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Abstract: The growing complexity of urban environments in emerging economies highlights the urgent need for more resilient and 

sustainable municipal solid waste (MSW) management systems. Historically, reactive, labor-intensive, and resource-consumptive 

MSW management approaches may no longer prove to be adequate in light of increasing waste generation from urbanization, 

population growth, and limits in infrastructure capacities. This review acknowledges predictive analytics as a proactive and 

operationally efficient solution to MSW management through data-driven decision-making. By relying on historical trends, real-time 

data from sensors and individuals' socio-economic circumstances, predictive models make it practical to make informed predictions 

regarding waste generation patterns, route optimization, early detection of overflow events, and identifying infrastructure planning 

measures. Technical considerations that can be classified as building blocks that should be taken into consideration for predictive 

models (e.g., feature engineering, model selection, and validation paradigms) are briefly addressed. Case studies from most cities 

clearly illustrate the potential benefits of employing predictive analytics to reduce operational costs and environmental impacts while 

further driving down services costs. Nevertheless, implementation issues like uncoordinated data systems, low levels of technical 

capacity, and a lack of political will persist in most aspects of planning and delivery initiatives in low- and middle-income countries. 

This review posits that building integrated digital ecosystems, capacity-building activities, and inclusive governance structures will 

lead to a more substantial uptake.  
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1. INTRODUCTION 
As one of the most significant social transformations of the 

last century, urbanization has changed fundamentally how 

people live, work, and consume. The percentage of the world's 

population living in urban areas has grown dramatically from 

13% in 1900 to 29% by 1950, and again from 29% to 49% by 

2005 (Buettner, 2015). By 2030, the global proportion of 

people living in urbanized cities is projected to be about 60%, 

demonstrating the consistent demographic move toward 

urbanized living. Although expanded urbanization signifies 

economic growth, modernization, and infrastructure 

development, it also creates numerous environmental and 

logistical challenges, not least of which is solid urban waste 

(Aliyu & Amadu, 2017a). 

In 2017, urban waste per capita was less than 300 million tons 

in developing economies, while 1.8 billion tons of municipal 

household waste was generated globally by 2020  

(Valenzuela-Levi, 2019; Zhao et al., 2020). The rapid increase 

in waste generation (and ultimately the pressure it places on 

urban infrastructure), especially in the Global South, too often 

means that local municipalities often lack the sophistication to 

plan around the scale and complexity of waste management 

decisions by size and scale (Godfrey et al., 2020a). While 

poorly planned urban growth demonstrates the structural 

weaknesses of waste collection/segregation/ recycling/ 

disposal, there are also environmental hazards and serious 

public health scandals that relate to waste that is in the urban 

public domain. Importantly, waste that is left uncontrolled, for 

example, can block waterways, create vector populations, and 

emit greenhouse gases reminding that waste and its 

management, is not a simple logistical problem, but an 

essential issue of sustainability and public health  (Gutberlet, 

2018). 
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The structural weaknesses of waste management systems in 

Global South economies are due to multiple factors. In the 

Global South, most cities are subject to, if not entirely reliant 

on, informal economies, outdated waste infrastructure, poor 

funding mechanisms, limited public awareness, and 

institutional fragmentation (Mmereki, Baldwin & Li, 2016). 

Added to this is the dependence on informal waste workers 

who often operate outside regulatory frameworks and without 

adequate protective measures. Perhaps most critical, however, 

is the pervasive lack of accurate and integrated data systems 

that are essential for strategic decision-making (Carlos-

Alberola et al., 2021) . In scenarios where municipal waste 

authorities lack data-driven forecasting tools, waste collection 

becomes reactive rather than proactive, often leading to 

inconsistent service delivery, overburdened dumpsites, 

inefficient routing, and suboptimal allocation of resources 

(Rodić & Wilson, 2017).  

In light of these constraints, the emerging discourse in urban 

planning and environmental governance emphasizes the 

necessity for innovation-based solutions associated with 

technological intelligence. Specifically, there is much interest 

in the use of predictive analytics as a solution because of its 

ability to improve operational efficiency when it comes to 

waste management systems, strategic supplies, and the speed 

in which projects respond to a policy change. Predictive 

analytics takes advantage of historical data, statistical 

modeling, machine learning algorithms and simulation tools 

to predict future outcomes (Elshaboury et al., 2021a). With 

regards to the urban waste stream, maps (or projections) to 

predict future waste generation, optimizing routes to manage 

refuse truck movement, predicting peak loads in the landfill, 

and design of adaptable recycling systems (Ghinea et al., 

2016) can all benefit from these analytics tools. 

With effective implementation of predictive models, waste 

management could also transition from a reactive system to a 

proactive and adaptive system; predictive models can inform 

decision making based on empirical data. Machine learning 

algorithms for example can understand seasonal 

characteristics feeding a pattern of waste production, 

identifying anomalies like illegal dumping or predicting fill-

levels of waste bins in real time (Ahmad et al., 2020). These 

enable reductions in fuel consumption and lower operational 

costs while providing opportunities for improved 

environmental stewardship and citizen satisfaction. Further 

predictive tools can also assist professionals with determining 

if a waste-to-energy initiative, or material recovery facility, is 

economically viable, thus assisting ambitions for circular 

economy objectives (Tomić & Schneider, 2018). 

Predictive analytics for waste management in developing 

economies is, however, still an emerging practice. The 

barriers that impede the use of predictive analytics include, 

but are not limited to limited digital infrastructure, insufficient 

technical expertise, the absence of political will, and lack of 

funding (Zhang et al., 2019). Additionally, contextual factors 

such as informal settlements, variable waste composition, and 

socio-political instability often complicate data collection and 

model generalizability (Aljerf, 2018). 

Given these realities, this review aims to critically examine 

the role of predictive analytics in enhancing the efficiency and 

resilience of urban waste management systems in the 

developing world. Drawing from interdisciplinary literature, 

policy documents, and applied case studies published up to 

the year 2021, the study seeks to unpack how predictive 

models are being conceptualized, adapted, and integrated 

within various urban contexts of the Global South. The paper 

also explores the enabling conditions and structural 

impediments that shape the utility and scalability of predictive 

tools in low-resource settings. Ultimately, this review offers a 

foundational understanding that can inform future research 

directions, urban policy formulation, and evidence-based 

intervention strategies tailored to the unique challenges faced 

by rapidly urbanizing cities in developing economies. 

2. Urban Waste Management in Developing 

Economies 
Urban waste management is at the intersection of public 

health, economic development, and environmental 

sustainability, which is particularly complicated in developing 

economies where rapid urbanization, population growth, and 

limited resources making it difficult to manage everything that 

impacts public health (Marshall & Farahbakhsh, 2013). The 

production of municipal solid waste (MSW) globally in 2016 

was 2.01 billion tonnes, with a projection of 3.40 billion 

tonnes by 2050; a 70% increase unless action is taken to 

develop the capability to collect, process, and reuse (World 

Bank, 2018). Developing nations are likely to be the most 

affected because under resourced municipalities do not have 

the capacity to finance engineered landfills, recycling 

facilities, or manage the fleet required to accommodate this 

new demand in the urban landscape (Lehmann, 2018). 

This accumulation of waste is happening at the same time in 

many cities in Latin America, Asia, and Sub Saharan Africa, 

culminating in further environmental degradation and risk 

public health concerns (Hardoy, Mitlin & Satterthwaite, 

2013). The case of Bogotá, Colombia, encapsulated this in a 

landfill accident, which in 1997, resulted in a landslide at the 

only type of landfill that the city operated, and a need for over 

USD 100 million in compensation and repair work. Even 
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based on the findings from that situation, odor, vermin and 

leachate issues are still impacting surrounding communities, 

which is essentially due to continued neglect, old-age of the 

infrastructure, or lack of regulatory oversight (Giraldo et al., 

2002). Such failures not only erode public trust but also 

impose hidden economic burdens through healthcare costs for 

respiratory and waterborne diseases and through lost 

productivity from contaminated water sources and informal 

sector disruptions (Nwanonyiri C, 2021). 

Urban waste management problems in developing economies 

operate within the service ecosystem each one facing the 

compounding challenges of infrastructure deficiencies, socio 

economic inequality challenges, areas of unknown, 

environmental health issues, and unregulated waste 

management services provided by the Informal Sector 

(Ferronato & Torretta, 2019). Together, these obstacles 

undermine service coverage, operational efficiency, and the 

sustainability of waste systems. A World Bank report projects 

a 70 percent surge in global municipal solid waste (MSW) by 

2050, with low- and middle-income countries 

disproportionately affected due to underfunded infrastructures 

and weak governance frameworks (World Bank Group, 

2018). According to UN Habitat, collection systems in many 

of these contexts service less than two thirds of urban 

residents and much of this waste remains uncollected (Anon, 

2014). Further, with open dumping and burning still the norm 

across Sub Saharan Africa and Latin America, toxic pollutants 

are emitted, and these activities endanger public health, as 

developing regions account for the great proportion of global 

waste related disease burden (Ferronato & Torretta, 2019). 

These issues must be resolved, as predictive analytics tools 

cannot function without their required data inputs, integrated 

governance mechanisms, or consideration of stakeholders to 

improve collection, treatment and recycling activities. 

a. Inadequate Infrastructure 

Developing economy cities often lack the essential physical 

assets required for comprehensive MSW management (Douti 

et al., 2017). The World Bank’s What a Waste 2.0 report 

highlights that nearly 45 percent of global waste growth 

through 2050 will occur in regions where open dumping and 

burning remain the norm, an outcome driven by insufficient 

investments in collection vehicles, transfer stations, and 

engineered disposal sites (Kaza, 2018). In Lima, Peru, for 

example, only about 60 percent of generated waste enters 

formal collection streams; the balance is left to informal 

collectors or is illegally dumped along riverbanks and vacant 

lots, leading to river blockages and flooding risks during the 

rainy season (Godda, 2018). 

Recycling and composting infrastructures are equally 

underdeveloped. This absence of decentralized processing 

compels municipalities to rely predominantly on uncontrolled 

dumpsites, which occupy valuable land and generate long 

term remediation liabilities (Ayilara et al., 2020). Without 

capital infusions or public private partnerships to finance new 

facilities and upgrade existing ones, infrastructure deficits will 

continue to hamper waste service scalability and resilience 

(Zurbrügg et al., 2004). 

 

b. Socio Economic Disparities 

Income inequality and urbanization patterns profoundly shape 

waste generation profiles and service needs. Middle- and 

high-income neighborhoods typically generate two to three 

times more waste per capita than low income areas, owing to 

higher consumption of packaged goods and consumer 

durables (Amin, Abdullahi & Bamidele, 2021). Such 

disparities complicate equitable service delivery. Municipal 

tariffs, when based on flat fees, can disproportionately burden 

low income households, prompting underpayment and service 

avoidance (Tassonyi A et.al., 2021). Efforts to introduce unit-

based tariffs in Kathmandu, Nepal, achieved only 30 percent 

compliance in their pilot phase due to weak enforcement and 

minimal public consultation. 

Moreover, urbanization rates outpacing infrastructure 

expansion exacerbate service gaps. In Sub Saharan African 

megacities like Lagos, population growth exceeds 3 percent 

annually, yet formal waste collection coverage hovers around 

40 percent, leaving millions of residents to rely on informal 

pickers or entirely miss collection services (Aliyu & Amadu, 

2017b). This mismatch intensifies socio spatial inequities, 

fosters environmental injustices, and erodes social cohesion in 

underserved communities. 

c. Data Scarcity and Quality Constraints 

Robust predictive analytics demand high quality, longitudinal 

datasets, an asset often in short supply where digitization is 

nascent and record keeping remains manual. Without 

sufficient, quality data, models will be less accurate in 

forecasting future waste generation, leading to inefficiencies 

in resource allocation and potential overruns or 

underutilization of waste management facilities (Wang et al., 

2013). GIS mapping and IoT enabled sensors, tools that can 

automate fill level monitoring and provide geospatial insights, 

are deployed in fewer pilot projects, largely due to high 

upfront sensor costs and connectivity challenges in peri urban 

areas (Anagnostopoulos et al., 2017).  

Data on waste composition, the share of organics, plastics, 

metals, and hazardous fractions, is sporadic or based on 

extrapolations from small scale characterization studies, 

limiting municipalities ability to design effective recycling 

and composting strategies. Without regular waste audits or 

real time composition sensors, planners lack the empirical 

basis to forecast material flows accurately, undermining 

circular economy initiatives (Hannan et al., 2015). 

d. Environmental and Health Impacts 

Inadequate disposal practices exact a heavy toll on ecosystems 

and public health. Across Latin America and the Caribbean, 

approximately 145,000 tonnes of waste are discarded in 

dumpsites each day. As this waste decomposes or is burned, it 

releases potent gases that contaminate the air, pose serious 

health risks to local communities, and accelerate climate 

change (UN Environment, 2020). 

 In Sub Saharan Africa, uncontrolled dumpsites receive over 

90 percent of MSW, often without leachate containment 

systems, leading to groundwater contamination by heavy 

metals and persistent organic pollutants (Idowu et al., 2019). 
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The World Health Organization warns that improper MSW 

management contributes to diarrheal diseases, vector borne 

infections (e.g., dengue, malaria), and chemical exposures, 

with children under five and informal waste workers among 

the most vulnerable (Ziraba, Haregu & Mberu, 2016). Annual 

healthcare costs attributable to waste related illnesses in low- 

and middle-income countries are estimated at USD 1.6 billion, 

straining already resource limited public health systems 

(Zohoori & Ghani, 2017). 

Furthermore, methane emissions from decomposing organics 

in unmanaged dumps are a potent greenhouse gas source, 

contributing up to 5 percent of global emissions, a figure 

expected to rise with projected waste growth (Margallo et al., 

2019). This nexus of climate and health impacts underscores 

the imperative for data driven waste interventions that can 

preemptively identify disposal hotspots and optimize resource 

allocation to mitigate environmental externalities. 

Table 1: Comparative Overview of Waste Collection 

Infrastructure in Selected Developing Cities 

City 

Waste 

Collectio

n 

Coverage 

(%) 

% 

Reliant 

on 

Informa

l Sector 

Engineere

d Landfills 

Present 

Investment 

Level in 

Infrastructur

e 

Lima 85 30 Yes Moderate 

Lagos 60 65 No Low 

Kampal

a 
45 70 No Low 

Dhaka 70 50 Partial Moderate 

Nairobi 55 60 Yes Moderate 

3.0 Predictive Analytics in Waste 

Management 

Predictive analytics utilizes various data-driven approaches, 

ranging from statistical analysis through data mining to 

machine learning, and scenario modeling, to foresee future 

occurrences and enable proactive decision making in such 

complex systems as urban waste management (Imran, Ahmad 

& Kim, 2020). Through the conversion of historical records, 

real-time sensor data, and socio-economic data into actionable 

knowledge, predictive analytics enables cities to move from 

reactive waste collection and disposal to proactive, optimized 

operation that reduces costs, minimizes environmental impact, 

and enhances service quality (Vafeiadis et al., 2019). 

3.1 Principles of Predictive Analytics 

Essentially, predictive analytics has been defined as the 

application of statistical techniques, data mining algorithms, 

and machine learning (ML) algorithms on past and real-time 

data for forecasting future events or activities (Ravi et al., 

2018). This is a multi-stage pipeline from acquisition and 

integration of heterogeneous data sets from waste bin fill 

levels and vehicle GPS logs to demographic and seasonal 

impacts, with serious bias cleaning and feature engineering to 

generate model inputs that capture useful predictors 

(Elshaboury et al., 2021b). Model choice extends to 

comparative assessment of various statistical models such as 

linear regression and generalized additive models and 

ensemble tree-based models such as random forests and 

gradient boosting. More complicated neural network 

architecture is also tested. Cross-validation and hold-out 

testing are utilized to prevent overfitting and assess 

generalizability (Rosecký et al., 2021).  

Data Mining and Statistical Analysis Techniques 

Data mining assists the early stages of predictive analytics by 

uncovering hidden patterns and relationships in vast, complex 

data sets (Ratner, 2017). Clustering algorithms such as 

K-means and hierarchical clustering have been employed to 

segment urban areas based on waste generation profiles, 

revealing insights into spatial heterogeneity that inform 

targeted collection strategies (Omdena, 2021). Classification 

methods enable the identification of high-risk zones prone to 

bin overflow or illegal dumping, guiding resource deployment 

for enforcement and community engagement (Seror & 

Portnov, 2018).  

Machine Learning and Artificial Intelligence 

Machine learning advances beyond traditional statistics by 

automatically capturing complex, non-linear patterns in data 

(Tang et al., 2020). In municipal solid waste management 

(MSWM), supervised learning models, such as gradient 

boosting machines, ensemble random forests, and deep neural 

networks, have demonstrated forecasting accuracies 

exceeding 90 percent in predicting daily collection volumes 

when trained on multi-year operational datasets (Xia et al., 

2021). Unsupervised methods, including principal component 

analysis and t-distributed stochastic neighbor embedding, 

reduce data dimensionality to reveal latent correlations 

between land-use types and waste composition, guiding 

infrastructure siting and segregation programs (Nguyen et al., 

2021). Deep learning techniques, particularly convolutional 

neural networks, have been applied to camera-based sorting 

systems in material recovery facilities, achieving 

classification accuracies above 95 percent in distinguishing 

recyclables from non-recyclables (Dewulf, 2017). These 

machines learning and AI applications yield granular, 

adaptive insights that substantially outperform static decision 

frameworks. 
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Figure 2 Predictive Analytics Workflow for Urban Waste 

Management Systems 

Forecasting and Scenario Modeling  

Forecasting municipal solid waste (MSW) generation employs 

time series models like ARIMA, exponential smoothing, and 

Facebook's Prophet to analyze trends and seasonality 

(Rafferty, 2021). System dynamics and agent-based models 

simulate interactions among factors such as population 

growth, consumption behaviors, and policy interventions, 

providing insights into long-term waste management 

scenarios (Ding et al., 2018; Ceschi et al., 2021). Scenario 

analysis tools enable "what-if" experiments, like adjusting 

collection frequencies or implementing pay-as-you-throw 

schemes, to assess potential outcomes and cost-benefit trade-

offs (Pinha & Sagawa, 2020). This integrated approach equips 

planners with robust decision-support tools to anticipate 

service bottlenecks and evaluate infrastructure investments 

under uncertain futures (Cicceri et al., 2021). 

Table 2: Machine Learning Models Used in Predictive 

Waste Analytics 

Model 

Type 
Application 

Accuracy 

Range (%) 

Data 

Inputs 

Required 

Linear 

Regressio

n 

Waste generation 

forecasting 
70–85 

Historical 

waste 

volumes, 

population 

density, 

seasonalit

y 

Model 

Type 
Application 

Accuracy 

Range (%) 

Data 

Inputs 

Required 

Random 

Forest 
Bin overflow prediction 80–92 

Sensor 

data, bin 

location, 

pickup 

frequency 

Support 

Vector 

Machine 

(SVM) 

Waste 

categorization/classificat

ion 

75–88 

Image 

data, 

material 

type, 

sensor 

output 

LSTM 

Neural 

Networks 

Time-series forecasting 

for route planning 
82–95 

GPS data, 

waste 

volume 

trends, 

collection 

logs 

K-Means 

Clusterin

g 

Route optimization and 

zoning 

N/A 

(unsupervise

d) 

Geographi

c 

coordinate

s, bin fill 

rates, road 

networks 

4.0 Case Studies of Predictive Analytics in 

Urban Waste Management 

In recent years, cities around the world have increasingly 

turned to predictive analytics, combining data mining, 

statistical modeling, machine learning (ML), and Internet of 

Things (IoT) technologies, to forecast waste generation, 

optimize collection logistics, and inform strategic planning, 

thereby shifting waste management from reactive to proactive 

service models (Elshaboury et al., 2021c). At the forefront of 

this transformation are pioneering implementations in 

European capitals, North American municipalities, and pilot 

projects in rapidly growing cities across Asia and Africa, each 

demonstrating unique adaptations to local contexts and data 

environments. 

4.1. Successful Implementations in Developed Countries 

Bigbelly GmbH, based in Hamburg, Germany, implemented 

solar-powered, self-compacting bins with fill-level sensors 

that send status information via Narrowband IoT (NB-IoT) to 

a central management interface. The real-time, demand-

centered collection system meant municipalities were able to 

discard fixed collection schedules, allowing municipalities to 

eliminate unnecessary emptying trips by up to 30 percent in 

pilot districts In Copenhagen, Denmark a user centered pilot 
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by IBM researchers showed that inexpensive ultrasonic 

sensors placed by sanitation staff in publicly available trash 

bins connected to a LoRaWAN gateway could measure 

volume changes, and relay information back for real-time 

change detection, to make changes to routes or reduce the 

number of overflowing bins by 25 percent in high traffic 

locations (Cruz, Cota & Tremoceiro, 2021). ). Furthermore, at 

Copenhagen Airport, the implementation of Bigbelly Smart 

Waste & Recycling units as part of a cloud based "CLEAN" 

software suite resulted in a uniform recycling program, 

improved passenger experience where litter was all but 

eliminated, and actionable analytics were provided which 

guided staff hiring and collection schedule optimization 

(Aidoos, 2021). 

These smart city platforms take data from IoT enabled bin 

levels, continuously track vehicle locations with GPS, and 

even utilize weather information that are aggregated into 

machine learning pipelines with ARIMA & LSTM time series 

models. Real decision makers have "what if" scenario 

capabilities for decision makers and strategic planners. 

4.2 Pilot Projects and Initiatives in Developing Economies 

Waste Prediction Models in Megacities 

Asian megacities that are struggling to provide robust disposal 

systems despite unrelenting population growth have begun 

piloting waste generation forecasts. In Jakarta, researchers 

integrated three years of municipal transport logs, population 

density maps, commercial activity indices, and meteorological 

data into random forest and linear regression models, 

achieving an R² of 0.88 and enabling the provincial 

government to schedule supplemental truck deployments on 

predicted peak days, thereby reducing illegal dumping by 

roughly 40 percent (Heijnen, 2019).  

In Manila’s densely packed barangays, small-area estimation 

techniques combined ML forecasts with census data to predict 

weekly waste flows, guiding the city’s decision to deploy 

micro-collection services in informal settlements and cut 

collection gaps by 28 percent (Navarro, 2003). Bangkok and 

Ho Chi Minh City have likewise experimented with hybrid 

ML-time-series ensembles, merging ARIMA, Prophet, and 

LSTM networks, to capture nonlinear patterns in 

festival-driven waste surges, demonstrating forecast error 

reductions of 22 percent compared to single-model 

approaches, and enabling municipal authorities to contract 

supplemental service providers proactively (Arslan, 2021) . 

While these Asian pilots remain in nascent stages, they 

illustrate the feasibility and value of predictive tools in 

contexts characterized by rapid change and data scarcity. 

Mobile App–Based Waste Collection Systems in African 

Countries 

The waste management challenge in Africa is pronounced, not 

only because the collection rates are very low (44% in sub-

Saharan Africa), but because most of it is dumped openly. 

This has led to a growing number of mobile app-based 

opportunities to improve efficiencies and citizen engagement 

(Godfrey et al., 2020b). The Evergreen Mobile Recycling app, 

for example, developed by the Evergreen Cities Foundation, 

includes a way for people to tie into recycling centers and 

helps residents dispose of electronic waste, providing 

location-based services and educational tools  (Mihut et al., 

2001). This innovation not only addresses Africa's severe e-

waste dilemma (with only 1% of e-waste formally recycled), 

but hangs onto the idea of circularity (Bimir, 2020).  

In Uganda, Yo-Waste (2018) is leading on-demand waste 

collection service. This app connects residential and 

commercial users with licensed waste haulers and provides 

real-time tracking with mobile payment options. By focusing 

on reliability in low-income areas, Yo-Waste reduced illegal 

dumping and litter, which dropped operational costs of waste 

providers by 20%. They also incorporated waste segregation 

and composting as features to support circularity (Vp, 

Yashwanth & Seetharaman, 2021).  

In Kampala, Uganda, the Uganda City Council and Waste 

Management Kenya, piloted IoT enabled Smart bins in central 

business districts, with a second component of the project 

using the Flutter based mobile app, which allowed citizen 

reporting; the back end used historical data and data mining 

with logistic regression to predict the probability of bin 

overflow within a 24 hour period, which was 89 per cent 

accurate, allowing for predictive collections and reducing 

litter on streets, in this case by 18 per cent (Xenya et al., 

2020). 

These African pilots demonstrate that even in settings with 

limited capital investment, relatively low-cost mobile and 

sensor networks, coupled with streamlined predictive 

algorithms, can materially improve service responsiveness 

and extend coverage to underserved areas. 

5.0 Challenges and Strategic Pathways for 

Implementing Predictive Analytics in 

Developing Economies 

The incorporation of predictive analytics into urban waste 

management systems offers a transformative opportunity for 

developing economies facing increasing waste generation, 

climate change challenges and infrastructure deficits (Fayomi 

et al., 2021) but is marred with interrelated technical, social-

political and ethical barriers that require context-specific 

approaches to ensure fair and sustainable use. In this section 

the challenges are distilled and suggestions for next steps are 

discussed in practice based on empirical evidence and case 

studies from global practice (Zelenika & Pearce, 2011). 

 

Technical and Infrastructural Barriers 

One of the significant barriers to the use of predictive 

analytics in developing economies is the need for data driven 
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systems (Zelenika & Pearce, 2011). Many municipalities lack 

the foundational infrastructure required for IoT adoption, such 

as reliable internet connectivity, smart sensors, and cloud 

computing platforms. For example, fragmented data 

ecosystems, where waste generation records, demographic 

statistics, and economic indicators are siloed across agencies, 

compromise the accuracy of machine learning algorithms (Xia 

et al., 2021).  

Furthermore, computational performance for data-intensive 

machine learning classifies as a significant barrier to 

implementing predictive analytics. Advanced computing 

performance, normally reserved for large datasets and deep 

neural network algorithms, are not accessible or available in 

regions with unstable power and a limited IT budget 

(Gadekallu et al., 2021). As an example, in Dhaka 

Bangladesh, the municipal authority discarded a useful pilot 

project predicting waste production after realizing their 

servers couldn't handle computing real-time analysis for the 

waste streams of the entire city (Ahmmed, Arif & Hossain, 

2020). Limitations are compounded by a lack of technical 

literacy e.g. a survey of solid waste management departments 

in sub-Saharan Africa found that fewer than 20% of staff 

possessed basic data literacy skills, hindering the maintenance 

and interpretation of predictive systems. 

Socio-Political and Economic Constraints 

In addition to technical constraints, socio-political and 

economic factors serve as systemic barriers to the uptake of 

predictive analytics. Chronic underfunding of waste 

management in the developing world leads to 

underinvestment in advanced technologies for waste 

management  (Morris et al., 2021). In Nairobi County in 

Kenya, for example, only 8% of the budget for urban 

development is specified for waste management, and that 

budget only allows enough financial resources to rely solely 

on manual collection methods, despite Nairobi being a 

technology capital and startup hub for East Africa. Inevitably, 

healthcare and education priorities divert resources and 

support from waste management mandates and longer-term 

sustainability projects relying on attributes or tools for waste 

management system, thereby further cementing reliance on 

reactive strategies (Pollans, 2019). 

Fragmented stakeholder systems further exacerbate the 

challenges of advancing waste management into predictive 

space. In many cases, municipal waste management is 

implemented in tandem with private and informal sector 

actors, highlighting the issue of coordinating stakeholder 

alliances, which create a complexity for coherent data 

collection and application of technologies space (Aparcana, 

2017). The limited participation of the community in the 

example of the Yitong system, a waste tracking platform 

established as a blockchain-based system and only gained 

limited traction, and most of residents identified 68% as 

saying their greatest concern was, and is, the privacy of data 

sharing (Zhang et al., 2019). These cases highlight the 

importance of inclusive governance models that align 

stakeholders' values with public priorities. 

Ethical and Privacy Risks 

Introducing predictive analytics raises ethical questions, 

especially in context-deficient or regulatory deficient 

practices. Data security has historical implications, 

particularly as municipalities' data have personal identifiers 

that makes demographic data and geolocation maps targets for 

cyberattacks (Cremer et al., 2021). Algorithmic bias also 

efficiently perpetuates inequities; for example, in Cape Town, 

South Africa, machine learning models allocated waste pick-

up services to affluent communities as priority targets, 

creating inconsistencies and protest for mismanagement on 

weighing algorithms on community variables (Mels et al., 

2009). Such outcomes highlight the ethical imperative to audit 

algorithms for fairness and transparency, particularly in 

regions with stark socio-economic disparities. 

Strategic Pathways for Policy and Practice 

To address these barriers, policymakers must adopt integrated 

strategies that combine regulatory innovation, capacity 

building, and community-centric design. Public-private 

partnerships (PPPs) emerge as a critical mechanism for 

overcoming financial and technical constraints (Al-Hanawi et 

al., 2020). In parallel, regulatory frameworks must incentivize 

data sharing across agencies while safeguarding privacy. 

Capacity-building initiatives are equally vital to ensure the 

sustainability of predictive systems. Training programs 

targeting municipal staff such as Rwanda’s WasteTech 

Academy, which certifies waste managers in data analytics 

and machine learning, can bridge skill gaps and foster local 

ownership of technological solutions. Community 

engagement must also be prioritized to enhance public buy-in. 

Participatory approaches, such as Brazil’s “ReciclaTech” 

citizen science project, which empowers residents to report 

waste data via mobile apps, have increased recycling rates by 

30% while democratizing data collection processes. 

Ethical risks demand proactive mitigation strategies. 

Algorithmic auditing frameworks, such as the Fairness, 

Accountability, and Transparency (FAT) guidelines piloted in 

Singapore, should be adapted to local contexts to detect and 

correct biases in waste prediction models. Additionally, 

decentralized data architectures, including edge computing 

systems that process information locally rather than in 

centralized servers, can reduce vulnerability to cyber threats in 

regions with limited cybersecurity infrastructure. 
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Table 3: Barriers to Implementation and Mitigation 

Strategies 

Barrier 

Category 
Description 

Example 

from 

Case 

Study 

Proposed 

Solution 

Technical 

Lack of real-time 

data 

infrastructure and 

unreliable 

connectivity 

Nairobi 

Invest in IoT 

networks and 

cloud-based 

analytics platforms 

Socio-

Political 

Limited 

municipal 

coordination and 

political 

resistance to 

digital reform 

Dhaka 

Foster public-

private 

partnerships and 

interagency task 

forces 

Ethical 

Concerns about 

data privacy and 

community 

surveillance 

using sensors and 

AI 

Manila 

Implement 

transparent data 

governance and 

anonymization 

policies 

Capacity 

Shortage of 

skilled personnel 

to manage 

predictive 

analytics systems 

Kampala 

Launch capacity-

building programs 

and local tech 

incubators 

Financial 

High initial 

investment costs 

for AI and sensor 

infrastructure 

Accra 

Phase 

implementation 

with donor support 

and cost-sharing 

models 

 

5. Conclusion 

Predictive analytics holds transformative potential for 

revolutionizing urban waste management, particularly in 

developing economies where rapid urbanization, resource 

constraints, and environmental pressures demand innovative 

solutions. By leveraging machine learning algorithms, IoT-

enabled systems, and data-driven decision-making, 

municipalities can optimize waste collection routes, forecast 

generation patterns, and reduce operational costs by up to 

30%. Case studies from Bogotá, Brazil, and India demonstrate 

that predictive tools not only enhance efficiency but also align 

with global sustainability goals, such as SDG 11 (Sustainable 

Cities) and SDG 12 (Responsible Consumption), by diverting 

waste from landfills and promoting circular economy 

practices. These technologies empower cities to transition 

from reactive waste management to proactive, systems-based 

approaches, mitigating public health risks and environmental 

degradation. 

However, the successful implementation of predictive 

analytics hinges on tailored approaches that account for the 

unique socio-economic, infrastructural, and political 

landscapes of developing economies. Standardized models 

designed for high-income contexts often fail in regions with 

fragmented data ecosystems, limited IoT adoption, and 

unreliable energy infrastructure. For instance, while the EU’s 

circular economy frameworks rely on robust data-sharing 

protocols, cities like Kabul and Dhaka require lightweight, 

low-bandwidth solutions that function amid intermittent 

connectivity. Similarly, algorithmic biases, observed in Cape 

Town’s inequitable resource allocation—underscore the need 

for fairness audits and localized training datasets to prevent 

marginalized communities from being excluded from 

technological benefits. Context-specific strategies, such as 

Colombia’s anonymized data policies and Brazil’s 

community-driven recycling apps, highlight the importance of 

aligning predictive tools with cultural practices, governance 

structures, and public trust levels. 

To fully realize the promise of predictive analytics, further 

research and targeted investment are imperative. Current 

studies disproportionately focus on high-income regions, 

leaving gaps in understanding how these tools perform in 

informal settlements or areas with high organic waste 

composition. Interdisciplinary research is needed to develop 

adaptive algorithms that account for variables like seasonal 

migration, informal waste-picker networks, and climate-

induced disruptions. Equally critical is funding for IoT 

infrastructure, cybersecurity safeguards, and workforce 

upskilling programs. Public-private partnerships, exemplified 

by Rwanda’s Waste Tech Academy and Singapore’s Smart 

Nation grants, offer viable pathways to subsidize technology 

deployment while fostering local expertise. Policymakers 

must also prioritize ethical frameworks, such as decentralized 

data architectures and participatory design principles, to 

ensure transparency and equity. 

In conclusion, predictive analytics represents a pivotal tool for 

advancing urban sustainability, but its impact in developing 

economies depends on context-sensitive innovation, 

collaborative governance, and sustained commitment to 

bridging technological and socio-economic divides. By 

addressing these imperatives, stakeholders can transform 

waste management from a systemic challenge into a driver of 

equitable, resilient, and climate-smart cities 
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