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Objectives: Injury prevention can be achieved through various interventions, but it faces challenges due to its comprehensive nature and susceptibility to external environmental factors, making it difficult to detect risk signals. Moreover, the reliance on standardized systems leads to the construction and statistical analysis of numerous injury surveillance data, resulting in significant temporal delays before being utilized in policy formulation. This study was conducted to quickly identify substantive injury risk problems by employing text mining analysis on national emergency response data, which have been underutilized so far.

Methods: With emerging issue and topic analyses, commonly used in science and technology, we detected problematic situations and signs by deriving injury keywords and analyzing time-series changes.

Results: In total, 65 injury keywords were identified, categorized into hazardous, noteworthy, and diffusion accidents. Semantic network analysis on hazardous accident terms refined the injury risk issues.

Conclusion: An increased risk of winter epidemic fractures due to extreme weather, self-harm due to depression (especially drug overdose and self-mutilation), and falls was observed in older adults. Thus, establishing effective injury prevention strategies through inter-ministerial and interagency cooperation is necessary.
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Introduction

Injury is defined as “a harmful outcome in terms of physical and mental health that occurs as a result of an intentional or unintentional accident” and constitutes a leading cause of subsequent disability and death worldwide (1). Injuries are preventable and hold significant importance for public health. In 2001, the World Health Organization recommended the establishment of health-centered national injury surveillance systems to enable a scientific approach to injury prevention. Different countries have established surveillance systems, which are categorized based on the injury severity and the use of passive or active surveillance. In the United States, the National Hospital Discharge Survey at the inpatient level, alongside the National Electronic Injury Surveillance System-All Injury Program and the National Hospital Ambulatory Medical Care Survey at the emergency department level, constitutes such a system. Australia uses the hospital-based National Hospital Morbidity Database as a data source for operating injury surveillance systems with separate categorizations for injury cases. Canada operates the National Trauma Registry at the inpatient level, in addition to the National Ambulatory Care Reporting System and the Canadian Hospitals Injury Reporting and Prevention Program (CHIRPP) at the emergency department level. Since 2005, South Korea has established a national integrated injury surveillance system and has gradually introduced a medical institution-based injury surveillance system. In 2006, using the emergency department medical system, the emergency department-based injury in-depth surveillance was introduced to assimilate injury data. To overcome limitations arising from the production and management of injury surveillance data by various relevant ministries based on the place, object, and activity of the injury, national injury comprehensive statistics have been published since 2010. This effort aims to integrate and standardize injury-related data that are generated in various forms to ensure comparability among the data and to identify the scale and characteristics of injuries in South Korea (2). The national injury statistics, along with the detailed injury surveillance data that they comprise, are utilized to identify injury issues in each area and to establish and implement preventive policies.

One of the most important elements of an injury prevention policy is the “mechanism,” which refers to how the injury occurred and how the person got hurt, which be seen as a crucial area within injury policy issues. In policy science, a policy problem is an unrealized value or opportunity for improvement, and information about the nature, scope, and severity of the problem is obtained by applying a problem-structuring process. Problem structuring constitutes the steps of problem search, problem delineation, problem specification, and problem sensing, and is initiated by detecting early signs of widespread worry and stress (3). Furthermore, a public health approach to injury prevention starts with problem identification and surveillance procedures to collect and analyze data, thereby structuring the severity of the problem and its targets (4).

Injury has a broader, more comprehensive scope than an abnormality or disease (5). Additionally, injury risk factors and vulnerable groups are constantly changing due to external environmental factors, such as climate change, demographic and social structural changes, and technological advancements. The components, causes, and consequences of injury problems are relatively broad and complex as compared to other areas, which makes it challenging to identify actual injury problems and establish preventive policies. There are two main limitations in the extant injury surveillance and utilization systems with regard to the timely identification of real problems across a wide range of injury domains.

First, there is a limitation in the data. As most injury surveillance data are entered according to a standardized registration system to reduce errors in the input process and efficiently perform quality-control processes, there is a possibility that detailed information on accident-site conditions and injury causes may be missing. Moreover, there is a significant time delay in utilizing the data due to the processing and management of very large amounts of data. The national emergency response data comprises recordings made by paramedics on the details of their activities in the emergency medical service (EMS) activity logbook in accordance with Article 18 (Maintenance of Records of Emergency Medical Service Activities) of the Enforcement Rules of the Act on 119 Rescue and Emergency Medical Services. Particularly, EMS activity logbook describes the paramedic’s assessment of a severe trauma patient according to the prescribed format and additionally records the associated circumstances and witness statements as necessary. As these data are collected in real time, quick checking of the raw data through the system and the utilization of the data as one of the sources of national injury statistics are possible. Some of the data limitations can be overcome by utilizing national first-responder data.

Second, research and policies often focus on microscopic injury issues in specific areas, which had led to a lack of research for the identification of macroscopic injury issues across all areas of injury. Existing studies related to injury prevention policies either identify influencing factors and risk factors through empirical studies by using diverse injury surveillance data or analyze the occurrence trends and characteristics of standardized injury accident types and risk factors. For instance, mortality data from the United States Centers for Disease Control and Prevention were used to calculate fall mortality rates by sex, age, race, ethnicity, and residency status (6), and mortality surveillance data from the Disease Surveillance Points (DSP) system in selected areas of Guangdong Province, People’s Republic of China, were used to identify priorities for government intervention based on the cause-of-death code (7). In Canada, the migration of the emergency department-based injury and poisoning surveillance system from a centralized data entry process (CHIRPP) to an online distributed process (eCHIRPP) revealed that unintentional injuries were the leading cause of death of Canadians aged 1–44 years (8). Moreover, studies using hospital inpatient discharge record data from the Wisconsin Bureau of Health Information found that alcohol-related problems and mechanical and motor problems significantly increased the risk of a diagnosed fall among inpatients aged 65 years and older (9). In San Francisco, trauma registry data, medical records, and outpatient mental health care data from the Billing Information System of the Department of Public Health showed that 20% of patients who were hospitalized for unintentional injuries were diagnosed with a mental illness (10). Although some studies have explored effective linkages between ambulance records and hospital records (ER, discharge) (11–13), none have addressed the issue of macroscopic injury through an evaluation of ambulance records. In Australia, a mental health and self-harm module was developed using paramedic electronic patient care data derived from the National Ambulance Surveillance System (14).

With the rapid development of information and communication technology and digital services, data-driven decision-making has become a priority in the policy-making process. In recent years, the importance of text mining to support policy has been increasingly recognized by various organizations (15). In the field of science and technology, which has a relatively large amount of refined data, new objective studies are being promoted to identify emerging issues by utilizing text mining from a policy-making perspective. Topics from patents have been extracted to identify promising and unexploited technological areas for wireless power transmission through topic clustering, time-series analysis, and the application of technology innovation cycles (16). A model to detect emerging trends was developed by associating features extracted from scientific articles with each topic and ranking them based on interest and usefulness (17). Other studies have proposed group dynamics approaches to analyze issue trends, explored continuous changes in knowledge cluster keywords to detect emerging issues with new directional changes (18, 19), identified various connections between issues through correlations between node characteristics in the network (20), and recognized the threats and opportunities that are posed by issues with automated programs (21). Furthermore, several commercial systems have been introduced to detect emerging trends in textual data through factors such as linguistic and statistical features, learning algorithms, training and test-set generation, visualization, and evaluation (22). With the setting of criteria by utilizing various metrics to identify emerging issues and topics and conducting evaluation tests, the following attributes need to be met: radical newness, coherence of the topic, relatively rapid growth, and scientific impact of the topic (23–25).

We proposed a method for discovering a large number of injury problem representations and deriving a substantive problem. This study was conducted with an aim to ascertain a novel method to explore injury risk issues and identify injury problems by applying the concept and analysis methodology of emerging issues, which is actively used in the field of science and technology. We tested this proposed method by using national emergency response data, where the situation of the accident site and injury background have been recorded in detail. Among the four attributes of the emerging issues that have been identified in the literature, topic coherence and scientific impact are useful criteria for exploring topics of interest in science and technology; however, these criteria are somewhat heterogeneous to apply in the injury domain. Thus, in this study, injury risk keywords were selected based on radical newness (novelty) and rapid growth (scalability), and various connections between keywords were identified through semantic network analysis.



Methods


Research framework

This study was broadly divided into data collection, data pre-processing, data analysis, and semantic analysis (Figure 1). The RcppMeCab (Kim and Kudo), igraph (Csardi), tidytext (Silge and Robinson), tidyvers (Wickham), tidygraph (Pedersen), ggraph (Pedersen), and widyr (Robinson) packages in R were used for text mining.
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FIGURE 1
 Analysis flowchart.




Data collection

This study is based on the most recent 10-year first-aid data from 2013 to 2022, and the research site is confined to Chungcheongnam-do because of the study site’s status as a mixed urban–rural area. In this region, cities with concentrated economic power and infrastructure, adjacent to the metropolitan area, coexist with rural areas where agricultural and marine products are cultivated. This coexistence creates a diverse range of injury accidents, which are anticipated as a result of rapid social changes. The emergency response data are derived from the rescue activity logs of 16 fire departments and 80 safety centers, excluding the Chungcheongnam-do Fire Headquarters and the 119 Special Response Team. The selection of injury accident data is based on “transport classification,” “non-illness accident type,” and “evaluation findings” from the overall emergency response data. Specifically, only cases where the patient is transported by ambulance due to injuries sustained in a non-medical accident, such as a fall, poisoning, or laceration, were included in the analysis. To enhance the efficiency of the analysis, traffic accident data (involving drivers, passengers, and pedestrians) were excluded. This exclusion was justified by the relatively clear mechanism of injury for traffic accidents, wherein the cause has been systematically investigated and analyzed. The evaluation findings encompass various aspects, including the report, patient demographics, location and symptoms, patient assessment details, and on-site emergency care and medical guidance.



Data pre-processing


Pre-processing

Pre-processing involves the initial processing of text data for analytical purposes. A corpus of “evaluation findings” items was constructed from the raw data for analysis, and the corpus underwent tokenization to eliminate noisy data. A “token” is a grammatically indivisible unit, and “tokenization” involves separating tokens from a corpus. Depending on the method and purpose of the analysis, tokenization criteria can include whitespace, morphemes, and nouns; this study focused on morphemes. Although English sentences comprise a typically straightforward arrays of words, Korean (Hangul) words often consist of more than one morpheme, and many words are used inertly and without meaning. For the sake of analysis efficiency, only nouns, which carry the most information in a sentence and can help identify the injury mechanism, were extracted from the nine parts of speech (noun, pronoun, rhetoric, investigation, verb, adjectives, adverbs, articles, and interjections) in Korean. However, during the translation of the results of the analysis into English, a term may sometimes be expressed as a phrase.



Data downsizing

The data were transformed into a term-document matrix data frame format. Documentation refers to the paramedic’s assessment of each injury accident. The average number of injury accidents is 25,073 per year, and the total number of noun terms extracted from the corpus averages 7,757 per year. To streamline the data and enhance analysis efficiency, only terms with a Document Frequency (DF) of 10 or higher, indicating the number of accidents in which a particular term appears, were selected. According to Bird and Loftus’ Safety Management Approach, 630 non-injury accidents provide many opportunities to prevent 10 minor accidents and one major injury (26). This implies that accidents involving 10 or more injuries in a given term per year serve as precursors to major injury accidents, but not isolated events. Reducing the data to terms with a DF of 10 or higher results in an average of 1,862 terms per year; moreover, after eliminating duplicate terms, a total of 2,961 terms were included in the final term list.




Data analysis


Term importance analysis

Term frequency (TF) is the number of occurrences of a term (t) in an individual document (d) divided by the total number of terms in that document. It emphasizes terms that appear more frequently within a document as being more crucial for describing the document’s content. However, TF alone may not always perform optimally, leading to the introduction of inverse document frequency (IDF) to address this limitation. IDF decreases as a term is mentioned more often across the entire corpus and increases as it appears less frequently. Essentially, IDF quantifies the specificity of a term as an inverse function of the number of documents in which it appears (27). TF-IDF is the product of TF and IDF, incorporating a weighting mechanism that is directly proportional to term frequency and inversely proportional to document frequency (Equation 1). TF-IDF, a widely used heuristic method in information retrieval, increases the weight of terms occurring frequently in a document (Equation 2) and decreases the weight of terms occurring frequently across documents (Equation 3) (16). As different documents may have distinct TF values for the same term, the maximum TF value per term is used to calculate the TF-IDF weight. The top 300 terms are selected as candidate injury keywords based on TF-IDF weights.
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Categorization

In the stage of detecting problem situations and identifying signs of change, the methodology of exploring emerging technologies in the field of science and technology is utilized. Much criticism has been directed at existing research related to emerging technologies for not being suitable for identifying new topics, and to address this, precise definitions and criteria indicators related to emerging technologies have been proposed (23). Utilizing these concepts, in Korea, novelty, fast growth, and cross-sector impact are defined as criteria indicators for emerging issues, and empirical studies have been conducted to swiftly identify comprehensive emerging issue candidates from literature databases (Web of Science) or online news sources (28, 29). In these studies, concerning keyword categorization, the average frequency, acceleration, and relative volatility of each technological keyword were measured, and based on the distribution of each indicator, they were classified into four groups: emerging technology, variable technology, diffusing technology, and undiffused technology. “Emerging technology” refers to rapidly diffusing technologies, “variable technology” refers to technologies that diffuse quickly but have high volatility, “diffusing technology” refers to technologies that have already diffused and matured, and “undiffused technology” refers to technologies that have not yet diffused. The analysis results are being utilized to understand the landscape of Korea’s technological and industrial ecosystem (29).

Building upon this framework of previous studies, this research aims to classify terms based on statistical characteristics according to novelty and fast growth criteria and to define and characterize these features. Novelty is assessed using average frequency and relative volatility, while considering both the occurrence frequency of a term and its temporal variability. Relative volatility represents the relative value of the standard deviation of the frequency of each term over a period. Calculations are performed based on the annual average frequency to gage the extent to which the term’s frequency of occurrence is dispersed each year, indicating rapid changes compared to the average. To account for the increase in the number of terms mentioned over time, the ratio of the standard deviation of a term to the average of the standard deviations of all terms is calculated, as depicted in Table 1.



TABLE 1 Results of the number of EMS activities and terms extracted by year.
[image: Table1]

For scalability, the average acceleration is computed to understand the likelihood of continued scaling in the future. The concept of acceleration introduces an incremental acceleration value for the frequency of occurrence of a term each year. This value is accumulated until the year of the last appearance to finally calculate the acceleration value (30).

For each of the 300 candidate injury keywords, average frequency, relative volatility, and average acceleration are computed to rank them, assigning a score ranging from 1 to 5. Based on the score distribution of the three indicators, each term is classified as a “hazardous accident,” “noteworthy accident,” or “diffusion accident” to define its characteristics.



Semantic analysis

This step involves observing the meaning and impact of injury keywords. To delve into the issue of “hazardous accident” terms with high policy importance, injury accident data containing “hazardous accident” terms were selected for another round of text mining. A semantic network map was generated by extracting terms related to “hazardous accident” terms, and communities were explored to pinpoint actual injury risk issues based on the connections between terms and communities.



Semantic network analysis

Semantic network analysis comprises nodes and links, where nodes represent terms with distinct properties, and links denote connections between terms. To establish connections or links between terms, an analysis is conducted to identify terms frequently used together or appearing simultaneously in the same document. The phi (φ) coefficient serves as a measure for identifying binary correlations between terms in a document (31). The correlation coefficient is interpreted as follows: 0.05–0.10 indicates a weak correlation, 0.10–0.15 indicates a moderate correlation, 0.15–0.25 indicates a strong correlation, and 0.25 or higher indicates a very strong correlation (32, 33). In this study, the correlation coefficient between terms was calculated using Table 2 and Equation (4) and was considered a network link to construct a semantic network map.
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TABLE 2 Frequencies of the two words within each line (29).
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Community exploration

Community exploration is a process for identifying groups of nodes that interact within a network based on structural characteristics, which represents a crucial step in understanding various network structures applied across diverse fields (34). Within a community, numerous internal links foster cohesion, whereas fewer links between communities lead to separation. Modularity serves as a metric for evaluating community splits, calculated by comparing them to a random baseline rather than an absolute value. This implies that the optimal community separation corresponds to the point when modularity is maximized (35). Although various algorithms exist for community analysis, the Louvain algorithm (36), a modularity optimization method, is employed here. The Louvain algorithm initiates with each node forming its own cluster and progressively merges pairs of clusters until achieving maximal modularity (35). Its advantage lies in not needing to calculate all nodes each time, thereby reducing computation time by simplifying the modularity change equation.




Results


Results of term importance analysis

TF-IDF weights were computed to assess the significance of terms in paramedic evaluations of injury accidents each year, and the top 300 terms were chosen as “candidate injury keywords,” which were then sorted by the average annual TF-IDF weight. Table 3 presents a summary of the results for 20 of the leading 300 TF-IDF terms on an annualized basis.



TABLE 3 List of top 20 candidate injury keywords based on annualized TF-IDF.
[image: Table3]

The terms “snowy road,” “escalator,” “rice paddy,” “pratfall,” “thorn,” “bathhouse,” “object,” “ice road,” “insect,” and “centipede” were ranked as the most important. Examining the TF-IDF weighting results by year in Table 3, most terms, including those mentioned, have diminished in importance in recent years compared to their importance in the past. This trend is likely attributed to a decrease in the number of injury accidents in the study area over the past decade and an increase in the volume of assessment reports and the terms used. As the total number of injury accidents is applied to the total number of documents in Equation (3), a reduction in injury accidents directly leads to a decrease in IDF. Moreover, the revision of the standardized EMS guidelines for 119 paramedics has provided a more specific method of writing evaluation opinions than in the past. The quality control of 119 emergency services, based on recorded information such as EMS activity logs, has increased the volume of paramedic evaluation opinions and enhanced information delivery power. As indicated in Table 1, the number of terms recorded in the assessment findings increased over time, estimated to have reduced the TF value inversely proportional to the total number of words in the document according to Equation (2).

Among the 300 candidate injury keywords, terms with the most extensive standard deviation of TF-IDF weights across years included “firecracker,” “yawn,” “car door,” “snowy road,” and “escalator,” with “yawn” and “car door” showing particularly significant increases and decreases in TF-IDF weight across years. Terms with the highest average TF-IDF weight over the last 3 years encompassed “dialysis” (2.65), “grass door” (2.44), “company” (2.31), “fishing” (2.01), and “toenail” (1.83). The terms with the highest TF-IDF weight in 2022, the most recent year for which data are available, were “company” (5.62), “height” (3.39), “toenail” (2.76), “fall” (2.51), and “icy road” (2.21).



Categorization and keyword selection

The average frequency, relative volatility, and average acceleration were computed for the 300 terms chosen as candidate injury keywords and converted to an ordinal scale of 1–5. As displayed in Table 4, terms with high average frequency (Point 4, Point 5) exhibit a lower tendency to be centered than terms with low average frequency (Point 1, Point 2), particularly terms within the top 20% of average frequency (Point 5), which has a standard deviation of 448.55. Conversely, for average acceleration, the standard deviations of the top 20% (point 5) and bottom 20% (point 1) terms are relatively large, indicating that certain terms have very fast acceleration or deceleration trends. As terms with average acceleration scores in the bottom 40% (point 1, point 2) have negative average acceleration, the rate of appearance of these terms is decreasing. Similar to the average frequency score, the relative volatility score shows that the top-ranked terms have a relatively large standard deviation.



TABLE 4 Summary statistics by ranking scoreband.
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Based on the ranking scale scores for average frequency, relative volatility, and average acceleration, the injury keywords were categorized into three groups (hazardous, noteworthy, and diffusion accidents), as presented in Table 5. To enhance the efficiency of the analysis, terms related to the time of day (afternoon, morning, etc.), person (daughter-in-law, acquaintance, etc.), and injury site (wrist, legs, etc.) were excluded when selecting keywords. These terms are not useful for narrowing down the scope of a wide range of injury types. However, some terms, especially those related to the time of day, may be crucial factors in understanding injury mechanisms. In such cases, these terms will be categorized as key terms with high connectivity in future semantic network analyses. This led to the classification of 25 “hazardous accidents,” 12 “noteworthy accidents,” and 28 “diffusion accidents,” as demonstrated in Table 6. The characteristics of each category of keywords can be summarized as follows.



TABLE 5 Score table of average frequency, average acceleration, and relative volatility by term category.
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TABLE 6 Statistical characteristics and representative keywords by term category.
[image: Table6]

The “hazardous accident” group is defined as terms with an average frequency, average acceleration, and relative volatility score of 4 or higher, indicating very high average frequency, acceleration, and relative volatility (Figure 2). This implies that there have been numerous accidents involving the term in the last 10 years, the rate of increase is high, the volatility is high, and it is likely to increase sharply at any moment. Therefore, it can be interpreted as an accident term with the highest risk in the future. Examples include “fall,” “toilet,” “Soju,” and “athletic.” “Noteworthy accident” terms are those with an average frequency of 2 or less and an average acceleration and relative volatility of 3 or more. Accidents that are relatively infrequent but have higher than moderate acceleration and relative variability (3 or more points) include “dizziness,” “icy road,” “snowy road,” and “intravenous fluids.” These terms are characterized by an uncertain future trend of increasing or decreasing accidents, which may increase or decrease rapidly as the social environment changes. “Diffusion accident” terms are terms with an average frequency of 4 or more but an average acceleration of 2 or less. As these are terms that have a high frequency of accidents and reduced acceleration, it is likely that the risk is already recognized, and various preventive measures are in place. Examples include “task,” “stairs,” “bicycle,” “burn/scald,” and “assault.”

[image: Figure 2]

FIGURE 2
 Semantic network analysis related to hazardous accident terms.




Semantic analysis of hazardous accident keywords

By selecting 32,918 injury accidents over the past 10 years that were related to 25 “hazardous accident” terms with high urgency for policy introduction, data pre-processing and downsizing processes were performed (more than 10 injury accidents). The phi coefficient between the terms was calculated and applied to the links in the network. Based on this, the ego network centered on the keywords of hazardous accidents was extracted. An ego network is a subnetwork composed of selected nodes and their neighbors, called egos (35), and is often used when the number of nodes makes it difficult for researchers to capture meaningful information. In this study, 25 hazardous accident keywords were applied as egos to extract a network consisting of nodes that form direct links with the keywords and links between them. Furthermore, a community analysis was conducted to examine how the network was organized and how it functioned.

The total number of nodes in the network was 3,892, and the number of links was 97,275: thus, there were 3,867 terms with at least 10 co-occurrences with the 25 hazardous accident terms in the last 10 years. Although the scope of the network was reduced by extracting the ego network, this was still rather large (in terms of the number of nodes and links). Therefore, the correlation matrix had to be resized to reduce the number of links to make the network more readable. In this study, the threshold of the correlation coefficient, which was the basis of the correlation matrix, was set to 0.05 (32)–a threshold value that indicated weak correlation, to filter out links. The adjusted network consisted of 320 nodes and 373 links.

There were a total of 39 pairs of terms with a phi coefficient of 0.15 or higher, as shown in Table 7. In particular, the correlation coefficients of “exercise” and “sensation,” and “wheelchair” and “motorized” were over 0.5, indicating a very close correlation. “Cold,” “athletic,” and “depression” had the highest number of closely related terms (8, 6, and 5, respectively), whereas “ladder,” “self-harm,” “soccer,” and “dislocation” were analyzed as being closely related to 3 terms each.



TABLE 7 Correlation coefficients and co-occurrence frequencies for pairs of highly correlated terms.
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According to the community analysis, there were 13 communities, as shown in Table 8 and Figure 3. The hazardous accident keywords “depression” and “self-harm” have a degree of 52 and 38, respectively, making them the most connected terms in the entire network. The subnetwork of “depression” and the subnetwork of “self-harm” formed one community (C2) with “department of psychiatry,” “panic,” “impulse,” “attempt,” “counseling,” etc., and showed a highly dense network based on the high number of connections. For “self-harm,” both self-harm means (fruit knife, kitchen knife, razor, scissors) and self-harm parts (abdomen, wrist, left side) were mainly connected whereas, for “depression,” drug-related terms, such as “medicine,” “insomnia,” “medication,” and “stabilizer,” were mainly connected. Based on the types of terms and connections that make up the community, it could be inferred that depression was causing impulsive self-harm attempts in the form of drug overdoses or cuts with sharp objects.



TABLE 8 Community analysis results from the hazardous accident keyword network.
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The subnetworks organized around the keywords “wheelchair” (degree 16), “bed” (degree 16), “toilet” (degree 11), “dementia” (degree 25), “fall” (degree 5), and “pratfall” (degree 7) were organized into one community (C1) through the terms “nursing home,” “recuperation,” “protective agent,” “bedridden,” “hip joint,” and “behavior.” “Wheelchair” was connected to terms related to traffic accidents (car, passenger, driver) and places of accidents (rice paddy, ditch, nursing home), and “dementia” formed linkages with terms related to people around (son, daughter-in-law, grandmother, old man) and underlying diseases (high blood pressure, Parkinson’s disease, diabetes). “C1” was a community dedicated to the topic of injury accidents among the older adult with low physical and mental health levels. As for “fall,” the average frequency of occurrence over 10 years was extremely high (Figure 2), while there were relatively few terms that form direct links. This means that while falls occur frequently, they occur in a variety of situations with no specific hazardous locations or factors. This community (C1) was connected to a smaller community (C11) centered around “ladder” (degree 10) through “waist.” “C11” was analyzed as comprising terms related to the location of the crash (orchard, trees, construction site, roof).

[image: Figure 3]

FIGURE 3
 Scatterplot of statistical characteristics and accident keywords.


The community (C3) centered on the keyword “Soju” (degree 27) consisted of terms that indicated the patient’s condition due to alcohol consumption (drinking, inebriation, drunkenness), assault-related terms (fist, laceration, scratch, police), and pesticide poisoning terms (pesticide, suicide, dosing), and was highly related to “C2.” “Sleeping pill,” “dosing,” “pesticide,” and “suicide” were linked to “depression” in “C2,” indicating that depressed patients who consumed alcohol (Soju) often attempted suicide by taking pesticides, sleeping pills, etc. For “self-harm” in “C2,” links were formed with “dressing,” “laceration,” “police,” “correspondence,” and “jointly” in “C3.” This means that there are many cases of violent self-injurious behavior after alcohol (soju) consumption that result in a joint police response.

The subnetwork centered on the keyword “meal” (degree 19) was organized into one community (C6) with a subnetwork centered on the keyword “chair” (degree 7) and the node “dining room.” “Meal” is connected with food terms (grain of rice, fish, foreign object, thorns) and patient condition terms (airway, obstruction, cyanosis), and the community can be defined as an accident that occurs when food gets stuck in the airway during a meal.

The community (C5) organized around the keyword “cold” (degree 28) was affected by COVID-19 and consisted of terms related to prevention (glove, vaccine, goggles, COVID-19, wearing, inoculation), terms to identify the route of infection (overseas trip, visiting, overseas, contact, travel, domestic, path), and terms for cold symptoms (body aches, phlegm, runny nose, fever). Through the mediation of “symptoms,” it was connected to a community (C9) centered on “dizziness” (degree 15), but the connectivity between communities for injury causes and conditions was relatively weak. Considering the terms “mowing,” “hornet,” “vomit,” and “rash” linked to “dizziness” in “C9,” the community can be defined as various symptoms caused by wasp stings during outdoor activities such as mowing.

The subnetwork centered on the keyword “athletic” (degree 20) was connected to the subnetwork centered on “dislocation” through “fixed” and “deformation” to form one community (C4). “Athletic” was especially highly correlated with “sense” and “function” because paramedics essentially checked motor function and sensation in the event of an injury accident and included them in their assessment. “Athletic” has the meaning of physical movement, but it can also refer to activities to improve health, so careful interpretation is required. In the latter case, it forms a link with the type of sport (fitness, swimming, stretching).

The community (C8) centered on the keyword “school” (degree 18) and the community (C7) centered on the keyword “soccer” (degree 22) were connected through “playground.” “School” is connected mainly with injury location-related terms (dormitory, classroom, gym, auditorium, infirmary, main gate), and “soccer” is connected mainly with injury-inducing action terms (air, jump, landing, competition, tackle, heading).

“C12” and “C13” are analyzed as communities consisting of only two nodes and one link, where ‘home’ is connected to “smoke,” and “cement” is connected to “yard.” For both communities, the lack of components made it difficult to identify a clear sense of the meaning.




Discussion

In this study, injury keywords were selected, classified, and defined according to categories, and the problem of injury risk was specified through semantic network analysis. Among the key findings, three injury issues that were likely to lead to an increase in risk in the future were summarized, along with their implications.

First, when analyzed based on the annualized term importance (TF-IDF) (Table 3), “snowy road” and “icy road” were found to be very important. In particular, “icy road” showed a sharp increase in the number of related injury accidents in recent years – from 32 in 2020 to 120 in 2021 and 300 in 2022. It was categorized as a “hazardous accident” term with a high average frequency, relative volatility, and average acceleration based on this time-series trend change (Figure 2). Through the linkage of “icy road” with “ankle” and “heavy snowfall” within the seventh community (C7), it can be inferred that there is a significant increase in ankle injuries due to slip-and-fall accidents on icy roads as a result of abnormal weather conditions such as heavy snowfall and cold snaps. It is predicted that extreme anomalies in average surface temperatures will increase by 32% across East Asia due to global warming, with an increase in cold snaps similar to the one experienced in East Asia in January 2016 (37). Severe cold snaps are known to cause not only direct health effects such as hypothermia and frostbite but also indirect health effects such as limb fractures due to slip-and-fall accidents on icy roads and traumatic brain injuries. According to previous studies, winter seasonal fractures, exceeding seasonal fluctuations significantly, occur on days with low temperatures and precipitation such as rain or snow (38–41). Hence, it is deemed important to emphasize the potential increase in the risk of slip-and-fall accidents on icy roads due to future extreme weather events. However, as media attention emphasizes traffic accidents, the risk of falls is often overlooked. There is a need to demonstrate the relationship between weather variables, severe weather warnings, and fracture prevalence for healthcare planning and to manage fluctuations in healthcare demand (39). Winter fractures have the characteristics of a “major accident”; however, they differ from injuries caused by major accidents in that they can be predicted and prevented. Immediate cleaning of pavements in city centers and other areas with heavy pedestrian traffic and providing the public with practical advice on how to walk more safely on slippery surfaces are essential (38).

Second, “depression” and “self-harm” formed a highly dense network based on a large number of related terms (Figure 3). Associated terms were primarily related to drugs, sharp self-injury tools, and self-injury sites, and were also highly associated with communities centered around “Soju,” a popular type of alcohol in South Korea. The results of multiple prior studies provide further support for the analysis of injury risk issues like this, adding to its credibility. Depression and suicide are closely related, as depression is the psychiatric diagnosis most commonly associated with suicide (42, 43). Any situation that negatively affects an individual is known to have the potential to trigger depressive symptoms and eventually lead to suicidal behavior (44). As with completed suicide, people who self-harm are likely to suffer from depression, and subsequent suicide rates are high, especially for those with persistent depression (45, 46). According to a specific study, there is a tendency for suicide rates and self-harm rates to increase when starting or discontinuing antidepressants. Therefore, it is important to exercise caution not only when initiating treatment for depression but also when discontinuing it (47). It is also known that alcohol can acutely increase the risk of self-harm through several mechanisms 48. In this study, the frequency of “depression” increased sharply to 96 in 2014, 203 in 2018, and 369 in 2022, and the frequency of “self-harm” increased proportionally to 136 in 2014, 198 in 2018, and 265 in 2022. Depression and self-harm not only form a large semantic network through multiple terms but also show a linear relationship in quantitative terms. The change in the time-series trend confirms that the problem may have a more negative social impact in the future. Based on the results of previous studies analyzing the relationship between depression and various variables such as stress, self-harm, suicide, and alcohol consumption, early management and psychological and social treatment for self-harm and suicide due to depression seem to require further reinforcement. In particular, measures will be needed to strengthen access restrictions for drug overdose and self-cutting – the methods of self-harm identified in this study. Cutting the skin with a sharp object such as a razor, glass, or knife is the most common form of self-harm (48). Although cutting-based forms of self-harm have been described since ancient times, drug overdoses have emerged after the significant growth in relatively safe pharmaceutical products (49). In the United Kingdom, the number of paracetamol overdoses has decreased significantly since legislation was amended in 1998 to require packaging units of painkillers to be below the lethal dose (50). Therefore, effective measures are needed to prevent physical access to suicidal means in South Korea. According to South Korea’s Fifth National Suicide Prevention Master Plan, released in February 2023, to reduce suicide risk factors, antiepileptic drugs, sedatives, sleeping pills, antiparkinsonian drugs, and sodium nitrite, known as suicide drugs, will be included in the online suicide risk notices for the next 5 years, and monitoring will be strengthened. In light of these findings, effectiveness is expected to increase if a specific implementation plan is prepared to limit physical accessibility in combination with cognitive access prevention, such as media measures, SNS monitoring, and blocking of harmful sites.

Finally, the community’s terminological organization of keywords such as “wheelchair,” “bed,” “toilet,” “dementia,” and “fall” confirms that older adults with low levels of physical and mental health are at an increased risk of injury accidents. The keyword to describe the injury activity in this community is “fall,” with other terms being structured around environmental and biological risk factors, which are defined as the main risk factors for falls (biological/behavioral/environmental/socioeconomic) (51). As mentioned above, “fall” has been categorized as a high-risk term due to its high frequency of occurrence, rapid rate of increase, and high volatility in the last decade (Figure 2). A fall is a prominent external cause of unintentional injury and is usually defined as an inadvertent movement to the ground, floor, or lower level (51). Globally, adults aged 65 years and older experience falls more often than younger individuals, often resulting in serious injuries and increased healthcare costs. Gait and balance disorders in older adults are one of the most common causes of falls, with a negative impact on quality of life and survival (52). In this regard, falls are considered a major public health issue, and more people will be at risk of falls with the growth of the aging population. An analysis of large cohort data found that higher age, polypharmacy, malnutrition, smoking, and alcohol use significantly increased the risk of falls, and that individuals with heart disease, hypertension, a history of falls, depression, and pain were at higher risk of falls than those without these comorbidities (53). The semantic network of this study also confirmed this trend, as terms that can infer comorbidities, such as “dementia,” “Parkinson’s disease,” “medical history,” “diabetes,” and “surgery,” were grouped into the same community as “fall”. Using two or more medications increases the risk of falls and injuries among the older adult (54), particularly antihypertensive medications, one of the factors in the Downton Fall Risk Index (DFRI), have been shown to increase the risk of serious injuries due to falls (55, 56). The issue of falls among the older adult has been recognized as an important topic from a public health perspective for the past several decades, and this study also confirmed comprehensive risks related to older adult falls through text mining. With the rapid aging of Korean society, unintentional falls among the older adult are predicted to have significant medical and economic consequences in the future. Given the geographic and ethnic limitations, studies focusing on older adults in South Korea are needed to identify demographic characteristics, comorbidities, and lifestyle factors that influence the risk of falls, which should facilitate the development of effective fall prevention strategies.

The ultimate goal of an injury prevention policy is to identify and reduce potential injury risks or issues through the analysis of current and historical conditions. These potential injury risk issues can significantly impact the magnitude and social consequences of future injuries. In this study, TF-IDF weights, commonly used in text mining research, were employed to select candidate injury keywords. Statistical analysis indicators, particularly “novelty” and “scalability,” among various features defining emerging issues, were then utilized to derive final keywords, which were subsequently categorized based on time series features. Additionally, semantic network analysis was conducted on keywords with high policy importance to explore injury risk issues. The significance of this study lies in proposing a method to promptly identify injury risk issues expected to escalate in the future by leveraging information from national EMS activities, which has been underutilized as injury surveillance data until now.

Nonetheless, this study has certain limitations. While analyzing semantic networks, a threshold for the correlation coefficient was applied to reduce the matrix for efficient analysis. However, this method could not guarantee the importance of the links. More principled approaches exist for extracting the network backbone, preserving the essential structure and overall properties of the network by identifying links responsible for a disproportionately large percentage of the connection strength of each node (35). Future work should apply these principled link filtering approaches and compare them to the results of this study.

Furthermore, as the analysis was confined to injury surveillance data from a specific region in South Korea, these data may not be considered representative of universal injury risk issues. Different cultural values, health and social services, and geographic conditions in various countries or regions are expected to result in diverse forms and causes of injury. Therefore, further research should be conducted in regions and countries with diverse injury environments to design injury-prevention policies that reflect both universal and localized characteristics.
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