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Abstract

The United Nations (UN) sustainable development goals (SDGs) are our common goal to end poverty, protect the
planet, and ensure peace and prosperity by 2030. Technology adoption by the masses, more so Machine learning
(ML), can enable these SDGs. This survey examines the various ways in which ML algorithms are working towards
SDGs for various sectors such as health, education, energy and the environment. ML can deal with complex data
sets. It can predict behavior and optimize decision-making. Thus, it can play an important role in solving global
issues. In health care ML helps to improve the disease diagnosis, epidemic prediction and personalized medicine
for better health care. Adaptive learning software and predictive analytics powered by ML will enhance the learning
experience while minimizing dropouts. In the energy sector, ML can help manage the grid smartly, predict
renewable energies, and optimize resources. Thus, it can make energy cheaper and cleaner. ML applications in the
environment include climate modeling and deforestation monitoring to aid climate action. ML has a lot of potential
but is still being held back by data scarcity and algorithmic bias. Moreover, developing countries face resource
constraint issues. It is important to ensure responsible implementation by setting effective measures to address
ethical concerns. This study shows that we need interdisciplinary collaboration, scalable solutions, policy
integration, etc., if ML is to have maximal impact on the SDGs. ML can help create a sustainable and equitable
future by overcoming these challenges and boosting innovations in key sectors. ML has the potential of helping us
achieve great things. However, the same ML can cause a lot of damage if not used responsibly.

Keywords: Sustainable Development Goals; Machine Learning; Artificial Intelligence; Health; Education; Energy and The
Environment.

1 |Introduction

SDGs were approved by all UN member countries in 2015 as a universal framework that addresses some of

the most pressing issues facing humanity and the planet [1]. They're meant to eradicate poverty and reduce

inequalities, improve health and education, economic growth, and provide protection to ecosystems among

many other targets [2].

However, state that human pressures such as heavy groundwater abstraction,

deforestation, urbanization, and agricultural expansion now constitute significant batriers to the attainment

of these goals, because all these slowly create stress on regional water supplies. Climate change, as

temperatures rise, induces accelerated evaporation, changes patterns of precipitation, becomes a global scale

aggravator on increasing frequency and severity of extreme weather events such as droughts and floods [3].

Figure 1 shows the SDGs as defined by the UN.
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Figure 1. Summary of UN SDGs (1).

In an analysis of the status of the SDGs, the economic ones such as SDG 8 (decent work and economic
growth), SDG 9 (industry, innovation, and infrastructure), and SDG 12 (responsible consumption and
production) also show progress in some areas achieving closer to the target. Still, it bears standstill
performances in other areas such as SDG 4 (quality education), and SDG 11 (sustainable cities and
communities), as well as SDG 13 (climate action) where the going continues to be significantly slow with even
many areas not reaching their targets. It is usually easier for developed nations to meet several goals, especially
in terms of infrastructure and economic development. In contrast, the very most South Asia and Sub-Saharan
Africa face sometimes great challenges, particularly when it comes to issues like inequality and poverty,
hunger, and education [4].

One of the other global issues that must be tackled with urgency across all regions is about climate change
action (SDG 13) and sustainable urbanization (SDG 11) so that the 2030 ambitions will be realized [5]. Figure
2 shows SDGs integrated framework.
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Figure 2. SDGs integrated framework.

This research highlights how innovative mechanisms and/or technologies will help advance the SDGs.
Artificial Intelligence (Al) is a transformational technology that can help achieve SDGs. ML can be an
effective tool when used for optimal resource utilization, energy efficiency, and environmental monitoring,
given its emerging capabilities in data processing, pattern recognition, and predictive modeling [6]. The
applications range from urban sustainability [7] to water saving [8, 9], clean energy [10-12] and waste
management [13, 14].

ML's contribution to sustainability has not been without problems. The dilemma that needs to be resolved is
the cost of the environment in the development and deployment of ML models, particularly energy
consumption, and carbon emissions [15]. Moreover, the concerns with regard to algorithmic bias,
explainability, and fairness raise multiple ethical considerations [16]. Therefore, a balanced approach is needed
to find the sweet spot at which one enjoys the advantages of ML while managing the risks associated with the
responsible adoption of ML into the sustainability projects. This paper seeks to present an exhaustive
appraisal of the current contribution of ML to sustainability. It, therefore, examines contemporary ML
methods, their applications in different sustainability areas, and the extent of their influence on meeting
SDGs. Originality has been in the thorough discussion of how ML may spur innovation while exposing the
ethical questions and structural challenges when placing ML within sustainability frameworks. This review
will provide significant input to the growing discourse on sustainable development in the coming era of Al

by way of systematic summary of ML usages, challenges, and future directions.

The rest of this paper is organized as follows. Section 2 provides the background for this survey. Moreover,
section 3 provides an overview of previous research and its contribution to achieving the objectives. Section
4 explains the contribution and recommendations. Finally, section 5 presents the conclusions.
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2 | Background
2.1 |SDG

The goals for sustainable development are the agendas of the United Nations towards the end of 2030. A
comprehensive plan forecasted for and taught to tackle the variety of global challenges, from well-being,
through economic prosperity, to environmental protection. Each SDG would have positive correlations or fair
synergies or synergies in trade-offs with the other SDGs [2]. The application of the circular economy would
help achieve some SDG targets; however, other trade-offs require more consideration [17]. The SDGs most
related to everyone describe resource efficiency, green economy jobs, and quality of life improvement along

with sustainable consumption and production patterns.

2.2 | Machine Learning

ML is a subfield that deals with soft computing and is usually categorized under computer science; it studies
the algorithms that learn from the data and subsequently predict in an e-learning activity. It builds models
from training sets and makes predictions based on data [18]. ML techniques can be dimension reduction and
ensemble learning, meta-learning, reinforcement learning, supervised learning, unsupervised learning and
deep learning,.

Deep learning, one of the methods of ML, learns multiple feature levels of data along with its representations
to provide state-of-the-art predictions. Deep reinforcement learning is the combination of reinforcement
learning and deep learning for solving very complicated decision-making tasks in multiple types of
environments [19]. Quantum ML uses quantum systems to outperform classical systems in the resolution of
specific ML problems. Their practical applications include sentiment analysis, health sciences, robotics, smart
grids, stocks, and much more. That is the new promising frontier in applying ML to various real-life situations
[20]. Figure 3 below shows a comprehensive overview of machine learning.
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3 | Review of the Related Literature: The 17 Sustainable Development Goals

The substantial amount of research evaluating ML's applications and contextual efficacy has led to significant
attention to the integration of ML into a variety of industries. Considering the scope of coverage as well as
possible areas that could need more research, this section examines how ML is being used in several
sustainability sectors. A thorough analysis of the 17 SDG and how ML affects them is provided in this section

of the paper.
3.1] SDG 1: No Poverty

It is worth mentioning that the first Sustainable Development Goal (SDG 1) is aimed towards universal
eradication of extreme deprivation by the year 2030; such deprivation is currently described as living on less
than $1.90 a day [21], and it entered into all its dimensions as defined nationally, made social protection
systems effective and ensured that equal access to economic resources is provided, as well as built resilience
against socio-economic shocks. Thus, this goal brings people and families a dignity in which they can have

opportunities for growth and self and collective betterment [22].
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The challenges of the attainment of SDG1: Inequality in economic opportunities, where poverty is worsened
by unequal access to jobs, education, and basic services, especially in rural and marginalized areas. Scanty data
where governments and organizations usually lack timely and accurate localized data to understand
distribution and trends in poverty properly Economic vulnerability, where many remain exposed to threat by
forces of nature, diseases, and variations in market activities, which only serve to relegate them to the poor
[23]. Complex poverty dimensions, since poverty is multidimensional, and exists beyond incomes like
education, health care, and living standards. Financial exclusion batriers, limited access to banking and credit
facilities in poor areas participates in economic participation (24).

ML provides innovative tools to overcome such challenges-these include predictive modeling, automated data
analysis, and optimization strategies. In helping governments, NGOs, and policymakers better target
resources, ML also improves the design of evidence-based interventions. Below is Table 1, the table includes
some research papers that discuss and provide some solutions to meet the previous challenges and present
the role of ML in this regard.

Table 1. Summary of some published papers that illustrate the role of ML in achieving the SDG 1.
Reference Year Method Summary

[25] 2004 VGG16+F - The study.analy.zes and Pre<.iicts poverty in
South Africa using satellite imagery.

- The study utilized ML methods to analyze

[26] 2002 CNN satellite imagery and construct detailed poverty
maps, which were then used to improve the
distribution of social assistance.

- ML was employed to estimate the integrated

27] 2021 XGBoost poverty index (IPI) by analyzing various spatial

variables, enhancing the accuracy of poverty

mapping.
- Identifies debt-risk factors in impoverished
[28] 2021 Automated ML (AutoML) households using Al to propose targeted
financial interventions.
- The authors used ML to enhance poverty
[29] 2024 ML Algorithms classification and resource allocation systems in
developing nations.
- ADs potential role was reviewed in alleviating
[30] 2023 Al Bibliomettic Analysis poverty, highlighting key research themes and
challenges.
- The ML approaches were used to assess and
[31] 2021 Decision Trees, Random Forests monitor poverty status in Jordanian households
for better policymaking.
- The researchers combined mobile phone data
[32] 2022 XGBoost, Mobile Data and ML to identify ultra-poor households for
effective poverty intervention.

- Th sting algorith li i
Boosting Algorithms, Decision e boosting algorithms were applied to predict

[33] 2024 poverty levels and classify household wealth in

the Philippines.

Trees

- The study leverages the strengths of these
methods to assess poverty more
comprehensively, incorporating uncertainty and

202 hi . imprecision in socio-economic data.

[34] 024 Neutrosophic logic, ML - The integration of NS logic and ML enhances

the accuracy and interpretability of poverty

measurement indicators.
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3.2| SDG 2: Zero Hunger

SDG 2 is to achieve Zero Hunger, namely, to eradicate hunger, attain food security, improve nutrition, and
promote sustainable agriculture. The goal underlines the inter-linkages between food security, nutrition, rural
transformation, and sustainable agriculture [35]. Globally, despite efforts, about 690 million people are
hungty, and under-nutrition is continuing to rise due to various stresses in food systems, including climate
shocks, locust crises, and the COVID-19 pandemic [36]. The world is nowhere on track to meet the goal of
Zero Hunger by 2030; rather, signs show an increase in hunger and food insecurity. Therefore, we must
increase our commitment to integrating inland fishery services into the SDGs promoted by policies and
development schemes to further enhance those SDGs [37]. For example, inland fishery services ate critical
to Zero Hunger and other such goals as No Poverty; Clean Water and Sanitation; Responsible Consumption
and Production; Life on Land; among others. It is essential to deal with such trade restrictions and distortions

to agricultural markets if indeed a global affordable food approach is to be realized in zero hunger [38].

One of the many challenges impeding the way towards the attainment of SDG 2 is Food Insecurity, which
now permanently adheres to more than 720 million people over the world who suffer from extreme hunger
[39]. This situation manifests itself as an unequal distribution of food and poverty. Effects of Climate Changes,
Extreme Weather Conditions like draughts or floods and unusual rainfall patterns result in disrupted
agricultural productivity. Pest and Disease Management; Pest and disease reduce yield production from crops,
especially in places where people have no effective solutions for them. Supply chain inefficiencies, post-
harvest losses, and waste because of storage and transportation exacerbate the problems of food scarcity.
Lack of agricultural innovations, Most smallholder farmers in many developing nations cannot access modern
agricultural technologies [40].

Al and ML models are frequently employed to accomplish several SDG 2 goals and offer practical
management strategies to combat hunger at the local level. Using soil, weather, yield, and geographic
information systems, as well as satellite, irrigation, livestock, and economic data, Al and ML models are used
for descriptive, predictive, and prescriptive methods to analyze economic, social, and environmental
indicators of the Agriculture Supply Chain (ASC) [41, 42].

Big data, sensors, 10T infrastructure, robots and data analytics are all crucial parts of the infrastructure for
smart agriculture, which includes the new fields of precision agticulture, digital agriculture, smart irrigation,
and smart agriculture. These solutions provide quicker and more reliable supply chain management, increase
transparency, save costs, and boost farmers' profitability. Agricultural activities are powered by Al and ML
models used to predict future outcomes and make operational decisions in real time , and developing novel
business models [43, 44]. Table 2 includes some papers that discuss challenges and present the role of ML in

this regard.
Table 2. Summary of some published papers that illustrate the role of ML in achieving the SDG 2.
Reference Year Method Summary
- The study assessed SDG 2 progress using
[45] 2024 Clustering clustering to evaluate performance in European
countries.

- The authors developed Persephone to

[46] 2020 Custom ML Model streamline interdisciplinary evidence synthesis
for SDG 2.
[47] 2004 ANN Model - ML was applied to enhance crop yield prediction

and resource management for food security.

- The automated crop disease identification is

[48] 2025 ML methods, DNN models . . .
used to improve agricultural productivity.
- The integrated satellite data with ML are
[49] 2025 Deep learning models combined for predicting agricultural

productivity.
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3.2| SDG 3: Good Health and Well-Being

It is about reducing the mortality rates, promoting mental health, preventing substance abuse, and universal
health coverage. Aside from that, unintended effects may occur due to sustainable building practices in
Australia; mold and condensation might manifest in newly constructed houses [50]. In India, groundwater
gets polluted, and the impurities emerging out of it led to several health hazards, mainly from fluoride and
nitrate ingestion. Forest conservation happens to be one of the prime activities, which contributes towards
the good health and sustainable well-being by protecting traditional medicine and controlling the incidence
of infectious diseases [51]. Healthcare managers consider it essential; however, they are most specifically
dependent on SDG 3 in crafting public policies that have better health outcomes [52]. The COVID years
have added importance and urgency to the emphasis on building health systems by governments to achieve
universal health coverage. Overall, SDG 3 aims at wholesome lives and well-being for everyone; it also
discusses many health-related problems and provides access to worldwide healthcare services.

ML plays a role in achieving SDG 3. The ADAM application, for instance, aids employees in reducing anxiety
through a rule-based model of ML with productivity improvements as a result [53]. Furthermore, big data
analytics would help refine predictive models of disease progression and personalize treatment strategies, as
it is called by SDG 3 [54]. Applying ML and multiple data sources would also effectively identify risk factors,
optimize resources, and improve health outcomes [55]. It could also address how drinking water sources vary
spatially-with the demonstration from one study in Ghana-and lead to well-targeted policy action directed
towards improving access to safe drinking water [56], thus contributing to SDG 3 on population health and
well-being. Thus, indeed, ML and data analytics become the centerpiece of future healthcare, collective mental
health, and dedicated access to essential resources for good health and well-being as codified in SDG 3. Table
3 includes some papers that talk about the role of ML in Achieving SDG 3.

Table 3. Summary of some published papers that illustrate the role of ML in achieving the SDG 3.

Reference Year Method Summary
[57] 2021 Supervised, unsupervised and - The study reviewed ML applications in
reinforcement Learning radiology, genetics, EHRs, and neuroimaging.
(58] 2018 ML models - The study transformed patient risk stratification

for infectious diseases.
[59] 2002 ML models - The author.s discuss§d the in.novations and
challenges in deploying ML in healthcare.
- The researchers studied the applications and
[60] 2024 ML models challenges of integrating ML and Al in life-
course epidemiology.
- This article provided an in-depth analysis of Al's
potential in clinical practice, including its
[61] 2023 CNN, AI tools applications in disease diagnosis, treatment
recommendations, and patient engagement,
while also discussing ethical and legal challenges.
- The study exploree the potential benefits and
challenges of ML in a comprehensive health
[62] 2021 ML models perspective, integrating cultural, social, and
environmental factors into public health

research.

3.4| SDG 4: Quality Education

Education is transformed into universal and equitable quality education for all humans to access the
opportunities of lifelong learning. This includes all types of education, from free primary schooling and access
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to secondary education at its elementary level, to affordable vocational and higher education. These are just a
few of the targets of SDG 4 [63]. Education is the means, the most reliable means to sustainable development,
nation-building, and peace. According to findings from a research study in Austria, universities perform
substantially well in their research outputs having concrete positive effects on SDG 4 in conjunction with
SDG 3 [64]. The scope of SDG 4 is typically expected to prepare children and young people with the requisite
skills and knowledge not just for today but also for tomorrow.

ML methods could also help accomplish SDG 4, in creating quality education. The ANN-based LA systems
can help education stakeholders access learner data, using regression analysis, pattern recognition, and
predictive analytics, to make sound decisions from information gleaned [65]. Such systems may also include
making learning outcome enhancement better employability and entrepreneurial skills through adaptive
learning. ML algorithms can also predict student performance in courses eatly on, enabling intervention to
provide timely support. ML can also predict the suitability of mobile applications for children, thus aligning
with the tenet of SDG 4 that handles inclusivity and equitable quality education [66]. Improved learning
experience, lifelong learning opportunities, and the end of universal literacy and numeracy will, therefore,
contribute further to the direction of achieving SDG 4 by developing interventions through ML techniques
in education. Below in Table 4, some papers are recorded to illustrate the role of ML in achieving SDG 4.

Table 4. Summary of some published papers that illustrate the role of ML in achieving the SDG 4.
Reference Year Method Summary
- The study discussed Al's impact on various
[67] 2020 Al ML methods SDGs, emphasizing its role in improving
education and inclusivity.

- This paper reviewed Al's role in supporting
[68] 2024 Al ML methods educational continuity during the COVID-19
pandemic.
- The research applied reinforcement learning
[69] 2023 Reinforcement learning algorithms to personalize learning experiences
and improve engagement.
- This paper presented an approach of statistical
analysis to identify the most common factors
[70] 2022 ANN model that affect the students’ ANNS to predict
students’ performance within the blended

learning environment of Saudi Electronic
University (SEU).

3.5| SDG 5: Gender Equality

Striving for gender equality is within the essence of the SDGs that aim to eradicate discrimination, violence,
and harmful practices. It also forms the basis for pursuing gender equality as one of the ends of sustainable
development considering the rise in violence against women during the COVID-19 pandemic [71]. SDG 5
envisages evidence-based policy making through public-private partnerships and corporate strategies
empowering women and girls, and grant access to equitable resources and technologies [72].

Promoting gender bias-correcting measures can involve the use of ML technologies. Research has revealed
that overly masculine-dominated design processes generate a great deal of gender bias in technology
development [73]. The alteration of the incorporation of gender theory and diversity into ML approaches
prevents the generation of biased algorithms, which tend to disadvantage women. Gender equality is the
whole of SDGs since it mandates that the needs of women will receive the same attention as that of men [74].
ML and tensorization of bias will lead to the acceleration of SDG 5 and other related objectives in developing

a fairer and more sustainable future. Table 5 includes some papers that talk about the role of ML in Achieving
SDG 5.
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Table 5. Summary of some published papers that illustrate the role of ML in achieving the SDG 5.
Reference Year Method Summary

- h ly: i licati
Analysis of 120 papets on gender The study analyzed academic publications to

[75] 2022 biases in ML/ Al system map current research on gender-specific biases
in ML and AI systems.
- h i f lobal SD
ML models for forecasting SDG The study ;.11med to forecast g oba . S G sc.ores
[76] 2024 scores by 2030 using ML models to identify priority
) areas.
- The authors presented an approach to
[77] 2020 Data segmentation using ML expounding triggers of SDG indicators through
data segmentation.
Recommendations for ensuring - The researchers presented recommendations for
[78] 2022 sex and gendet equity in ML/AI ensuring sex and gender equity in ML/ Al tools
tools in dermatology.

3.6| SDG 6: Clean Water and Sanitation

The aim is to bring about universal availability, and sustainable management of water and sanitation for
all. The target includes outcome targets such as drinking safe and affordable water, ending open defecation,
improving water quality, and increasing water use efficiency. Means of implementation targets include
extending water and sanitation support to developing countries and supporting local engagement in water
and sanitation management [79].

ML can be one of the enablers to realize (SDG 6). A National Blueprint Framework (NBF) has 24
indicators concerning water and SDG 6, which include the need to provide complementary indicator
targets and policy quantitative goals to improve monitoring progress [80]. The information is hereby
supported by Earth Observation (EO) and cloud computing for SDG 6 countries in the Nile basin
concerning water stress and urbanization indicators [81]. In addition, it proposes a physics-informed deep
learning model for hydraulics state's estimation in water distribution systems to develop efficiently simulate
and plan for access to clean water [82]. SDG 6 is very important for health improvement, school
attendance, and poverty alleviation. Further, the UN is pushing for increased donor commitments to the
water sector, which should unlock SDG 6. Table 6 illustrated some papers that discuss role of ML in
Achieving SDG 6.

Table 6. Summary of some published papers that illustrate the role of ML in achieving the SDG 6.
Reference Year Method Summary
- SustainBench introduces benchmarks to
[83] 2021 ML Models, including CNNs evaluate ML models for SDG-related tasks,
including water management.
- The research applies models to predict water
[84] 2024 Deep learning models quality indices, ensuring better water resoutrce
management.

Bayesian Networks, ML - Bayesian models predict flooding events, aiding

[85] 2023 Regression Models water resource planning and disaster
management.
Gradient Boosting Machines - Ensemble models analyze river pollution data,
[86] 2021 identifying critical pollution trends for

(GBM), Ensemble Learning o
mitigation.



50

The Role of Machine Learning Algorithms in Driving Sustainable Development Goals: A Comprehensive Survey

3.7| SDG 7: Affordable and Clean Energy

SDG 7 is to provide everyone with access to affordable, reliable, sustainable and modern energy. This
objective comprises targets for universal access to modern energy; increasing the proportion of renewable
energy in the global energy mix; as well as increasing two-fold the improvements made towards energy
efficiency [87]. It is also intended to enhance access to research, technology, and investments in clean energy
as well as enabling improved access to energy services by the developing world. However, making progress
toward each of these targets is most critical for economic development and poverty reduction and general
well-being [88].

Al, through ML, has been employed to prioritize the SDGs and assess their associations with wealth
acquisition. SDG 7 is positively associated with wealth. ML algorithm predicts battery RUL with improved
accuracy and robustness which enhances its contribution to SDG 7: Clean and Affordable Energy and SDG
13: Climate Action [89]. Below is Table 7, the table includes some research papers that discuss and provide
some solutions to meet the previous challenges and present the role of ML in this regard.

Table 7. Summary of some published papers that illustrate the role of ML in achieving the SDG 7.

Reference Year Method Summary

- This research employed LSTM networks to

[90] 2023 LSTM pred'i(':t short—terr? energy demand, ensuring grid
stability and efficient renewable energy
integration.

- The authors introduced SustainBench,
benchmarks designed to monitor SDGs,

[83] 2021 Benchmarks for ML applications ) i i
including tasks relevant to sustainable energy

and other critical global challenges.
- The researchers presented an approach
combining qualitative coding and rule-based

[91] 2023 Rule-Based Data Extraction . . L.
extraction for identifying relevant datasets for

SDG research.
- This research studied energy efficiency
[92] 2020 Decision Ttrees and RF enhancement through the application of ML
models in residential and industrial settings.

- The study demonstrated how gradient boosting
[93] 2024 Gradient Boosting Models enhances energy management in systems

integrating multiple renewable sources.

3.8| SDG 8: Decent Work and Economic Growth

SDG 8 aspires to inclusive economic growth, full employment, and decent work for all; policies for job
creation, resource efficiency improvement, equal pay, youth employment, ending modern slavery and child
labor, protecting labor rights, and promoting safe working environments are covered under it (87). Other
indicators are sustainable tourism, universal access to financial services, trade-support aid, and global
employment strategy for the youth.

The relationship between SDG8 with SDG2 was assessed using ML techniques among poor urban
households in Southern Africa (94). The study also found that household income and education levels are the
most significant predictors of food security. With the Labour Inspection Checklists Dataset, LICD has been
introduced to facilitate more effective labor inspections. A study of the Indian subsidiaries of MINCs indicated
the importance of SDG 8 practices like workforce diversity and equal opportunity for achieving SDG 8 and
hence creating a decent work environment (95). Below is Table 8, the table includes some papers that talk
about the role of ML in Achieving SDG 8.
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Table 8. Summary of some published papers that illustrate the role of ML in achieving the SDG 8.
Reference Year Method Summary
- The study introduced clustering algorithms to
[45] 2024 Clustering Algorithms evaluate Italy's alignment with SDGs related to
climate change and the agrifood market.
- The UN SDGs is expanded by leveraging the
[96] 2022 ML for Artefact Detection interrelationship between science and
technology through ML applications.
- The authors presented a consilient approach to
[77] 2020 Data segmentation techniques expounding triggers of SDG indicators through

data segmentation, unifying understanding.

3.9| SDG 9: Industry, Innovation, and Infrastructure

SDG 9 concerns itself about resilient infrastructure, sustainable industrialization, and innovative
improvement. This includes the development of sustainable infrastructures, inclusive industrialization, and
research and enhancement of industrial technologies (97). SDG 9 further concerns itself with connection,
efficient transportation, and any innovation that may support economic, social, and environmental hurdles
(38). It also includes universal access to information and financial markets, technology development, and
industrial diversification.

In line with SDG 9, that is Industry, Innovation, and Infrastructure, ML can play a crucial role. An example
study has been improving localization accuracy in magneto-inductive underwater wireless sensor networks
(MI-UWSNSs) for applications in industrial IoT, for monitoring gas and oil pipelines. By employing ML
techniques for predicting localization estimation accuracy, the study's outcome revealed accuracies level
ranging from 95% up to 97% (98). A new technique is also presented to assemble an MI-TD coil to increase
localization accuracy.

Another research underlined wind energy partaking to SDG 9 through the London Array wind farm (99).
Wind energy establishes an enabling environment of energy security while also promoting economic growth
and development of infrastructure. In this way, since countries can develop infrastructure using clean energy
by employing wind energy, the greenhouse gas emission toll can be reduced and many SDGs achieved by
these countries (100). This is a clear show of how ML and sustainable energy sources can innovate and develop
infrastructures within SDG 9. Below is Table 9, the table includes some research that talks about the role of
ML in Achieving SDG 9.

Table 9. Summary of some published papers that illustrate the role of ML in achieving the SDG 9.
Reference Year Method Summary

[90] 2023 Deep learning - Er.lergy Siemand prediction is explor‘ed for émart
grids to improve renewable energy integration.
- The study discussed ML approaches to analyze
[67] 2020 Data Segmentation Models SDG data and identify key development
indicators.
- ML applications were investigated for
[101] 2021 Gradient Boosting optimizing industrial processes and waste
reduction.
ML models are integrated for fostering

[102] 2021 Ensemble Models . L .
innovation in sustainable urban development.
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3.10| SDG 10: Reduced Inequalities

It aims to empower inequalities among countries and within nations through representation, recognition, and
distributive justice. Despite such recognition, distributive justice applies to situations in which forest-
dependent populations need support [103]. It has been denoted that Building Volume per Capita would be
related to economic and housing inequalities, which would be in line with SDG 11 sustainable cities and
communities (104). SDG 10 addresses income inequalities in terms of inclusion and ending discrimination
through equality policies.

ML could provide a strong basis for reducing inequalities, especially in the field of healthcare. In their analysis,
Gao et al. [105] discussed how Al models need to be unbiased such that they do equally well with respect to
all ethnicities to minimize health disparities. Transfer learning has been shown to improve model performance
for data-disadvantaged ethnic groups thereby decreasing disparities related to healthcare caused by data
inequality. Also, according to Chancel et al. (100), the SDGs addressing inequalities on-going and
contemporary can concretely help countries toward achieving SDG 10. Achieving buy-in from the key actors
makes an important difference in leveraging SDGs efficiently. Overall, ML that is ethical and inclusive will
go a long way toward helping to reduce gaps within and between countries, as it will meet SDG 10. Below is
Table 10, the table includes some papers that talk about the role of ML in Achieving SDG 10.

Table 10. Summary of some published papers that illustrate the role of ML in achieving the SDG 10.

Reference Year Method Summary
[107] 2004 Clusteting algorithms - Qustermg models assessed Ital;i s ahgn.ment
with SDG targets for better policymaking.
[55] 2021 Decision trees, regression models Synergy analysis was demonstrated among
SDGs for prioritization using ML techniques.
- Al and ML were used to identify and address
[108] 2023 Al algorithms, ML gender gaps in education and employment data
globally.
- ispariti f i ial
[109] 2004 ANN model Urban disparities are performed using spatia

data and ML methods, aiding city planning.

3.11| SDG 11: Sustainable Cities and Communities

The issues of sustainable development concerning the urban areas and communities are noted by the SDG,
which will help in addressing the global challenges on sustainability. The urban areas focus on poverty
reduction, education, gender equality, good water supply and energy, as well as the promotion of economic
growth and climate action [110]. The implementation of an Electric Vehicle Strategy in Dundee enhances
energy affordability and sustainable community principles. The programs looking to older adults have
synergy to SDG 11 and beyond [111].

ML can help monitor progress towards SDG 11 in Sustainable Cities and Communities. Yeh et al. [83]
introduced SustainBench, a set of benchmarks for measuring SDGs using ML. Peng et al. [112] used ML
to identify densely populated-informal settlements in Chinese cities. This initiative aims to lower barriers
for ML and provide standard benchmarks for evaluating models across various SDGs. Below is Table 11,
The table includes some papers that talk about the role of ML in Achieving SDG 11.
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Table 11. Summary of some published papers that illustrate the role of ML in achieving the SDG 11.

Reference Year Method Summary
- Models improve public transport routes, reduce
[113] 2022 Neural Networks, LSTM congestion, and enhance urban mobility
efficiency.
- Satellite imagery and ML assess urban heat
[114] 2024 Image Recognition Algorithms islands, supporting climate-adaptive urban
planning.
- ML i i f les i
[115] 2004 Optimization Algorithms supports integration of renewables in urban

grids, ensuring sustainable energy management.
Real-time anomaly detection improves safety

116 2024 A ly Detection Algorith
[116] nomaty Hetection £lgotithms and reliability of public transportation systems.

3.12| SDG 12: Responsible Consumption and Production

Sustainable development is achieved through an SDG 12-dimension, responsible consumption and
production. Trade-offs usually underline the balancing challenges between competing economic growth
and environmental protection [17]. Achieving SDG 12 targets can directly include circular economy
practices by SDGs 6, 7, 8, and 15. Sustainable circular economy models based on Industry 4.0, including
smart waste management systems, contribute to the advancement of SDG 12 in countries like Indonesia
[117]. Responsible production and consumption, according to SDG 13, are called for to contend with
climate change. The overlap between SDG 12 and SDG 13 characterizes the necessity of sustainably
addressing as they increase production and consumption levels to lessen climate impacts [87]. Achieving
SDG 12 may require synergy among the goals and negotiating trade-offs to address the obstacles presented
in the SDG agenda.

ML features as a significant contributor to realizing the dream of SDG 12. This is especially true in
predicting the remaining useful life of mining shovels, optimizing maintenance schedules, and reducing
costs: thus, working towards responsible production [45]. It can also help open analyses of the possible
correlation between the progress made in SDG and changes in well-being to shine a light on how these
responsible consumption and production exercise wealth. Organizations using ML techniques will thus
find themselves being sustainable and lessening their environmental impact and mostly encouraging
responsible consumption and production [118]. Below is Table 12, the table includes some papers that talk
about the role of ML in Achieving SDG 12.

Table 12. Summary of some published papers that illustrate the role of ML in achieving the SDG 12.
Reference Year Method Summary
- Review highlights AI applications promoting
[47] 2024 Al Techniques, ML sustainable practices, emphasizing Al's role in
achieving SDG 12.
- ML predicts global SDG trends, guiding
[76] 2024 Predictive ML Models policymakers for achieving responsible
production and consumption goals.
- Implements time-series ML to predict food loss
[119] 2024 Time Series Analysis and waste, promoting sustainable consumption
practices under SDG 12.
- Explores ML's role in transforming waste
[120] 2023 Unsupervised Learning Models recovery processes into sustainable resource

optimization systems.
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3.13| SDG 13: Climate Action

Prior to discussing SDG 13, which strives for sustainable development by fighting climate change through
building resilience, integrated measures, and knowledge and capacity development, it should be noted that
the UNFCCC plays key roles in an area of concern with global climate change, affecting economies, lives,
and livelihoods [35]. I would say that this SDG directly touches upon, unlike the other set of goals, a corollary
one, namely, SDG 7, on clean energy, clean water, responsible consumption, and, ultimately, life on land.
Urgent actions to be taken must be taken to limit and adapt to the effects of climate change [72].

ML can play an important role in implementing SDG13 For example, ML algorithms have the potential for
predicting the remaining useful life of batteries and hence, contribute to meeting the carbon gas budget and
furthering climate action [121]. Furthermore, ML also has its applications in investigating the adsorption
mechanism relating to carbon dioxide in porous carbons, thus contributing towards climate changes
mitigation [122]. In addition, the intersection between ML with Earth observation and remote sensing would
also help understand the phenomena of modern slavery and exploitative labor practices that take place in the
context of degradation and pollution affecting climate change. Ultimately, through ML techniques such as
those employed in battery RUL prediction and carbon capture, all stakeholders will better improve the efficacy
and precision of initiatives undertaken in the name of climate action which, much in the long run, would
amount to a more sustainable and resilient society [123]. Below is Table 13, The table includes some research
papers that discuss and provide some solutions to meet the previous challenges and present the role of ML

in this regard.

Table 13. Summary of some published papers that illustrate the role of ML in achieving the SDG 13.
Reference Year Method Summary

- Proposes a deep learning model to predict

energy demand, enhancing renewable energy

90 2023 Deep Learni ST
501 cep Learning (LSTM) integration and grid stability, supporting climate
action initiatives.
Decp Learning and Al - Rejlexrfrs Al and deep lf.:armng applications in
[124] 2023 . achieving SDGs, focusing on renewable energy
Techniques ;
and environmental health.
- Discusses how ML can reduce greenhouse gas
[125] 2022 Various ML Techniques emissions and help society adapt to climate
change.
- Introduces benchmark tasks utilizing ML
[83] 2021 ML Benchmarks models to monitor SDGs, including climate

action, providing a framework for future

research.

3.14| SDG 14: Life Below Water

SDG 14 works on the conservation of oceans, seas, and other marine resources, with emphasis on mangrove
ecosystems. SDG 13 Addressing Climate Action reduces emissions for health, water, consumption, and
biodiversity. The UNFCCC state parties adopted mechanism of resilience, capacity building, and policy
integration into adaptation and mitigation climate change framework [126]. The implication is well beyond
the economies of nations but extends into the lives and livelihoods of people in the world emphasizing the
collaborative efforts in achieving the society [127]. Realizing SDG 14 is very crucial for conserving marine
ecosystems and for the well-being of coastal people.

ML is profoundly apt to realize SDG 14. Predicting pollution, monitoring the health of rivers, and building
real-time forecasts on water quality are some of the functions performed by ML technology. Previous studies
have incorporated ML for enhancing the node localization accuracy in MI-UWSNS, besides proposing a Smart
Platform-MIL-GSM [128] based water quality monitoring system for rivers, which aims to reduce pollution
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from oil palm plantations [98]. The above-mentioned goals are aligned with SDG 14 under which underwater
life is protected, and clean water is assured. Below is Table 14, the table includes some papers that talk about
the role of ML in Achieving SDG 14.

Table 14. Summary of some published papers that illustrate the role of ML in achieving the SDG 14.
Reference Year Method Summary
- Focuses on integrating ML and metaverse
[129] 2024 Metaverse & ML Algorithms technologies to handle ocean pollution and
sustain marine ecosystems.
B0 w O v i

. . - Develops Al-driven marine vehicles for
Reinforcement Learning for

[131] 2024

. underwater exploration and environmental

Navigation o
monitoring.

- Identifies and maps marine litter from aerial

[132] 2024 UAV-Integrated ML Models . .
UAV data using robust ML techniques.

3.15| SDG 15: Life on Land

It enshrines the goal for sustainable development - SDG 15: Life on Land. It should Protect, restore, and
promote the sustainable use of terrestrial ecosystems. This goal is also closely related to SDGs on Climate
Action, Good Health, Clean Water, Sanitation, and Responsible Consumption and Production [35]. As such
changes in climate speak to altering physical environmental conditions, these changes influence land
ecosystem configurations and water resources [133]. Therefore, reaching SDG 15 urgently needs action on

climate change measures, policy integration, and disaster resilience.

ML is the most important proof for SDG 15. It predicts how deep the erosion will be in the watershed, aids
in conservation planning, and provides standard benchmarks for models' evaluation [83]. Combining ML with
statistical models would act as the icing on the cake of urban planning and management. And of course, wind
energy for different SDGs the London Array wind farm extracts this and reduces carbon emissions [99]. In
that sense, ML can contribute significantly to monitoring and achieving SDG 15. Below is Table 15, the table
includes some research papers that discuss and provide some solutions to meet the previous challenges and
present the role of ML in this regard.

Table 15. Summary of some published papers that illustrate the role of ML in achieving the SDG 15.
Reference Year Method Summary
- The study reviewed deep learning applications in
[134] 2022 Deep learning models Earth observation for monitoring SDGs,
emphasizing biodiversity preservation.
- The study explored Al's potential in achieving
[135] 2023 Al Tools and Predictive Analytics SDGs related to societal aspects, including
education and gender equality.
- Bigdata and ML were discussed to monitor
[136] 2023 Big Data Analytics and ML terrestrial ecosystems, aiding SDG 15 progress
tracking.

3.16| SDG 16: Peace, Justice, and Strong Institutions

SDG 16 considers a SDG with its agenda for peaceful society, access to justice, and accountability institutions.
It aims to unleash violence against children, rule of law, organized crime, corruption, and transparency [137].
In addition, achieving SDG 16 needs a cooperative approach involving parliaments and environmental
governance frameworks. Cooperatives in the Philippines and Southeast Asia contributed to economic
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development and social well-being; polycentric environmental governance addressed those environmental
challenges in Southeast Asia and Eastern Africa [138].

ML undoubtedly contributes significantly to reaching SDG 16 toward peace, justice, and strong institutions
[139]. Among Nordic higher education institutions, MOOC:s related to SDG 16 include those that use ML to
analyze and improve E-Learning courses as an alternative approach to filling the gaps in Education for
Sustainable Development [140]. In effect, this innovation will be an added push toward SDG 16: peace,
justice, and strong institutions. Table 16 shows some papers that talk about the role of ML in Achieving SDG
16.

Table 16. Summary of some published papers that illustrate the role of ML in achieving the SDG 16.
Reference Year Method Summary

- This research explored Al's role in tracking
SDG 16 progtess, utilizing NLP and transfer

[141] 2019 NLP, Transfer Learning i L
learning to measure peace, justice, and strong
institutions.
Naive Bayes, RF, Neural ML techniques were examined like Naive Bayes
[142] 2021 Net\x;ork; and Random Forest for improving justice and
peaceful institutions under SDG 16.
- CNNs are applied in automating SDG 16
[134] 2022 CNN monitoring tasks, streamlining data collection
and analysis.
- The study proposed deep learning and synthetic
[143] 2024 Deep Learning, Synthetic Data data generation to enhance classifiers for SDG
Generation 16-related tasks, improving data availability and

classification.

3.17| SDG 17: Partnerships for the Goals

SDG 17 defines and states that there should be cooperation to achieve sustainable development. It is meant
to mobilize resources and domestic revenue generation, as well as international trade for long-term
investments in energy, infrastructure, transportation systems, and I'T infrastructure [144]. However, overall
development assistance has increased, but the financial requirements remain. To mobilize science and
technology, capacity development and the trade issues around systemic ones, SDG 17 has 17 targets and 25
indicators [145].

Previously, we mentioned some studies that illustrate the role of ML in achieving each of the SDG. These
studies will help demonstrate how potentially ML tools fit into effects in higher education quality, healthy
work environments, and predicting attainment toward health and education goals while contributing to
greater SDGs which is the practical implementation of the concept of SDG 17.

4| Contribution and Recommendations

Research contributes significantly to our understanding and use of ML in achieving various SDGs. In
many studies, ML has exhibited transformative ability in global challenges like poverty, education, climate
change, health, and global partnership. For instance, with advanced data analytics and predictive modeling
in place, the policymakers can track how progress is being made toward achieving SDGs even in the less
represented areas. Such models, with the processing of big data, yield results insightful for guiding
intervention areas so that they are targeted and fair.

One of the central contributions is expected to result from binarization in methods through manipulation
of different ML models-deep learning, neural networks, supervised and unsupervised learning, and
resource optimization algorithms techniques. These have proven significant in resource allocation, trend
analysis, and partnership-building activities-those themes deemed critical for the success of SDG. For
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instance, analyzing educational data through neural network modeling has enhanced
accessibility/inclusivity as far as soutces for quality education (SDG 4) are concerned. Motreover, using
machine learning to drive climate models is instrumental toward sustainable cities and communities (SDG
11) in terms of energy optimization and reduction of environmental exposure risks. These works denote
the significance of bringing together several disciplines; thus, drawing from them would be the expertise
of computer science, environmental studies, public health, and social sciences. And this has proved crucial-
innovative solutions to very difficult adversities, such as tackling climate change (SDG 13) and enhancing
global partnerships (SDG 17)-would not have been possible without it.

While impressive breakthroughs have been achieved, considerable gaps persist in previous studies in
directing MLL toward achieving SDGs. An important one is focused on the narrow-localized solutions.
Most of them are developed using datasets across the globe thus, they miss the unique social-economic,
cultural, geographical, and environmental setting of a particular region. This limits their effectiveness or

relevance for the target audience.

Another gap is that interdisciplinary approaches are lacking. Much research in ML on the other hand
focuses mainly on scientific and/or technological issues. That is often divorced from sociology, economics,
and public policy, which has significant connotations to address multidimensional issues that concern
SDGs. Fieldwork, also lacks longitudinal studies that trace the impact of ML applications on the progress
of SDGs in the long run. Most of the research evidence is merely proof of concept studies or short-lived
implementations, leaving questions around scalability, sustainability, and unintentional side effects

unanswered.

Furthermore, ethical frameworks and modalities for ML applications related to SDG are still in their
infancy. There is a requirement for research to determine the design of such ML models-construction with

transparency, equity, and accountability around issues of biases, inclusiveness, and data security.

Previous studies representation is also severely lacking for the low-resource setting-that is, the area where
it could be argued that ML would have its maximum impacts. While most studies are focused on high-tech
states, they forget the very many specific great challenges and opportunities in pootly resourced settings.

5| Discussion and Conclusions

ML algorithms have become an important part of achieving the SDGs, since they provide innovative
solutions for even the most complicated global issues-such as poverty, education, and health. They also
automate processes that improve efficiency and effectiveness toward achieving SDGs in the face of such
global challenges as the changing climate. By using big data and predictive analytics, ML can bring
evidence-based decisions, optimize resources, and personalize interventions, moving society toward
sustainable growth. Yet ML has such great potential to drive SDGs only if those challenges of privacy,
algorithmic bias, and accessibility are addressed ethically and with inclusive policies and infrastructure.
That means interdisciplinary collaboration and research will be essential as we move forward to ensure
that ML continues to be an agent of positive societal change-with equity and environmental sustainability

in mind.

Acknowledgments

The authors are grateful to the editorial and reviewers, as well as the correspondent author, who offered

assistance in the form of advice, assessment, and checking during the study period.

Author Contribution

All authors contributed equally to this work.



The Role of Machine Learning Algorithms in Driving Sustainable Development Goals: A Comprehensive Survey

58

Funding

This research has no funding source.

Data Availability

The datasets generated during and/or analyzed during the cutrent study are not publicly available due to the

privacy-preserving nature of the data but are available from the corresponding author upon reasonable

request.

Conflicts of Interest

The authors declare that there is no conflict of interest in the research.

Ethical Approval

This article does not contain any studies with human participants or animals performed by any of the authors

References

(1]

(2]

3]

(4]

Bl

[6]

(8]
]

[10]

Abbey, X. K., & Adebiyi, A. A. (2024, 2-4 April 2024). Predictive Modelling of Renewable Energy Sonrces: A Comprebensive Analysis
Using Gradient Boosted Decision Trees. Paper presented at the 2024 International Conference on Science, Engineering and
Business for Driving Sustainable Development Goals (SEB4SDG).

Adhitya, Y., Prakosa, S. W., Képpen, M., & Leu, J.-S. (2019). Convolutional nenral network application in smart farming. Paper
presented at the Soft Computing in Data Science: 5th International Conference, SCDS 2019, Iizuka, Japan, August 2829,
2019, Proceedings 5.

Agarwal, B. (2018). Gender equality, food security and the sustainable development goals. Current Opinion in Environmental
Sustainability, 34, 26-32. doi: https:/ /doi.org/10.1016/j.cosust.2018.07.002

Ahmad, T., Madonski, R., Zhang, D., Huang, C., & Mujeeb, A. (2022). Data-driven probabilistic machine learning in
sustainable smart energy/smart energy systems: Key developments, challenges, and future research opportunities in the
112128.  doi:

>

context of smart grid paradigm.  Rewewable — and  Sustainable  Energy  Reviews, 160
https://doi.org/10.1016/j.rser.2022.112128

Ahmad, T., Zhang, D., Huang, C., Zhang, H., Dai, N., Song, Y., & Chen, H. (2021). Artificial intelligence in sustainable
energy industry: Status Quo, challenges and opportunities. Journal of Cleaner Production, 289, 125834. doi:
https://doi.org/10.1016/j.jclepro.2021.125834

Aiken, E., Bellue, S., Karlan, D., Udry, C., & Blumenstock, J. E. (2022). Machine learning and phone data can improve
targeting of humanitatian aid. Nasure, 603(7903), 864-870. doi: 10.1038/s41586-022-04484-9

Alowais, S. A., Alghamdi, S. S., Alsuhebany, N., Algahtani, T., Alshaya, A. 1., Almohareb, S. N., . . . Albekairy, A. M. (2023).
Revolutionizing healthcare: the role of artificial intelligence in clinical practice. BMC Medical Education, 23(1), 689. doi:
10.1186/512909-023-04698-z

Alsharkawi, A., Al-Fetyani, M., Dawas, M., Saadeh, H., & Alyaman, M. (2021). Poverty Classification Using Machine
Learning: The Case of Jordan. Sustainability, 13(3), 1412.

Amaruzaman, S., Trong Hoan, D., Catacutan, D., Leimona, B., & Malesu, M. (2022). Polycentric Environmental Governance
to Achieving SDG 16: Evidence from Southeast Asia and Eastern Africa. Forests, 13(1), 68.

Aniza, R., Chen, W.-H., Pétrissans, A., Hoang, A. T., Ashokkumar, V., & Pétrissans, M. (2023). A review of biowaste
remediation and valorization for environmental sustainability: Artificial intelligence approach. Environmental Pollution, 324,
121363. doi: https://doi.org/10.1016/j.envpol.2023.121363

Arora, N. K., & Mishra, I. (2019). United Nations Sustainable Development Goals 2030 and environmental sustainability:
race against time. Environmental Sustainability, 2(4), 339-342.

Asadikia, A., Rajabifard, A., & Kalantari, M. (2021). Systematic prioritisation of SDGs: Machine learning approach. World
Development, 140, 105269. doi: https://doi.otg/10.1016/j.wotlddev.2020.105269

Asekomeh, A., Gershon, O., & Azubuike, S. I. (2021). Optimally Clocking the Low Carbon Energy Mile to Achieve the
Sustainable Development Goals: Evidence from Dundee’s Electric Vehicle Strategy. Energies, 14(4), 842.

Ashraf, I, Strotherm, J., Hermes, L., & Hammer, B. (2024). Physics-Informed Graph Neural Networks for W ater Distribution Systems.
Paper presented at the Proceedings of the AAAI Conference on Artificial Intelligence.

Assembly, U. G. (2015). Transforming our world: the 2030 agenda for sustainable development. 2015.

Bachmann, N., Tripathi, S., Brunner, M., & Jodlbauer, H. (2022). The Contribution of Data-Driven Technologies in
Achieving the Sustainable Development Goals. Sustainability, 14(5), 2497.

Bank, W. (2019). Decline of global extreme poverty continues but has slowed. Aewessed on, 28.



59

Elezmazy and El-Shahat | Int. j. Comp. Info. 6 (2025) 40-63

(18]

(19]

[20]

[30]
[31]
[32]

[33]

[34]

3]
3]
7]
[38]
[39]

[40]

[41]

[42]

[43]

[44]

Basir, S. (2023). Impact of artificial intelligence in closing the gender gap among women-led industries: a developing country
perspective. Brac University.

Basnett, B. S., Myers, R., & Elias, M. (2019). SDG 10: Reduced Inequalities — An Environmental Justice Perspective on
Implications for Forests and People. In P. Katila, C. J. Pierce Colfer, W. de Jong, G. Galloway, P. Pacheco & G. Winkel
(Eds.), Sustainable Development Goals: Their Impacts on Forests and People (pp. 315-348). Cambridge: Cambridge University Press.
Biamonte, J., Wittek, P., Pancotti, N., Rebentrost, P., Wiebe, N., & Lloyd, S. (2017). Quantum machine learning. Nazure,
549(7671), 195-202. doi: 10.1038/nature23474

Boto Ferreira, M., Costa Pinto, D., Maurer Herter, M., Soro, J., Vanneschi, L., Castelli, M., & Peres, F. (2021). Using artificial
intelligence to overcome over-indebtedness and fight poverty. | Bus Res, 131, 411-425. doi: 10.1016/].jbusres.2020.10.035
Castelli, T., & Mocenni, C. (2024). A machine learning approach to assess Sustainable Development Goals food
performances: The Italian case. 79(1), €0296465. doi: 10.1371/journal.pone.0296465

Castelli, T., Mocenni, C., & Dimitri, G. M. (2024). A machine learning approach to assess Sustainable Development Goals
food performances: The Italian case. Plos one, 19(1), €0296465.

Cernev, T., & Fenner, R. (2020). The importance of achieving foundational Sustainable Development Goals in reducing
global risk. Futures, 115, 102492. doi: https://doi.org/10.1016/].futures.2019.102492

Chancel, L., Hough, A., & Voituriez, T. (2018). Reducing Inequalities within Countries: Assessing the Potential of the
Sustainable Development Goals. Global Policy, 9(1), 5-16. doi: https://doi.org/10.1111/1758-5899.12511

Chen, J., Wei, X, Liu, Y., Zhao, C., Liu, Z., & Bao, Z. (2024). Deep Learning for Water Quality Prediction—A Case Study
of the Huangyang Reservoit. Applied Sciences, 14(19), 8755.

Chen, S., Yu, J., Chamouni, S., Wang, Y., & Li, Y. (2024). Integrating machine learning and artificial intelligence in life-course
epidemiology: pathways to innovative public health solutions. BMC Medicine, 22(1), 354. doi: 10.1186/512916-024-03566-x
Chenary, K., Pirian Kalat, O., & Sharifi, A. (2024). Forecasting sustainable development goals scores by 2030 using machine
learning models. Sustainable Development, 32(6), 6520-6538. doi: https://doi.org/10.1002/sd.3037

Cheshmehzangi, A., & Dawodu, A. (2019). The Review of Sustainable Development Goals (SDGs): People, Perspective and
Planning Sustainable Urban Development in the Age of Climate Change: People: The Cure or Curse (pp. 133-156). Singapore: Springer
Singapore.

Coopet, N., & French, D. (2018). SDG 17: partnerships for the Goals—cooperation within the context of a voluntarist
framework Sustainable Development Goals (pp. 271-304): Edward Elgar Publishing.

D’Amote, G., Di Vaio, A., Balsalobre-Lorente, D., & Boccia, F. (2022). Artificial intelligence in the water—energy—food
model: a holistic approach towards sustainable development goals. Sustainability, 14(2), 867.

Damiani, G., Nurchis, M., Sapienza, M., & Jevtic, M. (2021). Artificial Intelligence and Urban health: a step forward to the
achievement of SDGs. European Journal of Public Health, 31(Supplement_3). doi: 10.1093/curpub/ckab164.731

Das, S., Pradhan, T\, Panda, S. K., Behera, A. D., Kumari, S., & Mallick, S. (2024). Bacterial biofilm-mediated environmental
remediation: Navigating strategies to attain Sustainable Development Goals. | Emviron Manage, 370, 122745. doi:
10.1016/j.jenvman.2024.122745

Dasandi, N., & Mikhaylov, S. J. (2019). Al for SDG 16 on Peace, Justice, and Strong Institutions: Tracking Progress and Assessing
Impact. Paper presented at the Position Paper for the IJCAI Workshop on Artificial Intelligence and United Nations
Sustainable Development Goals.

Davletova, D., & Aziz, A. (2024). Measuring non-monetary poverty via machine learning and neutrosophic method.
International Jonrnal of Neutrosophic Science (IINS), 23(3).

Dolatabadian, A., Neik, T. X., Danilevicz, M. F., Upadhyaya, S. R., Batley, J., & Edwards, D. (2025). Image-based crop
disease detection using machine learning. Plant Pathology, 74(1), 18-38. doi: https://doi.org/10.1111/ppa.14006

ElSayyad, S. E., Saleh, A. I, Ali, H. A,, Saraya, M., Rabie, A. H., & Abdelsalam, M. M. (2024). An effective robot selection
and recharge scheduling approach for improving robotic networks performance. Scientific Reports, 14(1), 28439.

Essex, B., Koop, S. H. A., & Van Leeuwen, C. J. (2020). Proposal for a National Blueprint Framework to Monitor Progress
on Water-Related Sustainable Development Goals in Europe. 65(1), 1-18. doi: 10.1007/500267-019-01231-1

Fan,Z.,Yan, Z., & Wen, S. (2023). Deep Learning and Artificial Intelligence in Sustainability: A Review of SDGs, Renewable
Energy, and Environmental Health. Swustainability, 15(18), 13493.

Faries, D., Gao, C., Zhang, X., Hazlett, C., Stamey, J., Yang, S., . . . Dreyer, N. Real Effect or Bias? Good Practices for
Evaluating the Robustness of Evidence From Comparative Observational Studies Through Quantitative Sensitivity Analysis
for Unmeasured Confounding. Pharmacentical Statistics, n/ a(n/a). doi: https://doi.org/10.1002/pst.2457

Fatimah, Y. A., Govindan, K., Murniningsih, R., & Setiawan, A. (2020). Industry 4.0 based sustainable circular economy
approach for smart waste management system to achieve sustainable development goals: A case study of Indonesia. Journal
of Cleaner Production, 269, 122263. doi: https://doi.org/10.1016/j.jclepro.2020.122263

Fose, N., Singh, A. R., Krishnamurthy, S., Ratshitanga, M., & Moodley, P. (2024). Empowering distribution system operators:
A review of distributed energy resource forecasting techniques. Helyon, 10(15), €34800. doi: 10.1016/j.heliyon.2024.¢34800
Gang, Q., Muhammad, A., Khan, Z. U., Khan, M. S., Ahmed, F., & Ahmad, J. (2022). Machine Learning-Based Prediction
of Node Localization Accuracy in IIoT-Based MI-UWSNs and Design of a TD Coil for Omnidirectional Communication.
Sustainability, 14(15), 9683.

Gao, Y., & Cui, Y. (2020). Deep transfer learning for reducing health care disparities arising from biomedical data inequality.
11(1), 5131. doi: 10.1038/s41467-020-18918-3



The Role of Machine Learning Algorithms in Driving Sustainable Development Goals: A Comprehensive Survey

60

[43]
[4c]
[47]
[45]
[49]
[50]

[51]

[52]
[53]
[54]

[53]

[56]

[60]

[61]

[62]
[63]
[64]
[63]

[66]

Gates, J. D., Yulianti, Y., & Pangilinan, G. A. (2024). Big Data Analytics for Predictive Insights in Healthcare. Inzernational
Transactions on Artificial Intelligence, 3(1), 54-63.

Ghosh, T., Coscieme, L., Anderson, S. J., & Sutton, P. C. (2020). Building volume per capita (BVPC): A spatially explicit
measure of inequality relevant to the SDGs. Frontiers in Sustainable Cities, 2, 37.

Gonzélez-Vazquez, D., Feliu-Torruella, M., & iﬁiguez—Gracia, D. (2021). The Teaching of Historical Memory as a Tool for
Achieving SDG 16 and Teachers’ Views on the Exile Memorial Museum (MUME) Routes. Sustainability, 13(24), 13637.
Greif, L., Rockel, F., Kimmig, A., & Ovtcharova, J. (2024). A systematic review of current Al techniques used in the context
of the SDGs. International Journal of Environmental Research, 19(1), 1. doi: 10.1007/s41742-024-00668-5

Gupta, S., & Degbelo, A. (2022). An empirical analysis of Al contributions to sustainable cities (SDG11). arXiv preprint
arXiv:2202.02879.

Habehh, H., & Gohel, S. (2021). Machine Learning in Healthcare. Curr Genomics, 22(4), 291-300. doi:
10.2174/1389202922666210705124359

Hajikhani, A., & Suominen, A. (2022). Mapping the sustainable development goals (SDGs) in science, technology and
innovation: application of machine learning in SDG-oriented artefact detection. Scientometrics, 127(11), 6661-6693. doi:
10.1007/511192-022-04358-x

Halkos, G., & Gkampoura, E.-C. (2021). Where do we stand on the 17 Sustainable Development Goals? An overview on
progtess. Economic Analysis and Policy, 70, 94-122. doi: https:/ /doi.org/10.1016/j.eap.2021.02.001

Hamadneh, N. N., Atawneh, S., Khan, W. A., Almejalli, K. A., & Alhomoud, A. (2022). Using artificial intelligence to predict
students’ academic performance in blended learning. Sustainability, 14(18), 11642.

Holmes, G., Donkin, A., & Witten, I. H. (1994, 29 Nov.-2 Dec. 1994). WEKA: a machine learning workbench. Paper presented
at the Proceedings of ANZIIS '94 - Australian New Zealnd Intelligent Information Systems Conference.

Hueske, A.-K., Aggestam Pontoppidan, C., & losif-Lazar, L.-C. (2022). Sustainable development in higher education in
Notdic countries: exploring E-Learning mechanisms and SDG coverage in MOOCs. International Journal of Sustainability in
Higher Education, 23(1), 196-211.

Humpbhreys, D., Singer, B., McGinley, K., Smith, R., Budds, J., Gabay, M., . . . Satyal, P. (2019). SDG 17: Partnerships for
the Goals — Focus on Forest Finance and Partnerships. In P. Katila, C. ]. Pierce Colfer, W. de Jong, G. Galloway, P. Pacheco
& G. Winkel (Eds.), Sustainable Development Goals: Their Impacts on Forests and People (pp. 541-576). Cambridge: Cambridge
University Press.

Jagadeesh Kannan, R., & Manningal, M. (2024). A sustainable health and educational goal development (SHEGD) prediction
using metaheuristic extreme learning algorithms. Automatika, 65(3), 716-725. doi: 10.1080/00051144.2024.2318168

Jean, N., Burke, M., Xie, M., Davis, W. M., Lobell, D. B., & Ermon, S. (2016). Combining satellite imagery and machine
learning to predict poverty. Science, 353(6301), 790-794.

Jiang, Y., & Johnson, D. (2023). Data Discovery for the SDGs: A Systematic Rule-based Approach. Paper presented at the
Proceedings of the 2023 ACM Conference on Information Technology for Social Good.

Jokhan, A., Chand, A. A., Singh, V., & Mamun, K. A. (2022). Increased Digital Resource Consumption in Higher Educational
Institutions and the Artificial Intelligence Role in Informing Decisions Related to Student Performance. Sustainability, 14(4),
2377.

Jouzdani, J., & Govindan, K. (2021). On the sustainable perishable food supply chain network design: A dairy products case
to  achieve  sustainable  development  goals.  Jowrnal  of  Cleaner — Production, 278,  123060.  doi:
https://doi.org/10.1016/j.jclepro.2020.123060

Junejo, S., Khan, J., Muhammad, M., & Hirawan, F. B. (2024). The Impact of Technological Innovations and Food Waste
Management on Carbon Emissions: A Time Seties Analysis of Indonesia. Pollution, 11(1), 95-116.

Jungwirth, D., & Haluza, D. (2023). Artificial intelligence and the sustainable development goals: an exploratory study in the
context of the society domain. Journal of Software Engineering and Applications, 16(4), 91-112.

Kamble, S. S., Gunasekaran, A., & Gawankar, S. A. (2020). Achieving sustainable performance in a data-driven agriculture
supply chain: A review for research and applications. International Journal of Production Economics, 219, 179-194.

Khalique, F., Madan, P., Puri, G., & Parimoo, D. (2021). Incorporating SDG 8 for decent work practices: A study of MNC
subsidiaries in India. Awustralasian Accounting, Business and Finance Journal, 15(5), 99-114.

Kiwfo, K., Yeerum, C., Issarangkura Na Ayutthaya, P., Kesonkan, K., Suteerapataranon, S., Panitsupakamol, P., . . . Grudpan,
K. (2021). Sustainable Education with Local-Wisdom Based Natural Reagent for Green Chemical Analysis with a Smart
Device: Experiences in Thailand. Swustainability, 13(20), 11147.

Kérfgen, A., Forster, K., Glatz, 1., Maier, S., Becsi, B., Meyer, A., .. . Stétter, ]. (2018). It’s a Hit! Mapping Austrian Research
Contributions to the Sustainable Development Goals. Sustainability, 10(9), 3295.

Krzywanski, J. (2022). Advanced Al applications in energy and environmental engineering systems. Energies, 15(15), 5621.
Kuboye, B., Gabriel, A., Thompson, A., & Joseph, V. (2018). Analysis of algorithms in long term evolution (LTE) network.
Journal of Computer Science and 1ts Application, 25(2), 59-71.

Kiifeoglu, S. (2022). SDG-6 clean water and sanitation Emerging Technologies: 1 alue Creation for Sustainable Development (pp. 289-
304): Springer.

Kumar, A., Singh, R. P., Dubey, S. K., & Gaurav, K. (2022). Streamflow of the Betwa river under the combined effect of
LU-LC and climate change. Agriculture, 12(12), 2005.



61

Elezmazy and El-Shahat | Int. j. Comp. Info. 6 (2025) 40-63

[80]

(81]

(82]

[53]
[84]
[55]

[86]

3]

[94]

Law, T., & Dewsbuty, M. (2018). The Unintended Consequence of Building Sustainably in Australia. In W. Leal Filho, J.
Rogers & U. Iyer-Raniga (Eds.), Sustainable Development Research in the Asia-Pacific Region: Education, Cities, Infrastructure and
Buildings (pp. 525-547). Cham: Springer International Publishing.

Leavy, S. (2018). Gender bias in artificial intelligence: the need for diversity and gender theory in machine learning. Paper presented at the
Proceedings of the 1st International Workshop on Gender Equality in Software Engineering, Gothenburg, Sweden.
https://doi.org/10.1145/3195570.3195580

Lee, M. S., Guo, L. N., & Nambudiri, V. E. (2022). Towards gender equity in artificial intelligence and machine learning
applications in dermatology. | Am Med Inform Assoc, 29(2), 400-403. doi: 10.1093/jamia/ocab113

Li, W., El-Askary, H., Lakshmi, V., Piechota, T., & Struppa, D. (2020). Earth Observation and Cloud Computing in Support
of Two Sustainable Development Goals for the River Nile Watershed Countries. Remote Sensing, 12(9), 1391.

Li, X., Han, Q., Wang, J., & Xu, W. (2023). Harnessing big data to track progress towards SDG 15: Life on Land. International
Journal of Digital Earth, 16(2), 4597-4600. doi: 10.1080/17538947.2023.2273661

Lile, R., Ocnean, M., & Balan, I. M. (2023). Challenges for Zero Hunger (SDG 2): Links with Other SDGs. Zero Hunger, 9.
Lino Ferreira da Silva Batros, M. H., Medeiros Neto, L., Santos, G. L., Leal, R. C. d. S., Leal da Silva, R. C,, Lynn, T., . ..
Endo, P. T. (2024). Leveraging Al and Data Visualization for Enhanced Policy-Making: Aligning Research Initiatives with
Sustainable Development Goals. Sustainability, 16(24), 11050.

Lynch, A. J., Elliott, V., Phang, S. C., Claussen, ]. E., Harrison, I., Mutchie, K. J., . .. Stokes, G. L. (2020). Inland fish and
fisheries integral to achieving the Sustainable Development Goals. Nature Sustainability, 3(8), 579-587. doi: 10.1038/s41893-
020-0517-6

Mannapperuma, D., & Kirupananada, A. (2020, 26-27 Dec. 2020). ADAM- Anxiety Detection and Management: a Solution to
Manage Anxiety at Workplaces and Improve Productivity. Paper presented at the 2020 IEEE International Women in Engineering
(WIE) Conference on Electrical and Computer Engineering (WIECON-ECE).

McFatrlane, R. A., Barry, J., Cissé, G., Gislason, M., Gruca, M., Higgs, K., ... Butler, C. D. (2019). SDG 3: Good Health and
Well-Being — Framing Tatgets to Maximise Co-Benefits for Forests and People. In P. Katila, C. J. Pierce Colfer, W. de Jong,
G. Galloway, P. Pacheco & G. Winkel (Eds.), Sustainable Development Goals: Their Impacts on Forests and People (pp. 72-107).
Cambridge: Cambridge University Press.

Mehmood, H., Liao, D., & Mahadeo, K. (2020, 21-25 Sept. 2020). A Review of Artificial Intelligence Applications to Achieve Water-
related Sustainable Development Goals. Paper presented at the 2020 IEEE / ITU International Conference on Artificial
Intelligence for Good (AI4G).

Meskic, Z., Albakjaji, M., Jevremovic, N., Omerovic, E., & Adams, J. (2022). Digitalization and Innovation in Achieving SDGs—
Impacts on Legislation and Practice. Paper presented at the IOP Conference Series: Earth and Environmental Science.
Mhasawade, V., Zhao, Y., & Chunara, R. (2021). Machine learning and algorithmic fairness in public and population health.
Nature Machine Intelligence, 3(8), 659-666. doi: 10.1038/542256-021-00373-4

Mia, M. U., Chowdhury, T. N., Chakrabortty, R., Pal, S. C., Al-Sadoon, M. K., Costache, R., & Islam, A. R. M. T. (2023).
Flood susceptibility modeling using an advanced deep learning-based iterative classifier optimizer. Land, 12(4), 810.

Miah, M. S. U., Sulaiman, J., Islam, M. 1., Masuduzzaman, M., Giri, N. C., Bhattacharyya, S., . . . Mrsic, L. (2023). Predicting
short term energy demand in smart grid: A deep learning approach for integrating renewable energy sources in line with sdgs
7,9, and 13. arXiv preprint arXiv:2304.03997.

Mohale, V. Z., & Obagbuwa, 1. C. (2024). Poverty Analysis and Prediction in South Africa Using Remotely Sensed Data.
Applied Computational Intelligence and Soft Computing, 2024(1), 5137110. doi: hteps://doi.org/10.1155/2024 /5137110
Mwitondi, K. S., Munyakazi, 1., & Gatsheni, B. N. (2020). A robust machine learning approach to SDG data segmentation.
Journal of Big Data, 7(1), 97. doi: 10.1186/s40537-020-00373-y

Namdeo, S., Srivastava, V. C., & Mohanty, P. (2023). Machine learning implemented exploration of the adsorption
mechanism of carbon dioxide onto porous carbons. J Colloid Interface Sci, 647, 174-187. doi: 10.1016/j.jcis.2023.05.052
Nistasd, A., Dumitra, T. C., & Grigorescu, A. (2024). Artificial intelligence and sustainable development during the pandemic:
An overview of the scientific debates. Heliyon, 10(9), €30412. doi: 10.1016/].heliyon.2024.e30412

Nations., U. (2021). The Sustainable Development Goals Report 2021.

Naveenkumar, R., Iyyappan, J., Pravin, R., Kadry, S., Han, J., Sindhu, R., . .. Baskar, G. (2023). RETRACTED: A strategic
review on sustainable approaches in municipal solid waste management and energy recovery: Role of artificial intelligence,
economic stability and life cycle assessment. Bioresource Technology, 379, 129044. doi:
https://doi.org/10.1016/j.biortech.2023.129044

Niroomand, K. (2023). Investigating renewable energy systems using artifcial intelligence techniques. Memorial University
of Newfoundland.

Nkurunziza, F., Kabanda, R., & McSharry, P. (2025). Enhancing poverty classification in developing countries through
machine learning: a case study of household consumption prediction in Rwanda. Cogent Economics & Finance, 13(1), 2444374.
doi: 10.1080/23322039.2024.2444374

Olabi, A. G., Obaideen, K., Abdelkareem, M. A., AlMallahi, M. N., Shehata, N., Alami, A. H,, . .. Sayed, E. T. (2023). Wind
Energy Contribution to the Sustainable Development Goals: Case Study on London Array. Sustainability, 15(5), 4641.
Omone, O. M., Timca, Z., & Kozlovszky, M. (2021, 21-23 Jan. 2021). The Impact of Braille Systems on Advanced Mathematical
Geometry. Paper presented at the 2021 IEEE 19th World Symposium on Applied Machine Intelligence and Informatics
(SAMI).



62

The Role of Machine Learning Algorithms in Driving Sustainable Development Goals: A Comprehensive Survey

71 P,K,CJ,P.C,W,d.].,G,G,P,P., & G, W. (2019). Sustainable Development Goals: Their Impacts on Forests and People. Cambridge:
Cambridge University Press.

[98] Pan, S. (2024). Monitoring of Riparian Infrastructure and Riverine Environment using Al and Air Vehicles.

[99] Park,]., & Kang, D. (2024). Artificial Intelligence and Smart Technologies in Safety Management: A Comprehensive Analysis
Across Multiple Industries. Applied Sciences, 14(24), 11934.

[100] Peng, Q., Ge, S., Li, W., Xiao, L., Fu, J., Yu, Q., .. . Gao, J. (2023). Identification of densely populated-informal settlements
and their role in Chinese urban sustainability assessment. GlScience & Remote Sensing, 60(1), 2249748. doi:
10.1080/15481603.2023.2249748

[101] Persello, C., Wegner, J. D., Hinsch, R., Tuia, D., Ghamisi, P., Koeva, M., & Camps-Valls, G. (2022). Deep learning and earth
observation to support the sustainable development goals: Cutrent approaches, open challenges, and future opportunities.
IEEE Geoscience and Remote Sensing Magazine, 10(2), 172-200.

[102] Pham, A.-D., Ngo, N.-T., Ha Truong, T. T., Huynh, N.-T., & Truong, N.-S. (2020). Predicting energy consumption in
multiple buildings using machine learning for improving energy efficiency and sustainability. Journal of Cleaner Production, 260,
121082. doi: https://doi.org/10.1016/j.jclepro.2020.121082

[103] Porciello, J., Ivanina, M., Islam, M., Einarson, S., & Hirsh, H. (2020). Accelerating evidence-informed decision-making for
the Sustainable Development Goals using machine learning. Nature Machine Intelligence, 2(10), 559-565.

[104] Pradhan, P., Costa, L., Rybski, D., Lucht, W., & Kropp, J. P. (2017). A Systematic Study of Sustainable Development Goal
(SDG) Interactions. Earth's Future, 5(11), 1169-1179. doi: https://doi.org/10.1002/2017EF000632

[105] Priya, A. K., Devarajan, B., Alagumalai, A., & Song, H. (2023). Artificial intelligence enabled carbon capture: A review. Se
Total Environ, 886, 163913. doi: 10.1016/j.scitotenv.2023.163913

[106] Raghavendra, A. H., Majhi, S. G., Mukherjee, A., & Bala, P. K. (2023). Role of artificial intelligence (Al) in poverty alleviation:
a bibliometric analysis. IVINE Journal of Information and Knowledge Management Systems.

[107] Rolnick, D., Donti, P. L., Kaack, L. H., Kochanski, K., Lacoste, A., Sankaran, K., . . . Waldman-Brown, A. (2022). Tackling
climate change with machine learning. ACM Computing Surveys (CSUR), 55(2), 1-96.

[108] Romero, H. F. M., Hernandez-Callejo, L., Rebollo, M. A.G., Cardefioso-Payo, V., Gémez, V. A, Bello, H.]., . . . Aragonés,
J. I. M. (2023). Synthetic Dataset of Electroluminescence Images of Photovoltaic Cells by Deep Convolutional Generative
Adversarial Networks. Sustainability, 15(9), 7175.

[109] Satra, H.S. (2021). A Framework for Evaluating and Disclosing the ESG Related Impacts of Al with the SDGs. Sustainability,
13(15), 8503.

[110] Safat, W., Asghar, S., & Gillani, S. A. (2021). Empirical analysis for crime prediction and forecasting using machine learning
and deep learning techniques. IEEE Access, 9, 70080-70094.

[111] Salvador, E. L. (2024). Use of Boosting Algorithms in Household-Level Poverty Measurement: A Machine Learning
Approach to Predict and Classify Household Wealth Quintiles in the Philippines. a7Xiv preprint arXiv:2407.13061.

[112] Schroeder, P., Anggraeni, K., & Weber, U. (2019). The Relevance of Circular Economy Practices to the Sustainable
Development Goals. Journal of Industrial Ecology, 23(1), 77-95. doi: https://doi.org/10.1111/jiec.12732

[113] Schwartzman, J. A., & Zucchi, P. (2021). Healthcare Managers' Perception about the Sustainable Development Goals
(SDGs). J. Mgmt. & Sustainability, 11, 141.

[114] Sekhar, J. N. C., Domathoti, B., & Santibanez Gonzalez, E. D. R. (2023). Prediction of Battery Remaining Useful Life Using
Machine Learning Algorithms. Sustainability, 15(21), 15283.

[115] Sgro, J., Frayne, B., & McCordic, C. (2019). Linking the Sustainable Development Goals through an Investigation of Urban
Houschold Food Security in Southern Aftica. Journal of Sustainability Research, 1(1), €190004. doi: 10.20900/jsr20190004

[116] Sharma, R., Kamble, S. S., Gunasekaran, A., Kumar, V., & Kumar, A. (2020). A systematic literature review on machine
learning applications for sustainable agriculture supply chain performance. Computers & Operations Research, 119, 104926.

[117] Shrestha, S., & Das, S. (2022). Exploring gender biases in ML and Al academic research through systematic literature review.
Frontiers in artificial intelligence, 5, 976838.

[118] Shulla, K., Voigt, B. F., Cibian, S., Scandone, G., Martinez, E., Nelkovski, F., & Salehi, P. (2021). Effects of COVID-19 on
the Sustainable Development Goals (SDGs). Discov Sustain, 2(1), 15. doi: 10.1007/543621-021-00026-x

[119] Singh, B., & Kaunert, C. (2024). Blue Ocean and Machine Learning Trajectories SDG 14: Life Below Water for Handling
Ocean Pollution: Metaverse Conserve Ocean Health Sustainability Through the Lens of Transboundary Legal-Policy
Regulations as Articulating Space for Futuristic Changes Ar#ificial Intelligence and Edge Computing for Sustainable Ocean Health (pp.
77-99): Springer.

[120] Singh, G. G., Cisneros-Montemayor, A. M., Swartz, W., Cheung, W., Guy, J. A., Kenny, T.-A,, . .. Ota, Y. (2018). A rapid
assessment of co-benefits and trade-offs among Sustainable Development Goals. Marine Policy, 93, 223-231. doi:
https://doi.org/10.1016/j.marpol.2017.05.030

[121] Smythe, I. S., & Blumenstock, J. E. (2022). Geographic microtargeting of social assistance with high-resolution poverty maps.
119(32), €2120025119. doi: 10.1073/pnas.2120025119

[122] Sporchia, F., Antonelli, M., Aguilar-Martinez, A., Bach-Faig, A., Caro, D., Davis, K. F., . . . Galli, A. (2024). Zero hunger:
future challenges and the way forward towards the achievement of sustainable development goal 2. Sustainable Earth Reviews,
7(1), 10. doi: 10.1186/542055-024-00078-7

[123] Strubell, E., Ganesh, A., & McCallum, A. (2020). Energy and policy considerations for modern deep learning research. Paper presented
at the Proceedings of the AAAI conference on artificial intelligence.



63 Elezmazy and El-Shahat | Int. j. Comp. Info. 6 (2025) 40-63

[124] Swain, R. B., & Karimu, A. (2020). Renewable electricity and sustainable development goals in the EU. World Development,
125,104693. doi: https://doi.org/10.1016/j.worlddev.2019.104693

[125] Tantalaki, N., Souravlas, S., & Roumeliotis, M. (2019). Data-driven decision making in precision agriculture: The rise of big
data in agricultural systems. Journal of agricnltural & food information, 20(4), 344-380.

[126] Tehrani, A. A., Veisi, O., Fakhr, B. V., & Du, D. (2024). Predicting solar radiation in the urban area: A data-driven analysis
for sustainable city planning using attificial neural networking. Sustainable Cities and Society, 100, 105042.

[127] Tetteh, J. D., Templeton, M. R., Cavanaugh, A., Bixby, H., Owusu, G., Yidana, S. M., . . . Agyei-Mensah, S. (2022). Spatial
heterogeneity in drinking water sources in the Greater Accra Metropolitan Area (GAMA), Ghana. 44(1-2), 46-76. doi:
10.1007/511111-022-00407-y

[128] Udmale, P., Pal, I., Szabo, S., Pramanik, M., & Large, A. (2020). Global food security in the context of COVID-19: A
scenario-based exploratory analysis. Prog Disaster Sci, 7, 100120. doi: 10.1016/j.pdisas.2020.100120

[129] Ukoba, K., Olatunji, K. O., Adeoye, E., Jen, T.-C., & Madyira, D. M. (2024). Optimizing renewable energy systems through
artificial intelligence: Review and future prospects. Energy & Environment, 0958305X241256293.

[130] Vaidya, H., & Chatterji, T. (2020). SDG 11 Sustainable Cities and Communities. In I. B. Franco, T. Chattetji, E. Derbyshire
& J. Tracey (Eds.), Actioning the Global Goals for Local Impact: Towards Sustainability Science, Policy, Edncation and Practice (pp. 173-
185). Singapore: Springer Singapore.

[131] Vattikuti, M. C. (2023). Reinforcement Learning for Personalized Education in Adaptive Learning Systems. Infernational
Transactions in Machine Learning, 5(5).

[132] Veeranjaneyulu, R., Govindarajan, D., Subramanian, C., Devi, D. U., Banetjee, S., Edpuganti, S. K., & Upadhyay, S. (2024).
Marine ecosystem monitoring: Applying remote sensing and ai to track and predict coral reef health. Remote Sensing in Earth
Systems Sciences, 1-14.

[133] Victor, B., Nibali, A., & He, Z. (2025). A Systematic Review of the Use of Deep Learning in Satellite Imagery for Agriculture.
IEEE  Journal of Selected Topics in  Applied Earth — Observations and  Remote  Sensing, 18, 2297-2316. doi:
10.1109/JSTARS.2024.3501216

[134] Vinuesa, R., Azizpour, H., Leite, 1., Balaam, M., Dignum, V., Domisch, S., . . . Fuso Nerini, F. (2020). The role of artificial
intelligence in achieving the Sustainable Development Goals. Nature Communications, 11(1), 233. doi: 10.1038/s41467-019-
14108-y

[135] Wiens, J., & Shenoy, E. S. (2018). Machine Learning for Healthcare: On the Verge of a Major Shift in Healthcare
Epidemiology. Clin Infect Dis, 66(1), 149-153. doi: 10.1093/cid/cix731

[136] Wongwattanaporn, S., & Phienthrakul, T. (2021, 21-24 Jan. 2021). Machine Learning for Explosive Detection from Electronic Nose
Datasets. Paper presented at the 2021 13th International Conference on Knowledge and Smart Technology (KST).

[137] Xu, Y., Mo, Y., & Zhu, S. (2021). Poverty Mapping in the Dian-Gui-Qian Contiguous Extremely Poor Area of Southwest
China Based on Multi-Source Geospatial Data. Sustainability, 13(16), 8717.

[138] Yeh, C., Meng, C., Wang, S., Driscoll, A., Rozi, E., Liu, P., . .. Ermon, S. (2021). Sustainbench: Benchmarks for monitoring
the sustainable development goals with machine learning. arXiv preprint arXiv:2111.04724.

[139] Zhang, A., Xing, L., Zou, J., & W, J. C. (2022). Shifting machine learning for healthcare from development to deployment
and from models to data. Nature Biomedical Engineering, 6(12), 1330-1345. doi: 10.1038/s41551-022-00898-y

[140] Zhang, L., Wang, S., & Liu, B. (2018). Deep learning for sentiment analysis: A survey. WIREs Data Mining and Knowledge
Discovery, 8(4), €1253. doi: https://doi.org/10.1002/widm.1253

[141] Zhang, Q., Li, Z., Zhu, L., Zhang, F., Sekerinski, E., Han, J.-C., & Zhou, Y. (2021). Real-time prediction of tiver chloride
concentration using ensemble learning. Environmental Pollution, 291, 118116. doi:
https://doi.org/10.1016/j.envpol.2021.118116

[142] Zhang, X., Chen, N., Sheng, H., Ip, C., Yang, L., Chen, Y., . .. Niyogi, D. (2019). Urban drought challenge to 2030 sustainable
development goals. S¢i Total Environ, 693, 133536. doi: 10.1016/j.scitotenv.2019.07.342

[143] Zhou, M., Govindan, K., & Xie, X. (2020). How fairness perceptions, embeddedness, and knowledge sharing drive green
innovation in sustainable supply chains: An equity theory and network perspective to achieve sustainable development goals.
Journal of Cleaner Production, 260, 120950. doi: https://doi.org/10.1016/].jclepro.2020.120950

[144] Zhou, S. (2024). Multi-Objective Optimisation Design of Urban Morphology Driven by Climate Adaptation. Multi-Objective
Optimisation Design of Urban Morphology Driven by Climate Adaptation.

[145] Zulkifli, C. Z., Sulaiman, S., Abu Bakar, I., Chin Fhong, S., Harun, N. H., Hairom, N. H. H., . .. Ho Hong, C. (2022). Smart
Platform for Water Quality Monitoring System using Embedded Sensor with GSM Technology. Journal of Advanced Research
in Fluid Mechanics and Thermal Sciences, 95(1), 54-63. doi: 10.37934/arfmts.95.1.5463



