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Abstract: The proliferation of electronic goods manufacturing and the subsequent rise
in electronic waste (e-waste) generation necessitate the establishment of efficient Waste
of Electrical and Electronic Equipment (WEEE) reverse logistics systems, fostering col-
laborative efforts among manufacturers, retailers, and government agencies. Given its
importance, this theme has received considerable attention in recent literature. This study
focused on investigating the relationships between socio-spatial characteristics and the
distribution of WEEE collection points in the city of São Paulo, Brazil. To this end, data min-
ing (DM) techniques were applied to generate rules representing knowledge that explains
the relationship among the considered variables. The results achieved (accuracy 81.25%
and Kappa statistic 74.71%), indicating consistent patterns, demonstrate the potential of
the proposed approach to aid WEEE reverse chain management. From a practical point
of view, the knowledge produced is an important support for decision-making on the
installation of new collection points, considering the socio-spatial characteristics of the
target locations. In addition, this research contributes to the responsible management
of solid waste recommended by the Brazilian National Solid Waste Policy (NSWP), as
well as to the advancement of the United Nations’ Sustainable Development Goals (UN
SDGs), particularly SDG 11 (Sustainable Cities and Communities) and SDG 12 (Responsible
Consumption and Production), by fostering sustainable practices in waste management
and resource utilization within urban contexts.

Keywords: reverse logistics; WEEE; data mining; responsible management; social benefits

1. Introduction
The accelerated pace of technological development has been accompanied by the

proliferation of electronic devices of various kinds. Computers, mobile phones, household
appliances, entertainment devices, and other innovations have become indispensable in
people’s lives, elevating the production and consumption of electronic goods to unprece-
dented levels and exponentially increasing the volume of waste electrical and electronic
equipment (WEEE) [1].

Oliveira Neto et al. [2] concluded that the accumulation of WEEE represents one of
the greatest environmental and health challenges of our time. Unlike other solid waste,
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electronic waste contains a vast array of potentially hazardous materials, including heavy
metals such as lead, mercury, and cadmium, which can contaminate soil and water re-
sources. Moreover, the improper decomposition of electronic components releases toxic
substances into the environment, affecting the health of local populations and contributing
to environmental degradation.

Gaur et al. [3] further warn of the urgent need for effective management of these
wastes, considering the negative impact of toxic substances and heavy metals. Oliveira
Neto et al. [4] mention that many of these devices contain valuable materials, such as gold,
silver, copper, and platinum, which could be recovered and reinserted into the production
chain through appropriate recycling processes. In this sense, effective management of
WEEE emerges not only as a matter of environmental protection but also as a significant
economic opportunity within the framework of the circular economy.

In this context, reverse logistics—which seeks to enable the return of waste to the
production cycle for reuse, recycling, or proper disposal—has become a fundamental tool
in the search for solutions to the electronic waste crisis. However, the implementation
of reverse logistics systems faces a series of challenges, especially in densely populated
metropolitan regions characterized by socio-spatial inequalities. These disparities hinder
adequate access to WEEE collection services, particularly in the most vulnerable regions [5].

In Brazil, where the phenomenon of rapid and uneven urban growth is evident, cities
like São Paulo provide a complex and revealing setting for study. With over 12 million
inhabitants, São Paulo is characterized by significant economic and social diversity, which
directly influences the organization of urban space and the challenges related to waste
management. The city features a complex urban landscape in which high-income neighbor-
hoods with well-established infrastructure coexist with densely populated and underserved
areas that face limited access to basic services, including solid waste collection and envi-
ronmental initiatives. This heterogeneity raises important socio-spatial patterns that may
influence the availability and accessibility of WEEE collection points. Furthermore, the
availability of public data for the city of São Paulo, combined with its strategic importance
as Brazil’s largest economic hub, provides favorable conditions for in-depth, data-driven
analyses that can inform the development of both local and national public policies. These
characteristics reinforce São Paulo’s suitability as a case study for investigating how socio-
spatial variables affect the implementation of electronic waste reverse logistics systems.

The National Solid Waste Policy (PNRS), established in Brazil in 2010, sets a regulatory
framework aimed at promoting integrated management and environmentally appropriate
handling of solid waste, including WEEE. Despite the advances promoted by legislation,
such as the creation of ecopoints and selective collection systems, it is not known for sure
whether the geographic distribution of WEEE collection points in the city of São Paulo is
influenced by the economic and social conditions of the regions served. Widanapathirana
et al. [6] mention that large metropolises, central regions, and higher-income areas tend to
concentrate a more robust collection and recycling infrastructure, while peripheral areas,
which often house more vulnerable populations, lack adequate access to these services.

Therefore, a more detailed examination of the socio-spatial dynamics influencing
WEEE collection infrastructure is both necessary and enriching for the development of
equitable and effective reverse logistics systems.

Published articles on the subject generally address the optimization of the reverse
logistics network for Waste Electrical and Electronic Equipment (WEEE), but they do not
apply computational techniques to investigate the influence of socio-spatial characteristics
on the distribution of WEEE collection points. In this context, some studies have applied
mixed-integer linear programming for the optimization of the collection network [7–16].
Some works have used multi-criteria linear programming to identify the optimal location
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for installing waste recycling facilities [17–19]. There are also studies that have utilized
discrete event simulation to optimize the WEEE transport network [20,21], works that
have applied linear and nonlinear optimization methods to minimize the total cost of the
WEEE recycling network [22], and studies that have employed stochastic programming to
minimize demand uncertainties for WEEE recycling by third-party recyclers to maximize
profit [23]. Finally, research applying metaheuristic methods and machine learning in
reverse logistics optimization tasks for WEEE can also be cited, as in the works [4,24–28].

As can be observed, there is a lack of studies aiming to investigate the relationships
between socio-spatial characteristics and the distribution of WEEE collection points, which
is important for several reasons. Understanding how these characteristics influence the
location of WEEE collection points in a megacity like São Paulo can help identify areas
with higher waste generation and, consequently, direct efforts to implement more effec-
tive collection policies in these regions. Moreover, analyzing these relationships allows
the identification of spatial patterns that may indicate socioeconomic or environmental
inequalities in the distribution of WEEE collection points, which is essential for promoting
environmental and social justice. Finally, comprehending these relationships can support
the planning of recycling companies, aiming at developing more sustainable and equitable
strategies for electronic waste management in the city of São Paulo and other locations.

Based on the above, this study aims to answer the following research questions: What
patterns can be identified in the relationships between socioeconomic variables, such as
income and education level, and the availability of WEEE collection points? Are there
inequalities in access to WEEE collection points in different regions of the city, especially
in areas of greater social vulnerability? How can the generated knowledge be used to
optimize the installation of new WEEE collection points?

The present study aims to investigate the relationships between the socio-spatial
characteristics of the city of São Paulo, Brazil, and the distribution of WEEE collection
points, with the intent of generating scientific knowledge that allows us to answer the
research questions and align with the United Nations’ Sustainable Development Goals
(UN SDGs). To this end, data mining (DM) techniques were employed to analyze a set
of public data about the city of São Paulo, including locations of WEEE collection points;
locations of other solid waste collection points (ecopoints), such as for small volumes of
rubble, pruning waste, used furniture, and recyclable materials such as paper, plastic,
glass, and metal; population data; and human development indices related to education
and income. Specifically, machine learning algorithms such as decision trees (DT) and
the Apriori algorithm were utilized to generate association rules representing patterns
that help explain the relationships between socio-spatial variables and the city’s WEEE
collection infrastructure.

2. Systematic Literature Review
The literature highlights the importance of collaboration among government, the

private sector, and consumers for effective e-waste management. Studies such as those
by Oliveira Neto et al. [4] and Jaiswal and Mukti [1] emphasize the need for integrated
policies involving different social actors, aiming to optimize reverse logistics and achieve
more efficient electronic waste management. The latter study underscores the critical role
of involving multiple stakeholders to overcome challenges associated with disposal and
recovery of valuable materials. Similarly, studies by Gaur et al. [3] reinforce the relevance
of sustainable management practices as part of a broader approach to achieve the UN
SDGs, noting that isolated actions are insufficient to mitigate the environmental impact of
electronic waste. In this regard, Liao et al. [29] proposed a collaborative network for reverse
logistics focusing on carbon neutrality, highlighting logistical efficiency and environmental
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sustainability. Additionally, Nikou and Sardianou [5] address the need for collaboration in
implementing policies that promote equity in access to WEEE collection points and e-waste
recycling, especially in vulnerable urban areas. These contributions demonstrate how
collaborative approaches and robust regulations are essential for structuring an effective
reverse logistics system [30,31].

The application of modeling, artificial intelligence (AI), and data analysis has been
widely discussed as a central strategy to optimize e-waste reverse logistics. Oliveira Neto
et al. [4] demonstrate the potential of AI in simulating scenarios and optimizing transporta-
tion routes and allocation of WEEE collection points, enhancing the operational efficiency
of the waste collection system. This use of AI allows for pattern identification and demand
forecasting, facilitating more strategic resource management. Other studies, such as those
by Weng et al. [32] and Koshta et al. [33], explore spatiotemporal modeling and alloca-
tion methods to improve electronic waste collection, offering valuable insights on how to
optimize reverse logistics. Moreover, Correia [34] and Doan et al. [35] present network
optimization approaches that are effective in high-density urban scenarios, where trans-
portation and collection efficiency is crucial. Additionally, Shevchenko et al. [36] propose an
intelligent e-waste system, integrating the supply chain with real-time data to manage and
predict electronic waste flows more efficiently. The use of these technologies enables precise
data analysis and more effective planning for e-waste collection and recycling systems [37].

Public awareness and consumer behavior play a decisive role in the success of e-waste
collection initiatives. Nowakowski et al. [38] and Mohamad et al. [39] discuss how the
accessibility of WEEE collection points and social behavior directly influence recycling
participation rates. These studies suggest that environmental education campaigns, coupled
with financial incentives, can increase public engagement, promoting more effective e-waste
collection and recycling. Other works, such as those by Shi et al. [40] and Gautam and
Bolia [41], corroborate the idea that financial incentives can be decisive in engaging the
population, especially in areas where e-waste collection is still limited. Additionally, Liu
et al. [42] and Jangre et al. [43] address the socioeconomic barriers that affect consumer
behavior, highlighting the importance of planning that takes into account inequalities in
access to these services in vulnerable regions. The study by Oliveira Neto et al. [4], by
quantifying and characterizing WEEE disposal in a middle-class region in Brazil, offers
insights into consumption and disposal habits, revealing that obsolescence and failures are
the main reasons for disposal, which emphasizes the need for an integrated approach to
the collection and recycling of these materials.

The transition to a circular economy is often cited as a solution for e-waste manage-
ment. Studies such as those by Ghisellini et al. [44] suggest that incorporating circular
economy practices into electronic waste management significantly contributes to reducing
its environmental impact by promoting the extension of product life cycles. Remanufactur-
ing and refurbishing of electronic components are highlighted by Brito et al. [45] and Guo
and Zhong [46] as fundamental strategies to reduce waste volume and preserve resources.
Additionally, Wang and Li [47] explore the optimization of reverse logistics network de-
sign for the e-waste value chain, emphasizing the importance of sustainable and efficient
configurations. Safdar et al. [48] and Duman and Kongar [49] suggest that integrating
Environmental, Social, and Governance (ESG) practices is essential to strengthen the value
chain and ensure the sustainability of waste management.

Despite the significant contributions of the reviewed studies to understanding the
challenges and solutions in electronic waste management, especially regarding multisec-
toral collaboration, the use of AI, and the promotion of circular economy practices, these
works do not address the distribution of WEEE collection points in a large metropolis like
São Paulo. The reviewed literature, although it broadly discusses the need for reverse
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chain optimization and consumer behavior, lacks analyses that detail the relationships
between socio-spatial variables and the electronic waste collection infrastructure using
methodologies such as data mining. Thus, the use of techniques like decision trees and
the Apriori algorithm for rule generation represents an original methodological contri-
bution, proposing a structured and interpretable way to explain how socioeconomic and
geographical variables impact the distribution of WEEE collection points. By employing
these advanced data analysis techniques to explore specific patterns in the city of São Paulo,
the present study offers insights that go beyond the conventional analyses presented in
the literature. In this sense, the study aims to provide a comprehensive view of the factors
that influence the distribution of WEEE collection infrastructure in densely populated
and socially diverse urban areas like São Paulo, bringing valuable contributions to the
development of public policies and urban planning strategies focused on sustainability and
socio-spatial equity.

3. Materials and Methods
This study builds a systematic literature review to frame the investigated field and

support the development and findings of our approach. Thus, in this section we first present
the procedures used to conduct the literature review. Next, we present the characterization
of the city of São Paulo, which represents the spatial scope of this study. Finally, we present
the procedures for data collection and analysis.

3.1. Procedures for Conducting the Literature Review

The literature review was conducted based on the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) methodology developed by Moher et al. [50].
This approach encompasses four main stages—identification, screening, eligibility, and
inclusion—structured through a diagram that ensures a rigorous analysis of bibliographic
sources, with clearly defined inclusion and exclusion criteria.

The adoption of the PRISMA methodology in this study reinforces the rigor, trans-
parency, and replicability of the systematic literature review, ensuring that the 26 selected
articles were filtered based on methodological quality and relevance to the research focus
on the addressed issue. Recognized internationally for its structured and comprehensive
approach, PRISMA offers advantages over other methods—such as Cochrane or Scoping
Reviews—by minimizing bias, enhancing reproducibility, and aligning well with studies
that analyze complex, multidimensional data [50].

A search string was formulated from a set of keywords, as shown in Table 1. The
search was performed within the titles, abstracts, and keywords of the following databases:
Scopus, Compendex, and Web of Science. These databases provide access to the latest
scientific and technological innovations, identify key academic references, and ensure that
the research is supported by accurate, complete, and high-quality data, aligning with the
state of the art in the topic investigated in this work.

Table 1. Set of keywords and search string used to conduct the literature review.

Set of
keywords

“electronic waste”, “e-waste”, “electronic scrap”, “waste electrical and electronic equipment”,
“WEEE”, “electronic rubbish”, “discarded electronics”, “reverse logistic”, “reverse distribution”,
“reverse supply chain”, “returns management”, “reverse flow logistics”, “backward logistics”,

“artificial intelligence”, “data analysis”, “data mining”, “machine learning”, “optimization”

Search
string

((“electronic waste” OR “e-waste” OR “electronic scrap” OR “waste electrical and electronic
equipment OR “WEEE” OR “electronic rubbish” OR “discarded electronics”) AND (“reverse logistic”
OR “reverse distribution” OR “reverse supply chain” OR “returns management” OR “reverse flow

logistics” OR “backward logistics”) AND (“artificial intelligence” OR “data analysis” OR “data
mining” OR “machine learning” OR “optimization”))
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The search in the databases resulted in 415 articles published in journals. Duplicate
articles and studies that did not address the application of computational techniques to
solve WEEE-related problems were excluded. This resulted in twenty-six articles whose
selection was based on inclusion and exclusion criteria that prioritized the degree of
alignment between the objectives of the studies and the focus of this research. Figure 1
presents a diagram based on the PRISMA method, indicating the four phases for conducting
the literature review, as well as the number of articles assigned to each stage.
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Figure 1. Steps for applying PRISMA in the literature review conducted in this study.

The reason for considering only the last 5 years in the literature review is related to the
recent evolution of public policies, environmental guidelines, and technological advances
aimed at the management of electronic waste and reverse logistics. In addition, the growing
availability of geospatial data and the improvement of socio-spatial analysis methods have
led to more updated and relevant approaches during this period.

3.2. Socio-Spatial Characterization of the City of São Paulo (Study Area)

The city of São Paulo, whose location is depicted on the map in Figure 2, has a
population of over 12 million inhabitants. It is one of the most important metropolises not
only in Brazil but also worldwide, playing a central role in economic, cultural, political,
and social spheres. São Paulo is a true convergence center of different ethnicities, cultures,
and ways of life [51]. Its economic relevance is evidenced by the presence of a wide variety
of industries, multinational companies, and financial institutions, significantly contributing
to the country’s development. However, São Paulo also faces socio-spatial challenges,
such as social inequality, urban segregation, lack of adequate housing, and insufficient
infrastructure. The coexistence of high-standard areas and deprived peripheral regions
reflects the socioeconomic disparities present in the city [52].
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The city is divided into 96 districts distributed across 5 zones, as illustrated in Figure 3.
The Central Zone is the pulsating heart of the metropolis, incorporating a series of socio-
spatial characteristics that reflect its historical, cultural, economic, and political impor-
tance [53]. This region is marked by architectural diversity, blending historical buildings
with modern skyscrapers and business complexes, and by an intense concentration of
commercial, financial, administrative, and cultural activities, making it a reference point for
both residents and visitors [51]. However, the Central Zone also faces socioeconomic and
urban challenges, such as the presence of populations in situations of social vulnerability
and a concentration of residents in precarious housing conditions [54].

The North Zone is a region marked by great socio-spatial diversity, encompassing
traditional and consolidated districts as well as peripheral districts undergoing urbaniza-
tion [53]. Districts like Santana, Tucuruvi, and Vila Guilherme have well-developed urban
infrastructure and are often associated with the city’s middle and upper middle classes [55].
However, in the more deprived peripheral districts, such as Brasilândia, Cachoeirinha,
and Jaçanã, urbanization is less consolidated, with precarious infrastructure, a deficit in
public services like health and education, and social problems such as unemployment and
violence [56].

The South Zone, while hosting affluent districts like Morumbi, Itaim Bibi, and
Moema—known for their quality of life, developed urban infrastructure, and presence of
green areas [55]—also faces challenges related to social inequality and lack of infrastructure
in some of its peripheral regions [51]. Districts such as Capão Redondo, Jardim Ângela, and
Grajaú have been facing problems like lack of basic services, urban violence, and difficulties
in accessing employment and education [56].
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The East Zone features older and consolidated districts like Tatuapé, Mooca, and
Belém, which have well-developed urban infrastructure and are often associated with the
city’s middle and upper middle classes [55]. However, in the more deprived peripheral
districts such as Itaim Paulista, Cidade Tiradentes, and Lajeado, urbanization is less consol-
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idated, with precarious infrastructure, a deficit in public services like health and education,
and issues of violence and lack of security [54,56].

The West Zone is a region that presents great socio-spatial heterogeneity, encompass-
ing affluent and valued areas such as the districts of Pinheiros and Perdizes, as well as
peripheral neighborhoods undergoing urbanization like Rio Pequeno, Jaguaré, and Ra-
poso Tavares [51,53]. This diversity is reflected both in the urban infrastructure and in the
socioeconomic and cultural conditions of its inhabitants [56].

3.3. Data Collection

The data used in this study were extracted from the GeoSampa [57] platform, ensuring
comprehensiveness and relevance for analyzing the socio-spatial characteristics of the city
of São Paulo. Further details on the data are provided in Appendix A.

A database was compiled for the districts of São Paulo, encompassing explanatory
(dependent) variables, including area (Area_km2), population (Pop), population density
(Pop_Dens), number of ecopoints (Num_Eco), and Human Development Indices related to
education (HDI_E) and Human Development Indices related to income (HDI_I), as well
as the number of WEEE collection points (Num_CPs). This latter variable represents the
response (independent) variable and was obtained from Oliveira Neto et al. [2]. Table 2
provides summary descriptions of the variables.

Table 2. Explanatory and response variables.

Variables Description Source

Ex
pl

an
at

or
y

Area_km2 Area in km2 of the district GeoSampa
Pop Number of individuals residing in the district GeoSampa

Pop_Dens Population density GeoSampa
Num_Eco Number of ecopoints present in the district GeoSampa

HDI_E Index representing the quality of education in the district GeoSampa

HDI_I Income dimension index, based on the per capita income
indicator of the district GeoSampa

R
es

po
ns

e

Num_CPs Number of WEEE collection points in the district Oliveira Neto et al. [2]

In the city of São Paulo, ecopoints and WEEE Collection Points (CPs) are distinct
structures aimed at the correct disposal of waste, but with different purposes. Ecopoints,
managed by city governments, are intended for the free disposal of small volumes of rubble,
pruning waste, used furniture, and recyclable materials such as paper, plastic, glass, and
metal. WEEE CPs, on the other hand, are exclusively for the collection of electronic waste,
such as cell phones, chargers, computers, and small appliances, promoting the environ-
mentally appropriate disposal of these materials. Both are important for environmental
preservation, but they serve specific types of waste. The spatial distributions of ecopoints
and WEEE collection points in the municipality of São Paulo are presented in Figure 4.

After downloading the data files, the information was consolidated into a single
spreadsheet and subjected to a preprocessing step that included standardization, organiza-
tion, and consistency checks to ensure data quality for analysis. Records containing missing
values or outliers were excluded. A portion of the resulting dataset is presented in Table 3.



Recycling 2025, 10, 77 10 of 21

Recycling 2025, 10, x FOR PEER REVIEW 10 of 22 
 

and metal. WEEE CPs, on the other hand, are exclusively for the collection of electronic 
waste, such as cell phones, chargers, computers, and small appliances, promoting the en-
vironmentally appropriate disposal of these materials. Both are important for environ-
mental preservation, but they serve specific types of waste. The spatial distributions of 
ecopoints and WEEE collection points in the municipality of São Paulo are presented in 
Figure 4. 

(a) ecopoints (b) WEEE collection points 

Figure 4. Spatial distributions of ecopoints and WEEE collection points in São Paulo city. 

After downloading the data files, the information was consolidated into a single 
spreadsheet and subjected to a preprocessing step that included standardization, organi-
zation, and consistency checks to ensure data quality for analysis. Records containing 
missing values or outliers were excluded. A portion of the resulting dataset is presented 
in Table 3. 

Table 3. Samples of data from districts. 

District Area_Km2 Pop Pop_Dens Num_Eco HDI_E HDI_I Num_CPs 
Água Rasa 7.18 84963 12313 0 0.7156 0.8046 0 

Alto de Pinheiros 7.46 43117 5600 0 0.845 1 0 
… … … … … … … … 

Vila Sônia 9.99 108441 10954 0 0.6999 0.8083 0 

3.4. Data Processing and Analysis 

This study employed the decision tree (DT) and the Apriori algorithm to explore and 
model the relationship between explanatory and response variables. Continuous-valued 
attributes were categorized following the methodology proposed in de Araujo et al. [58], 
with classes defined based on the frequency histogram of values. For example, the varia-
ble representing the number of WEEE collection points (Num_CPs) was categorized into 
the following classes: “Null”, “Low”, “Medium”, and “High”. The distribution of 
Num_CPs data across their respective classes is shown in Figure 5. 
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Table 3. Samples of data from districts.

District Area_Km2 Pop Pop_Dens Num_Eco HDI_E HDI_I Num_CPs

Água Rasa 7.18 84963 12313 0 0.7156 0.8046 0
Alto de

Pinheiros 7.46 43117 5600 0 0.845 1 0

. . . . . . . . . . . . . . . . . . . . . . . .
Vila Sônia 9.99 108441 10954 0 0.6999 0.8083 0

3.4. Data Processing and Analysis

This study employed the decision tree (DT) and the Apriori algorithm to explore and
model the relationship between explanatory and response variables. Continuous-valued
attributes were categorized following the methodology proposed in de Araujo et al. [58],
with classes defined based on the frequency histogram of values. For example, the variable
representing the number of WEEE collection points (Num_CPs) was categorized into the
following classes: “Null”, “Low”, “Medium”, and “High”. The distribution of Num_CPs
data across their respective classes is shown in Figure 5.

Table 4 presents the same data from Table 3 after normalization and categorization.
Table 5 shows the value intervals used to define the classes associated with the variables.
The variables Area_km2 and Pop were grouped into three classes (“Small”, “Medium”,
and “Big”). The variables Pop_Dens, HDI_E, and HDI_I were also categorized into three
classes, but with the labels “Low”, “Medium”, and “High”. Finally, the variables Num_Eco
and Num_CPs were categorized into four classes (“Null”, “Low”, “Medium”, and “High”),
with the “Null” class representing the absence of WEEE collection points.
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Table 4. Samples of categorized data from districts.

District Area_Km2 Pop Pop_Dens Num_Eco HDI_E HDI_I Num_CPs

Água Rasa Small Medium High Null High High Null
Alto de

Pinheiros Small Small Low Null High High Null

. . . . . . . . . . . . . . . . . . . . . . . .
Vila Sônia Medium Medium Medium Null Medium Medium Null

Table 5. Value intervals used to define the classes associated with the variables.

Null Low/Small Medium High/Big

Interval Amount
of Data Interval Amount

of Data Interval Amount
of Data Interval Amount

of Data

Area_km2 - - <8.45 32 >=8.45;
<12.49 32 >=12.49 32

Pop - - <84.467 32 >=84.467;
<128.519 32 >=128.519 32

Pop_Dens - - <7.497 32 >=7.497;
<12.157 32 >=12.157 32

Num_Eco 0 61 =1 8 >=2; <4 12 >=4 15

HDI_E - - <0.618 32 >=0.618;
<0.700 32 >=0.700 32

HDI_I - - <0.722 34 >=0.722;
<0.789 30 >=0.789 32

Num_CPs 0 29 =1 23 >=2; <4 25 >=4 19

The DT algorithm used in the computational experiments for data analysis was C4.5,
implemented as J48 in the WEKA software (https://ml.cms.waikato.ac.nz/weka, accessed
on 10 January 2025), which was utilized in this study. The objective was to investigate
how explanatory variables influence the number of WEEE collection points and to identify
patterns in the data. The DT was constructed using the preprocessed, normalized, and
categorized data comprising the training set, exemplified in Table 4.

The C4.5 algorithm was configured as follows: minimum number of instances per
node equal to 2 and minimum confidence factor for pruning set to 0.25. The information
gain measure was used as a criterion for defining the importance of the attributes in
the construction of the tree. Pruning helps to simplify the model, reducing the risk of

https://ml.cms.waikato.ac.nz/weka
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overfitting and improving the generalization capacity on unknown data. Regarding the
Apriori algorithm, only the association rules with a confidence factor of at least 50% were
considered in our study.

The adopted methodology enabled the exploration of complex relationships within
the analyzed data, generating valuable knowledge into the factors influencing the location
of collection points in São Paulo. These insights can inform decision-making in urban
planning and public policy.

Additionally, the Apriori algorithm was employed to generate association rules be-
tween explanatory and response variables, based on a confidence factor of 50%, a straight-
forward measure of a rule’s precision. Both the rules generated by DT and Apriori represent
patterns discovered from the analyzed data.

The interpretation of results produced by DT and Apriori is based on “IF...THEN”
rules. These rules were analyzed and, when possible, grouped to derive generalized, easily
readable patterns. DT-derived patterns were evaluated primarily for accuracy and the
Kappa index, while association rules were assessed based on confidence factor. Higher
values for these measures indicate greater consistency of the patterns described by the
rules. This approach facilitated the identification of patterns and insights that enhance the
understanding of how explanatory variables influence the distribution of WEEE collection
points in São Paulo.

A schematic diagram of the data mining approach proposed in our study is illustrated
in Figure 6.
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4. Results
This section presents the results of pattern discovery using decision trees (Section 4.1)

and the Apriori algorithm (Section 4.2).

4.1. Pattern Discovery Using Decision Trees (DTs)

According to Mitchell [59], among machine learning algorithms, decision trees (DTs)
can be considered simple yet effective for describing patterns. This is because each branch
of the tree produced during data classification represents a rule of the type IF...THEN. For
this reason, DT algorithms have been widely employed in classification tasks to predict
classes based on the values of attributes representing training examples.

In this study, a DT model was constructed to investigate how the socio-spatial charac-
teristics of São Paulo impact the number of WEEE collection points. The model construction
was based on the classification of the training set exemplified in Table 4, which synthesizes
the socio-spatial attribute values for the 96 districts of São Paulo.
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The tree generated by the C4.5 algorithm resulted in 27 leaves and a total size of 53
nodes, as illustrated in Figure 7.
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Regarding performance, the trained model achieved an accuracy of 81.25% and a
Kappa index of 74.71%, indicating good agreement for the classifier’s results. These
performance measures, illustrated in Figure 8, are calculated from the confusion matrix
presented in Table 6, which details the classification’s hits and errors. Figure 8, generated
by WEKA, also shows performance measures for each class.
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Table 6. Confusion matrix.

Classified as Real
ClassNull Low Medium High

27 1 1 0 Null
2 21 0 0 Low
7 3 13 2 Medium
1 0 1 17 High

From the confusion matrix, it can be highlighted that the model performed exception-
ally well for the “Null”, “Low”, and “High” categories but faced greater difficulty with the
intermediate category (“Medium”). This may be due to the range of values defining the
classes associated with the variables, as shown in Table 5. However, it is important to note
that these ranges were designed to balance the classes, aiming to reduce generalization
problems and biases.

Figure 8 confirms that the model achieved strong results for the “Null” and “Low”
classes, with accuracy rates (true positive rates) exceeding 0.9. However, for the “Medium”
class, the model exhibited its weakest performance (TP Rate = 0.520). Conversely, the false
positive rates (FP Rate) were relatively low for all classes, indicating a degree of stability
in the classification process, directly impacting the model’s overall accuracy (81.25%).
Furthermore, the high precision and ROC curve values close to 1 for all classes reflect the
model’s ability to effectively classify instances.

The patterns presented below, derived from the rules generated by the decision
tree, explain the relationships between socio-spatial variables and their impact on the
distribution of collection points across São Paulo’s districts. They can be utilized in planning
the installation of new collection points to optimize WEEE reverse logistics.

• Districts with low income and education indices (HDI_E and HDI_R), combined with
small areas, tend to lack WEEE collection points. This knowledge, extracted from
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the tree, may reflect limitations in infrastructure or investment priorities that do not
favor the implementation of collection points in certain areas. It may also indicate
inequalities in access to WEEE collection points, especially in socially vulnerable areas.

• It was observed that even in districts with higher income levels, the number of eco-
points and WEEE collection points can be limited. This highlights the importance of
studies focused on increasing accessibility to collection services.

• Populous districts with moderate ecopoint availability generally have an average
number of WEEE collection points. This indicates a relationship between population
size, solid waste recycling infrastructure (represented by the number of ecopoints),
and the availability of WEEE collection points.

• Districts with favorable socioeconomic conditions and robust solid waste recycling
infrastructure are correlated with higher numbers of WEEE collection points. This
suggests that a strengthened socioeconomic environment combined with significant
investments in ecopoints creates ideal conditions for promoting WEEE recycling.

Additionally, attributes related to income, education, and population were identified
as the most significant in determining patterns. This relative importance was defined based
on information gain, which is the measure employed by the C4.5 algorithm for decision
tree construction [59].

The knowledge produced by the DT model highlights how the socio-spatial char-
acteristics of São Paulo’s districts influence the availability of WEEE collection services,
providing valuable insights for implementing collection point location strategies and recy-
cling initiatives. This knowledge can further contribute to the development of urban and
environmental planning policies.

4.2. Pattern Discovery Using the Apriori Algorithm

As previously mentioned, the data were also analyzed using the Apriori algorithm,
which generates association rules that complement the patterns discovered by the DT. In
our experiments, we considered only association rules with a minimum confidence factor
of 0.5, as listed in Table 7.

Table 7. Association rules generated by the Apriori algorithm.

1 Area_km2 = Medium AND HDI_E _E = Medium AND HDI_I = Medium THEN
Num_CPs = Medium conf:(0.78)

2 Area_km2 = Medium AND HDI_I = Medium THEN Num_CPs = Medium conf:(0.67)
3 Area_km2 = Small AND Num_Eco = Null THEN Num_CPs = Low conf:(0.63)
4 Num_Eco = Null AND HDI_I = Medium THEN Num_CPs = Low conf:(0.58)
5 Num_Eco = Null AND HDI_I = Low THEN Num_CPs = Null conf:(0.52)
6 HDI_I = Low THEN Num_CPs = Null conf:(0.50)

The strongest rule (confidence factor of 0.78) suggests that districts with medium
HDI_E and HDI_I levels are highly likely to have a medium number of WEEE collection
points. This indicates a balanced relationship between the districts’ socioeconomic condi-
tions and the WEEE recycling infrastructure. On the other hand, the last two rules suggest
that districts where socioeconomic conditions and solid waste recycling infrastructure
(ecopoints) are poor generally lack WEEE collection points. This reinforces the fact that
areas with greater social vulnerability are more susceptible to inequalities in access to
WEEE collection points.

The rules generated by the Apriori algorithm, like those from the DT, reveal that
socioeconomic characteristics, particularly HDI_I, are crucial for studies focused on im-
proving WEEE reverse logistics infrastructure. The correlation between the absence of
eco-points (for general solid waste collection) and a low number of WEEE collection points
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underscores the importance of investing in basic disposal and recycling infrastructure in
São Paulo.

5. Discussion
The results obtained with the decision tree (accuracy of 81.25%, Kappa index of

74.71%), combined with those produced by the Apriori algorithm, reveal consistent patterns,
demonstrating the potential of the proposed approach to support the management of
the WEEE reverse logistics chain in São Paulo, particularly concerning the geographical
distribution of collection points. These findings reinforce the importance of data mining in
discovering patterns associated with the dynamics of WEEE collection point distribution.
Unfortunately, the lack of similar studies in the literature hinders a direct comparison of
the results obtained. Lv and Du [26] developed a spatial mathematical model based on
the Kriging method to predict the amount of WEEE returns in reverse logistics, but they
did not explore how factors such as income, education, population, area, and population
density influence the establishment of collection points.

This study contributes to the literature by addressing a gap: most research utilizing
computational techniques to support WEEE management does not explore social aspects.
Typically, these studies focus on economic optimization, such as minimizing transportation
distances for WEEE, as seen in the works of Oliveira Neto et al. [4]; Mar-Ortiz et al. [8];
Qiang and Zhou [9]; Elia et al. [10]; Bal and Satoglu [12]; Alumur et al. [13]; Gomes et al. [14];
Kilic et al. [15]; and Achilles et al. [18]. In contrast, this study applies data mining techniques,
including decision trees and the Apriori algorithm, to identify patterns that explain the
relationships between socio-spatial variables and WEEE collection infrastructure.

Thus, the findings of this research are significant, especially when considering a
complex megacity like São Paulo, with over 12 million inhabitants. The study explores the
relationship between the socioeconomic development of districts and the implementation
of recycling infrastructure, emphasizing the importance of public policies that integrate
these variables. It was observed that districts with lower socioeconomic development,
particularly low-income areas, tend to have fewer WEEE collection points, indicating that
these regions are often underserved in terms of the necessary infrastructure for effective
electronic waste management. Conversely, the presence of ecopoints and more favorable
socioeconomic conditions is associated with a greater number of WEEE collection points,
suggesting that investments in recycling infrastructure are particularly effective in districts
with stronger socioeconomic indicators.

This study also provides practical insights for WEEE management in organizational
settings, which is currently a governmental, industrial, and social challenge. The studies
of Yu and Solvang [17], Achilles et al. [11]; Achilles et al. [18]; and Shokohyar and Man-
sour [20] emphasize the importance of analyzing real-world data, not only to advance
theoretical knowledge but also to generate actionable insights for practical decision-making,
as suggested by Oliveira Neto et al. [4]. The knowledge produced by this research offers
substantial support for decision-making regarding the installation of new collection points,
taking into account the socio-spatial characteristics of the target areas.

Furthermore, the insights from this study have significant implications for the de-
velopment and urban planning of sustainability policies in São Paulo. They underscore
the necessity of a more targeted and contextualized approach to developing recycling
infrastructure, highlighting the importance of considering the specific characteristics of
each district. Strategies that promote equity in access to electronic waste collection points,
alongside efforts to increase community awareness and participation in recycling, can help
overcome existing barriers and enhance electronic waste management in the city.
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6. Conclusions
This study explored the application of data mining techniques to generate rules that

encapsulate knowledge explaining the relationships between socio-spatial characteristics
and the distribution of WEEE collection points in São Paulo. Through decision trees,
significant patterns and influential variables were identified in determining the number of
WEEE collection points, while the Apriori algorithm revealed robust associations between
explanatory variables and the availability of electronic recycling services. By combining
these data analysis techniques to explore specific patterns in São Paulo, the study provides
insights that extend beyond conventional analyses found in the literature and contributes to
the achievement of SDG 11 (Sustainable Cities and Communities) and SDG 12 (Responsible
Consumption and Production).

By identifying disparities in the location of collection points relative to areas with
greater socioeconomic vulnerability or population density, the study offers guidance for
public policies aimed at more equitable and accessible distribution. This fosters social
inclusion in WEEE management, encourages sustainable disposal and recycling practices,
reduces environmental impacts, and promotes a circular economy. Additionally, it raises
environmental awareness and strengthens cooperation networks among governments,
businesses, and communities, aligning with the principles of urban sustainability and
social justice.

Strategies informed by the analysis conducted in this study can provide promising
directions for improving the coverage and efficiency of electronic recycling services in
São Paulo, emphasizing the importance of data-driven and evidence-based approaches to
addressing contemporary environmental challenges.

The primary limitations of this study include the lack of higher granularity and more
up-to-date data. Future research should focus on replicating the proposed approach in
other Brazilian or international cities to verify the generalizability of the patterns and
associations found, incorporate additional variables—such as electronic waste flows and
local policies—to refine the prediction and association models, and combine the proposed
approach with optimization models to identify ideal locations for new collection points,
with the aim of minimizing costs while maximizing accessibility and the efficiency of WEEE
reverse logistics systems.

As a future research direction, this study proposes the optimization of the socio-
spatial coverage of electronic waste (WEEE) collection points, focusing on the equitable
redistribution of these points across the districts of São Paulo. This can be achieved
through the application of heuristic and metaheuristic algorithms, such as those employed
in [4,60–62], which have proven effective in solving complex optimization problems in
urban contexts.
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Appendix A
Data Description

The data used in this study refer to the districts of the municipality of São Paulo
and were extracted from the GeoSampa platform (https://geosampa.prefeitura.sp.gov.br/
PaginasPublicas/_SBC.aspx, accessed on 10 January 2025). This platform, maintained by
the São Paulo City Hall through the Municipal Department of Urban Planning and Licens-
ing (SMUL), serves as the city’s official geospatial data portal. It provides open access to a
comprehensive range of thematic layers, including all data used in our experiments. Data
can be exported in various structured formats, such as CSV, SHP, and GeoJSON, allowing
seamless integration into Geographic Information Systems (GIS) and data analysis tools.
For this study, district-level information on territorial area, population, population density,
number of ecopoints, and municipal development indices was extracted. After acquisition,
the data underwent a systematic cleaning and normalization process, including the removal
of duplicates and missing values, standardization of variable names, and categorization
into value ranges. The processed data were then aggregated into a single dataset.

The explanatory variables include: territorial area (Area_km2), which indicates the
geographic extension of each district; population (Pop), corresponding to the total number
of inhabitants; and population density (Pop_Dens), which expresses the average number of
people per square kilometer. The variable number of ecopoints (Num_Eco), representing
the locations designated for the proper disposal of solid waste such as rubble, recyclables,
and bulky items, was also included.

Additionally, the dimensions Education (HDI_E) and Income (HDI_I) from the Munic-
ipal Human Development Index (IDHM) were considered. HDI_E is calculated using a
weighted geometric mean of school attendance (weight 2/3) and educational attainment
(weight 1/3), while HDI_I is obtained from the per capita income indicator, using the
formula: [(observed value of the indicator − minimum value)/(maximum value − mini-
mum value)]. These dimensions directly influence factors such as technology consumption,
environmental awareness, and access to information, making them particularly relevant
for analyzing the relationship with WEEE collection points. The longevity dimension
(HDI_L), although part of the overall IDHM, was excluded from this study as it is more
closely related to health and sanitation and less relevant to electronic waste behavior and
infrastructure access. It should be clarified that the IDH_M corresponds to the geometric
mean of the IDH_E, IDH_I, and IDH_L indices, with equal weights.

The data related to the WEEE collection points were provided by [2]. The number of
collection points (Num_CPs) was considered as the response variable in this study. These
points, distinct from traditional ecopoints, are designated exclusively for the disposal of
electronic equipment such as cell phones, chargers, computers, and small appliances. While
ecopoints are managed by municipal governments and accept various types of solid waste,
WEEE collection points specifically promote the environmentally appropriate disposal of
electronic waste. Both systems are important for environmental preservation but serve dif-
ferent types of waste. It is suggested for future research the socio-environmental evaluation
of the adoption of reverse logistics, using Material Intensity Factor, as used [63,64].
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