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Abstract

The rapid growth of organic waste volumes in urban areas and increasing environmental
pressures necessitate the transition toward sustainable and risk-informed municipal waste
management systems. This study aims to develop a data-driven decision support frame-
work for the risk-informed management of municipal organic waste within the context of
sustainable urban development. The proposed approach integrates multi-source munic-
ipal data, advanced preprocessing techniques, entropy-based feature weighting, and an
ensemble of machine learning models, including Random Forest, Gradient Boosting, and
XGBoost. An integrated environmental risk index is formulated to quantify the state of the
waste management system and to support predictive analytics. The results demonstrate
high predictive performance and reveal that key risk drivers include demographic pres-
sure, transport accessibility, infrastructure characteristics, and seasonal variability of waste
generation. The developed framework enables the integration of predictive risk analytics
into municipal decision support systems, facilitating optimized waste collection logistics,
infrastructure planning, and early identification of critical conditions. The findings confirm
that data-driven approaches can significantly enhance the efficiency and adaptability of
urban waste management systems. The proposed framework contributes to sustainable
urban development by supporting circular economy principles and enabling proactive,
risk-aware governance of municipal organic waste systems.

Keywords: municipal organic waste; environmental risk assessment; machine learning; decision
support system; data-driven analytics; circular economy; sustainable urban development; smart
city; risk index; geospatial analysis

1. Introduction

Urban areas account for a significant share of global resource consumption, infrastruc-
ture demand, and environmental risks, making sustainable urban development a critical
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priority for modern societies. In this context, the transition toward data-driven gover-
nance and digital transformation of urban services has become an essential component of
sustainable development strategies [1,2]. In particular, the integration of heterogeneous
data sources, transparent performance indicators, and intelligent decision support systems
(DSS) enables municipalities to improve the efficiency, adaptability, and resilience of urban
infrastructure under conditions of uncertainty [1,3,4].

Solid waste management systems, especially those dealing with organic waste, repre-
sent one of the most sensitive and complex elements of urban infrastructure. Inefficiencies
in waste collection, transportation, and monitoring can lead to increased methane emissions,
environmental degradation, and overload of logistical systems [5-7]. At the same time,
organic waste constitutes a valuable resource within the framework of the circular economy,
offering opportunities for biogas production, energy recovery, and material reuse [8,9].
The dual role of organic waste as both an environmental burden and a secondary resource
highlights the necessity of integrated sustainability-oriented management strategies.

In practice, municipal organic waste management systems rely on coordinated opera-
tions involving collection networks, transportation routes, and treatment infrastructure.
Their performance depends on the synchronization of operational processes, the ability to
respond to seasonal fluctuations, and the availability of monitoring tools for environmental
and technological indicators [10]. However, traditional management approaches are often
reactive, limiting their ability to anticipate risks and adapt to dynamic urban conditions.

Recent advances in machine learning, big data analytics, and Internet of Things (IoT)
technologies have significantly expanded the capabilities for monitoring and optimizing
urban services, including waste management [2,4,10]. Some studies emphasize techno-
logical innovations and smart infrastructure, while others focus on predictive modeling
and algorithmic performance. However, these approaches often remain fragmented, lack-
ing integration into a unified framework that combines data acquisition, risk assessment,
predictive analytics, and decision-making processes [1,10]. Moreover, there are diverging
perspectives in the literature regarding whether technological optimization alone is suffi-
cient or whether integrated, risk-informed governance frameworks are required to achieve
sustainable outcomes [8,11].

Therefore, there is a clear need for comprehensive approaches that integrate data-
driven analytics with decision support mechanisms to enable proactive and risk-informed
management of municipal waste systems. Such approaches should not only improve
prediction accuracy but also ensure practical applicability in real-world governance and
infrastructure planning.

This study aims to develop an integrated, data-driven, and risk-informed decision-
support framework for sustainable municipal organic waste management. The proposed
approach combines multi-source municipal data, entropy-based feature weighting, and
ensemble machine learning models to support predictive environmental risk assessment
and informed decision-making.

The scientific novelty of this study lies in the development of a unified data-driven
digital framework that integrates entropy-based feature relevance assessment, risk index
formulation, and ensemble-based predictive analytics within a single analytical architecture.
Unlike existing approaches, which typically consider data analytics, risk assessment, and
decision support as separate components, the proposed framework ensures their systematic
integration and enables a transition from static, expert-based evaluation to adaptive, risk-
oriented management supported by continuous monitoring and predictive capabilities.

From a theoretical perspective, the proposed framework extends existing research on
smart waste management by introducing a unified risk-oriented analytical architecture
in which environmental risk is treated as a dynamic and predictive variable rather than

https://doi.org/10.3390/su18125862


https://doi.org/10.3390/su18125862

Sustainability 2026, 18, 5862

3 0f 36

as a retrospective indicator of system performance. Unlike prior studies that separately
address IoT monitoring, circular economy governance, machine learning prediction, or
multi-criteria evaluation, the proposed approach formalizes their interaction within a
closed-loop structure integrating data acquisition, entropy-based feature relevance assess-
ment, predictive modeling, and decision-support mechanisms. This enables a transition
from fragmented operational analytics toward adaptive and risk-informed governance of
municipal organic waste systems under conditions of spatial and temporal uncertainty.

The main contributions of this study include the development of an integrated digital
framework for waste management, the formulation of an entropy-based environmental
risk index, the application of ensemble machine learning models for risk prediction, and
the integration of predictive analytics into a DSS for municipal governance. The results
demonstrate that the proposed framework enables accurate risk forecasting and supports
proactive management strategies, contributing to the implementation of circular economy
principles and sustainable urban development. The main scientific contributions of this
study can be summarized as follows:

(1) The development of a unified data-driven framework integrating risk assessment,
predictive analytics, and municipal decision support;

(2) The formalization of an entropy-weighted integrated environmental risk index for
municipal organic waste systems;

(38) The integration of heterogeneous socio-economic, environmental, infrastructural, and
temporal data into a single analytical architecture;

(4) The implementation and comparative evaluation of ensemble machine learning mod-
els for predictive risk assessment;

(5) The incorporation of predictive outputs into a risk-informed DSS for proactive munic-
ipal waste management.

The remainder of this paper is organized as follows. Section 2 presents the literature
review and identifies the research gap. Section 3 describes the methodological framework,
study area, data structure, preprocessing procedures, and predictive modeling approach.
Section 4 presents the experimental results and comparative analysis of machine learning
models. Section 5 discusses the implications of the proposed framework for sustainable
and risk-informed municipal waste management. Finally, Section 6 summarizes the main
conclusions and outlines directions for future research.

2. Literature Review and Research Gap
2.1. Smart City Infrastructure and Digitalization of Waste Management

Within the smart city paradigm, the digitalization of waste management systems is
increasingly interpreted as a transition from traditional operational logistics to data-driven
management, where decisions are based on telemetry streams, service event logs, and
integrated analytical platforms [1,2,11]. Such an approach enables the transformation of
municipal waste systems into dynamic, data-intensive environments capable of real-time
monitoring and adaptive control.

Practical implementations of smart waste management include the deployment of
IoT-enabled containers, LPWAN communication technologies, smart routing algorithms,
and integration with intelligent transportation systems (ITS). These technologies allow mu-
nicipalities to monitor the temporal dynamics of waste accumulation, optimize collection
schedules, and reduce inefficient operations such as empty vehicle trips [12,13]. As a result,
digitalization contributes not only to cost reduction but also to improved service efficiency
and resource utilization.

Another important research direction involves the use of cyber-physical systems and
multi-agent simulation models, which reproduce complex interactions between waste
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generation processes, container networks, transportation logistics, and infrastructure
capacity [14]. These approaches enable the analysis of system behavior under varying
conditions and provide insights into the dynamic nature of urban waste systems.

However, despite the significant progress in the digitalization of waste management,
most existing studies primarily focus on operational optimization and infrastructure effi-
ciency. The potential of digital technologies for predictive risk assessment and integration
into DSS remains insufficiently explored. In particular, risk factors such as container
overflow, infrastructure overload, and seasonal demand fluctuations are often treated as
operational incidents rather than as predictable and manageable variables. This limitation
reduces the ability of smart waste systems to support proactive and sustainability-oriented
urban governance.

2.2. Governance and Circular Economy in an Urban Context

In the urban context, the circular economy is increasingly conceptualized as an insti-
tutionally managed transition that requires coordinated interaction among stakeholders,
regulatory frameworks, and territorial systems [15]. This transition extends beyond techno-
logical implementation and involves the alignment of governance mechanisms, economic
incentives, and societal behavior. To support this process, the concepts of «circular cities»
and progress monitoring frameworks have been developed, emphasizing the importance
of measurable indicators, policy coherence, and long-term strategic planning [16-18].

Recent studies highlight that, despite the availability of advanced technological so-
lutions, many urban strategies fail to adequately account for the social and institutional
dimensions of circular transitions. In particular, insufficient attention is given to the feasi-
bility of waste reuse practices, public acceptance, and the distribution of economic benefits
among stakeholders [19]. This indicates that circular economy implementation cannot be
reduced to infrastructure modernization alone, but requires a comprehensive governance
approach that integrates social, economic, and environmental factors.

Comparative analyses of circular economy policies in European cities reveal significant
heterogeneity in implementation strategies. While some municipalities prioritize infrastruc-
ture development and technological modernization, others focus on regulatory instruments
and incentives aimed at supporting local value chains and resource circulation [20]. At the
international level, frameworks such as those proposed by the OECD formalize the transi-
tion to circular urban systems through the integration of governance structures, economic
policies, and performance evaluation mechanisms [21].

For the organic fraction of municipal waste, policy-oriented roadmap approaches
play a crucial role. These approaches combine strategies for household waste utiliza-
tion, development of processing infrastructure, and the definition of circularity sce-
narios aligned with sustainability objectives. For the organic fraction of waste (bio-
waste), policy-oriented roadmap approaches are relevant, combining practices for the
use of household waste [22,23], processing infrastructure [24,25], and circularity scenario
requirements [26,27]. However, despite the strategic orientation of these frameworks, their
practical implementation is often limited by the lack of integration with real-time data,
predictive analytics, and operational decision-making tools.

Thus, while governance-oriented circular economy models provide a strong concep-
tual foundation for sustainable urban development, they frequently lack the analytical
and technological components necessary for dynamic, data-driven, and risk-informed
management. This limitation highlights the need for integrated frameworks that bridge the
gap between high-level policy design and operational decision support in municipal waste
management systems.
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2.3. Decision Support Systems Focused on Risk Assessment and Multi-Criteria Decision-Making
in Waste Management

The development of DSS in municipal solid waste (MSW) and organic waste manage-
ment has evolved from simple technology selection tools to more advanced multi-criteria
decision-making (MCDM) frameworks that incorporate environmental, economic, and
social objectives [28,29]. These approaches reflect the increasing complexity of waste man-
agement systems and the need to balance multiple, often conflicting, sustainability criteria.

Among the most widely used methods, MCDM techniques such as the Analytic Hierar-
chy Process (AHP), Technique for Order Preference by Similarity to Ideal Solution (TOPSIS),
Data Envelopment Analysis (DEA), and their fuzzy extensions dominate in tasks related
to technology selection, facility location, and evaluation of alternative waste management
strategies [30]. These methods are particularly effective in handling uncertainty in criteria
definition and weighting, making them suitable for strategic planning under incomplete or
ambiguous information.

However, despite their methodological strengths, most MCDM-based DSS approaches
remain static in nature and are weakly connected to real-time operational data and tempo-
ral dynamics of waste generation and processing flows [31]. In practice, this limits their
ability to support adaptive decision-making in dynamic urban environments. Further-
more, many DSS implementations function primarily as expert-based evaluation tools
rather than as data-driven systems integrated with continuous monitoring and predictive
analytics [32-36].

Recent developments in decision support models have attempted to expand the ana-
lytical scope by comparing conventional waste management solutions, such as landfilling,
with innovative approaches, including biorefineries and integrated processing schemes,
while incorporating broader sustainability indicators and waste hierarchy principles [15,37].
Although these models provide valuable insights for long-term planning, they often lack
mechanisms for real-time data integration and do not explicitly treat environmental risk as
a quantifiable and forecastable variable.

Consequently, a significant limitation of existing DSS approaches lies in their insuffi-
cient integration with data-driven technologies and their limited capacity to formalize risk
as a central element of decision-making. This highlights the need for next-generation deci-
sion support frameworks that combine multi-criteria evaluation, real-time data processing,
predictive analytics, and risk-oriented modeling to enable proactive and sustainability-
driven management of municipal waste systems.

2.4. Using Artificial Intelligence and Big Data for Waste Forecasting and Scenario Modeling

In recent years, artificial intelligence (Al), machine learning (ML), and deep learning
(DL) techniques have been increasingly applied to municipal waste management tasks,
including waste generation forecasting, system performance evaluation, capacity planning,
and scenario-based decision support [22,29,38]. These approaches enable the identification
of complex nonlinear relationships between socio-economic, environmental, and infrastruc-
tural variables, thereby improving the predictive accuracy of waste management models.

Systematic reviews highlight the growing importance of ensemble models and deep
learning architectures in this domain. However, they also emphasize several critical
challenges, including limited reproducibility of results, low transferability of models across
different urban contexts, and the lack of standardized and interoperable datasets [39,40].
These limitations reduce the scalability and practical applicability of Al-driven solutions in
real municipal environments.

Although recurrent neural network architectures such as Long Short-Term Mem-
ory (LSTM) models are widely used for sequential forecasting tasks, the present study
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primarily focuses on a structured multifactorial dataset characterized by heterogeneous
socio-economic, spatial, infrastructural, environmental, and temporal variables. Therefore,
ensemble machine learning methods were selected as the core predictive models due to
their robustness in handling tabular heterogeneous data and nonlinear feature interactions.

Temporal dependencies and seasonal variability were partially incorporated into
the modeling framework through the inclusion of lag-based variables, rolling statistics,
and calendar-related temporal attributes. These engineered features enabled the ensemble
models to capture short-term temporal inertia and seasonal fluctuations in waste generation
dynamics without requiring fully sequential neural architectures.

Recent studies published in 20242025 further emphasize the growing role of spatio-
temporal artificial intelligence models and urban resilience analytics in sustainable city
management [41-45]. In particular, transformer-based forecasting architectures, graph
neural networks, and hybrid spatial-temporal deep learning models are increasingly used
for predicting dynamic urban processes, including infrastructure load, environmental
risks, and municipal service demand under uncertainty [41,42]. At the same time, urban
resilience research highlights the importance of adaptive digital infrastructures capable
of integrating heterogeneous real-time data streams and predictive analytics for proactive
risk mitigation and sustainable governance [43,44]. These developments demonstrate
the transition from static analytical systems toward adaptive, resilience-oriented urban
intelligence platforms [45].

For the organic fraction of waste, particular attention has been given to modeling
methane emissions and energy recovery potential. On the one hand, deep learning models
have been successfully applied to predict landfill gas generation and electricity output [46].
On the other hand, satellite-based monitoring approaches provide facility-level emission
estimates, revealing significant discrepancies and uncertainties in emission inventories [47].
This indicates that, despite technological advances, there remains a gap between analytical
capabilities and reliable operational implementation.

In the context of circular economy planning, system dynamics models have been used
to analyze the long-term effects of circular strategies on urban systems, while machine
learning-based scenario modeling has been incorporated into decision support frameworks
for sustainable planning [48,49]. Nevertheless, these approaches are typically developed
independently and lack integration into a unified analytical environment. As a result, their
practical use in real-world municipal governance remains limited.

A key limitation of current Al-driven approaches is the absence of integrated frame-
works that combine real-time data acquisition, predictive modeling, risk assessment, and
decision support within a single system. In particular, digital telemetry from smart infras-
tructure, circular economy objectives, risk metrics, and scenario-based forecasting are rarely
considered simultaneously. This fragmentation prevents the development of proactive,
adaptive, and sustainability-oriented waste management strategies.

Therefore, there is a clear need for unified data-driven analytical models that integrate:
o Digital telemetry from smart urban services;

e Governance and circular economy objectives;
e  Quantifiable and predictive risk metrics;
e Interpretable forecasting and scenario analysis tools.

Addressing this need is essential for enabling data-driven, risk-informed, and sustain-
able management of municipal waste systems.
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2.5. Research Gap

The analysis of contemporary scientific literature (Table 1) demonstrates that

three major research directions in municipal organic waste management have been

extensively developed:

e  Smart infrastructure and digital waste collection systems [1,2,12-14];
e  Circular economy governance and policy frameworks [16-18,20,21,25];
e  DSS and machine learning-based analytical approaches [30,31,37-40,48,49].

Despite the significant progress achieved within each of these domains, they have

largely evolved independently, resulting in a fragmented research landscape (Table 1).

Table 1. Method families aligned with the literature review.

Method Family Primary Outputs Core Inputs Strengths Limitations
. Digital architecture, Provides a Often lacks
Digital . conceptual . .
. data governance Service datasets, . formalized risk
transformation L foundation for ;
structures, and asset registries, e modeling and
frameworks for . building integrated . -
. Bl-enabled operational processes predictive analytical
municipal SWM [1,2] end-to-end
workflows . components
data pipelines
Optimized collection Enables operational Risk is typicall
IoT-based smart phumy . P ypieaty
operations, fill-level Sensor telemetry, efficiency treated as

waste systems
(LPWAN/ITS)
[12,13]

monitoring, service
performance
indicators

traffic information,
and routing datasets

improvements and
scalable service
management

operational incidents
rather than a
predictive metric

Multi-agent
simulation of smart
waste management

systems [14]

Operational
scenarios and policy
simulations

Behavioral rules,
agent parameters,
waste generation,
and collection
dynamics

Captures complex
system behavior and
dynamic interactions

Requires extensive
calibration and may
have limited linkage

with real-world
datasets

Circular cities:
conceptual

Circular economy
indicators, transition
pathways, and

Strategic plans,
policy documents,

Aligns circular
economy objectives

Provides limited
operational decision

frameworks and sustainability . with urban signals at the
o statistical datasets . .
indicators [16-18] assessment planning strategies process level
frameworks
Institutional Clarifies S .
o Governance . . Limited integration
Governance and coordination implementation . )
. ) ) frameworks, . with operational
policy analysis for mechanisms, mechanisms for

circular cities [19-21]

stakeholder roles,
policy instruments

regulatory, and
institutional datasets

circular economy
transitions

datasets and
predictive analytics

Organic-waste
transition roadmaps

Strategic roadmaps
towards circular

Regulatory
frameworks,

Provides actionable
policy-oriented

Limited
incorporation of
data-driven

(EU pathways) organic waste infrastructure data, transition pathwavs analytical and risk
[25,50] management and best practices p y evaluation
components
DSS and MCDM Ranking of C . Typically, static;
approaches for technological inlc\l/ilélal’::)_::tee:aert deljifsfieggzizflz;n limited integration
technology and alternatives and ud men’;s aI; d under multi—crite%ia with temporal
routing decisions optimized Jude ! dynamics and IoT

[30,31,37,51-55]

collection strategies

weighting schemes

uncertainty

data streams
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Table 1. Cont.
Method Family Primary Outputs Core Inputs Strengths Limitations
AI/ML/DL reviews  Structured overview N Consolidates the Highlights issues
. iy . - Scientific - related to
in municipal solid of analytical S evidence base for .
publications, : transferability, data
waste management methods, tasks, and data-driven waste )
datasets quality, and
[39,40,55-57] research gaps management -
reproducibility
- Emission forecasting Strengthens the .
Emission and - . . ) Requires
) and detection of Field measurements, climate-risk L
methane modeling : S . harmonization of
discrepancies in operational datasets, assessment

spatial and temporal
scales across datasets

System dynamics
and scenario
planning for circular
economy
transitions [48]

Long-term policy
and strategy impact
simulations

System parameters,
feedback loops,
policy scenarios

Captures causal
relationships and
long-term trade-offs

Often relies on
generalized
assumptions with
limited operational
granularity

ML-based scenario
DSS for urban
planning [49,58]

Policy scenarios,
resilience
assessments,
predictive
decision support

Urban datasets
integrated with
predictive models

Enables
scenario-driven
strategic planning

Often not specifically
tailored to organic
waste systems, and
lacks a unified
data architecture

Table 1 highlights that existing method families differ substantially in their analyt-
ical focus, data requirements, and practical applicability. Digital transformation frame-
works and IoT-based systems provide a strong foundation for real-time monitoring and
operational optimization, yet they typically lack formalized risk modeling and predic-
tive analytical components. Circular economy and governance-oriented approaches offer
comprehensive strategic and policy-level guidance; however, they often fail to deliver
operational decision signals and lack integration with real-time data and analytical tools.
At the same time, DSS, MCDM, and machine learning-based models demonstrate strong
capabilities in evaluation, forecasting, and scenario analysis, but are frequently imple-
mented as standalone tools without integration into unified data architectures or municipal
information systems.

A critical limitation across these research directions is the absence of a unified frame-
work that systematically integrates data acquisition, predictive modeling, risk assessment,
and decision support. First, IoT-oriented studies primarily focus on service optimization,
while risk is typically treated as an operational outcome rather than as a predictive and
manageable variable [12-14]. Second, governance and circular economy research em-
phasizes policy design and indicator systems but lacks operational data infrastructures
capable of generating actionable risk signals for municipal management [19-21]. Third,
DSS and machine learning approaches are often disconnected from real-time telemetry
and from each other, limiting their applicability in dynamic urban environments [59-62].
Third, DSS/MCDM and ML models often exist as separate tools without a coordinated
data architecture and without a mechanism for integration with urban telemetry data and
event flows [15,30,31,37-40]. Although individual studies demonstrate the potential of
data-driven approaches, including machine learning, system dynamics, and distributed
digital registries, their practical implementation in the form of a unified risk-informed
platform for the organic fraction of municipal waste remains underdeveloped [48,59-63].
That is why it is advisable to use an approach where risk-oriented digital management of
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organic waste is implemented as an integrated data-driven model [64,65] that combines
data collection, intelligent forecasting, scenarios, and management decisions.

Furthermore, even emerging approaches that incorporate advanced technologies such
as blockchain, distributed registries, or system dynamics modeling tend to address specific
aspects of waste management without ensuring their integration into a cohesive analytical
and decision-making system. As a result, the practical implementation of data-driven
solutions in the form of unified, risk-informed platforms for municipal organic waste
management remains underdeveloped.

Therefore, there is a clear need for an integrated data-driven framework that combines:

e  Multi-source data acquisition and processing;

e  Predictive risk modeling;

e  Scenario-based analytical tools;

e  Decision support mechanisms tailored to municipal governance.

Addressing this need is essential for enabling proactive, adaptive, and sustainability-
oriented management of organic waste systems in urban environments.

The present study addresses these gaps by proposing a risk-informed digital frame-
work that integrates data-driven analytics, machine learning-based prediction, and decision
support into a unified architecture for municipal organic waste management.

3. Materials and Methods
3.1. Overview of the Methodological Framework

The proposed methodological approach is based on the concept of risk-oriented digital
management of organic waste. It assumes that municipal decisions on organic waste
management are made based on formalized, quantifiable, and predictable indicators of
environmental and operational risk. Unlike traditional waste accounting systems, which
are primarily focused on retrospective reporting (volumes, emissions, compliance with
standards), the proposed approach views the organic waste management system as an
integrated digital ecosystem in which data, analytics, and management decisions are
considered in a single closed loop. Unlike existing approaches, the proposed framework
integrates multi-source data processing, entropy-based feature weighting, predictive risk
modeling, and decision support mechanisms within a unified analytical architecture.

In this study, risk-oriented management is interpreted as a process in which manage-
ment actions (route adjustments, optimization of processing capacity loads, monitoring
of CHy emissions, and generation of warning signals) are based on an integrated risk
index that reflects the current and projected state of the system. This index is a function
of many factors—environmental, infrastructural, social, and temporal—and serves as the
key element in the transition from descriptive analytics to proactive management. This
formulation enables environmental and operational risk to be treated as a predictive and
manageable variable rather than a retrospective indicator.

The methodological logic of the study is implemented through a sequential integration
scheme, which is presented in Figure 1.

In Figure 1, each stage forms a separate analytical level, and feedback loops are pro-
vided between levels for adaptive updating of system parameters. This closed-loop struc-
ture ensures continuous updating of system parameters and supports adaptive decision-
making under dynamic urban conditions. The first level (Data) involves the integration
of diverse municipal sources into a single analytical array. It includes operational data
on organic waste volumes, methane emission indicators, infrastructure characteristics,
demographic parameters, and time indicators. The main requirement is to ensure the
temporal consistency and spatial comparability of data.
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Figure 1. Methodological structure of digital risk-oriented organic waste management in urban com-

munities (the approach reflects the transition from retrospective reporting to predictive management):
RI—integrated risk index; DSS—decision support system; weights w; are formed based on the
informativeness of features (entropy assessment).

The second level (Feature Engineering) is aimed at transforming raw data into formal-
ized analytical features. At this stage, cleaning, imputation of missing values, normalization,
standardization, construction of derived indicators (seasonality, load intensity, relative
indicators), as well as assessment of the significance of variables are performed.

The third level (Risk Index) consists of forming an integral risk indicator RI:

m
RI=0c ZZUJZ] , (1)
j=1

where z]-—standardized values of features; w]-—weight coefficients determined based on
their informativeness; and ¢ (-)—normalization function that limits the index value in the
range [0, 1].

The resulting risk index RI acquires an interpretable scale and is used to compare
periods or territories. Unlike conventional indicators, the proposed risk index integrates
heterogeneous variables into a unified normalized scale, enabling direct comparison across
spatial units and time periods.

The fourth level (Predictive Model) provides a predictive assessment of risk dynamics.
At this stage, machine learning methods are applied that can consider nonlinear relation-
ships between variables and the temporal variability of the system. The use of ensemble
machine learning models ensures robustness to data variability and improves predictive
accuracy by capturing complex interactions between socio-economic, environmental, and
infrastructural factors.

The fifth level (DSS) transforms the predicted risk values into specific management
signals. These can be warnings about exceeding critical thresholds, recommendations
for route adjustments, scenario calculations of the load on processing capacities, or the
identification of priority monitoring areas. The integration of predictive analytics into
the DSS enables a transition from passive monitoring to proactive and risk-informed
management, forming a closed-loop structure of «data—analysis—decision—feedback».
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The proposed digital framework (Figure 1) enables the transition from fragmented
indicator-based analysis to an integrated data-driven management system in which data,
analytics, and management decisions operate within a unified analytical logic, supporting
proactive, adaptive, and sustainability-oriented municipal organic waste management.

3.2. Study Area and Empirical Data
3.2.1. Study Area Description

The Lviv urban community (Ukraine) is a complex socio-ecological and infrastructural
urban system that operates in conditions of high population density and significant con-
centration of organic waste flows. The administrative center of the community is the city
of Lviv, which is characterized by a multi-level spatial structure, a combination of historic
buildings, industrial zones, and new residential areas (Figure 2). Such spatial variability
creates heterogeneity in the organic fraction of household waste, which directly affects the
load on the logistics and processing infrastructure.

Global context
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Figure 2. Study area map.

Within the urban community, organic waste is generated by households, commercial
entities, and public institutions. The daily volume of organic waste varies significantly,
reflecting the presence of both peak and baseline operational modes.

The organic waste management infrastructure in the urban community includes a
container collection system, transport logistics, sorting facilities, and composting capacity.
Spatial and infrastructure parameters, such as distance to water bodies, road network
density, and the proportion of urbanized territory, show significant variability. From a
formalization perspective, the urban territorial community is represented by a vector of

its state:
St = {W, G, Ly, Et, Uy}, )
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where Wi—volume of organic waste at a given moment in time ¢; C;—CHjy concentra-
tion; L—logistics indicators (transportation duration and distance); E;—environmental
indicators; and U;—proportion of urbanized territory.

This representation allows the urban system to be analyzed as a multidimensional
dynamic structure, where each component reflects a specific aspect of waste generation,
environmental impact, or infrastructure performance.

The integral environmental risk in an urban community is formed as a function of the
interaction of these parameters:

Rt - f(Wtr Ct/ Lt/ ut)/ (3)

Expression (3) emphasizes the nonlinear nature of the dependencies between factors
influencing risk in the organic waste management system. Such a formulation enables the
identification of complex nonlinear interactions between system components and supports
the use of predictive analytics for risk estimation.

Within the scope of the study, the Lviv city territorial community is considered as
a representative empirical platform for testing a data-driven digital framework for risk-
oriented organic waste management. High population density, spatially heterogeneous
building structure, the presence of a ramified system for the collection and transportation of
bio-waste, as well as the functioning of a centralized waste flow management operator form
a complex environment with various types of environmental, logistical, and infrastructural
risks. This configuration allows for the integration of heterogeneous data sources (socio-
demographic, infrastructural, temporal, and environmental) into a single analytical model.
The selection of the Lviv urban community as a case study is justified by the availability of
diverse data sources, the complexity of its infrastructure, and the representativeness of its
waste management challenges for medium-sized European cities.

The combination of urbanization dynamics, the transformation of the waste manage-
ment system, and the digitization of management processes provides a robust empirical
basis for the formulation of an integrated risk index that captures the probability of accu-
mulation, overload, and inefficient redistribution of organic waste in space and time. This,
in turn, supports the development of predictive models and enables the integration of fore-
casting capabilities into a DSS focused on proactive management, resource optimization,
and the minimization of environmental impacts at the municipal level.

3.2.2. Data Structure and Variables

The empirical basis of the study is formed as a structured spatio-temporal dataset
covering the period from 1 January 2024, to 23 June 2025. Discretization was carried out
using daily observation steps, which resulted in the formation of 10,800 records, each of
which corresponds to a specific spatial unit within the Lviv city territorial community
and a specific time interval. This ensures enough temporal resolution for capturing dy-
namic changes in waste generation and environmental conditions. Structurally, the data
array is multi-level and includes identification, socio-demographic, spatial-infrastructural,
environmental, economic, and time variables. Formally, the set can be represented as

a matrix:
X:{xij},i:1,...,10,800,jzl,...,m, 4)

where i—observation number; j—attribute number; and m—total number of variables
describing the state of the organic waste management system at a specific point in time.

Such a representation enables the formalization of the municipal waste management
system as a multidimensional analytical space suitable for predictive modeling. Table 2
provides a structured overview of the variables and data sources used for risk-oriented
modeling of municipal organic waste management systems.
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Table 2. Variables used in the municipal organic waste risk dataset.

Category Variable Description Unit Data Source
T Unique municipality . .
o municipality_id - dentifier - Municipal registry
Identification — - — -
o Administrative type . Administrative
municipality_type L categorical
of municipality records
population Total population persons Municipal statistics
Socio- households Number of households units Municipal registry
demographic Geographic
urban_share Share of urbanized area fraction Information System
(GIS) analysis
area_km? Area of the spatial unit km? Geospatial data
lat, lon Geograp}.llg co‘ordmates.of degrees GIS
the municipality centroid
Spatial dist_to_region_center_km D1star.1cg to the regional km GIS
administrative center
dist_to_water km Distance to the nearest km GIS
water body
dist_to_housing_km Distance to residential zones km GIS
Infrastructure roads_density_km_per_km2 Road network density km/km?2 OpenStreetMap
income_index Relative income index index Statistical data
Economic I , — ; — -
tourism_index Tourism activity index index Municipal statistics
. Annual volume of organic Waste management
organic_waste_tons tons
waste generated operator
Annual volume of food Waste management
food_waste_tons tons
waste generated operator
. Moisture content of o Sensor
moisture_pct ; Yo
. organic waste measurements
Environmental Acidity lovel of
cidity level of waste .
pH cubstrate pH Laboratory analysis
ch4_ppm Methane concentration ppm Env1rqnmf3ntal
monitoring
. Estimated leachate Model-based
leachate_risk . 0-1 L
generation risk estimation
Iptegrated risk_index Compos1.te epv1ronmental 0-1 Model output
indicator risk index
year, month, . B . .
Temporal week, dayofweek Calendar attributes Time aggregation
variables 5 gy ;
is_weekend Weekend indicator variable 0/1 Calendar data

The structure of Table 2 demonstrates the integration of more than 20 variables cov-
ering social, spatial, economic, and environmental dimensions of the waste management

system. This multidimensional representation enables the identification of nonlinear
relationships and supports the construction of an integrated risk index based on the inter-
action of heterogeneous factors.

The structural diagram of the data array (Figure 3) highlights seven interrelated
blocks: (1) Social Data Xo; (2) Spatial & Infrastructure Data Xspat; (3) Economic Data Xecon;
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(4) Environmental Monitoring Xes; (5) Temporal Attributes Xj;y,.; (6) Integrated Data
Matrix; (7) Risk Index & Predictive Module. This structure reflects the transformation of
heterogeneous input data into a unified analytical space suitable for subsequent modeling
and decision support. Each block forms a corresponding subspace of features Xy, which
are aggregated into a single feature matrix:

X = [Xsoc/ Xsput; XECOI’lr Xem;r Xtime]/ (5)
where X,o.—subspace of socio-demographic features; Xspat—subspace of spatial and infras-
tructure features; X.con—subspace of economic features; X,,,—subspace of environmental
monitoring features; and X;;,,,—subspace of temporal attributes.

Social data
* population
» households
\_° urban_share

+area_km?, lat, lon

» dist_to_region_center_km
» dist_to_water_km,
dist_to_housing km

Spatial & infrastructure data

\_ roads_density_km per km2 )

Economic context
* income_index
* tourism_index

-

* organic_waste_tons
» food waste_tons

§ leachate _risk

Environmental monitoring

» moisture_pct, pH, ch4 ppm
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* date

» year, month, week

\_* dayofweek, is_weekend

~
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Figure 3. Structure of the multifactorial data array: heterogeneous input data are integrated into a
unified feature matrix X and processed to derive the risk index (RI) and predictive outputs, supporting
risk-informed decision-making at the municipal level.

This aggregation ensures consistency of the feature space and enables the application
of machine learning methods for predictive analytics.

The resulting array (5) serves as the input space for further procedures of cleaning,
normalization, and entropy assessment of feature significance.

Thus, the resulting dataset complies with the principles of a data-driven analytical
framework and provides a robust foundation for the formulation of an integrated risk
index and the development of predictive models within a DSS for municipal organic waste
management.

All software tools used in this study were checked and specified with their version
numbers where applicable. OpenStreetMap was used as an open geospatial data source
(https:/ /www.openstreetmap.org, accessed on 27 May 2026). The data processing and
predictive modeling procedures were implemented using Python 3.11, scikit-learn 1.4.2,
XGBoost 2.0.3, NumPy 1.26.4, pandas 2.2.2, and Matplotlib 3.8.4.
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3.3. Data Preprocessing and Feature Engineering
3.3.1. Data Cleaning and Imputation

The initial multifactorial array X contained variables of heterogeneous origin (social,
spatial, economic, environmental, and temporal), so a unified data cleaning and reconcilia-
tion procedure was performed before constructing the risk index and forecast block. At
this stage, the main goal was to ensure the correctness of variable types, eliminate logical
anomalies, process gaps, and bring indicators to comparable scales. This preprocessing
stage is essential for ensuring data consistency and reliability of subsequent risk mod-
eling and predictive analysis. Anomalies were defined as values exceeding physically
meaningful limits or inconsistent records arising from data merging. In such cases, a strict
filtering rule is applied with the removal or correction of values to the limits of the tolerance
intervals, which minimizes distribution distortion and prevents incorrect model training.

After validating domain restrictions, missing values were imputed. Since the variables
are of different nature and have different mechanisms of occurrence of missing values (some
are related to the lack of sensor observations, others to incomplete municipal statistics),
a combined strategy was used: interpolation was applied to time-inertial environmental
series, and robust estimates of the central tendency within the corresponding spatial unit
were applied to socio-economic and infrastructure indicators. Formally, for a continuous
variable x within a single municipal unit, imputation ¢ by median is presented as:

~ Xi, lf Xi 7& g, ( 6)
X;i = ’
median{xy : k € g, x # @}, if x; = @.

For time-dependent environmental variables, in particular moisture_pct, chd_ppm, as
well as derivative risk indicators, imputation was performed using linear interpolation
within a single cell time series, preserving the trend and seasonal variations. For a sequence
of observations {x;} at time f, this takes the form:

B ne , @)
Xt + ﬁ(xtz — xtl), xXr=0, h <t <t

where t; and ¢, are the closest points in time with available values before and after the
gap, respectively.

This approach preserves temporal structure and avoids distortion of dynamic patterns
in environmental variables.

For categorical variables (e.g., municipality_type), mode imputation is applied within
the cell or globally across the sample, formally defined as:

I 7 ¢ # 9, ®)
C;i = ’
mode{cx:k€ g, cx # D}, ¢ =0.

A separate rule was introduced to check for «structural gaps» when the absence of a
value is an informative sign (for example, no sensor signal on a certain day). In such cases,
a binary indicator of absence §(x) was formed, allowing the model to consider the fact of
measurement unavailability without distorting the main value:

_ 1, x,=29,
6(x;) = , )
0, x; #a.
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After imputation, the data were brought to a consistent scale by normalization. Because
the dataset includes heterogeneous variables expressed in different measurement units,
such as tons, kilometers, ppm values, indices, and fractional coefficients, normalization
was applied to ensure feature comparability and consistency in entropy-based weighting
and integrated risk index formulation. For features that have natural lower and upper
limits or need to be unified to the interval [0, 1], min-max normalization was applied:

x — min(x)
max(x) — min(x)’

x(norm) _

(10)

where x—original value of the feature; min(x)—minimum value of the feature within the

(norm) _normalized

dataset; max(x)—maximum value of the feature within the dataset; and x
feature value transformed to the interval [0, 1].

This ensures comparability of heterogeneous variables and supports their integration
into a unified analytical framework.

To reduce the influence of extreme values, fissurization at the 1% and 99% levels
was applied. As a result, the cleaning and imputation stage ensured the formation of
a consistent array X*, suitable for subsequent standardization, orthogonalization, and
relevance assessment procedures in the context of risk-informed digital management of

organic waste streams.

3.3.2. Standardization and Dimensional Transformation

After forming the cleaned array, X* the procedure of standardization and orthogonal-
ization of features was performed in order to eliminate large-scale heterogeneity and reduce
multicollinearity between variables. This step is essential for improving model stability
and ensuring the robustness of predictive algorithms applied in subsequent stages. This
stage is critical for building an integral risk index and further using ensemble algorithms
that are sensitive to factor correlation.

In the first step, Z-score standardization was applied, which brings each feature to
a zero mean and a standard deviation of one. For an arbitrary feature, the standardized
value x; is defined as:

% ~ ¥

2 (11)

Zz'j =
where z;;—the standardized value of the j-th feature for the i-th observation; x;;—the
original value of the j-th feature for the i-th observation; yj—is the sample mean; and ¢;—is
the standard deviation of the j-th feature.

As a result, a standardized matrix Z is formed:

Z = {Zij}/ (12)

The resulting matrix (12) has zero means and the same scale for all variables. This
standardization ensures the comparability of heterogeneous variables and reduces the
influence of differences in measurement scales.

The next stage involves the orthogonalization of the feature space using Principal
Component Analysis (PCA). The goal is to transition from a correlated feature space to a
system of uncorrelated latent components. This transformation improves computational
efficiency and enhances the interpretability of the underlying data structure. Let £ be the
covariance matrix of standardized features Z. The solution to the spectral decomposition
problem is as follows:

ka = )\k * Ok, (13)
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where Y—the covariance matrix of standardized features; Ay—the k-th eigenvalue of the
covariance matrix; and vy—the eigenvector corresponding to eigenvalue Ay.

Equation (13) allows us to obtain eigenvectors vy and eigenvalues Ay, which determine
the directions of maximum dispersion. The principal components Y are formed as:

Y=2-V, (14)

where V—is the matrix of selected eigenvectors.

The study retains principal components that explain at least 85-90% of the total
variance, ensuring an optimal balance between dimensionality reduction and information
preservation, while maintaining the stability and interpretability of subsequent predictive
models. In practice, this means compressing the multidimensional feature space into a
compact latent subspace, which is used to form the Risk Index and make further predictions.
Table 3 presents the sequential stages of the preprocessing framework together with the
corresponding mathematical formulations.

Table 3. Stages of data processing.

No. Stage Mathematical Framework Purpose Result
1 Data Cleaning Filtering, imputation Ehmmatpn .Of anomalies and Cleaned dataset X*
missing values
2 Standardization Z-score (11) Removal of scale heterogeneity Stanf:lardlzed
variables Z
. . Covariance estimation Assessment of . .
3 Covariance Analysis 1 5T - Covariance matrix
X=572"7Z correlation structure

PCA Spectral decomposition (13)  Orthogonalization of features ~ Latent components

5 Component Selection ~ Variance threshold (>85%) Dimensionality reduction Compact factor space

Table 3 demonstrates a structured transformation from raw heterogeneous data to a
compact and analytically consistent feature space. This pipeline integrates data cleaning,
normalization, decorrelation, and dimensionality reduction, ensuring the reliability and
stability of subsequent risk modeling and predictive analysis within the proposed data-
driven framework.

3.4. Entropy-Based Feature Relevance Assessment

To assess the contribution of individual features to the formation of the risk profile, an
entropy-based analytical approach was employed. Unlike correlation methods, entropy
assessment allows for the uncertainty of feature distribution and their contribution to
reducing information uncertainty regarding the integral risk index. Unlike expert-based
weighting schemes commonly used in MCDM approaches, the entropy-based method
provides a fully data-driven and objective mechanism for feature relevance assessment.

For a discrete feature X;, entropy is defined as:

k
H(X;) = —)_ pijlog, pij, (15)
i=1

where p;i—is the probability of a feature value falling into the i-th interval; and k—is the

number of intervals.
A high entropy value corresponds to greater uncertainty in the distribution, while a
low value corresponds to a concentration of values in a narrow range. In the context of risk
modeling, features with higher informational variability are considered more influential
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for capturing system dynamics. To quantify the contribution of each feature to reducing un-
certainty in the risk modeling process, the information gain metric IG(X;) was introduced.
To ensure comparability among features, the information gain values were normalized
as follows:

_ o) 16)

where IG(X;)—is the information gain of the j-th feature X;; and m—is the total number of
features included in the analysis.

In Expression (16), IG(X;) represents the information gain associated with feature
X; and reflects the reduction in uncertainty achieved by including this feature in the
risk modeling process. The denominator represents the total information gain across
all considered features. Therefore, Expression (16) converts the individual information
gain values into normalized feature importance scores, which can be further used in the
construction of the integrated risk index.

The resulting entropy-based weights define a data-driven hierarchy of factors in-
fluencing the risk profile, enabling the reduction in subjectivity during feature selection
and improving the robustness of subsequent modeling. This approach ensures that the
integrated risk index and predictive models are constructed on the most informative and
dynamically relevant variables within the municipal waste management system.

3.5. Risk Index Formulation

Within the proposed data-driven digital framework, the integrated risk index
(Risk Index, RI) is considered as a generalized measure of the potential instability of
the organic waste management system at a specific point in space and time. Concep-
tually, the index integrates social load, infrastructure capacity, environmental parameters,
and time factors into a single dimensionless scale [0, 1]. Unlike conventional risk indi-
cators, the proposed index integrates heterogeneous variables into a unified analytical
construct, enabling the treatment of risk as a predictive and manageable variable within
a data-driven framework.

Let Z; be the standardized features after the processing stage (Section 3.3), and w; their
weights, determined on the basis of entropy relevance (Section 3.4). The basic formalization
of the index RI takes the form of a weighted additive model:

m
j=1

where i—observation number; and m—number of selected features.

This formulation ensures interpretability of the index and allows the contribution of
each feature to the overall risk level to be explicitly quantified.

Given the need for interpretation and comparability of results, the obtained value is
normalized to the interval [0, 1] according to the min-max scheme:

RIF — RI; — min(RI)
" max(RI) — min(RI)’

(18)

Thus, RI] € [0,1], where values close to 0 correspond to a low level of risk, and
values close to 1 correspond to an increased risk concentration. This normalization enables
consistent comparison of risk levels across spatial units and temporal intervals.

The general logic of aggregation corresponds to the principle of risk-oriented manage-
ment. In particular, social and infrastructure variables form the potential load on the system,
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environmental variables form the sensitivity of the environment, and time variables form
the seasonal modification of the impact. Formally, the aggregation structure is described
as follows:

RI = f(Zsoc/ Zspatr Zenv, Ztime)/ (19)

where f(-)—is a function implemented through a weighted linear combination of standard-
ized factors.

This structure reflects the multidimensional nature of the system, where risk emerges
because of interactions between social pressure, infrastructure capacity, environmental
sensitivity, and temporal variability.

The proposed approach ensures transparency of computation and facilitates seamless
integration into DSS. The interpretation of the integral risk index is further enhanced
through its mapping onto discrete categories, which support operational decision-making
and enable the practical application of the model in municipal waste management (Table 4).

Table 4. Interpretation of the integral risk index scale.

Risk Index Risk Recommended Management Actions

Interval Category

System operates under stable conditions; routine monitoring and standard management
0.00-0.25 Low .

practices are enough.

0.25-0.50 Moderate Increasing system pressure; enhanced monitoring and trend analysis are recommended.
0.50-0.75 High Elevated risk level requiring the implementation of preventive and mitigation measures.
0.75-1.00 Critical Severe risk conditions; immediate and priority management intervention is required.

To support practical interpretation of the integrated risk index (RI), four risk categories
were introduced based on normalized threshold intervals: low risk (RI < 0.25), medium
risk (0.25 < RI < 0.50), high risk (0.50 < RI < 0.75), and critical risk (RI > 0.75). The
threshold values were selected according to a quartile-based partitioning of the normalized
risk scale [0, 1], which enables consistent interpretation of increasing system instability
levels and facilitates decision-making within the proposed risk-oriented management
framework. Such threshold-based categorization provides an interpretable transition
between operationally acceptable conditions and critically unstable system states requiring
immediate management intervention.

The proposed scale (Table 4) transforms the risk index into an operational tool, enabling
prioritization of resources, planning of waste collection logistics, and implementation of
preventive management actions. A sensitivity analysis of the adopted risk thresholds was
additionally performed by varying the interval boundaries within +0.05 of the baseline
values. The analysis demonstrated that the overall distribution of municipalities across
the defined risk categories remained stable, confirming the robustness of the proposed
threshold configuration for practical risk-oriented decision support.

Figure 4 illustrates the integrated process of risk index RI formation within the pro-
posed framework. The pipeline includes data standardization, entropy-based weighting,
aggregation into a raw risk score, and normalization to a unified scale. The resulting index
is directly integrated into the DSS, where it enables real-time monitoring, early warning
generation, and proactive planning of waste management operations.
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Figure 4. Risk Index formation scheme: transformation of the input dataset X into standardized
features Z, weighted aggregation into RI_raw, normalization into RI*, and integration into decision
support through threshold-based alert mechanisms (7).

3.6. Ensemble-Based Predictive Analytics for Municipal Risk Forecasting

The forecasting unit is implemented as an integrated ensemble module that com-
bines two conceptually different approaches (bagging (Random Forest (RF)) and boosting
(Gradient Boosting (GB)/XGBoost)) within a single municipal data processing architecture.
The input basis is a model matrix that includes socio-demographic, infrastructure, environ-
mental, and time indicators, while the target variable is a normalized integral risk index.
This structure allows predictive analytics to be directly linked to the pre-formed Risk Index,
which is the central element of the study. The selection of ensemble learning methods is
justified by their ability to capture complex nonlinear relationships, handle heterogeneous
data, and provide robust predictions under conditions of uncertainty typical for municipal
systems. The combination of bagging and boosting approaches ensures a balance between
variance reduction and bias minimization, improving the overall predictive performance of
the model.

Within the bagging approach, the ensemble of trees is formed in parallel on data
subsamples, and the final forecast is determined as their average. This ensures reduced
dispersion and high noise resistance, which is especially important for municipal envi-
ronmental indicators with varying observation quality. In contrast, the boosting model
builds a sequence of weak regressors that learn from the residuals of previous steps, which
reduces bias and better reflects the nonlinear effects of seasonality, threshold loads, and
interactions between indicators.

The architecture shown in Figure 5 demonstrates a symmetrical structure of two
ensemble branches with subsequent comparison of results. A distinctive feature of the
model is the use of a unified train/test split combined with cross-validation to ensure the
stability of performance metrics, as well as the inclusion of a diagnostic layer for assessing
the consistency of predictions across approaches. A key novelty of the proposed framework
lies in the integration of predictive models with the previously defined risk index, enabling
direct interpretation of forecasting results within a risk-oriented management context.
Thus, the final model is selected not only based on predictive accuracy, but also considering
generalization performance and robustness under varying data conditions.
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Figure 5. Ensemble learning architecture for predicting the municipal environmental risk index: inte-
gration of bagging (RF) and boosting (GB/XGBoost) models within a unified analytical framework.

From a practical perspective, the predicted risk index is directly integrated into the

municipal DSS as a dynamic analytical layer. This enables the transition from static risk as-

sessment to predictive and proactive management, supporting early warning mechanisms,

adaptive planning, and resource optimization in organic waste management.

3.7. Implementation Environment and DSS Integration

The proposed digital framework was implemented in Python 3.11 using Pandas 2.2.2
and NumPy 1.26.4 libraries for data processing, Scikit-learn 1.4.2 for ensemble model im-
plementation, and GeoPandas 1.0.1 and matplotlib 3.8.4 and folium 0.16.0 for spatial risk
visualization. This stack ensures compatibility with municipal open data, scalability, and

integration with geoinformation services. The selected technology stack ensures flexibility,

scalability, and compatibility with heterogeneous municipal data sources, supporting the

deployment of the framework in real-world urban environments. The computational pro-

cess is organized as a sequential pipeline including data preparation, Risk Index formation,

predictive modeling, spatial-temporal aggregation, and integration of results into the DSS.

Integration with the municipal DSS is implemented through an API module, which

provides automatic updating of the predicted risk index RI; in periodic synchronization

mode. In the management system, the indicator is used as an analytical layer for monitoring

risk areas, forming warning triggers, and supporting operational planning (waste collection
logistics, capacity balancing, targeted interventions). Thus, predictive analytics is directly
linked to management decisions. This integration enables real-time updating of risk

indicators and supports continuous monitoring and adaptive management.

An important feature of the implementation environment is the reproducibility of

results. This is ensured through version control of libraries, recording random seeds in

model training procedures, and documentation of experimental configurations. Compu-

tational workflows are implemented as structured notebooks and scripts, enabling full
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reproducibility of the analytical pipeline from raw data processing to risk index generation
and DSS integration (Figure 6).
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Figure 6. Architecture of integration of the data-driven risk analytics framework into the municipal
DSS, including data processing, predictive modeling, and operational decision layers.

The presented DSS architecture reflects the practical implementation of a data-driven
digital structure for risk-based municipal organic waste management. It provides for the
transformation of city data into a forecast-oriented tool for organic waste management at
the municipal level. The system combines a multi-source array of municipal data with
an analytical module (Risk Index formation and forecasting), after which the results are
transferred via the API level to the DSS monitoring panel. This integration ensures a seam-
less transition from data collection to management decision-making—enabling monitoring
of risk areas, early warning, and operational planning in the field of organic waste. The
feedback mechanism forms a closed cycle of «data—analysis—decision—update» which corre-
sponds to the concept of risk-oriented digital organic waste management and enhances the
adaptability of the municipal management system in a dynamic urban environment.

4. Results
4.1. Descriptive Dynamics of Municipal Organic Waste Indicators

The descriptive analysis of the multifactorial dataset provides an initial understanding
of the variability and structural characteristics of the municipal organic waste manage-
ment system. The statistical summary (Table 5) highlights significant heterogeneity across
socio-demographic, spatial, and waste generation variables, which justifies the use of a
data-driven and multivariate modeling approach. Socio-demographic indicators exhibit
substantial variability, reflecting differences in population size, household structure, and
urbanization levels across spatial units.

Table 5 highlights the pronounced spatial and structural heterogeneity characterizing
the municipal organic waste management system. Such variability creates conditions for
nonlinear interactions between variables and directly influences the formation of environ-
mental risks, reinforcing the need for integrated analytical modeling.

Spatial and environmental variables further reflect the heterogeneity of the study
area, including differences in infrastructure accessibility, environmental conditions, and
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waste-related parameters. In particular, variability in methane concentration and waste
generation indicates the presence of localized zones with increased environmental pressure.

Table 5. Descriptive statistics of socio-economic, spatial and waste generation variables used in the
modelling framework.

Variable N Mean SD Min Q1 Median Q3 Max
Socio-economic variables
Population 10,800 118,767.4 57,238.13 21,111 77,426.75 120,613 167,387 213,905
Households 10,800 46,382.45 23,120.44 7423  28,405.25 47,759 64,130 90,962
Income index 10,800 0.941 0.250 0.611 0.721 0.821 1.162 1.377
Tourism index 10,800 0.513 0.292 0.025 0.265 0.568 0.721 0.956
Urban share 10,800 0.503 0.226 0.128 0.301 0.555 0.710 0.815

Spatial and infrastructure variables

Area (km?) 10,800 207.25 99.36 20.96 129.73 241.67 285.63 334.34

Latitude 10,800  49.0447 0.65 48.0568  48.5067 49.0186 49.6563 50.1335

Longitude 10,800  24.5491 1.49 224383  23.3532 24.2388 25.6618 26.8459

Distance to regional center (km) 10,800 123.84 46.15 44.60 89.85 125.38  151.83  213.12
Distance to water bodies (km) 10,800 7.81 4.24 0.94 3.69 8.10 10.84 15.45
Distance to residential areas (km) 10,800 4.77 2.74 0.27 3.19 4.87 5.86 9.59
Road density (km/km?) 10,800 2.80 1.10 0.97 1.85 2.71 3.77 447

Waste generation variables

Organic waste (tons) 10,800 11.44 6.54 1.01 7.06 10.05 15.22 93.91
Food waste (tons) 10,800 10.04 5.44 0.90 6.23 8.91 13.52 26.56
Green waste (tons) 10,800 1.30 0.78 0.10 0.74 1.12 1.78 4.08

Temporal variables capture seasonal and behavioral patterns, enabling the analysis of
dynamic changes in waste generation and associated environmental risks.

To analyze the temporal dynamics of the municipal organic waste management sys-
tem, seasonal variability of key indicators was studied, including organic waste volumes,
methane concentration, and the integral environmental risk index. Based on the aggrega-
tion of monthly data, distributions of indicators were formed, allowing for the assessment
of both average values and parameter variability within the year.

To analyze temporal dynamics, key indicators—including organic waste volumes,
methane concentration, and the integrated risk index—-were aggregated at the monthly level.
Figure 7 presents their seasonal distributions using boxplot visualization, which captures
median values, interquartile ranges, and extreme observations across different months of
the year.

The results reveal pronounced seasonal variability across all key indicators (Figure 7).
Organic waste volumes increase significantly during the summer period, reflecting higher
consumption patterns and intensified biological waste generation. This seasonal growth
leads to increased pressure on collection and processing infrastructure.

A similar pattern is observed for methane concentration, indicating enhanced anaer-
obic activity under higher temperature conditions. The alignment of waste volumes
and CHy levels suggests a strong coupling between waste generation and environmental
impact processes.
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Figure 7. Seasonal variability of key indicators of the organic waste management system: (a) organic
waste volumes; (b) methane concentration (CHy, ppm); (¢) environmental risk index.
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The integrated risk index exhibits consistent seasonal behavior, with peak values

observed during periods of maximum system load. This confirms the validity of the
proposed risk formulation and demonstrates its sensitivity to both operational and

environmental factors.
environmental risks. This confirms the necessity of integrating predictive analytics and

Overall, the results demonstrate that the municipal organic waste management system
data-driven tools for the early identification of risk periods and for supporting proactive

is characterized by significant seasonal variability, leading to temporal concentrations of

and adaptive municipal management.
4.2. Entropy-Based Feature Relevance Results
municipal organic waste management system, an entropy-based approach using mutual
information was applied. This method quantifies the dependence between individual fea-

To determine the informativeness of factors influencing environmental risks in the
tures and the target variable (the integrated risk index), enabling the ranking of predictors

according to their contribution to explaining risk variability.
formation. The results indicate that socio-economic and spatial characteristics—such as
tourism_index, income_index, area_km?, and spatial coordinates—exhibit the highest ex-
planatory power. Infrastructure-related variables, including road network density and
treatment capacity, also demonstrate significant influence. Additionally, lagged variables

Figure 8 presents the distribution of feature relevance scores based on mutual in-
(e.g., organic_waste_tons_lag_1 and lag_7) confirm the presence of temporal inertia in

waste generation processes.
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Figure 8. Distribution of feature relevance scores based on mutual information.
The significance of lag-based predictors additionally confirms the presence of temporal

dependence and seasonal inertia within the municipal organic waste generation process.
This demonstrates that the proposed feature-engineering strategy partially captures se-
quential dynamics within the ensemble-learning framework.
These findings highlight the multidimensional nature of environmental risk for-
mation and confirm the importance of integrating heterogeneous predictors in the

modeling framework.

Table 6 summarizes the sequential stages of constructing the model matrix used for
predictive risk modeling within the proposed framework.
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Table 6. Stages of forming a model matrix for a hybrid data-driven organic waste management

system.
Stage Input Output
Load dataset municipal_organic_waste_multifactor_dataset.csv df_raw
EDA & quality checks raw data figures + diagnostics
Feature engineering raw + derived ratios + lags + rolling df (expanded feature set)
Outlier handling (soft IQR) numeric features winsorized df
Missing value imputation numeric & categorical features cleaned df
Encoding & scaling X (num + cat) X_matrix
Model matrix export (no leakage) X_matrix + risk_index model_matrix.csv

Table 6 summarizes the structured pipeline for forming the model matrix, including
exploratory analysis, feature engineering, outlier handling, imputation, and feature trans-
formation. The final dataset is constructed without target leakage, ensuring the validity
and reliability of subsequent predictive modeling.

4.3. Risk Index Dynamics and Seasonal Patterns

For integrated assessment of environmental risks, the proposed Risk Index was applied
to capture spatial, socio-economic, and infrastructural factors within a unified framework.
The index enables dynamic evaluation of risk levels and identification of temporal patterns
in the waste management system.

Analysis of the distribution of risk_index values (Figure 9) shows a near-normal distri-
bution with a center in the range of 0.58-0.62. The bulk of observations are concentrated
in the interval 0.50-0.70, which characterizes a moderate level of environmental risk for
most municipalities. The presence of a right tail of the distribution with values above 0.80
indicates the existence of individual periods of increased risk, which may be associated with
seasonal loads on the organic waste management system or local infrastructure constraints.

Distribution of risk_index

600 M

03 0.4 05 0.6 0.7 0.8 0.9
Risk Index

Figure 9. Distribution of the municipal environmental risk index (risk_index).

The temporal dynamics of the Risk Index (Figure 10) reveal pronounced seasonal
fluctuations, with higher values observed during the summer-autumn period and lower
levels during winter. This pattern reflects increased biological activity and waste generation
in warmer periods.

Comparative analysis across municipalities indicates heterogeneous risk trajectories.
Some areas exhibit increasing trends, suggesting accumulation of systemic constraints,
while others demonstrate stable or declining patterns, reflecting more efficient waste
management practices or better infrastructure conditions.
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Weekly Dynamics of the Municipal Environmental Risk Index
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Figure 10. Temporal, statistical, and spatio-temporal analysis of the municipal environmental Risk
Index: weekly dynamics, average risk levels, monthly variability, and risk intensity matrix.

The results confirm the effectiveness of the proposed Risk Index as an integrated
tool for monitoring and forecasting environmental risks in municipal waste management
systems. Its application enables timely identification of high-risk periods and supports the
development of proactive and adaptive management strategies.

4.4. Spatial Differentiation of Municipal Risk Levels

Spatial analysis of the Risk Index enables the identification of territorial patterns
of environmental risk in municipal organic waste management systems. By integrat-
ing geographic, infrastructural, and socio-economic variables, the proposed frame-
work supports spatial interpretation of risk formation and highlights areas of potential
system vulnerability.

For spatial differentiation, risk_index values were aggregated at the municipal level
and visualized using a geospatial mapping approach (Figure 11).

The spatial distribution of the Risk Index reveals pronounced territorial variability,
reflecting the influence of demographic, infrastructural, and environmental factors. Distinct
clusters of elevated risk indicate localized pressure on municipal waste management
systems. High-risk municipalities are typically associated with higher population density,
increased volumes of organic waste generation, and intensified economic activity, including
tourism. In contrast, lower-risk areas exhibit more balanced infrastructure conditions,
reduced demographic pressure, and lower waste generation intensity.

These findings confirm that spatial heterogeneity is a key determinant of environ-
mental risk formation and demonstrate the applicability of the proposed Risk Index for
identifying priority intervention zones. The integration of spatial analytics into the frame-
work supports risk-informed decision-making, including infrastructure planning, resource
allocation, and the development of targeted environmental policies at the municipal level.
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Figure 11. Spatial distribution of the integrated Risk Index across municipalities, highlighting zones

of low, moderate, and high environmental risk.

4.5. Predictive Performance of the Analytical Framework

Predictive modeling of the environmental risk index was implemented in Python
using ensemble learning methods, including RF, GB, and XGBoost. The models were
evaluated using 5-fold cross-validation to ensure robustness and reliability of predictions.
Table 7 presents the comparative predictive performance of the evaluated ensemble learning
models across the selected accuracy metrics.

Table 7. Predictive performance metrics of the risk forecasting model.

Model R?_Mean RMSE_Mean = MAE_Mean  MAPE_Mean
RandomForest 0.891 0.0403 0.0320 0.0552
XGBoost 0.819 0.0418 0.0332 0.0573
GradientBoosting 0.776 0.0465 0.0368 0.0640

It has been established that ensemble methods have an advantage, in particular the
RandomForest model, which showed the highest coefficient of determination (R? = 0.891)
and the lowest error values (RMSE = 0.0403; MAE = 0.0320). This indicates the model’s
high ability to reproduce nonlinear relationships between the spatial, socioeconomic, and
infrastructural characteristics of municipalities.

A graphical comparison of actual and predicted risk index values is presented in
Figure 12.

Most of the points in Figure 12 are concentrated along the diagonal line, indicat-
ing a high degree of consistency between the forecasts and the actual risk indicator val-
ues and confirming the adequacy of the constructed model for municipal environmental
analysis tasks.

The results demonstrate the superiority of ensemble methods, with the RF model
achieving the highest predictive performance (R?> = 0.891) and the lowest error met-
rics (RMSE = 0.0403; MAE = 0.0320). This indicates its strong ability to capture non-
linear relationships and complex interactions between spatial, socio-economic, and
infrastructural variables.
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Figure 12. Predicted versus observed values of the environmental Risk Index using the RF model.

In comparison, boosting-based models (XGBoost and GB) demonstrate slightly lower
performance, which may be attributed to their sensitivity to data variability and parameter
tuning in heterogeneous municipal datasets.

The results confirm that the integration of ensemble learning models into the proposed
data-driven framework provides a robust and reliable basis for environmental risk forecast-
ing. This enables early identification of high-risk conditions and supports the development
of proactive and adaptive management strategies in municipal organic waste systems.

4.6. Recommendations for Integrating Digital Risk Analytics into the Municipal Decision Support
System (DSS)

The results demonstrate the practical feasibility of integrating data-driven risk an-
alytics into municipal DSS for organic waste management. The proposed framework,
which combines data integration, feature engineering, risk index formulation, and machine
learning—based forecasting, can be deployed as an analytical module within a DSS. Its
implementation enables a transition from reactive management to risk-informed gover-
nance, where infrastructure planning and operational decisions are guided by predictive
assessments of environmental risk (Table 8).

The integration of data-driven analytics into the DSS establishes a structured link be-
tween data processing, risk assessment, and decision-making processes. By combining risk
index monitoring, predictive modeling, spatial analysis, and scenario evaluation, the system
enables a coordinated and proactive management approach to organic waste flows. This
integration transforms the DSS from a passive information system into an active decision-
support tool capable of responding to dynamic changes in the municipal environment.

Overall, the integration of digital risk analytics into municipal DSSs provides a foun-
dation for data-driven and risk-informed management of organic waste systems. This
contributes to improved environmental policy effectiveness, optimized infrastructure plan-
ning, and the advancement of circular economy principles in urban communities.

https://doi.org/10.3390/su18125862


https://doi.org/10.3390/su18125862

Sustainability 2026, 18, 5862

30 of 36

Table 8. Integration of risk-informed analytics within the DSS for municipal organic waste management.

DSS Component

Analytical Implementation Decision-Making Implication

Data integration

Integration of socio-demographic,
infrastructural and geospatial indicators
within a unified municipal data platform

Establishes a comprehensive information
base for waste management governance

Risk index assessment

Application of an integrated Risk Index for
monitoring the state of the organic waste
management system

Enables identification of territories with
increased environmental pressure

. . Machine learning-based prediction of risk Provides early warning of potential
Risk forecasting L : . )
indicators using the RF model environmental risks
. . GIS-based visualization of risk levels across Supports spatial planning and
Spatial analytics L o . .
municipal territories infrastructure allocation

Scenario analysis

Evaluation of alternative waste
management strategies within the
DSS environment

Improves effectiveness of strategic planning
and policy decisions

5. Discussion

5.1. Spatial and Temporal Patterns of Environmental Risk in Municipal Organic Waste
Management Systems

The results reveal pronounced spatial and temporal variability in environmental risk
levels associated with municipal organic waste management systems. The constructed
Risk Index captures both seasonal fluctuations and spatial clustering of elevated risk,
indicating that risk formation is inherently heterogeneous across territories and time.
Higher risk levels are observed in municipalities characterized by greater population
density, intensified tourism activity, and reduced accessibility to regional centers. This
suggests that demographic pressure, economic intensity, and infrastructural constraints are
key drivers of environmental vulnerability in organic waste systems.

These findings are consistent with previous studies, which highlight that environmen-
tal risks in urban waste management systems are spatially uneven due to differences in
infrastructure availability, service efficiency, and socio-economic conditions [66,67]. Sim-
ilar spatial disparities have been reported in European contexts, where peripheral and
infrastructure-limited areas tend to experience higher environmental stress due to logistical
inefficiencies and insufficient treatment capacity [57].

The temporal analysis further demonstrates clear seasonal patterns in the Risk Index,
driven by fluctuations in organic waste generation. Peak risk levels during summer and
early autumn are associated with increased consumption, tourism activity, and biological
waste decomposition processes. These results align with existing research showing that
organic waste streams exhibit strong seasonality and are closely linked to socio-economic
and behavioral dynamics [68].

Overall, the identified spatial and temporal patterns confirm the validity of the pro-
posed data-driven framework and highlight the importance of integrating both spatial
and temporal dimensions into risk assessment and management strategies for municipal
organic waste systems.

5.2. Validation of the Predictive Model and Scientific Contribution of the Study

The predictive modeling results confirm the high effectiveness of ensemble machine
learning algorithms for environmental risk assessment. In particular, the RF model demon-
strated the best performance, explaining approximately 89% of the variance in the inte-
grated Risk Index. This indicates its strong capability to capture nonlinear relationships
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and complex interactions among heterogeneous variables characterizing municipal waste
management systems.

These findings are consistent with previous studies highlighting the advantages of
machine learning approaches in modeling environmental processes and waste management
systems [52,56]. Compared to traditional statistical methods, machine learning models
enable the integration of diverse data sources, including socio-demographic, geospatial, and
infrastructural indicators, thereby improving the accuracy and flexibility of environmental
risk analysis in complex urban systems.

The main scientific contribution of this study lies in the development of an inte-
grated data-driven framework for environmental risk assessment in municipal organic
waste management. The proposed approach combines feature engineering, entropy-
based weighting, risk index formulation, machine learning, based forecasting, and spa-
tial analysis within a unified analytical structure. Unlike existing studies that primarily
focus on waste generation prediction or life-cycle assessment [50,53], the proposed frame-
work introduces a risk-oriented perspective, enabling the identification and forecasting of
environmental vulnerabilities.

Furthermore, the integration of feature relevance analysis and geospatial visualization
enhances the interpretability of machine learning outputs and facilitates their application in
real-world DSS. This bridges the gap between predictive analytics and practical municipal
management, supporting the transition toward data-driven and risk-informed governance.

The results confirm the scientific contribution of this study, which lies in the integration
of data-driven analytics, entropy-based feature weighting, and predictive modeling into a
unified risk-oriented framework for municipal waste management.

5.3. Implications for Urban Planning and Organic Waste Management Systems

The results have important practical implications for urban planning and the man-
agement of municipal organic waste systems. The integration of digital risk analytics into
DSS enables the optimization of waste collection logistics by identifying high-risk areas
and zones of intensified waste generation. This supports adaptive route planning, reduces
transportation costs, and improves the efficiency of infrastructure utilization.

Another key implication concerns the planning of waste treatment infrastructure
capacities, including composting and biogas facilities. Predictive modeling of organic
waste volumes enables alignment of processing capacities with actual demand, reducing
the risk of system overload or underutilization. This approach is consistent with circular
economy principles and sustainable resource management strategies [54].

Environmental monitoring and greenhouse gas management represent an additional
area of application. Organic waste is a major source of methane (CHy) emissions in
urban systems [69], and the proposed framework enables the identification of zones with
increased emission potential. This supports targeted mitigation strategies and improves
environmental risk control at the municipal level.

Furthermore, the integration of predictive models into municipal systems enables the
development of early warning mechanisms for environmental risks. This enhances the
ability of local authorities to respond proactively to emerging system pressures, prevent
environmental degradation, and improve the effectiveness of urban environmental policies.

Overall, the findings demonstrate that data-driven approaches significantly enhance
the adaptability and efficiency of municipal waste management systems. The integration
of machine learning, geospatial analytics, and risk-based monitoring supports the transi-
tion toward proactive, data-driven, and risk-informed governance, which is essential for
sustainable urban development.
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5.4. Limitations and Future Work

This study has several limitations that should be considered when interpreting the
results. First, although the proposed data-driven framework integrates a wide range of
demographic, infrastructural, and geospatial indicators, certain socio-economic and behav-
ioral factors are not explicitly represented due to the lack of consistent and high-resolution
data. Household-level behaviors related to waste sorting, environmental awareness, and
local management practices may significantly influence risk formation but remain difficult
to formalize within standard statistical datasets.

Second, the temporal resolution of the available data limits the analysis of short-term
system dynamics. As a result, the integrated Risk Index primarily reflects medium- to
long-term structural patterns and may not fully capture rapid system responses to extreme
events, seasonal peaks, or policy changes.

Third, while machine learning models effectively identify nonlinear relationships,
they primarily capture statistical dependencies rather than causal mechanisms. Despite the
use of feature relevance and interpretability techniques, a deeper understanding of causal
interactions in complex urban socio-ecological systems requires further investigation.

Future research should focus on several directions. First, expanding the dataset
through high-resolution time series, remote sensing data, and real-time sensor monitoring
would enhance model accuracy and responsiveness. Second, integrating machine learning
with causal inference and system dynamics approaches could improve the understanding
of risk formation mechanisms. Third, comparative studies across different urban contexts
are needed to evaluate the generalizability and scalability of the proposed framework
under varying socio-economic and infrastructural conditions.

Nevertheless, the integration of deep sequential architectures such as LSTM or Tempo-
ral Convolutional Networks (TCN) represents a promising direction for future research,
particularly for long-term forecasting tasks involving continuous temporal streams and
higher-frequency monitoring data.

6. Conclusions

This study developed a data-driven digital framework for assessing and forecasting
environmental risks in municipal organic waste management systems. The proposed ap-
proach integrates data processing, risk index formulation, entropy-based feature weighting,
ensemble machine learning prediction, and spatial analysis within a unified analytical struc-
ture, enabling comprehensive evaluation of system performance in urban environments.

The results revealed significant spatial and temporal variability of environmental risks
across municipalities. The average value of the integrated Risk Index was approximately 0.38,
indicating moderate risk levels, while seasonal dynamics demonstrated increased risk
concentrations during peak waste generation periods.

Predictive modeling confirmed the high effectiveness of ensemble learning methods.
The RF model achieved the best performance, with a coefficient of determination R? =0.891,
RMSE = 0.0403, and MAE = 0.0320, demonstrating strong capability to capture nonlinear
relationships and provide reliable risk forecasting in complex municipal systems.

The scientific novelty of the study lies in the development of a unified, risk-oriented
data-driven framework that integrates entropy-based feature relevance assessment, risk
index modeling, and predictive analytics within a DSS. Unlike existing approaches,
the proposed model ensures the systematic integration of data analytics and decision-
making processes, enabling a transition from static evaluation to adaptive and predictive
risk management.

From a practical perspective, the proposed framework can be directly integrated
into municipal DSS, enabling a transition from reactive to proactive management. Its
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application supports optimization of waste collection logistics, planning of processing
infrastructure, spatial monitoring of environmental risks, and implementation of early
warning mechanisms. The scalability of the approach allows its application to other
urban systems with similar data structures, enhancing its relevance for sustainable urban
development and circular economy implementation.
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The following abbreviations are used in this manuscript:

DSS Decision Support System

RI Risk Index

ML Machine Learning

DL Deep Learning

RF Random Forest

GB Gradient Boosting

XGB Extreme Gradient Boosting

LSTM Long Short-Term Memory

TCN Temporal Convolutional Network
PCA Principal Component Analysis
GIS Geographic Information System
MCDM  Multi-Criteria Decision-Making
AHP Analytic Hierarchy Process
TOPSIS  Technique for Order Preference by Similarity to Ideal Solution
DEA Data Envelopment Analysis
LPWAN Low-Power Wide-Area Network
ITS Intelligent Transportation Systems
IoT Internet of Things

MSW Municipal Solid Waste

CHy4 Methane

MAE Mean Absolute Error

RMSE Root Mean Square Error

MAPE Mean Absolute Percentage Error
R? Coefficient of Determination
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