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In Peru, solid waste accumulation has been constant for decades and impacts 72% of local
governments, affecting 42% of the population. These numbers show new tools are required to
better understand this phenomenon and develop appropriate mitigation methods. In this light,
this research proposes an exploratory analysis of the study population against the accumulation
of solid waste. For this, the study proposes the segmentation of a specific population through
a set of social indicators grouped into three categories of analysis (i.e., sociocultural,
sociodemographic, and socioeconomic) and, in turn, assess the geographic proximity between
each group of people segmented according to the parameters used for this study, and the
informal points of accumulation of MSW. To segment the study population, an unsupervised
classification model (i.e., K-means) was used. For methodological purposes, the Puente Piedra
district was chosen as a case study. The results show that the predominant population is framed
between the ages of 36 to 45, with an intermediate educational level (i.e., secondary school)
and an approximate monthly income of $ 300. In addition, the predominant family structure
includes up to four members living in the same household. Finally, it is observed that the
behavior of people who live close as neighbors is similar and is also related to the geographic
location of the dumps.
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1. INTRODUCTION

because of the lack of care-for-the environment culture. Based
on this last statement, an adequate understanding of the duties
and responsibilities as citizens towards nature will allow to
reverse situations that damage it [9].
Within this context, social indicators are the main
disseminators of information to guide political actors in
decision-making [10], and there is a great variety of indicators
related to environmental monitoring, however, it is difficult to
have parameters that directly evaluate the relationship between
social behavior and the environment itself [11]. This makes it
important to select correct indicators that are easy to
implement and replicate in other study areas so that it can
constitute a fundamental step in the construction of a robust
tool that allows direct or indirect assessment of environmental
impacts [12]. Furthermore, to understand the complexity of the
generation/accumulation of MSW it is necessary to consider
citizen participation as a determining factor in reducing MSW
production [13].
On the other hand, in an effort to understand the nexus
between the accumulation/generation of MSW and the
behavior of citizens, various researchers proposed strategies to
try to explain and understand the reason for this phenomenon.
For example, in Colombia and Mexico a nexus was
determined between the financial aspect and the generation of
MSW are directly proportional, that is, the higher the income,
the higher the consumptions levels and therefore the greater
the amount of waste is generated [14, 15]. In this regard,
Alhassan and colleagues [16] argue that dwellings are one of
the main sources of MSW. On the other hand, in Palestine, Iran
and Africa, the MSW generation process was proposed

The rapid and unplanned demographic growth of the
communities, added to the lack of care-for-the-environment
culture, have contributed to the increase in the generation of
municipal solid waste (MSW) [1] since it causes more people
with this mindset to damage the environment and there are
barely any tools currently to avoid this damage in the long term.
According to Kaza and colleagues [2], 90% of this waste ends
up in informal dumps and is later burned in the open or
accumulated in public spaces, generating pollution in the
environment. In Peru, the generation of MSW reaches
approximately 7 million tons per year and 45% of these end up
in informal dumps or as piles of garbage in public spaces
affecting the environment [3], becoming one of the problems
of greater relevance in this country according to the
government [4, 5].
In this sense, it is necessary to understand the synergy
between the natural environment and individual behavior
towards the latter so that they are seen as a unit [6].
Understanding the behavior of an individual towards the
natural environment implies studying their perception and
learning process from the established social construct, based
on personal experiences and behaviors of the social structure
to which they belong [7], then this behavior is adopted by the
individual if they agree with the dominant accepted social idea
of it, assuming environmental attitudes that in other cultures
may be classified as improper or negative [8]. The field work
carried out in this study finds that the individual behavior
towards the natural environment is seen as negative in general

875

through the economic and cultural characteristics of the study
area [17-19]. In addition, Brown [20] points out that a resilient
culture committed to caring for the built environment would
mean a possible decrease in the generation of MSW.
However, these proposals to slow down MSW production
are not being the most optimal since the amount of waste
generated exceeds the management model that municipalities
have for its transfer and disposal [21, 22]. These results leaded
to find new ways to achieve an adequate management of MSW
taking into consideration demographic, economic and cultural
aspects to propose efficient solutions regarding the mitigation
of MSW generation/accumulation [23, 24]. The
sociodemographic component will help for the influence
existing in the expansion, exploitation and use of the built
environment by residents on the accumulation of MSW to be
understood [12, 25]. Meanwhile, the socioeconomic
component will allow the different consumption patterns
associated with the monthly economic income to be
understood in light of the phenomenon studied [26, 27].
Finally, the sociocultural component will associate the
customs and behaviors of the sector with the level of
awareness regarding the accumulation of MSW [28-30].
This project will focus on these new approaches; therefore,
the project's general objective is to describe and segment a
certain population through social indicators to better
understand the nexus between the generation/accumulation of
MSW and the behavior of the residents of the study area
towards the natural environment. To do so, we developed a
methodology framework that combines the three categories
previously mentioned (i.e., sociodemographic, socioeconomic,
and sociocultural factors) into a unique database that allows
having a general vision of the current situation in the case
study. Unlike previous methods, we not only put the attention
on socioeconomic aspects but also put the attention on all
relevant community descriptors. In addition, we consider a
single dwelling as a measure of unity. Likewise, considering
the need to prioritize sectors within the same community,
various machine learning techniques have been used for this
purpose. For example, in China they developed a regression
model and structural equations to segment the behavior of
residents in terms of MSW classification and its subsequent
recycling through a social and individual approach [31]. Also,
in Ukraine a K-means model was used to segment people
based on their behavior in terms of different stimuli (e.g., sport,
entertainment, etc.) [32] these studies prove that the
segmentation of residents is essential to find the perception
and attitudes towards the environment of each individual [33,
34].
It is important to mention that the machine learning
approach as a logistic regression, artificial neuronal network,
support vector machine, random forest among others, has
significant benefits to forecast the MSW generation due to the
characteristics of them but it requires an important number of
observations and is more recommended to apply them on
extensive territories (e.g., regional, and/or national scales).
Also, it is possible to face some issues as overfitting,
unbalanced classes, or lack of information. In this sense, the
method that we propose (K-means) fits in the territory scale
(i.e., district scale) chooses and works better with the
information that we have collected (i.e., 148 observations).
Consequently, this project will use the K-means algorithm
to segment similar behaviors by associating their
characteristics, which will allow the recognition of general
patterns in the study area. This unsupervised classification

model was chosen because of its simplicity and effectiveness
in implementation [35, 36].
2. METHODS
Figure 1 shows the methodological framework designed
with the objective of exploring the nexus between the social
behavior of residents and the generation/accumulation of
MSW. This section also presents relevant information about
the case study and the machine learning approach used.

Figure 1. Methodological framework
2.1 Data gathering
The lack of primary and specific information on the
generation of MSW in a given community brings with it some
limitations in decision-making [37], therefore, this study takes,
as a starting point, the research carried out by Izquierdo-Horna
colleagues, which offers a set of potentially viable social
indicators to identify sectors prone to MSW accumulation [38].
The selected indicators are shown in Table 1.
Table 1. Matrix of social indicators based on IzquierdoHorna and colleagues [38]
Categories
Sociodemographic
factors
Socioeconomic
factors
Sociocultural
factors

Social indicators
Age
Education level
Household population density
Land use
Consumption patterns
Existence of ambulatory trading
Monthly salary
Custom
MSW management awareness
Participation in MSW management training

Then, based on these indicators, we developed some
descriptors for them (Table 2) and then developed a survey
that was applied to the study area. The objective of this survey
was to know the sociodemographic, socioeconomic, and
sociocultural reality of the analyzed context. For an
observation to be valid, the participant of the survey had to be
the head of the household or, failing that, be older than 15
years of age, having as a sampling unit a household delimited
by lot. The field work was carried out by the authors of this
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project following the recommendations of the National
Institute of Statistics and Informatics (INEI) [39, 40]. Finally,
to collect the greatest amount of data, a comprehensive
mapping of the study area was carried out.

used to segment the population described above according to
their social categories (i.e., sociodemographic, socioeconomic
and sociocultural). This technique consists of determining “k”
groups among the data [41]. For this, the “k” centroids are
calculated and then each observation is grouped into the
cluster that has the closest centroid. The method that we will
use to define the distance to the closest centroid is the
Euclidean distance [42]. This iterative process will conclude
when the sum of the distances between each observation and
the centroid of the cluster is minimized [43]. Due to the nature
of the information, it was necessary to carry out a prior
analysis of each variable (social indicator) to confirm whether
said variable contributes to the segregation of the observations.
As a result of this analysis, the variables considered for the
study were: age, land use, population density, average monthly
income and patterns of consumption. Additionally,
considering the nature of the data, it was necessary to convert
categorical variables into numerical variables. Finally, the
“elbow” method was used to calculate the optimal number of
groups. This technique consists in determining the value of "k"
that achieves that an increase in "k" does not substantially
improve the distances of the observations to their respective
centroid [44].

Table 2. Structured survey adapted from Izquierdo-Horna
and colleagues [38]
Social indicator
Age

Education level

Land use
Household population
density

Monthly salary

Consumption patterns
Existence of ambulatory
trading
Custom
MSW management
awareness
Participation in MSW
management training

Description
(4) 15 to 25 years old
(3) 26 to 35 years old
(2) 36 to 45 years old
(1) 46 years old or more
(4) None
(3) Primary
(2) Secondary
(1) Academic/technical
(3) Business
(2) Multi-family house
(1) Single-family house
(4) 10 inhabitants or more
(3) 7 to 9 inhabitants
(2) 5 to 6 inhabitants
(1) 1 to 4 inhabitants
(4) S/ 3001 or more
(3) S/ 2001 - S/ 3000
(2) S/ 1001 - S/ 2000
(1) S/ 0 - S/ 1000
(4) Daily
(3) Weekly
(2) Fortnightly
(1) Monthly
(2) Yes
(1) No
(1) Litters in public spaces
(0) Does not litter in public spaces
(2) No
(1) Yes
(2) No
(1) Yes

2.3 Description of the case study
The Puente Piedra district (71.18 km2) is located in the
northern part of the province of Lima and has a population of
approximately 355 thousand inhabitants [45]. It is the sixth
district with the highest accumulation points for municipal
solid waste [1], generating more than 100 tons of MSW per
day [46]. In addition, according to INEI [47], the population
in the district of Puente Piedra is distributed among families of
up to 4 members, where approximately 50% are between 18
and 44 years of age. Puente Piedra is also considered one of
the four poorest districts in Lima-Peru, with a monthly income
of less than $300 [48]. For methodological purposes, this
research focused on the Santa Juana de Copacabana and
Frutales del Norte - Etapa I, associations both located in the
village of Copacabana. The geographical location is shown in
Figure 2.

2.2 Machine learning approach: K-means
The K-Means unsupervised classification algorithm was

Figure 2. Associations of interest: Santa Juana de Copacabana & Frutales del Norte - Puente Piedra
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3. RESULTS

segregated according to the variable “custom”; where, “0”
means that the participant waits for the garbage truck to arrive
and “1” means that they do not do so or litters in public spaces.
On the other hand, from the implementation of the
unsupervised K-Means classification algorithm (elbow
method), it was obtained that the optimal number of groups to
identify was three and all of them share, for the most part, a
population with an age range between 36 to 45 years old living
in single-family houses, between 1 to 4 (group 1, 3) and 5 to 6
inhabitants (group 2). However, groups 1 and 2 show an
approximate monthly income of $500 and follow a daily
consumption pattern. Meanwhile, group 3 shows an economic
income of $300 with a biweekly consumption pattern. Finally,
Figure 4. shows the spatial segmentation of the population
who participated in the survey and the MSW accumulation
points previously identified in the field work.

The information collected in the case study is made up of
148 observations obtained from the surveys carried out on
each lot (i.e., Santa Juana de Copacabana Association (109)
and Los Frutales del Norte I Association (39)). After data
processing, it was obtained that the predominant population
profile is between 36 and 45 years old with a degree of
instruction equivalent to high school. They live, for the most
part, in single-family houses with up to 4 inhabitants.
Regarding the socioeconomic issue, monthly household
income is around $300 and, at the same time, they show a
pattern of daily consumption. Finally, regarding the
sociocultural dimension, the participants mostly state that they
are unaware of policies related to MSW and do not participate
in any training on it. Figure 3. shows the results obtained,

Figure 3. Composition of the chosen population segregated in the variable "custom" (0: Does not litter in public spaces; 1: Litters
in public spaces)

Figure 4. Spatial segmentation of the groups identified with the K-Means algorithm and MSW accumulation points
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4. DISCUSSION

population based on its social indicators regarding the
accumulation/generation of municipal solid waste. For this,
information was collected using structured surveys. Once the
information was compiled and processed, an unsupervised
classification algorithm (i.e., K-Means) was used to analyze
the segmentation of the population based on their social
behavior regarding the generation of accumulations of solid
waste located near the households that were studied. In this
way, a comprehensive overview of the social, economic, and
demographic situation of the studied sector is provided, along
with an unsupervised classification method that allows
adequate management of the available information.
From the analysis carried out, three segmentations were
obtained where it can be inferred that group 1 are people with
medium-high economic income (i.e., $500 per month) who
wait for the garbage truck to arrive. Group 2 are upper-middle
income people who may not wait for the garbage truck or litter
in public spaces. Finally, group 3, people with low incomes
(i.e., $300 a month) who do not wait for the garbage truck.
On the other hand, it is necessary to consider that the
inferences obtained present a certain level of uncertainty
associated with the size of the sample, the pre-processing of
the categorical variables and the spatial coverage of the study
area. Despite this, the segmentation into the three indicated
groups represents a potential tool in solid waste management
for decision makers, since targeting sectors with harmful
customs to the environment can improve ─in the long term─
the decrease in the generation of garbage.
Finally, we consider that this methodology can be
reproduced in different sectors within the national territory
because the parameters used in this study are consistent with
most of the criteria used by governmental and nongovernmental organizations at the time of the preparation of
national censuses. However, we recommend that, for better
results, it is necessary to increase the number of observations,
which gives greater relevance to the following indicators: age,
land use, population density, monthly income and
consumption pattern.

From the results obtained, it can be observed that the study
associations show not only a similar behavior around the
generation of MSW, but also share a profound lack of
knowledge about environmental policies that help mitigate
their generation and accumulation. This can be understood by
doing an analysis of the behavior of people in interaction with
society, highlighting that an inherited collective cultural
perspective allows establishing values that predominate in
individual behavior, adopting it as their own [9, 27] also,
considering the whole as a social unit, the individual behavior
that is assumed can directly affect the global system [6, 8, 31].
In addition, this homogeneity in the behavior and
population profile of the 3 groups previously identified with
the K-means can also be attributed to the similar social
characteristics of the Puente Piedra district [47, 48]. This
scenario causes that the groups obtained in a delimited sector
are not well defined. On the other hand, starting from the
premise that social indicators allow evaluating the reality of a
certain population in terms of a certain problem [49], using this
tool will make it possible to develop strategic plans and
facilitate decision-making by the authorities that are
responsible [10].
Thus, of the three groups obtained as a result of the
implementation of the K-Means, it can be observed that there
is no noticeable difference between their attributes.
Additionally, as the area of the study area and the collected
sample are very small, it causes neighboring lots to have a
spatial correlation of their attributes. On the other hand,
regarding the spatial segmentation of the groups, it is observed
that there is a certain closeness between the garbage dumps
and the households belonging to group 2 which, according to
its composition, is based on inhabitants with families made up
of 5 to 6 members with an average income of $500 with a daily
consumption pattern. However, a correlation between these
observations cannot be asserted due to the variability
associated with the reduced sample, although it confirms some
of the authors' judgments (e.g., the higher the income, the
family members and the frequent consumption pattern, the
greater the probability of generation/accumulation of MSW).
Finally, regarding the social indicators used: age, land use,
population density, monthly income and consumption pattern,
they contributed a greater capacity for segmentation, unlike
the other dichotomous indicators (i.e., existence of street
trading, knowledge of policies related to MSW management
and attendance to related training in this regard). In relation to
this, the indicator "custom" was not considered within the
unsupervised grouping carried out by K-Means, since it would
imply redounding to the objective of this project. However,
once grouping was done, the usual patterns of each group were
observed. It is important to mention that, despite the fact that
other researchers relate higher generation of MSW to higher
economic income [14, 15] group 3 of our segmentation would
be contradicting this hypothesis. This could be due to the
social construct established in the community and to the
informal activities that the population has been carrying out
illegally [46, 50, 51]. However, the small size of group 3 (with
21 samples) creates uncertainty in the latter statements.
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