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Introduction:
Challenges in disaster medicine arise as it focuses on mass populations rather than individual patient care. In near-ideal resource settings, a critical priority lies in maximizing benefits under scarcity, triage, and surge capacity [1]. As the era of AI continues to progress, it has come to encompass various subfields such as machine learning (ML), deep learning, expert systems, natural language processing, and sometimes robotics [2]. Over the years, this has enabled AI to be applied across many dimensions of disaster medicine, opening new possibilities for overcoming challenges in crisis management. For instance, the speed and accuracy of patient prioritization in mass casualty and disaster settings can be enhanced through AI-based triage systems [3]. Additionally, AI facilitates early warning systems for natural hazards, resource allocation, and anticipating outbreak risk prediction [4]. Healthcare systems are increasingly strained due to the continuous surge in disasters frequency, scale, and complexity lies. Thus, exposure of limitations of traditional disaster strategies have become apparent, while emerging AI opportunities. With AI advances in predictive analysis, real-time surveillance, decision-making, triage optimization, early warning systems, and resource allocation in crisis settings. Despite the growing literature in AI healthcare and emergency response, there remains to be a gap in specific evidence related to disaster medicine evidence. Such review will help guide researchers in shaping a new era of disaster management. Therefore, the objective of this scoping review is to map the evidence of AI in disaster response, including real-time management, preparedness, response time, and accuracy.
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Methodology:
The scoping review is a double-blind study following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines for scoping reviews (PRISMA-ScR). The five-step framework proposed by Arksey and O’Malley, which has been further refined by Levac and colleagues was followed [1,2]. The steps involved are: (1) Identifying the research questions, (2) Identifying relevant studies, (3) Study selection, (4) Charting the data, and (5) Collating, summarizing, and reporting the results. This review’s protocol has been registered with the International Platform of Registered Systematic Review and Meta-Analysis Protocols (INPLASY) with the registration number INPLASY2025100033.
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1. Identifying the research questions:
In populations impacted by disasters within a VUCA (Volatile, Uncertain, Complex, and Ambiguous) context, including both victims and emergency medical service providers, how does the integration and application of Artificial Intelligence in disaster medicine and emergency management enhance the efficiency of crisis management? Specifically, how do these technologies contribute to reducing response times?  To achieve the objectives of this review, three research questions created in accordance to the PCC framework (Population, Concept, Context): Therefore, this scoping review will focus on disaster responders as the target population. The primary concept under review is artificial intelligence (AI), including its subtypes. As for the context, it centered on disaster response time.

2. Strategy of data synthesis:
 Following the literature search of articles utilizing predetermined keywords, the identified studies will be transferred to Rayyan, a digital platform designed to eliminate duplicates and facilitate double-blinded screening. Two reviewers will evaluate the titles and abstracts of the searched articles in a double-blinded manner to determine the relevance of the articles to be included in the scoping review. In instances where a reviewer is uncertain about the relevance of an article, the full text will be reviewed to make a determination. 
Following the inclusion of all articles based on their titles and abstracts. A second screening will be conducted, during which the full-text of each article will be evaluated by two independent reviewers to determine their relevance and extract the pertinent data. In the event of any disagreement between the two reviewers in the context of inclusion of an article or the full-text screening, a third reviewer will be consulted to resolve the discrepancy. To ensure adherence to the standards for scoping, the selection process will comply with the PRISMAScR article selection guidelines, along with the corresponding flow diagram. As part of the study selection process, a piloting phase will be conducted to ensure consistency in the application of the eligibility criteria. For title and abstract screening, two reviewers will independently screen the first 50 abstracts, as well as full-text screening using the first 10 studies. The results of the piloting will be compared, and any discrepancies will be discussed until agreement is reached among the reviewers. 

3. Eligibility criteria:
 Studies were included in this review if they were relevant to the fields of disaster medicine and emergency management, with a specific emphasis on the application of artificial intelligence (including deep learning, machine learning, and neural networks) within the context of disaster medicine. as well as the deployment of AI in crisis situations. Eligible studies were those published between 2019 and 2024 and written in English. All types of studies were considered, including but not limited to reviews, cohort studies, and cross-sectional studies. However, grey literature was excluded from this review

4. Source of evidence screening and selection:
 The search will be conducted comprehensively across five databases, including PubMed, MEDLINE, Web of Science, ScienceDirect, and EBSCO. This will involve the use of combinations of keywords, employing Boolean operators such as AND and OR.  Keyword combinations were tested before the start of the search phase and adjusted as necessary. The specific keywords and combinations are detailed in Table 1. The search will not be restricted solely to the articles identified through the keywords; rather, it will be augmented by conducting citation tracking and hand-searching within pertinent journals.
Table1:
	Population-related keywords
	Intervention-related keywords

	Disaster medicine, disaster management, Emergency management, crisis management, emergency medical services.

	Artificial intelligence, AI, machine learning, deep learning



	Combinations

	
((AI) OR (Artificial intelligence)) AND (Disaster management) 
((machine learning) OR (deep learning)) AND (disaster management) 
((machine learning) OR (deep learning)) AND (crisis management) 
((AI) OR (Artificial intelligence)) AND (crisis management)
((machine learning) OR (deep learning)) AND (disaster medicine) 
((AI) OR (Artificial intelligence)) AND (disaster medicine)
((machine learning) OR (deep learning)) AND (emergency management) 
((AI) OR (Artificial intelligence)) AND (emergency management)
((machine learning) OR (deep learning)) AND (emergency medical services) 
((AI) OR (Artificial intelligence)) AND (emergency medical services)




5. Data management:
 Rayyan, a digital platform developed to eliminate duplicate entries and facilitate double-blind screening, will be employed for data management. 

6. Presentation of the results:
 The data will be presented in a descriptive format. The findings will be organized in alignment with the review questions. Gaps in the existing literature will be identified, and corresponding recommendations will be offered. Finally, graphs and tables will be utilized to summarize and illustrate the findings. 

7. Dissemination plans:
 Ethical approval from the Institutional Review Board (IRB) was not mandatory for this scoping review, as it does not involve human participants or medical records. The authors intend to submit the findings of this scoping review to medical journals and present them at relevant conferences.

Results:
Flow of study:
That resulted in a total of 15,431 records. Using rayyan, 5651 duplicates were removed. Title and abstract screening were done on the remaining 9780. Resulting in the exclusion of 9390 records. From the remaining 369, a number of 36 were excluded due to wrong language, wrong publication type, or wrong duration. The full-text screening involved 333 reports that were assessed for eligibility. Out of which, 99 were excluded as their irrelevancy to AI and disaster medicine. Therefore, we ended with the inclusion of 234 studies.
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Out of the 234 studies, the majority were cohort studies, followed by simulation studies (n= 53, n=52), respectively. At a similar range, review studies were 50. While other types of studies were less prominent varying between mixed, validation, cross-sectional, case-control, and developmental studies (n= 79)

Pandemic/ epidemic focusing studies (n=180) significantly dominated the disaster context research, with a notable representation in Cohort studies (n=52) and systematic reviews (n=46). The remaining studies were divided among Observational studies, Simulation studies, and Mixed methods [3,4,7 11,13,14,21,22,24,28,33,36-39,41-52,54-58,60-64,66,68,70-79,81-97,100,102,105-108,110,112,113,116 132,136-144,146-171,173-183,185-212,214-217,222-235]. While other contexts were less represented, including natural disasters (earthquakes, floods, etc.) (n=33), multi-disaster/general preparedness (n=29), technological or man-made disasters (n=28), and war/conflict/humanitarian crises (n=8), they were notably represented together across various study types. Natural disasters were often accompanied by technological or man-made disasters and multi-disaster contexts. The predominant study types addressing natural disasters were Simulation studies (n=21) and Systematic reviews (n=9), with additional contributions from Observational studies and Machine Learning Experimental studies [3, 16, 18, 19, 22, 25, 27, 30-32, 34, 35, 40, 53, 59, 65, 67, 69, 80, 98, 101, 103, 104, 109, 114, 115, 133-135, 172, 184, 213, 218, 220]. Multi-disaster and technological or man-made disasters were primarily represented in Systematic reviews (n=12, n=13), respectively [3, 12, 13-19, 22, 23, 25, 29, 31, 33, 50, 53, 59, 60, 65, 67, 69, 80, 98, 99, 109, 111, 114, 115, 167-171, 174, 175, 177, 179-184, 186, 187, 221, 233].The least prevalent context was war/ conflict/ humanitarian crises ,which was often discussed with the previous contexts and only focused on in one Cohort study[2, 23, 53, 80, 103, 111, 115, 184].


 AI technology:
 Among the 234 studies evaluated, machine learning (ML) was the most commonly used artificial intelligence technology, appearing in 167 of them. In 117 articles, deep learning (DL) was used, followed by 32 studies on natural language processing (NLP). A number of studies used explainable AI (XAI) methods, including SHAP (n = 22), and other AI techniques like federated learning, fuzzy logic, and GeoAI (n= 26). Although many studies reported the use of machine learning techniques, only a subset specified the exact types of models used. Among those that did (n=81), the most mentioned models include random forest (n =37),  followed by logistic regression (n = 28), then XGBoost (n = 16). Convolutional neural networks (CNNs) accounted for 32 of the most frequently used models in the DL category. It is predominantly used for image-based diagnosis, particularly in the context of COVID-19 (n=27) (44, 70, 81, 87, 95, 123, 125, 154, 201, 206, 222, 225). A significant number (n= 108) utilized a combination of methods in numerous publications. The most common combinations were ML + DL (n = 73), followed by ML + NLP (n = 12).


 Ai reduction time:
In this scoping review, we examined the AI reduction to response time. Out of the studies reviewed, 157 reports showed direct contribution in reducing disaster response time. [1–2, 5, 7, 11–12, 14–15, 18, 23–25, 27–28, 31, 35, 37–39, 43–45, 47, 49–50, 52, 54–55, 57–58, 60–65, 67–79, 83–84, 86, 88–89, 92, 94, 97, 100, 103–104, 106, 108–109, 111–113, 115–116, 118–119, 122, 124–137, 139–146, 148–149, 151, 153–170, 172–175, 177–181, 183–203, 205–206, 212, 214–216, 219–221, 226–229]. 
These reports utilized various AI technologies, such as decision-support systems, deep learning, and machine learning algorithms. These technologies enhanced triage processes, augment monitoring capabilities, and optimized resource allocation during emergency situations. For instance, one study [44] illustrated that a convolutional neural network (CNN) based triage tool substantially improved first responders’ capacity to prioritize critically ill patients, thereby facilitating more efficient distribution of medical resources. On the other hand, 77 studies showed an indirect or equivocal impact of AI on response times [3–4, 6, 8, 10, 13, 16–17, 19–22, 26, 29–30, 32–34, 36, 40–42, 46, 48, 51, 53, 56, 59, 66, 80–82, 85, 87, 90–91, 93, 95–96, 98–99, 101–102, 105, 107, 110, 114, 117, 120–121, 123, 138, 147, 150, 152, 171, 176, 182, 204, 207–211, 213, 217–218, 222–225, 230–234]. 
These studies focused on predictive analytics and situational awareness technologies, which contributed to enhanced operational preparedness and overall efficiency in disaster management, although they were not designed to reduce response times. Collectively, these findings indicate an emerging trend toward leveraging AI for indirect advantages that facilitate more rapid and coordinated emergency responses.



Discussion:

Question 1: How have AI technologies been applied?

Among the types of AI technologies used, machine learning has emerged as the most commonly employed method (n = 167), reflecting its adaptability and strong predictive performance across diverse applications. Of these 167 studies, 110 demonstrated that machine learning contributed to reducing disaster response time. These findings align with earlier reviews indicating that machine learning enhances response efficiency, accelerates decision-making, and helps reduce disaster response time in multiple ways. It can rapidly analyze incoming data and predict which patients or areas require immediate attention. For example, Study 18 demonstrated that a model predicted early clinical deterioration, enabling physicians to screen low-risk patients for early discharge, thereby optimizing hospital resource utilization and facilitating more prompt interventions. Similarly, a cross-sectional study (Study 24) found that machine learning can identify and track COVID-19 hotspots by grouping patients and classifying outbreak intensity. This skill improves the timeliness of containment efforts and the allocation of resources. Furthermore, a 2020 study (Study 69) reported that machine learning techniques are well established in forecasting tasks, enabling rapid earthquake prediction.

During the COVID-19 pandemic, the urgent need to rapidly identify cases from imaging and detect outbreak patterns favored deep learning (DL) models due to their superior pattern recognition performance and ability to detect subtle problems that traditional ML methods might overlook. DL was predominantly employed in COVID-19 studies because pandemic data heavily relied on unstructured sources such as medical images, including CT scans and chest X-rays. For example, study (186) stated that DL models were used for prescreening COVID-19 patients based on their chest X-rays, achieving up to 98% accuracy. These models helped reduce waiting times for hospital admission, enabled faster isolation and bed allocation, and assisted in prioritizing patients for ICU admission or oxygen support.

Additionally, several articles included in the review employed hybrid or combined models, often utilizing both ML and DL techniques (n=73). These combinations leverage the advantages of each methodology. Compared to employing either strategy alone, hybrid models frequently provide greater accuracy and stability, both of which directly contribute to shorter disaster response times. For instance, in Study 168, deep learning was used alone to process CT scans in 2 minutes, whereas Study 212 indicated that combining deep learning with machine learning was faster, flagging suspected COVID-19 CT scans in just 0.55 minutes. These findings indicate that integrated or combined methods significantly reduce CT interpretation time and are more efficient than single-method approaches.

 
 
Question 2: How has AI reduced disaster response times?

In this scoping review, we evaluated the application and integration of Artificial Intelligence (AI) in reducing response time within disaster management, revealing promising findings. Most studies demonstrated emerging trends in AI applications across decision-making support, triage and prioritization, surveillance and early warning, and patient care/monitoring. Once these applications were done, reduction in disaster response time through accelerated detection/diagnosis, streamlined triaging/prioritization, and optimized resource allocation and logistics. For instance, study (8) (systematic review, 2024) identified several stages of AI integration during pandemics. Beginning with the pre-pathogen stage, AI models flagged significant repetitions in specific complaints, followed by the early pathogen stage, where multi-omic models detected images , clinical , and laboratory data—both of which apply in the area of surveillance and early warning, directly reducing disaster response time via accelerated detection and diagnosis. Subsequently, two additional stages—out-of-country spread and crisis management—were identified, during which AI fast-track tools enhanced clinical trials for therapeutics and vaccine development, and other models predicted disease outcomes. These applications pertain to patient care/monitoring , triage and prioritization, and decision-making support, where faster triaging/prioritization and optimized resource allocation directly reduced disaster response time.

Despite the widespread positive impact of AI in reducing disaster response times, it is crucial to note that these AI technologies require extensive training. A developmental study (Study 4, 2024) concluded a weakness may be present in some models depending on the size and quality of the datasets used, which could lead to indirect or unclear reduction in disaster response times. Nevertheless, the study also demonstrated higher accuracy in newly developed AI models, highlighting the potential for future developmental researches in the area of AI and disaster management.


Conclusion:

In this scoping review, we aimed to evaluate AI integrations and applications in reducing disaster response time. Several limitations were encountered, including variability in the reporting quality of included studies, heterogeneity across study designs and AI methods, and extraction based on reported data only. We recommend that future studies adopt a standardized reporting framework to ensure consistent data quality. Future researchers should strive to use more uniform study designs to reduce heterogeneity and improve the completeness and clarity of reporting, thereby minimizing dependence on incomplete information.
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