
not known and therefore not included in the waste statistics. 

The second dataset, further referred to as ”the KvK dataset”, comes 
from the Dutch Chamber of Commerce register (NL: Kamer van Koo-
phandel (KvK)) which is the key register for all businesses and legal 
entities in the Netherlands. This is a highly sensitive dataset, therefore 
only three fields could be used for linking: entity name, address and 
economic activity code according to the NACE Rev. 2 classification 
(Nomenclature statistique des Activités économiques dans la 
Communauté Européenne). 

KvK dataset provides all registered addresses of the same legal entity 
and multiple versions of the their names and their abbreviations. The 
dataset used for this publication has been limited to the entities regis-
tered as active in the AMA in year 2018 and resulted in 358,406 unique 
combinations of names and addresses. 

3.2. Code 

The method is implemented in Python 3.7, with the help of the 
following scientific software packages: Numpy 1.17, Pandas 1.0, Mat-
plotlib 3.2, Fuzzywuzzy 1.0. All data visualisations are created using 
Maplotlib Pyplot. A geocoder is created with GeoPy, using a Mapbox 
service for all data points in this experiment. 

3.3. Data Preprocessing 

The data preprocessing stage assures that data from all sources have 
the same format. Filtering, cleaning and harmonisation steps are 
necessary to identify suspicious entries, correct the obvious errors, and 
filter out entries that cannot be fixed. The same data preprocessing is 
applied to both LMA and KvK datasets. 

Filtering controls if all fields of the provided addresses have a valid 
format, e.g., street and city names are supposed to be composed of at 
least 3 alphabetic characters and postcodes must follow a Dutch post-
code pattern of 4 numerals and two Latin letters. 

Cleaning and harmonisation deals with the problem of spelling 
variations that include partial or full abbreviations, different word 
order, hyphenation, spacing, etc. Since LMA dataset is not based on any 
official registry, the same entity often has its name spelled differently if a 
report has been submitted by a different person. Spelling mistakes are 
also common. Subsidiary companies often have slight variations be-
tween their names that indicate different services and activities. 

Geolocation (or geocoding) is the conversion of addresses into 
unique points with geographic coordinates. This step is necessary to 
compute the geographic proximity between the LMA entities and their 
potential equivalents in the KvK dataset. Geocoding is prone to errors 
that happen if an address is not complete, misspelled, corresponds to 
multiple points or it is simply not included in the service database. To 
validate geocoding results and rectify the errors the Dutch postcode 
districts (NL: Postcodegebied) are used. Postcode districts are polygons 
that include all addresses within the same first four digits of a postcode. 
If a point falls within its own postcode polygon, then the location is 
considered valid. Otherwise, the geolocation is considered invalid and a 
postcode polygon centroid is assigned instead of the geolocated point. 
This rectification ensures that in case the geolocation has failed due to 
an incorrectly spelled address, an entity is located in the proximity of its 
counterpart in the other dataset and can still be matched based on the 
name similarity. 

3.4. Indexing 

The goal of indexing is to reduce the quadratic complexity by 
effective pair candidate generation. Trying to compute the name simi-
larity and geographic proximity between each of the LMA and each of 
the KvK entities would result in more than 4,5 billion pairwise com-
parisons. Besides an extensive computational time, such an effort would 
not add significant quality to the result. Increased pool of matching 
possibilities tends to result in less confident matches and more frequent 
linking due to accidental similarity. Therefore, to reduce the matching 
pool, the potential matches are evaluated only if they are within a 
certain radius from the LMA entity location. 

A series of empirical tests using the data sample have been performed 
to choose an optimum search radius. Fig. 1 shows that the ratio of 
successful matches peaks at 500 m and steadily decreases with the 
further increase of the radius. This phenomenon is caused by the further 
explained probabilistic linkage method due to which a higher number of 
probable matches reduces the overall matching confidence, throwing a 
larger number of matches to be discarded as not confident enough. It 
must be noted that the ratio of successful matches does not indicate the 
ratio of correct matches. However, by manually comparing the differ-
ences between matches at 500 m buffer radius and 5000 m buffer radius, 
it could be noticed that both correct and incorrect matches get discarded 
due to reduced confidence. Moreover, a 500 m radius provides a good 
balance between urban and rural areas where the distances between 
different entities tend to range from a few meters to a few hundred 
meters. 

Fig. 1. Algorithm matching success ratio dependency on the search 
radius distance. 
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3.5. Pairwise comparison 

The similarity level of record pairs within a search space is deter-
mined according to two criteria: name similarity and geospatial prox-
imity. The two criteria are not combined into a single indicator but used 
to complement each other while deciding the confidence of a potential 
match. 

Name similarity is computed using the Levenshtein Distance (Lev-
enshtein, 1966). It is one of the oldest metrics that indicates how two 
sequences of words resemble each other. Levenshtein distance is 
described as the minimum number of edits (insertions, deletions, or 
substitutions) required to mutate one string into the other. It is evaluated 
using a dynamic programming algorithm. The bigger the Levenshtein 
distance between two strings, the more distinct those strings are. Eq. 1 
calculates the Levenshtein distance between two strings x and y. 

Levenshtein Distance is used to calculate the Levenshtein Similarity 
Ratio. Using the ratio allows normalising the distance against the length 
of the string, so that the number does not fluctuate given inputs with 
different sizes. The ratio can be computed using Eq. 2. 

Levenshtein Distance has been chosen against other name similarity 
metrics due to its ability to compare strings of different length and 
indicate if one string is contained by the other (especially relevant in 
cases where one registry includes only the trademark and the other one 
specifies it in more detail, e.g. Boskalis vs. Boskalis Amsterdam). It is also 
able to return a high similarity value in case of spelling mistakes and 
typos, and distinguish between anagrams. 

Geographic proximity is calculated as a Euclidean distance between 
two points expressed in a local coordinate system based on metric units. 
It serves two purposes:  

1. When the name similarity indicator cannot effectively distinguish 
between multiple probable matches, geographically closer match is 
considered more probable to be the correct one;  

2. In those cases where name similarity is not sufficient to match with 
any of the potential counterparts in the other dataset, geospatial 
proximity allows assigning economic activity based on the economic 
activities present in its immediate surroundings. 

dLevenshtein(x,y)(i, j) =

⎧
⎪⎪⎨

⎪⎪⎩

max(i, j) ifmin(i, j) = 0

min

⎧
⎪⎪⎨

⎪⎪⎩

levx,y(i − 1, j) + 1

levx,y(1, j − 1) + 1

levx,y(i − 1, j − 1) + 1xi∕=yj

otherwise

(1)  

where 1xi∕=yj indicator refers to 0 when xi = yj and refers to 1 otherwise. 
It is compared between the first i characters of x and the first j characters 
of y 

rLevenshtein(x,y)(i, j) = (|x| + |y|) − dLevenshtein(x,y)(i, j)
/
|x| + |y| (2)  

where |x| and |y| are the lengths of sequence x and sequence y 
respectively. 

3.6. Classification 

A probabilistic entity linkage method is developed using a waterfall 
approach for generating matched subsets of data, where the subsets are 
defined by gradually looser match identification criteria (Cohen et al., 
2018). A series of tests are applied in a specific order to evaluate if a 
potential link satisfies the criteria. If an entity passes the test, it is 
removed from the pool and does not need to go through the following 
tests. While each successive set of criteria produces a larger number of 
potential links, the overall confidence level of those links is lower. 
Before moving to the next, more loose criterion, the algorithm removes 
those entities that have already satisfied the previous criteria. This 

process continues until all entities are linked or until further loosening of 
the criteria results in a linkage of unacceptable quality as illustrated in 
Fig. 2. 

There are five main tests (plus the remaining category) and two 
nested tests that split the matches into twelve subsets with decreasing 
confidence. If neither of the two nested tests are passed, then the match 
is considered insufficiently confident for the set in question and is passed 
to the next test. During a manual inspection of the potential matches for 
the 1000 sample data points, it has been noticed, that the first accidental 
matches within the search space start occurring below the name simi-
larity ratio of 85 and geospatial distance of 5 m. An overview of the 
subsets can be seen in Table 1. If an entity does not pass any of the tests, 
it is considered unmatched and gets assigned to an ”Unknown Economic 
Activity”. 

3.7. Manual Review 

To validate how well each set of matches represents correct links 
between the entities in two datasets, a manual inspection is carried out 
on the sample of 1000 LMA entities. Linkage quality is indicated by 
manually assigning one of the 5 tags to each match as can be seen in 
Table 2. Inspection is performed based on the similarity between an 
actor name and the linked company name and the correspondence be-
tween the name and the assigned economic activity. No additional 
search using other data sources is performed. The manual inspection 
serves not only the evaluation of algorithm accuracy, it also provides 
insights behind the unsuccessful matches. 

3.8. Evaluation 

The algorithm finds a correct match in at least 68% of all cases (or at 
least 84% of all matched cases). The remaining 32% fail to find their 
counterparts in the KvK dataset due to various reasons. Upon the manual 
investigation of selected failed linkages from all subsets and interviews 
with the LMA data providers, three main reasons of failure could be 
distinguished:  

1. Failed geolocation. If address geolocation in one of the two datasets 
results in a point that is not within 500 m of the actual address and 
the entity name is not identical in both datasets, the entities will not 
get matched. However, upon inspection of the two datasets, it ap-
pears that only 1.3% of points that represent the same postcode lie 
more than 500 m apart from each other.  

2. Heavily misspelled or an alternative name. Besides the cases of 
heavily misspelled entity names, sometimes an alternative name or 
an old company name is used that is not similar to the one registered 
at the Chamber of Commerce. E.g., Hotel Campenile can be found 
under the name of Hotel Gaasperpark B.V. or Milieustraat Almere vs. 
Recyclingperron Almere Poort. Assuming, that the entity address is still 
correct and got correctly geolocated, this error should not account 
for more than 20% of the unmatched cases. This estimation is based 
on the number of matches that cannot be validated neither as correct 
nor as incorrect within the 5a and 5b subsets where matched entities 
are within a 5 m radius.  

3. Inconsistent address registration. Upon manual investigation of 
the unmatched entities, it occurs that often LMA dataset refers to an 
address which in fact is not the address which is registered at the KvK 
dataset. These are often operational instead of administrative ad-
dresses, which means that a great amount of confusion exists 
regarding which address is legally considered the company’s 
administrative address. This error should account for the remaining 
79% of the unmatched or incorrectly matched cases. 

There are no observable geographical patterns between the matched, 
wrongly matched, and unmatched entities as all groups appear to be 
equally distributed throughout the whole study area. 
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3.9. Refinement 

Given that the majority of failed matches are caused by the in-
consistencies of address registrations in different databases, a part of the 
remaining unmatched entities could still be linked to a correct economic 
activity by performing a name similarity check in a significantly wider 
geographical radius. The challenge with this approach lies in the high 
probability of accidental matches. If an entity’s registration address 
cannot be trusted and used for matching, the name becomes the only 
information field that can be used. However, it is obvious that the name 
must have spelling differences with its counterpart in the KvK dataset, 
otherwise it would have fallen in one of the first two subsets of the 
matching algorithm. On the other hand, in case the match has failed due 

Fig. 2. A series of tests applied as a waterfall approach on each LMA entity and its potential counterparts in the KvK dataset. The algorithm results into 6 sets of 
matches with two subsets each, where each subsequent subset has lower matching confidence. 

Table 1 
An overview of the confidence subsets and their criteria.  

Set Description 

Set 1. Same 
name and 
postcode 

All LMA entities are compared to all KvK entities on the basis of 
the exact same name and postcode (exact string matching). This 
test is applied before reducing the search space. 

Set 2. Same 
name 

Applies in those cases when an entity name is not misspelled but 
the address does not match any of the officially registered ones. 
This test is also applied before reducing the search space. 

Set 3. Similar 
names and 
locations 

A search space is created for each of the LMA entities to reduce 
the computational runtime. Then the name similarity and 
geospatial proximity indicators are computed and the threshold 
is set to 85 for the name similarity and 5 m for the geospatial 
proximity. 

Set 4. Similar 
names 

Only name similarity above 85 is considered. 

Set 5. Similar 
locations 

Only geospatial proximity below 5 m is considered. 

Set 6. Context- 
based 
probability 

The remaining matches are checked for the two nested tests as 
described below. 

Subset a. Unanimous NACE code b. Most similar names and 
locations  

If an LMA entity matches 
multiple KvK entities 
according to the test criteria, 
however, all of them are 
registered under the same 
NACE code. 

If the most similar name 
belongs to the geographically 
closest KvK entity.  

Table 2 
Results and criteria of the manual inspection performed on the sample 1000 
entities.  

Tag Description Example % of the 
sample 

2 Probably correct NACE 
code 

Eetcafe ’t Weesperplein and Cafe 
diner ’t Weesperplein 

60% 

1 Likely correct NACE code Optisport Almere B.V. and 
Sportstudio Buiten 

3% 

0 Impossible to say if it is 
correct or incorrect 

VvE Tuin van Houten and Bold 
Innovations B.V. 

9% 

-1 Likely incorrect NACE 
code 

Titania Asset Advise B.V. and 
Frank a Do 

4% 

-2 Probably incorrect NACE 
code 

VISCON GLAS and Ferid’s Grill 
V.O.F. 

5% 

na Unmatched  19%  
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to a heavily misspelled or an alternative name but the address is correct, 
the economic activity could be assigned by taking into account entities 
in the immediate context as in set 6. However, in many cases there are 
multiple activities happening at the same place. 

Along with the entity’s name and location, it is known which type of 
waste has been disposed of. It can be expected that certain types of waste 
can be produced only by certain types of economic activities. And 
certain economic activities (e.g., IT or financial services), according to 
the Waste Statistics Regulation, are not supposed to produce any other 
than office waste. Therefore, the further described experiment explores 
if this field could be used to limit the search space and improve the 
matching confidence. 

According to the EC Regulation No 2150/2002 on Waste Statistics: 

”The principal activity of a statistical unit (e.g., an enterprise) is 
defined as the one that contributes most to its value added. <… >
Therefore, in order to assign the generated waste to the correct NACE 
activity, the unit to be considered should be the unit that actually 
generates the value added and that also causes the waste rather than 
the unit of the customer. For instance, waste arising from the con-
struction of a building should be assigned to the activities of the 
construction company itself (NACE F) rather than to the activity of 
the future building owner (e.g. services). As already mentioned, the 
waste should be attributed to the sector which generates it and hands 
it over to the waste management sector or takes it directly to a dump 
or treatment site.”. 

”Guidance on classification of waste according to EWC-Stat categories: 
Supplement to the Manual for the Implementation of the Regulation 
(EC) No 2150/2002 on Waste Statistics” provides guidance on classifi-
cation of waste according to EWC-Stat categories (Eurostat, 2010). The 
document provides all waste categories, their definitions and the NACE 
rev. 2 code which refers to the most probable economic activities to 
produce the described waste. The correspondence table that has been 
used for the experiments has been taken from a conversion table using 
20 WStatR (Waste Statistics Regulation) items. The document provides: 
1) correspondence between WStatR items and respectively, EWC codes 
that contain those items, and 2) correspondence between WStatR items 
and respectively NACE codes that may produce waste containing them. 
This means that in some cases also other economic activities could be the 
source of the respective waste. 

An experiment has been performed to estimate if the correspondence 
table between NACE and EWC codes derived from the supplement could 
be used to prefilter unlikely economic activities from the KvK dataset. 
From the sample of 1000 entities that got linked to economic activities 
using the KvK dataset, 681 have been manually confirmed as correct. 
The waste content of these 681 actors and their linked economic activ-
ities have been tested for their presence in the NACE-EWC correspon-
dence table. Since some actors dispose of more than one kind of waste, in 
total, there are 1186 unique EWC-NACE combinations to be compared 

with the guidance document. The test results can be seen in Table 3. 
Comparison has been performed on three different levels:  

1. NACE sections consisting of headings identified by an alphabetical 
code, 

2. NACE divisions consisting of headings identified by a two-digit nu-
merical code, 

3. NACE classes consisting of headings identified by a four-digit nu-
merical code. 

As it can be seen from Table 3, the guidelines cover only a quarter of 
NACE-EWC combinations at the most detailed level that are available in 
the manually validated part of the LMA data. Even at the section level, 
2246 out of 681 tested entities do not belong to the NACE codes that are 
mentioned as possible sources of disposed waste. These results suggest 
that using the correspondence between the NACE-EWC codes as 
described by the guidelines would not improve and rather inhibit the 
current matching algorithm. 

While this experiment does not lead to an improved linking between 
the two datasets it does reveal discrepancies between the waste regis-
tration data and the official guidelines, therefore the same experiment is 
further repeated and analysed on high confidence matches within the 
full dataset. 

4. Results 

There have been 12,655 entities with a valid name and address 
identified as primary waste producers within AMA in 2018 according to 
the LMA dataset. These entities have been linked to the legal entities in 
the KvK dataset using the above described algorithm. 

Match distribution within the confidence subsets is very similar to 
that of the random sample as can be seen in Table 4. A total of 5403 
actors (42.7%) have been matched with high confidence, 4630 actors 
have been matched with low confidence (36.58%) and 2622 actors 
(20.72%) remain unmatched. 

Entities that have been matched with high confidence have been 
tested for their correspondence to the Waste Statistics Regulation as 
explained in subSection 3.9 Refinement. On the NACE section level, the 
high confidence matches have resulted in 1920 unique combinations of 
NACE sections and 6-digit EWC codes. Out of them 46,3% of the com-
binations do not appear in the guidelines. This means that over half of 

Table 3 
Comparison of NACE-EWC combinations obtained from the manually validated 
part of LMA data and ”Guidance on classification of waste according to EWC-Stat 
categories: Supplement to the Manual for the Implementation of the Regulation 
(EC) No 2150/2002 on Waste Statistics”   

Level 
Section 

2-digit 
NACE 

4-digit 
NACE 

Total unique combinations in the 
manually validated part of LMA data 

653 900 1186 

% combinations not mentioned in the 
guidelines 

43.49% 60.15% 77.10% 

Number of entities whose…    
all EWC codes are not mentioned 246 321 445 
at least one EWC code is mentioned 99 98 67 
all EWC codes are mentioned 269 195 102 
…in the respective NACE section of the 

guidelines     

Table 4 
Entity assignment to different confidence subsets according to the probability 
that the link to a NACE code is correct. Comparison between full and sample 
datasets.  

Subset Confidence Actors in 
sample 
dataset 

% Actors 
in full 
dataset 

% 

Same name 
and postcode 

1a Highest 332 33.2 3967 31.35 

Same name 2a Highest 67 6.7 869 6.87  
2b Highest 9 0,9 72 0.57 

Similar name 
and 
location 

3a High 35 3.5 354 2.8  

3b High 0 0 3 0.02 
Similar name 4a High 5 0,5 132 1.04  

4b High 0 0 6 0.05 
Similar 

location 
5a Low 231 23.1 2756 21.78  

5b Low 112 11.2 1654 13.07 
Most similar 

name is the 
closest 

6a Lowest 2 0.2 24 0.19  

6b Lowest 15 1.5 196 1.55 
Unmatched   192 19.2 2622 20.72  

Total  1000  12655   
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the entities matched with high confidence have disposed of and reported 
waste that is not considered typical to their primary economic activity. 
The non-typical combinations account for 42,8% of all reported waste 
mass from those entities. The full overview can be seen in Fig. 3. 

Fig. 3 reveals that the most common guideline non-compliances 
occur in the EWC chapter 17: Construction and Demolition Wastes 
and chapter 20: Municipal Wastes. Regarding the NACE sections, most 
non compliant combinations occur within section G: Wholesale and 
Retail Trade; Repair of Motor Vehicles and Motorcycles, section N: 
Administrative and Support Service Activities and section O: Public 
Administration and Defence, Compulsory Social Security. These insights 
suggest that the guideline which asks to allocate waste generation to the 
company that contributes most to the economic value at the time of 
waste generation is the one that is most often violated. Following this 
guideline, sections N and O, which mostly contain administrative ser-
vices should not be generating any other than office waste of insignifi-
cant quantities. Meanwhile, construction and demolition waste should 
be generated by the extractive industries (A, B and C), waste manage-
ment activities (E) or construction and demolition services (F) only. 

The high number of non-compliant NACE-EWC combinations in EWC 
sections 17 and 18 is consistent with the overall higher number of actors 
that dispose of this type of waste as can be seen in Fig. 4. However, 
actors that remain unmatched or are matched with low confidence are 
proportionally slightly more common among those disposing of con-
struction and demolition, and municipal waste than other types of 
waste. Otherwise, the proportional distribution between the different 
confidence groups and the unmatched actors stays very similar between 
all EWC sections. 

5. Discussion 

The presented algorithm is able to reliably determine the primary 
economic activity of less than half of the registered waste producers in 
the Amsterdam Metropolitan Area. The suboptimal performance of the 
algorithm can be attributed to the quality of the used datasets. First of 
all, the waste registration dataset does not use a common identifier 
system to recognise the same legal entities or locations among the waste 
producers which permits multiple name and address spelling variations. 
Secondly, the trade registry does not contain all operational addresses 
and alternative company names that are used in the waste registry. 
Therefore computational methods to match the two datasets have only 
limited capabilities to mitigate the poor data quality. 

The described algorithm and experiments have demonstrated that an 
entity matching algorithm is limited by the lack of corresponding en-
tities between the two datasets. However, comparisons between 
matched and unmatched entities in terms of reported waste types, their 
geographical distribution, and sample versus full dataset did not expose 
any differences that would suggest the unmatched actors would show 
different statistical patterns. Therefore, it is safe to assume that given 
that the algorithm performs well on approximately half of the dataset, 
the successfully matched half could be used as a substantial sample to 
scale the statistics to the full waste quantity. 

It must be acknowledged that if the same algorithm was applied to 
the same problem in a different country, its performance might be 
drastically different. Differences might be caused by the distinct regis-
tration terms in both trade and waste registries as each country decides 
on those terms individually. Lack of harmonisation between the regis-
tries causes every country to adapt a different strategy to allocate its 
waste to the economic sectors this way hindering cross-comparison. 

The most straightforward recommendation to improve the data 
quality is for the waste registry to request companies filing waste reports 
to provide their unique identifier used in the trade registry (in case of the 
Netherlands - KvK number). By using the unique identifiers, waste 
producers could be on-the-fly connected to their economic activities 
provided in the trade registry. However, this approach still leaves a few 
potential caveats. First, the approach would not help processing the 

historical data that has existed before the implementation of the on-the- 
fly entity matching. Second, the question remains if the self-assigned 
economic activities provided by the companies at the time of regis-
tering their business are the ones that are effectively responsible for 
producing certain kinds of waste. 

However, if the goal of collecting detailed waste statistics on a EU 
level is to improve policies to ensure that the transition to a circular 
economy can be accelerated, the lack of reliable highly granular current 
or historical information may have negative consequences. On the one 
hand, it may hinder the visibility of emerging small-scale good practices 
which need to be further fostered to ensure their adoption in the wider 
economy. On the other hand, the less detailed information is available, 
the harder it is to notice the effects of changing demand and production 
processes of one economic sector upon waste generation in another 
(Salemdeeb et al., 2016). For example, it is expected that the shift from a 
product-based to a service-based economy will increase resource pro-
ductivity and reduce waste production. To monitor whether this is 
effectively the case it would be necessary to know not only that certain 
wastes are generated by service providers instead of manufacturers but 
which types of services they are and which economic activities they are 
expected to substitute. Yet the experiments have revealed that the more 
actors are considered, the more unique combinations of NACE and EWC 
codes can be found. Therefore, using a representative sample would only 
help monitoring major shifts after they have already occurred and not 
their state of emergence. 

The second risk of a statistical blind spot that got exposed during the 
experiments is related to the question which entity needs to be effec-
tively considered as responsible for waste production. While the Waste 
Statistics regulation clearly states that it must be the ”unit that actually 
generates the value added and that also causes the waste rather than the 
unit of the customer”, the waste registry shows that this rule is often 
disregarded and the registered waste producer is that entity which 
eventually pays the waste management costs. E.g. Construction and 
demolition waste is often reported by the companies whose core busi-
ness is not related to construction, food-related waste is reported by the 
companies who provide catering for their own employees only, and 
various wastes are reported by the enterprise subsidiaries whose main 
activities are providing financial administration. Instead of pointing out 
multiple violations of the regulation, these insights rather question the 
regulation itself. 

Furthermore, the requirement to attribute waste to the unit which 
generates the most financial value added places the burden of the waste 
production on those companies whose business model is directly related 
to the amount of waste produced, meaning that more produced waste 
should directly correlate with increased revenues. Using restrictive 
policies to stimulate those companies to reduce their waste production 
might cause undesired backlash. To enable the strategy where com-
panies are encouraged to change their business models in a way that 
used resources are not discarded but kept in the economy, the consumers 
of their products or services need to be stimulated to choose for a more 
sustainable alternative. In that case the information about the customer 
is as important as the information about the provider. 

Another important consideration is waste ownership. In the economy 
where waste is considered a burden, the company that causes its pro-
duction tends to take the responsibility. However, in a circular economy 
where redundant materials are considered an asset instead of waste and 
therefore may have economic value, it is more likely that the ownership 
will stay with the company that has paid for the materials before they 
have become redundant. Moreover, sectors with long supply chains tend 
to generate more indirect waste which gets distributed over a number of 
different supporting economic activities. 

Finally, it must be noted that no official correspondence table exists 
that relates NACE and EWC codes, meaning that there is no guidance on 
which types of waste should be expected from which type of companies. 
Having WStatR items as a significantly less detailed intermediary layer 
between the two detailed classification systems causes unlikely 
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combinations to be valid (e.g. Glass waste connects EWC code ”15 01 07 
glass packaging” with NACE code ”4310 Demolition and site prepara-
tion”). At the same time, it excludes a large number of possible combi-
nations for the sake of clarity. When data across the EU is collected using 
sample surveys and combinations of registries, a high-quality corre-
spondence between NACE and EWC codes would not only help to con-
trol the quality of the statistics but also improve data consistency and 
consequently knowledge transfer regarding the circular economy 
transition. 

6. Conclusions and Recommendations 

A Dutch national waste registry dataset for the year of 2018 limited 

to the Amsterdam Metropolitan Area has been used to explore which 
economic activities effectively produce which types of waste and if these 
activities can be held responsible for waste production. The Dutch trade 
registry has been used as a reference dataset which connects company 
names and addresses to their primary economic activities according to 
the NACE codes. The conducted experiments have demonstrated that 
using geospatial proximity in combination with name similarity is able 
to speed up the linking process in comparison to only using textual in-
formation on the entity’s name and address. In addition, considering 
geospatial proximity next to the traditional approach of name similarity 
for legal entity matching is able to limit the search space for each in-
dividual entity and therefore solve multiple data quality issues. 

The manual validation of a random sample of 1000 waste producers 

Fig. 3. Number of entities per each combination of NACE and EWC sections that have reported waste under EWC code which is a) not considered typical to their 
NACE section; b) is considered typical to their NACE section. 

Fig. 4. Number of entities per each EWC Section (2-digit code) and their matching subsets.  
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has shown that the algorithm is able to correctly assign the primary 
economic activity to approximately 43% of all waste producers. Addi-
tional 37% of the actors are assigned an economic activity with low 
confidence, while the remaining 20% cannot be assigned at all. The 
reasons behind the suboptimal assignment success rate stem mostly from 
the quality of underlying datasets and their limitations. Waste registry 
dataset contains multiple entities with misspelled names and addresses, 
and addresses that do not point to the actual addresses of registration in 
the KvK trade registry. At the same time, the KvK dataset provides 
outdated or incomplete data points where not all relevant addresses are 
present. 

The attempt to refine the algorithm on the basis of the type of waste 
an entity disposes of has proven unsuccessful. Comparing the available 
guidance and conversion tables to the NACE-EWC combinations ob-
tained from the high confidence linking subsets has revealed that even at 
the least detailed level of economic activity classification, roughly half 
of all actors do not comply with the regulation guidelines. The lack of 
compliance can be explained by the unrealistic expectations of the 
guidelines set by a lack of a high-quality correspondence table and a 
non-operational definition of the waste producer. 

No statistical differences could be observed between the matched 
and unmatched parts of the entities, therefore the waste production 
statistics obtained from the matched part could be scaled to the full 
dataset to show which economic sectors have produced which quantities 
and types of waste. However, this method is not able to provide a more 
detailed representation on an economic activity instead of sector level. 

Based on the described experiment, the following recommendations 
can be made regarding the Waste Statistics Regulation and further 
related research. First, a guidance document that provides high-level-of- 
detail correspondence between EWC and NACE codes would provide a 
control mechanism for the consistency of the reported statistics, espe-
cially given that every member state applies different data collection and 
reporting methods. The definition of a waste producer should be chosen 
in light of which statistics are necessary to support the transition to-
wards a circular economy and not which entity needs to be charged for 
the waste management costs as typical to the linear economy. Addi-
tionally, waste statistics could collect not only data related to the waste 
disposing entity but also to the economic activities that have preceded 
the disposal. 

Finally, Waste Statistics Regulation suggests using the national Trade 
registry as a reference for the economic activities of the waste producers. 
However, this experiment has demonstrated that a Trade Registry in the 
Netherlands does not sufficiently correspond to the operational reality in 
terms of company data. Moreover, the primary economic activities 
assigned at the Trade registry might not be the ones that actually cause 
waste generation. Future research should include other Member States 
and their waste data collection methods to ensure that the Waste Sta-
tistics Regulation is able to support the required variety of geographical 
contexts and compile supra-national datasets necessary to support a 
circular economy transition. 

7. Data and Code Availability 

Datasets used for this publication have been obtained under two 
Horizon2020 projects: REPAiR1 (Resource Management in Peri-Urban 
Areas) and CINDERELA2 (New Circular Economy Business Model for 
More Sustainable Urban Construction). The data that support the find-
ings of this study are available from the Waste Registry Division of the 
Dutch Ministry of Infrastructure and Public Works (NL: Landelijk Meld-
punt Afvalstoffen (LMA) in the Netherlands. Restrictions apply to the 
availability of these data, which were used under license for this study. 
Data are not available from the authors and can only be accessed directly 

from the Ministry. All code developed for this experiment is available 
open source as part of the GitHub repository here: https://github.com/ 
rusne/lma-data-pipeline/tree/master/nace-ewc. 
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