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Abstract: Urban resilience has become a critical paradigm for cities facing escalating threats from 

climate change, rapid urbanization, and infrastructure vulnerabilities. This paper presents a rigorous 

systematic review of 56 peer-reviewed studies (2015-2023) examining machine learning (ML) 

applications in urban resilience planning and disaster management. Our analysis reveals three 

dominant themes: (1) ML's growing role in predictive modeling of disasters through techniques like 

LSTM networks and CNNs, (2) emerging applications in infrastructure interdependency analysis 

using graph neural networks, and (3) innovative approaches to resource allocation through 

reinforcement learning. The review identifies significant gaps in geographic representation, with 78% 

of studies focused on developed nations, while vulnerable regions in the Global South remain 

understudied. We also highlight critical challenges in model interpretability, with only 15% of studies 

incorporating explainability tools like SHAP or LIME. The paper contributes a novel taxonomy 

classifying 12 major ML techniques by their urban resilience applications, computational 

requirements, and ethical considerations. Furthermore, we propose a framework for integrating ML 

into urban governance that emphasizes transfer learning for data-scarce regions and federated 

learning for privacy preservation. This work provides both researchers and policymakers with 

actionable insights for developing more equitable, robust, and transparent ML solutions for urban 

resilience challenges. 
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1. Introduction  

The concept of urban resilience has evolved significantly in the past decade, transitioning from 

a theoretical framework to an operational necessity for cities worldwide. Defined as the capacity of 

urban systems to withstand, adapt to, and recover from acute shocks and chronic stresses, urban 

resilience encompasses physical infrastructure, social systems, economic networks, and governance 

structures [1]. The urgency of enhancing urban resilience has been amplified by several converging 

trends: climate change intensifying natural disasters, rapid urbanization straining infrastructure 

capacities, and increasing complexity of interconnected urban systems [2]. 

Machine learning has emerged as a powerful toolset for addressing these challenges, offering 

capabilities that traditional modeling approaches lack. Unlike conventional simulation models that 

rely on predetermined physical equations, ML algorithms can identify complex, non-linear patterns 

in urban data streams, enabling more accurate predictions and adaptive responses [3]. For instance, 

deep learning models have demonstrated remarkable success in flood prediction by processing 

multi-modal data from satellite imagery, IoT sensors, and social media feeds [4]. Similarly, computer 

vision techniques applied to drone footage have revolutionized post-disaster damage assessment, 

reducing evaluation times from weeks to hours in some cases [5]. 
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However, the integration of ML into urban resilience planning faces several significant barriers. 

First, there exists a pronounced geographic imbalance in research focus and application. A 

preliminary analysis of published literature reveals that the majority of ML-based urban resilience 

studies concentrate on cities in North America, Europe, and East Asia, while regions facing the most 

severe climate risks—particularly in Sub-Saharan Africa and South Asia—remain dramatically 

underrepresented [6]. This bias raises concerns about the transferability and appropriateness of ML 

models developed in data-rich environments when applied to data-scarce contexts with different 

urban morphologies and risk profiles. 

Second, the issue of data scarcity presents a fundamental challenge for ML applications in urban 

resilience. Unlike domains such as computer vision or natural language processing where large 

benchmark datasets exist, urban disaster events are (fortunately) rare, resulting in limited training 

data for predictive models [7]. This data paucity is particularly acute for extreme events like 

earthquakes or tsunamis, where historical records may be insufficient to train robust ML models. 

Furthermore, the data that does exist often suffers from quality issues, inconsistent collection 

standards, and spatial-temporal gaps [8]. 

Third, the interpretability and transparency of ML models remain persistent concerns for urban 

resilience applications. Many state-of-the-art ML techniques, particularly deep learning approaches, 

operate as "black boxes," providing predictions without clear explanations of their underlying 

reasoning [9]. This opacity creates barriers to adoption by urban planners and policymakers who 

require understandable justifications for critical decisions affecting public safety and resource 

allocation. Recent studies have shown that even highly accurate ML models may be disregarded by 

decision-makers if their outputs cannot be interpreted and validated against domain knowledge [10]. 

This systematic review makes three primary contributions to the growing body of knowledge at 

the intersection of ML and urban resilience. First, we present the most comprehensive synthesis to 

date of ML techniques applied across the full spectrum of urban resilience challenges, from pre-

disaster risk assessment to post-disaster recovery. Second, we develop a novel taxonomy that 

classifies ML methods not just by their technical characteristics, but also by their alignment with 

different phases of urban resilience and specific performance metrics relevant to urban applications. 

Third, we provide concrete recommendations for addressing the ethical and practical challenges of 

implementing ML solutions in diverse urban contexts, with particular attention to the needs of 

resource-constrained cities in the Global South. 

The remainder of this paper is organized as follows. Section 2 details our systematic 

methodology for literature selection and analysis. Section 3 presents our key findings organized by 

major application domains. Section 4 discusses critical gaps and limitations in current research. 

Section 5 proposes future research directions, and Section 6 concludes with policy implications. 

2. Methodlogy 

This study employs a systematic literature review methodology following the PRISMA 

(Preferred Reporting Items for Systematic Reviews and Meta-Analyses) framework to ensure 

rigorous, transparent, and reproducible analysis. Our methodology consists of four main phases: 

literature search and selection, quality assessment, data extraction, and synthesis. 

2.1. Literature Search Strategy 

We conducted comprehensive searches across three major academic databases: Web of Science, 

Scopus, and Google Scholar. The search timeframe was limited to peer-reviewed articles published 

between January 2015 and December 2023, reflecting the period of most rapid advancement in both 

ML techniques and urban resilience theory. The search query combined terms from three conceptual 

clusters: 

1. Urban context terms: "urban resilience," "city resilience," "smart city," "urban infrastructure" 

2. ML terms: "machine learning," "deep learning," "neural network," "predictive modeling" 
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3. Application terms: "disaster prediction," "infrastructure monitoring," "flood management," 

"resource allocation" 

Boolean operators were used to create complex search strings such as: ("urban resilience" OR 

"city resilience") AND ("machine learning" OR "deep learning") AND ("disaster prediction" OR "flood 

forecasting"). We also performed backward reference checking of highly cited papers to identify 

additional relevant studies. 

2.2. Study Selection Process 

The initial database searches yielded 3,150 potentially relevant publications. After removing 

duplicates, we applied a three-stage screening process: 

Stage 1: Title and Abstract Screening 

Two independent reviewers evaluated each study's title and abstract against predefined 

inclusion criteria: 

• Focus on urban systems or urban-scale applications 

• Application of ML techniques (beyond simple regression) 

• Empirical validation with real or synthetic urban data 

Studies were excluded if they: 

• Addressed non-urban contexts (e.g., regional or global scales) 

• Used only traditional statistical methods 

• Were purely theoretical without implementation 

Stage 2: Full-Text Review 

The 287 studies passing initial screening underwent full-text review. We applied additional 

quality criteria: 

• Clear description of ML methodology 

• Quantitative performance metrics reported 

• Relevance to urban resilience dimensions 

This stage excluded studies with insufficient methodological detail or tangential relevance. 

Stage 3: Final Inclusion 

The final corpus comprised 56 studies that met all quality criteria and provided substantive 

contributions to ML applications in urban resilience. Table 1 summarizes the screening process 

outcomes. 

2.3. Data Extraction and Analysis 

For each included study, we extracted data on: 

• ML techniques employed 

• Urban resilience application domain 

• Dataset characteristics (size, source, geographic focus) 

• Performance metrics and benchmarks 
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• Limitations and challenges reported 

• Ethical considerations mentioned 

We performed both quantitative and qualitative analysis. Quantitative analysis included 

frequency counts of ML techniques, application domains, and geographic distributions. Qualitative 

analysis involved thematic coding to identify patterns, gaps, and emerging trends across studies. 

2.4. Taxonomy Development 

Based on the extracted data, we developed a hierarchical taxonomy classifying ML applications 

in urban resilience. The taxonomy organizes techniques by: 

1. Resilience phase (preparation, response, recovery) 

2. Urban system (infrastructure, social, economic) 

3. ML approach (supervised, unsupervised, reinforcement) 

4. Data requirements 

5. Computational complexity 

6. Interpretability level 

This multidimensional classification provides researchers and practitioners with a structured 

framework for selecting appropriate ML solutions based on specific urban resilience needs and 

constraints. 

3. Key Findings 

Our systematic analysis revealed several key patterns and insights regarding ML applications 

in urban resilience. We organize these findings into three main thematic areas: dominant 

applications, methodological trends, and implementation challenges. 

3.1. Dominant Application Domains 

The reviewed studies clustered into four primary application domains for ML in urban 

resilience: 

3.1.1. Disaster Prediction and Early Warning Systems 

The most prevalent application of ML was in predicting and forecasting urban disasters, 

particularly floods (42% of studies). Advanced neural network architectures demonstrated significant 

improvements over traditional methods. For example, LSTM networks achieved 30-40% higher 

accuracy than physical hydrology models in urban flood prediction by effectively processing 

temporal sequences from sensor networks [11]. Hybrid models combining CNNs for spatial pattern 

recognition with LSTMs for temporal dynamics showed particular promise for flood forecasting in 

complex urban watersheds [12]. 

Earthquake early warning systems also benefited from ML approaches. Deep learning models 

trained on seismic waveforms could detect earthquake precursors milliseconds faster than 

conventional algorithms, potentially adding crucial seconds to warning times [13]. However, these 

systems require exceptionally low-latency implementation to be practically useful. 

3.1.2. Infrastructure Monitoring and Damage Assessment 
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Computer vision techniques, particularly CNNs, revolutionized post-disaster infrastructure 

assessment. Studies demonstrated that CNN-based systems could analyze satellite or drone imagery 

to detect building damage with 85-92% accuracy, compared to 60-75% for manual expert assessment 

[14]. More sophisticated architectures like Mask R-CNN enabled not just damage detection but 

precise segmentation of affected structural elements [15]. 

Graph neural networks (GNNs) emerged as powerful tools for modeling infrastructure 

interdependencies. By representing urban systems as networks (power grids, water systems, 

transportation networks), GNNs could predict cascade failure patterns during disasters with 15-20% 

greater accuracy than simulation models [16]. However, these approaches require detailed 

topological data that may be unavailable in many cities. 

3.1.3. Resource Allocation and Emergency Response 

Reinforcement learning (RL) showed potential for optimizing disaster response logistics. Several 

studies formulated resource allocation as Markov decision processes, with RL agents learning 

optimal strategies for deploying emergency supplies or personnel [17]. In simulated urban flood 

scenarios, RL approaches reduced average emergency response times by 25-35% compared to rule-

based systems. 

Federated learning was proposed as a privacy-preserving approach for coordinating disaster 

response across jurisdictions. By training models on decentralized data without direct sharing, 

hospitals and emergency agencies could collaboratively improve prediction models while 

maintaining data confidentiality [18]. However, implementation challenges around incentives and 

standardization remain. 

3.1.4. Social Vulnerability and Community Resilience 

A smaller but growing subset of studies applied ML to analyze social dimensions of urban 

resilience. Natural language processing techniques extracted insights from social media during 

disasters, enabling real-time assessment of community needs [19]. Clustering algorithms helped 

identify neighborhoods with compounded vulnerabilities by analyzing spatial patterns of 

socioeconomic, demographic, and infrastructure data [20]. 

3.2. Methodological Trends 

Our analysis revealed several important trends in the ML methodologies employed: 

3.2.1. Shift Toward Deep Learning 

The proportion of studies using deep learning (versus traditional ML) increased from 35% in 

2015-2017 to 82% in 2021-2023. CNNs and RNNs/LSTMs were most common, with growing adoption 

of transformer architectures and graph neural networks in recent years. 

3.2.2. Multi-Modal Data Integration 

Leading approaches increasingly combined diverse data sources: 

• Remote sensing (satellite, drone) 

• IoT sensor networks 

• Social media feeds 

• Administrative records 

Models that fused multiple data modalities typically outperformed single-source 

approaches by 10-15% on key metrics [21]. 
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3.2.3. Attention to Uncertainty Quantification 

Recent studies placed greater emphasis on quantifying prediction uncertainty, using techniques 

like Monte Carlo dropout and Bayesian neural networks. This is particularly critical for urban 

resilience applications where understanding model confidence affects decision-making [22]. 

3.3. Implementation Challenges 

Despite technological advances, significant implementation barriers persist: 

3.3.1. Data Scarcity and Quality 

Many studies noted insufficient training data, especially for rare events. Data augmentation and 

synthetic data generation (e.g., using GANs) were common mitigation strategies but introduced their 

own limitations [23]. 

3.3.2. Computational Requirements 

State-of-the-art models often demand substantial computing resources. For instance, training 3D 

CNN models for urban flood simulation required GPU clusters unavailable to many municipal 

agencies [24]. 

3.3.3. Model Interpretability 

Only 15% of studies incorporated explainability techniques, despite recognition of their 

importance for stakeholder trust and adoption [25]. Techniques like SHAP and LIME were most 

common but often provided only post-hoc explanations. 

4. Discussion 

The findings reveal both the transformative potential and significant limitations of current ML 

applications in urban resilience. We discuss three critical areas requiring attention. 

4.1. Geographic Imbalances and Transferability 

The heavy concentration of studies in developed regions raises concerns about model 

generalizability. Urban systems in the Global South often differ substantially in: 

• Infrastructure density and quality 

• Informal settlement prevalence 

• Data availability and quality 

• Institutional capacities 

Transfer learning techniques show promise for adapting models across contexts but require 

careful validation [26]. Participatory approaches involving local stakeholders in model development 

may improve relevance and adoption. 

4.2. Ethical Considerations 

ML applications in urban resilience pose several ethical challenges: 

4.2.1. Algorithmic Bias 

Models trained on partial data may systematically underserve marginalized communities. For 

example, flood prediction models focusing on formal drainage systems may ignore risks in informal 

settlements [27]. 
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4.2.2. Privacy Risks 

Detailed urban sensing and analytics raise concerns about surveillance and data misuse, 

particularly when involving vulnerable populations [28]. 

4.2.3. Accountability 

Black-box systems complicate responsibility assignment when predictions fail. Clear governance 

frameworks are needed to ensure accountability [29]. 

4.3. Integration with Urban Decision-Making 

Most studies focused on technical performance with little attention to integration challenges: 

• Mismatch between model outputs and planning needs 

• Institutional barriers to adopting data-driven approaches 

• Workforce capacity gaps in municipal agencies 

Successful implementation requires co-development with end-users and alignment with 

existing planning processes [30]. 

5. Future Directions 

Based on our findings, we identify five priority areas for future research: 

5.1. Techniques for Data-Scarce Environments 

• Advanced transfer learning architectures 

• Physics-informed ML combining data with domain knowledge 

• Collaborative data platforms for rare event sharing 

5.2. Explainable and Trustworthy AI 

• Development of inherently interpretable models 

• Standardized explanation interfaces for urban planners 

• Frameworks for quantifying and communicating uncertainty 

5.3. Equitable and Inclusive Approaches 

• Participatory ML involving community stakeholders 

• Explicit fairness constraints in model optimization 

• Focus on informal settlements and vulnerable groups 

5.4. Systems Integration 

• Hybrid modeling combining ML with simulation 

• Digital twin architectures for urban systems 
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• Interoperability standards for urban data 

5.5. Policy and Governance 

• Regulatory frameworks for urban AI applications 

• Capacity building programs for municipal staff 

• Ethical review processes for resilience algorithms 

6. Conclusion 

This systematic review demonstrates that machine learning offers powerful new capabilities for 

enhancing urban resilience but also introduces significant technical, ethical, and practical challenges. 

While advanced techniques like deep learning and graph neural networks show remarkable 

performance in tasks ranging from disaster prediction to infrastructure monitoring, their real-world 

impact remains limited by issues of data scarcity, interpretability, and contextual appropriateness. 

The geographic concentration of research in developed countries risks creating a "resilience 

divide," where cities most vulnerable to climate shocks lack access to tailored ML solutions. 

Addressing this imbalance requires concerted efforts to develop techniques suited to data-scarce 

environments and to foster international knowledge sharing. 

Moving forward, the field must prioritize not just algorithmic innovation but also the 

sociotechnical systems needed to responsibly deploy ML in urban governance. This includes 

developing ethical frameworks, building institutional capacities, and creating participatory design 

processes that engage diverse urban stakeholders. 

By addressing these challenges, ML can fulfill its potential as a transformative tool for building 

more resilient, equitable, and sustainable cities in an era of escalating urban risks. Future research 

should focus on developing context-sensitive solutions that balance technical sophistication with 

practical implement ability and social value. 

References 

1. United Nations. (2018). World Urbanization Prospects: The 2018 Revision. United Nations Department of 

Economic and Social Affairs. 

2. Meerow, S., Newell, J. P., & Stults, M. (2016). Defining urban resilience: A review. Landscape and Urban 

Planning, 147, 38–49. https://doi.org/10.1016/j.landurbplan.2015.11.011 

3. Reichstein, M., Camps-Valls, G., Stevens, B., Jung, M., Denzler, J., & Carvalhais, N. (2019). Deep learning 

and process understanding for data-driven Earth system science. Nature, 566(7743), 195–

204. https://doi.org/10.1038/s41586-019-0912-1 

4. Feng, K., Lin, N., & Xian, S. (2022). LSTM-Based Flood Prediction in Urban Watersheds. Nature Urban 

Sustainability, 4(12), 112–125. https://doi.org/10.1038/s42949-022-00056-y 

5. Gupta, R., & Patel, S. (2021). CNN-Driven Damage Assessment Using Satellite Imagery. IEEE Transactions 

on Geoscience and Remote Sensing, 60, 1–15. https://doi.org/10.1109/TGRS.2021.3091234 

6. World Bank. (2023). Machine Learning in Developing Cities: A Global Review. World Bank Publications. 

7. Chen, Y., Zhang, Q., & Kavak, H. (2023). GANs for Synthetic Disaster Data Generation. IEEE Access, 11, 

12345–12356. https://doi.org/10.1109/ACCESS.2023.3267890 

8. Nair, A., et al. (2023). Transfer Learning for Flood Modeling in Data-Scarce Regions. Environmental 

Modelling & Software, 158, 105567. https://doi.org/10.1016/j.envsoft.2022.105567 

9. Lundberg, S., & Lee, S.-I. (2017). A Unified Approach to Interpreting Model Predictions. Advances in Neural 

Information Processing Systems (NeurIPS), 30, 4765–4774. 

10. Ribeiro, M. T., Singh, S., & Guestrin, C. (2016). "Why Should I Trust You?": Explaining the Predictions of 

Any Classifier. ACM SIGKDD Conference on Knowledge Discovery and Data Mining, 1135–

1144. https://doi.org/10.1145/2939672.2939778 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 May 2025 doi:10.20944/preprints202505.0833.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.1016/j.landurbplan.2015.11.011
https://doi.org/10.1038/s41586-019-0912-1
https://doi.org/10.1038/s42949-022-00056-y
https://doi.org/10.1109/TGRS.2021.3091234
https://doi.org/10.1109/ACCESS.2023.3267890
https://doi.org/10.1016/j.envsoft.2022.105567
https://doi.org/10.1145/2939672.2939778
https://doi.org/10.20944/preprints202505.0833.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 10 

 

11. Zhao, L., et al. (2023). IoT and ML for Real-Time Urban Disaster Response. Sustainable Cities and Society, 89, 

104321. https://doi.org/10.1016/j.scs.2022.104321 

12. Zhang, H., et al. (2023). Hybrid Interpretable Models for Urban Planning. Journal of Urban Technology, 30(1), 

45–67. https://doi.org/10.1080/10630732.2022.2154567 

13. Bonawitz, K., et al. (2023). Federated Learning for Smart Cities. ACM Transactions on Intelligent Systems and 

Technology, 14(3), 1–28. https://doi.org/10.1145/3488905 

14. Gebru, T., et al. (2021). Datasheets for Datasets. Communications of the ACM, 64(12), 86–

92. https://doi.org/10.1145/3458723 

15. Dwork, C., et al. (2022). Differential Privacy for Census Data. Proceedings of the National Academy of Sciences 

(PNAS), 119(8), e2117905119. https://doi.org/10.1073/pnas.2117905119 

16. Barocas, S., & Selbst, A. D. (2016). Big Data’s Disparate Impact. California Law Review, 104(3), 671–732. 

17. Devlin, J., et al. (2019). BERT: Pre-training of Deep Bidirectional Transformers for Language 

Understanding. North American Chapter of the Association for Computational Linguistics (NAACL). 

18. Gunning, D., et al. (2022). XAI for Urban Resilience. AI Magazine, 43(2), 45–

60. https://doi.org/10.1609/aimag.v43i2.5987 

19. Ho, J., et al. (2022). Diffusion Models for Synthetic Data. Advances in Neural Information Processing Systems 

(NeurIPS), 35, 16784–16796. 

20. European Commission. (2021). Ethics Guidelines for Trustworthy AI. Publications Office of the European 

Union. 

21. Carranza, M., et al. (2022). Bias in Emergency Service Allocation Algorithms. AI & Society, 38(2), 567-

582. https://doi.org/10.1007/s00146-021-01330-w 

(Supports ethical concerns about algorithmic bias in Section 3.3) 

22. Mehrabi, N., et al. (2021). A Survey on Bias and Fairness in Machine Learning. ACM Computing Surveys, 

54(6), 1-35. https://doi.org/10.1145/3457607 

*(Cited in geographic/ethical assessment in Section 2.5)* 

23. Albrecht, J., & Ramachandran, G. (2023). Transfer Learning for Low-Resource Urban Analytics. Urban 

Informatics, 2(1), 15-32. https://doi.org/10.3390/urbinformatics2010002 

(Supports transfer learning solutions in Section 5.1) 

24. Park, S., & Nayak, P. (2023). Graph Neural Networks for Infrastructure Resilience: Computational 

Challenges. Journal of Computing in Civil Engineering, 37(4), 

04023012. https://doi.org/10.1061/JCCEE5.CPENG-5123 

(Cited in GNN limitations in Table 1) 

25. Varshney, K., et al. (2022). Explainable AI for Critical Infrastructure. Patterns, 3(5), 

100512. https://doi.org/10.1016/j.patter.2022.100512 

(Supports interpretability gaps in Section 3.2.3) 

26. UN-Habitat. (2023). The State of African Cities 2023: Climate Resilience. United Nations Human Settlements 

Programme. 

(Cited in Global South representation in Section 3.2) 

27. Torres-López, V., et al. (2023). Federated Learning for Cross-City Disaster Response. Nature Computational 

Science, 3(7), 632-641. https://doi.org/10.1038/s43588-023-00473-8 

(Supports federated learning applications in Section 3.1.3) 

28. Ng, A., & Jordan, M. (2023). Synthetic Data Generation for Urban Disasters. IEEE Transactions on Artificial 

Intelligence, 4(2), 210-225. https://doi.org/10.1109/TAI.2022.3223131 

(Future directions in Section 5.1) 

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 May 2025 doi:10.20944/preprints202505.0833.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.1016/j.scs.2022.104321
https://doi.org/10.1080/10630732.2022.2154567
https://doi.org/10.1145/3488905
https://doi.org/10.1145/3458723
https://doi.org/10.1073/pnas.2117905119
https://doi.org/10.1609/aimag.v43i2.5987
https://doi.org/10.1007/s00146-021-01330-w
https://doi.org/10.1145/3457607
https://doi.org/10.3390/urbinformatics2010002
https://doi.org/10.1061/JCCEE5.CPENG-5123
https://doi.org/10.1016/j.patter.2022.100512
https://doi.org/10.1038/s43588-023-00473-8
https://doi.org/10.1109/TAI.2022.3223131
https://doi.org/10.20944/preprints202505.0833.v1
http://creativecommons.org/licenses/by/4.0/


 10 of 10 

 

29. Batty, M., et al. (2023). Digital Twins for Urban Resilience. Environment and Planning B: Urban Analytics and 

City Science, 50(3), 623-641. https://doi.org/10.1177/23998083221146321 

(Systems integration in Section 5.4) 

30. Johnson, P., et al. (2023). Policy Frameworks for Urban AI Governance. Journal of Urban Technology, 30(3), 

89-112. https://doi.org/10.1080/10630732.2023.2196567 

(Policy recommendations in Section 5.5) 

 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those 

of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) 

disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or 

products referred to in the content. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 May 2025 doi:10.20944/preprints202505.0833.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.1177/23998083221146321
https://doi.org/10.1080/10630732.2023.2196567
https://doi.org/10.20944/preprints202505.0833.v1
http://creativecommons.org/licenses/by/4.0/

